
ABSTRACT

Title of Dissertation: MULTI-AGENT AUTONOMOUS DECISION MAKING
IN ARTIFICIAL INTELLIGENCE

Saptarashmi Bandyopadhyay
Doctor of Philosophy, 2025

Dissertation Directed by: Professor John P. Dickerson
Department of Computer Science
Professor Thomas Goldstein
Department of Computer Science

Multi-Agent Autonomous Decision Making, especially Multi-Agent Reinforcement Learn-

ing (MARL), is an emerging area of Artificial Intelligence (AI) where autonomous agents inter-

act with each other, fostering competition and/or cooperation. These AI agents can be useful to

solve real world problems like Augmented Reality, Recommender Systems, Supply Chain Or-

chestration, Climate Conservation, Self-Driving Cars, Sports, Interdiction Games and Real-time

Guidance of Cooking, Education, Manufacturing and Robotic Tasks. Challenges of AI Agents

include efficiently scaling to multiple agents, solving coordination problems and understanding

agentic behavior.

My Ph.D. thesis has the objective to develop and deploy efficient Multi-Agent AI algo-

rithms, for real-world decision making problems. To begin with, a Multi-Agent approach can

be used to model the Human-AI Alignment problem, a major challenge to rapidly deploy AI



models. Mis-alignment challenges exist in current AI models like ChatGPT which face serious

challenges to plan or reason like performing a 4-digit multiplication of two integers. Concepts

from MARL like ad-hoc coordination help humans and autonomous agents to communicate the

goals of each planned step correctly and explicitly reason about the strategies humans may uti-

lize when attempting to shape the behavior of AI model agents. These kinds of communications

are not often efficient or robust with increasing scale of AI Agents and need theoretical results

for efficient Agentic behavior. I have provided formal guarantees for successful and reliable co-

operation of AI agents with populations of socially intelligent agents, defining agentic behavior

with game-theoretic notions of consistency and compatibility. AI agents cooperate in the above

settings with populations of socially intelligent agents that are individually rational while also

reliably coordinating with other group members in a general-sum Bayesian game. The AI agents

face challenges generalizing from previous interactions that can help them to cooperate with a

new partner drawn from such populations. It is theoretically shown that just these assumptions

are insufficient to select an AI agent’s strategy that achieves zero-shot coordination with any

member in the socially intelligent population, which can be addressed by a proven upper bound

on the sample complexity to learn a successful cooperation strategy, based on observing inter-

action among members of the target population. Lower bounds are derived to show when the

Multi-Agent cooperation setting is needed with respect to the populations’ trajectories, the state

space and the length of the learning episodes. These bounds under the assumption of consistency

and compatibility are proven to be stronger than a “naive” reduction of this cooperation problem

to one of Imitation Learning.

My thesis then shows that such collaborations of AI Agents in Alignment with human goals

can have real-world applications like with Augmented Reality and Self-Driving Cars. Multimodal



vision-language AI Agents can assist humans proactively by determining when and how the AI

Agent will autonomously intervene in real-time to cooperatively solve day-to-day tasks. Aug-

mented Reality (AR) gadgets with distributed edge computing use cases, be it a smartphone or a

wearable device, can lead to a major improvement of the user experience in solving procedural

day-to-day tasks by introducing egocentric multimodal (audio and video) observational capabil-

ities to AI agents. These AR capabilities help the AI Agents to see and listen to users’ actions,

thus relating to multimodal capabilities of human users. Current AI Agents, be it Large Language

Models (LLMs) or Multimodal Vision-Language Models (VLMs) are mostly reactive in nature,

where the AI models cannot take an action without waiting for the human user’s vision-language

prompts. Proactivity of AI Agents helps the human users to detect and correct any task mistakes

by providing more autonomous assistance, encouraging users when they do tasks correctly or

simply engaging in conversation with users - akin to a human teaching or helping another human

user. I have created a YET to Intervene (YETI) multimodal agent that focuses on the research

question of identifying circumstances in real-time that may require the AI agent to proactively

intervene. My trained YETI agent can understand when it can intervene in a conversation with

human users to help them correct mistakes on tasks, like cooking, using Augmented Reality.

YETI learns scene understanding signals based on interpretable notions of Structural Similarity

(SSIM) on consecutive observed video frames. It also learns the alignment signal to identify if

the video frames corresponding to users’ actions on the task are consistent with their expected

actions. These signals are used by the AI Agent to determine when it should proactively inter-

vene. I compare the YETI results on the instances of proactive intervention to the HoloAssist

multimodal benchmark for an expert agent guiding a user to complete procedural tasks. Control

problems for autonomous AI agents, especially safety-critical applications such as autonomous



vehicle control, require robust decision making frameworks to ensure safe navigation in such

complex and dynamic environments. This necessitates approaches such as Agentic Model Pre-

dictive Control (MPC), which can anticipate future problems and plan for them accordingly. A

novel framework has been introduced that integrates MPC with Multimodal VLMs in order to

enhance the ability of autonomous vehicles to navigate and respond to real-world scenarios with

the ability to take fine-grained actions.

Multi-Agent AI can be pervasive in real world applications, given the foundation of humans

and other technological agents to interact with each other, strategize and perform a task. In my

thesis, I show that MARL can help to strategize mitigation strategies for climate conservation

problems like deforestation mitigation by improving the prediction of deforestation hotspots in

Indonesia, one of the two major rainforests in the world. I also share the modeling of another

application of Multi-Agent AI collaboration in Supply Chain Orchestration, creating a simulated

environment that is cognizant to seasonal demand and cold chains with improved exploration

of strategies to maximize profit. I have created a new intrinsic reward signal, helping to save

unnecessary interactions among AI Agents planning inventory in Supply Chain warehouses.

These real-world applications motivate the need to understand why the AI Agents behave

the way they do which is addressed with Explainable AI (XAI) agents by addressing the question

of which XAI methods should be recommended, subject to user agent goals. Explaining the be-

havior of AI models becomes important in the context of different factors including their training

and inference speed that can determine end-users preferring an AI model over another. MARL

has been applied to Explainable AI (XAI) problems using a Multi-Agent RecSys to recommend

Explainable AI (XAI) outputs for different AI models that can serve the objectives of the model’s

users for building trustworthy safe AI. Goal-Conditioned RL can be applied to model AI users



learning XAI outcomes as per their preferences. Research on learning to visualize semantic rep-

resentations satisfying user objectives provides motivation to improve the visualization of XAI

methods satisfying the objectives of different users as targets with MARL representations. To

represent MARL targets, much of the control problem can be abstracted for deployment in real-

world settings like interdiction games, with a much simpler game theoretic problem. Multi-Agent

AI algorithms also help to prune AI model parameters across model layers for efficient learning.

As with humans, a large number of AI agents can take a long time to learn strategies

jointly. Multi-Agent RL can be pretty slow with increasing scale of agents. To address this, it is

shown that the JAXMARL library leverages JAX-enabled hardware acceleration that can make it

12,500x faster over existing libraries in 8 popular MARL environments. The effectiveness of AI

Agents can be improved by a combination of the proposed Multi-Agent Reinforcement Learning,

Imitation Learning, Model Predictive Control, and Computational Game Theoretic algorithms in

solving problems in real world and simulation environments.
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Chapter 1: Introduction

Multi-Agent Autonomous Decision Making, especially Multi-Agent Reinforcement Learn-

ing (MARL), is an emerging area of Artificial Intelligence (AI) where autonomous agents inter-

act with each other, fostering competition and/or cooperation in real world problems like climate

change, supply chains, self-driving cars, sports, interdiction games, war games among other uses.

My PhD research has been arranged on the research works that I have already carried out

and published along with formal research in the field of AI Agents as discussed below. My thesis

research addresses challenges in fundamental Computer Science domains with the opportunity

of AI Agents, including Robotic Agents, Augmented Reality with AI Agents, Self-Driving Cars,

Climate Conservation, Supply Chain Orchestration and Explainable AI Agents. My PhD thesis

research offers solutions to these real-world as well as simulation problems with an Algorith-

mic paradigm of Agentic AI unifying relevant Multi-Agent Reinforcement Learning, Imitation

Learning, Self-Supervised Learning, Game Theoretic and Model Predictive Control Algorithms.
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1.1 Alignment and Social Cooperation of Autonomous AI

Agents

Human-AI Value Alignment has emerged as a central challenge in the rapid deployment of

Artificial Intelligence (AI). In many applications like Large Language Models (LLMs) or Vision

Language Models (VLMs), the goals and constraints for the AI model’s desired behavior are

known only to a (potentially very small) group of humans, during large-scale pre-training of these

models. The objective then is to develop mechanisms that allow humans to communicate these

goals both efficiently and reliably to AI agents like LLMs prior to their deployment. This requires

explicitly reasoning about human strategies for shaping the behavior of AI agents, and how these

strategies are derived from the humans’ prior beliefs about the AI’s own learning process. In

my PhD thesis, the alignment problem has been viewed in Chapter 2 from the perspective of

Multi-Agent Systems (MAS) by formalizing AI Agency and introducing the Artificial Social

Intelligence Framework (ASocI) in Section 2.1. Existing research shows that modeling just good

rewards are not sufficient to model this zero-shot coordination problem as it can solve capability

mis-generalization without addressing goal mis-generalization. The modeling of alignment as

ad-hoc coordination in the ASocI framework helps to address this formally while ensuring an

efficient alignment framework for Multi-Agent cooperation between an AI Agent and any agent

in a socially intelligence population, which existing works do not address. I introduce the game-

theoretic background of Social Intelligence with Consistency and Compatibility in Section 2.2

which helps to set-up a notion of feasible cooperation when the user goals (types) are initially

unknown or private. To make sure that an AI Agent can effectively assist users with efficient
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exploration, a theoretical framework for Assisted Exploration of Socially Cooperative Agents to

ensure alignment has been provided in Section 2.3.

1.2 Learning to Cooperate in Populations of Socially Rational

Agents

It is critical for an AI which is deployed in the real to cooperate with other humans and AI

agents if that AI is to successfully align to many applications, especially when the goals of the

other agents are initially unknown as shown in Chapter 2. A natural aim is to design AI agents

that can reliably adapt to their current socially intelligent human partner’s strategy. The human

partner is likely to be just as adaptable as the AI itself and this may render cooperation impossi-

ble. An environment has been considered in Chapter 3 where an AI must learn to cooperate with

an existing population of socially intelligent agents that are individually rational and at the same

time reliably cooperating with any member of the population in a finitely repeated two-player

general-sum Bayesian game. The challenge for the AI is to generalize from previous interactions

that allow it to cooperate with a new partner drawn from this population. My thesis provides

lower bounds on sample complexity for such cooperative settings, highlighting the need for suffi-

cient data covering initial interaction histories (like handshake protocols). My thesis also provides

upper bounds for learning near-optimal cooperation meta-strategies in socially intelligent popu-

lations, which are introduced as imitate-then-commit strategies. The objective of the problem is

modeled as minimizing Altruistic Regret (partner’s regret relative to their Pareto-Optimal Nash

Equilibrium (PONE)). These bounds can be much stronger than the sample complexity bounds
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for "naive" methods that treat the zero-shot coordination problem of the AI Agent with a member

of the socially intelligent population as one of imitation learning or reinforcement learning.

1.3 Social Cooperation in Conversational AI Agents

The theoretical guarantees of Social Cooperation in Chapter 3 motivates investigation of

using these bounds to help train conversational AI Agents in Chapter 4. These AI Agents have

to maintain long-term interactions and cooperation with collaborating human agents whose goals

are unknown to begin with. Reducing this cooperation problem to be done with imitation learn-

ing is infeasible as imitation learning has statistical challenges when state spaces get too large

and time horizons get too long. These formal guarantees can be used for conversational AI

Agents. cooperating with socially intelligent populations with the assumptions that 1) members

of the population are individually rational, and 2) any two agents in the cooperative setting can

achieve performance comparable to a Pareto-optimal Nash equilibrium. These guarantees are

in the offline cooperation setting where the agents must cooperate with unseen settings in the

population to strategize against and manipulate no-regret policies. The complexity analysis and

formal bounds can be helpful to ensure alignment of such conversational AI Agents.

1.4 Multimodal Vision-Language Proactive AI Agents for

Augmented Reality

With the above introduction of Artificial Social Intelligence and Social Cooperation the-

oretically, it is imperative to explore such interactions in the real world which deals with Mul-
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timodal Vision-Language AI Agents that assist humans in their daily tasks. As Multimodal AI

Agents have grown in popularity, one limitation they face is being reactive to user needs by wait-

ing for users to ask questions, rather than proactively anticipating those needs which is often

needed for educational or industrial settings. The weak autonomy of reactive AI Agents, needing

a human to ask a query, is especially pronounced in smart devices like Augmented Reality envi-

ronments where the user may be in a wide variety of real-world scenarios where help from the

AI Assistant would be helpful but the user Agent either cannot explicitly ask for assistance or is

not aware they need assistance. In Chapter 5, I highlight YET to Intervene (YETI) Agents, which

detect when and how to proactively intervene to assist users. Compared to the HoloAssist [319]

baseline method, YETI has a better performance in online detection of more ground truth proac-

tive interventions with comparable precision and higher recall, setting the stage for multimodal

Augmented Reality AI Agents to proactively intervene.

1.5 Model Predictive Control to Guide Self-Driving Cars

Another application is the classical Multi-Agent problem of Autonomous Vehicles, as each

vehicle must be aware of pedestrian, obstructions and vehicle agents to operate safely. Model

Predictive Control from control theory is a widely used solution to have safety constraints, but

fail to generalize in some cases, while modern multimodal AI technology has powerful semantic

understanding capabilities but is prone to hallucinations. In Chapter 6 Agentic Multimodal Model

Predictive Control, a framework to integrate the two, informing classic Model Predictive Control

settings with insights from low-latency Vision-Language Models can be helpful to enable fine-

grained control for such agents.
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1.6 Other Real World Applications of Multi-Agent AI

More real world use cases of interacting AI Agents are shared in Chapter 7. The present

work is focused on the climate conservation problem of deforestation with the goal of learning

a MARL environment that can lead to exploring effective strategies to mitigate deforestation.

The MARL environment is modeled on the prediction of attacks on tree cover, a green security

asset, in sub-national regions of Indonesia using a boosted Decision Tree Classifier, the BoostIT

algorithm in Section 7.1. A boosted Decision Tree Classifier takes minimal resources to build,

is accurate in its predictions, and is scalable for the sake of expanding on the assumptions made

regarding the drivers of deforestation. Such an algorithm can empower communities to manage

forest resources effectively. Further real world applications of Multi-Agent AI are being pur-

sued on AI Agents to Autonomously Orchestrate in Supply Chains with the Seasonal Trends

for Efficient Inventory management with Multi-Agent Cooperation (STEIMAC) framework in

Section 7.2 that considers complexities in the multi-echelon global supply chains like seasonal

economic trends, cold-chain shipments, outlier economic trends among others. LLM Agents in

Section 7.3 have been trained for downstream tasks like explanation generation while exploring

personalization to user’s requirements.

1.7 Multi-Agent Explainable AI

For real-world use cases, the ability for AI Agents to make decisions that are explainable

and interpretable to User Agents is absolutely essential. At the same time, different User Agents

may have different goals and requirements, even when they are collaborating with other User

6



Agents. This motivates my research on Goal-conditioned RL to recommend AI explanations,

a Multi-Agent Recommender System to recommend AI explanations, and Interpretable Visu-

alizations for Explainable AI outputs, and Stackelberg Security Games for interpretable target

representations, presented in Chapter 8.

1.8 Speedup and Scalability for Efficient Multi-Agent AI

Interactions between multiple Socially Intelligent Agents, in Social Cooperation or other

applications as introduced before, can scale exponentially with increasing number of agents and

complex action spaces. A significant bottleneck exists during MARL training where environment

execution is CPU-bound and algorithm training is GPU-bound. JAXMARL is the first open-

source Multi-Agent AI code base as proposed in Chapter 9 that combines ease-of-use with GPU-

enabled efficiency, and supports commonly used MARL environments and popular algorithms. I

initiated the inter-disciplinary JAXMARL library project with my coding contributions in JAX-

based environments by vectorizing the environment roll-outs and co-locating the agent updates on

the same hardware accelerator (the GPU) for some MARL algorithms. Introduction of Agentic

Populations in Sections 2 and 3 are relevant to my research here to scale MARL algorithms

effectively across agent groups while vectorizing the agent’s learned policies. Per-run, JAX-

based Multi-Agent AI training pipeline in JAXMARL experiments is up to 12, 500× faster than

existing approaches, enabling efficient and thorough evaluations. The code base is available in

the open-source on Github. Discussions on the work on Speedup and Scalability for Efficient

Multi-Agent AI have been discussed in Chapter 9 and [256].
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Chapter 2: Alignment and Social Cooperation of Autonomous AI Agents

2.1 Multi-Agent Alignment

Human-AI Value Alignment has emerged as a central challenge in the rapid deployment of

Artificial Intelligence (AI). Mis-Alignment is an important problem in the development of Large

Language Model (LLM) agents in the real world that can reliably cooperate with rational agents

like humans. In most applications, the goals and constraints for the LLM’s desired behavior

are known only to a (potentially very small) group of humans and application-specific LLM

Agents are reliant on short-term interactions among humans’ as training data to communicate.

The objective then is to develop mechanisms that allow humans to communicate these goals both

efficiently and reliably to AI models prior to their deployment. This requires explicitly reasoning

about human strategies for shaping the behavior of AI agents, and how these strategies are derived

from the humans’ prior beliefs about the AI’s own learning process. I propose that it is natural

to view the alignment problem from the perspective of Multi-Agent Systems (MAS). I advocate

for the Artificial Social Intelligence (ASocI) framework, which models humans as populations

of rational agents and can serve as a framework for Aligning LLM agents with human goals,

building on top of fundamental formalization and theoretical bounds provided in Chapter 3. I

present a survey of open alignment challenges in the context of finetuning of LLM agents that
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cooperate with humans, and in zero-shot learning with LLMs. I then connect these open questions

to concepts developed for the ASocI framework, explicitly modeling human agent’s behavior to

establish long-term cooperation with other agents (particularly for ad hoc coordination). The

objective of this Multi-Agent alignment framework is to effectively communicate LLM agents’

goals to humans and vice-versa, which can help in improving alignment of LLM agents.

2.1.1 Introduction

Until recently, most work on machine learning (and artificial intelligence in general) has

sidestepped the alignment problem, and assumed that the goals of an AI system are well defined

for applications like Recommender Systems [16]. With the advent of large language models

(LLMs) that have been finetuned with human feedback [229, 232], the process by which human

designers and/or users communicate their goals for AI has become an issue of immediate practical

importance. Typically, the interpretation of human-generated data has been based on simple, fixed

models of the processes by which such data is generated. These models represent assumptions

about human behavior that, if mistaken, may lead to the training of AI models like LLMs that

are mis-aligned with human goals. The use of fixed models therefore encourages practitioners to

limit themselves to unambiguous forms of communication, such as binary feedback, that admit

safe(r) generative assumptions but convey very little information with each example.

I hypothesize that recent methods and theory for Multi-Agent Systems can be brought

to bear on the problem of human-AI alignment, and that alignment issues in the finetuning of

LLMs and other large models represent an important future direction for research on topics such

as Multi-Agent Reinforcement Learning and Game Theory. It has previously been argued that
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alignment problems in general can be thought of as cooperative games [129, 148], but this for-

mulation itself does not address the fundamental question of what strategy a human will follow

when teaching an AI. Recently, however, there has been substantial progress on the problem of

ad hoc coordination [213], particularly in the context of Multi-Agent Reinforcement Learning

[53, 284, 304]. These methods address (in many different ways) the problem of cooperating with

an agent whose strategy is unknown a priori. By applying these methods to the alignment prob-

lem, rather than committing to a fixed model of human feedback, it may be possible to design (or

train) learning strategies that are robust to the different approaches that humans may take when

teaching an AI model.

The challenge of finetuning large language models serves as both motivation for this work,

and as an illustrative example of the broader alignment problem. I first review approaches to

finetuning LLMs, and some of the alignment issues that arise with these methods. I then describe

Multi-Agent formalizations of the finetuning problem, and give examples of how specific align-

ment failures may potentially be addressed using approaches to ad hoc coordination. I conclude

with a discussion of the potential challenges of applying existing methods, and the open research

questions surrounding Multi-Agent approaches to alignment.

2.1.2 Alignment of LLMs

Alignment of AI Models like Large Language Models (LLMs), Vision Language Models

(VLMs), Robotic Transformer (RT) AI Agents among others is a very important objective with

large scale deployment of AI to ensure that the AI and the human goals are closely lined up. This

opens up the learning problem on how humans can communicate their goals to AI effectively
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to help the AI adapt to corrective feedback. An approach to solve alignment of AI models can

be with an Empowerment objective. Empowerment can be a local and universal utility function

without relying on an infinitely long past experience. This objective function does not require

global knowledge and gives localized feedback to motivate agents survive and evolve quickly

in a smoother fitness landscape as defined in [162]. The behavioral empowerment hypothe-

sis proposed in [259] discusses about the adaptation among agents brought about by evolution

arising from the necessity to maximize empowerment in the absence of specific goals. How-

ever such assumptions without the representation of human goals can lead to mis-aligned LLMs.

[50] discusses the challenges of empowerment objectives to align AI systems. An instrumental

convergence to empowerment can lead to challenges of differentiating altruistic and selfish em-

powerment along with relative computational costs, approximation issues, deceptive alignment,

corrigibility, goodharting, identity preservation, coordination advantages and most importantly to

empower whom or what among other challenges.

Different general frameworks of Alignment that address challenges originating from the

empowerment objective discussed above include:

1. Reinforcement Learning (RL) from Human and AI Feedback in Section 2.1.2

2. Imitation Learning in Section 2.1.2

3. Multi-Agent Reward Guided Alignment in Section 2.1.2

4. Representational Alignment in Section 2.1.2
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RL from Human and AI Feedback

The most common approach to finetuning LLMs is RL from Human Feedback (RLHF)

which can be expensive to collect human generated data. RLHF can also introduce biases and

noise to the LLMs objectives among other challenges [55]. LLMs and other AI models can

be finetuned with Reinforcement Learning from Artificial Intelligence Feedback (RLAIF) [13]

which can be helpful to make alignment self-supervised and can help to mitigate challenges

of scaling Reinforcement Learning from Human Feedback (RLHF) to finetune Large Language

Models (LLM) [174]. Scaling supervision may be helpful to oversee the behavior of LLM agents

if the supervisor agents’ capabilities scale better or similar to the actor agents’ capabilities and

the supervisor agents are aligned to a problem’s goals. A Chain of Hindsight approach to AI

Alignment [184] transforms different feedback modalities into a sequence of sentences to finetune

LLMs capitalizing on the language comprehension skill of LLMs. This approach can be easy to

optimize and can help generalize for specific tasks like summarization and dialog using different

types of feedbacks with imperfect reward functions.

Relying extensively on feedback to finetune AI models like LLMs can still be challeng-

ing to solve for many problems with openended objectives having ambiguous goal representa-

tions where exploration based on internal and external knowledge can be helpful. Reliance on

feedback for alignment can cause challenges in the form of misaligned feedback providers aggra-

vated by over-optimization on human feedback, task misgeneralization, distributional challenges,

oversight issues, lack of diverse feedback among other issues [55]. RLHF Alignment also does

not help in securing against jail-breaking using adversarial prompts including those adversaries

which don’t need much compute [209]. The simpler adversarial prompts are transferrable which
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means that these prompts can be generated by 1 LLM to jail-break another LLM. There are alter-

native alignment approaches for alignment without feedback like LIMA [358] which finetunes a

65B LLaMA LLM [301] using a supervised loss on just 1000 curated prompts. Curating these

prompts, however, involves a great deal of human effort, raising similar issues as preference-

based feedback.

Recent work has sought to improve AI safety by modeling Language based games as re-

peated games with debating AI agents using oracle-based learning paradigms [65] which im-

proves best response of AI models given noisy feedback. However this approach does not inves-

tigate general sum games or LLM finetuning. It is also data-dependent on the debate interactions

of agents and focuses on a sub-case of LLM agent interactions like debates where a judge agent

can adjudicate and stop the debate that may not be useful in generic cases like mathematical

reasoning.

Imitation Learning

Value Alignment of AI agents has been modeled as a Cooperative Inverse Reinforcement

Learning (CIRL) [129] which is a co-operative partial information game having a human agent

and an AI agent, with the AI agent having no knowledge about the human’s reward and both

agents getting rewards from the human’s rewards. Optimal Joint CIRL policies can be calculated

using a Partially Observable Markov Decision Process (POMDP) to generate agent behavior like

active teaching or active learning which helps to ensure Alignment. Few-shot Imitation Learning

can be helpful for AI agents to learn domain general social skills like cultural transmission [34]

that can in-turn help agents to acquire, aggregate, update and adapt skills and knowledge along

generation. An autonomous approach of real-time imitation of humans without collecting human
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feedback can be helpful as one of the stepping stones to align Artificial General Intelligence

(AGI).

The Bayesian Inverse Reinforcement Learning (IRL) framework can be generalized to in-

verse contextual bandits where the expert policy may change over time as the expert learns about

the task domain [142]. It appears to marginalize over the the expert’s own observations and cor-

responding beliefs about the task environment, which may change over time. Such Bayesian IRL

experiments have been performed for autonomous decision making on organ allocation (liver

transplants) with the goal being to understand (and explain) how the decision making process for

organ allocation has changed over the past three decades. [117] pursues primarily experimental

research on Bayesian IRL in settings where the expert is learning in the environment. An empiri-

cal demonstration is provided giving insights that reward inference can actually be more efficient

when the expert is learning than when they are simply noisily rational against a known reward

function and environment.

Imitation based Alignment can be helpful to simplify finetuning of LLMs instead of fine-

tuning with feedback since imitation does not learn interactions, rather it learns demonstrations.

So, there is not much worry about the exponential complexities arising from Multi-Agent inter-

actions. However, there are a few challenges in getting good demonstrations or trajectories of

agent behavior.

Multi-Agent Reward Guided Alignment

An important aspect of communicating reward models during the LLM finetuning would be

to look into sparse rewards for real world applications. To overcome challenges of training Multi-

Agent cooperative AI in a decentralized manner with sparse rewards, a self supervised intrinsic
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reward function ELIGN Expectation Alignment [199] can be used to train agents for matching

their neighbor’s expectations better than curiosity-driven exploration. This approach of training

Multi-Agent systems is motivated by the idea of self-organization in Zoology and allows agents

to learn without any centralized training or external rewards as demonstrated in the Multi-Agent

Particle Environments [191] and Google Research Football environments [167]. Learning of

such internal rewards can be helpful to guide agents’ behavior across different modalities [159],

like computing similarity of visual outcomes with natural language instructions adaptively in each

time step as the reward signal to address goal mis-generalization. The return-conditioned policies

lead to better generalization than text-conditioned policies which can be improved further with

finetuning, highlighting the importance of internal reward representations for multiple agents. An

alternative idea to guide AI policies outside rewards or demonstrations involves iterative steps of

corrections using meta-learning [76] which can help guide AI agents to learn specific skills. Real

world applications of LLMs and other AI models can be context dependent where guiding the AI

agents’ behavior can depend on a hybrid combination of internal reward representations along

multiple dimensions or instruction sets with meta-learning depending on the specifications and

constraints of the problem being solved by AI.

Representational Alignment

Representations of human goals are essential to communicate reward models for different

objectives while finetuning LLMs. Representational alignment involves investigation of agree-

ment among multiple agents and how the agent representations can be updated to better match

with other agents, as motivated from diverse research in Machine Learning, Cognitive Science

and Neuroscience [287]. Challenges of representational alignment involve the lack of a guarantee

15



of aligned behavior of agents to solve tasks despite having an agreement of agents, appropriate

similarity measures among agent representations, downstream biases among other issues. Align-

ment can be defined probabilistically on human representations and representational alignment

can quantify agreement in alignment among agents including humans which can help an aligned

agent to supervise a mis-aligned agent, as shown using information theory [286]. The relationship

between human representations and performance of aligned AI agents on few-shot learning tasks

can be U-shaped [286] and be robust to adversarial attacks and domain shifts as demonstrated

on 491 computer vision tasks. Representational alignment provides an useful framework for my

formulation of cooperative alignment games to measure an agreement of the LLM’s interpreted

feedback representations with the human’s goal representations.

Even with different paradigms of AI Alignment, there are open research problems in AI

Alignment originating from different failure modes of Alignment which is a research focus to

address with Ad Hoc Coordination based Multi-Agent Alignment.

1. Incorrect generalization to new situations

2. Ignoring explicit communication in the data itself

3. Fictitious explanations which can break the ability to verify alignment of AI agents

4. Self-empowerment goals

5. Hallucination which can originate from "embodiment" representations
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2.1.3 Alignment as a Cooperative Game

Implicit in most approaches to learning from human feedback (or demonstrations, instruc-

tions, etc.) is an assumption about the generative process from which such data arises, and how

that process depends on the goals the AI is expected to learn to achieve.1 Many of the alignment

challenges discussed above may be addressed by treating this generative process as a strategy

chosen by the human teacher(s) to shape the AI’s behavior. This approach can be identified by

two key features: 1) explicitly reasoning about the space of plausible human strategies, and 2)

assuming that human strategies are (at least approximately) rational with respect to their goals

for the AI’s behavior. Previous works [129, 134, 148, 188] have shown the value of explicitly

reasoning about human strategies in interactive learning. [134] in particular finds that human

demonstrations are often more consistent with an intentional teaching strategy than with the tar-

get behavior itself. In [134] it was shown that many different models of human feedback and

demonstration can be reformulated as softmax-rational strategies given the underlying reward

function for the task.

To make things more concrete, I will use the Cooperative Inverse Reinforcement Learn-

ing (CIRL) formalism [129], which models interactive learning as a two-player, fully coop-

erative game with imperfect information. An instance of CIRL is defined by a tuple M =

{S,AH , AAI , T,Θ, R, P0, H}, where S is the joint state space, AH and AAI are the action

spaces available to the human and AI respectively and T : S × AH × AAI 7→ ∆(S) is the

transition kernel. The key feature of the CIRL model is the space Θ of possible reward func-

tion parameters (or “types” in the language of Bayesian games). The joint reward function

1In RLHF, this would be the reward-dependent likelihood over pairwise preferences.
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R : S × AH × AAI × Θ 7→ ℜ is parameterized by the current type θ ∈ Θ, which is only

ever directly observed by the human. At the start of the game, the initial state and type θ are

sampled from the prior P0, and the players are allowed to interact for H time steps. The game M

(including the prior P0) is assumed to be commonly known to both the human and the AI. Here

I refer to a specific instance M of the CIRL model as a cooperative alignment game, and let πH

and πAI correspond to the human and AI respective strategies. As each player may be uncertain

of its partner’s strategy (and the AI is uncertain of the type θ), I assume that each player’s strategy

depends on the entire history of states and actions.

2.1.4 Cooperative Alignment for LLMs

In my motivating context of finetuning large language models, the AI’s strategy πAI cap-

tures the entire learning pipeline, including the generation of candidate responses, and the training

of both the reward model (if one is present) and the language model itself. The problem of de-

signing an algorithm for learning from a given form of human interaction then corresponds to

that of finding a “good” strategy for the AI in the corresponding cooperative alignment game. As

an example, a cooperative alignment game can be defined for an online version of RLHF with a

single teacher. Here the type space θ would be the parameter space of the reward model, while

the state space S would consist of possible prompt strings, sampled i.i.d. from some fixed distri-

bution. The AI’s action space AAI would consist of the space of k-tuples over response strings,

while the human’s action space AH would consist of possible preference orderings over the latest

set of responses. If the reward function is computed based on the quality of the AI’s first response

to each prompt, then the shared goal for both the human and AI is to maximize the quality of the
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AI’s responses over a series of H prompts.

The standard RLHF [70] paradigm makes the implicit assumption that the human’s strat-

egy πH ranks responses based purely on their quality under the reward model R(·; θ). Given the

complexity of the response space, however, humans might find it more efficient to rank responses

based on how well they address some known deficiency of the model (e.g., consistency of past vs.

present tense) rather than their overall quality. If the AI’s strategy fails to take this into account,

such examples may cause it to “unlearn” if they contradict previous examples that were ranked

based on reward alone. On the other hand, if the AI knows the human is using such a strategy, it

can not only resolve these apparent contradictions, but actively cooperate with the human teacher

by providing responses that vary along a single dimension about which the AI is uncertain. The

idea that "preferences" expressed by a human may depend on their teaching strategy can appear

counterintuitive. Nonetheless, empirical studies have demonstrated this phenomenon when hu-

man subjects are asked to teach AI using feedback [188, 200] or demonstration [134]. [134]

shows that humans often provide demonstrations that are sub-optimal, but more informative to

the AI.

2.1.5 Alignment as Ad Hoc Coordination

The example above highlights the central challenge with the strategic approach to align-

ment, that is, the uncertainty as to what teaching strategy the human will employ when teaching

the AI. I n recent years, substantial progress has been made in addressing this same problem in

the context of human-AI cooperation. Methods for ad hoc coordination (also referred to as ad

hoc teamwork and zero-shot coordination) seek strategies that can cooperate with partners whose
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strategies are unknown a priori [213].

In Reinforcement Learning, a number of techniques have been developed to train coop-

erative policies that are robust to possible strategies a partner (human or AI) could follow [53].

Many of these methods focus on building a “population” of partner strategies to train the AI’s pol-

icy against, with an emphasis on maximizing the diversity of this population [60, 80, 198, 284].

Other works, focusing on modeling players’ mutual uncertainty about one-another’s strategies

[304], seek joint strategies that are only rational under the assumption that there is no prior co-

ordination between the agents [138]. Application of such approaches to human-AI alignment

problems, formalized as cooperative alignment games, represents a promising yet very much

under-explored direction in both Multi-Agent Systems and alignment research.

An ad hoc coordination framework for alignment is based on the intuition that different

strategies in the agents population can correspond to different approaches in interpreting feedback

while finetuning LLMs. Ad-hoc coordination can be helpful to automatically generate examples

of human-like interactions that can improve the interpretation of feedback by LLMs while being

deployed rapidly in a large scale. Existing Multi-Agent approaches to alignment require strong

assumptions about the teaching strategies humans follow and also know the common reward

function. My goal is to highlight how recent advances in ad hoc teamwork (AHT) can address

strategic uncertainty and improving reward model communication while aligning the finetuning

of LLMs. A reference architecture for aligned fine-tuning of LLMs that leverages approaches

(such as population-based training [147]) which have been widely used in the research domain

of ad hoc teamwork can be used in Multi-Agent AI. Multi-Agent ad hoc coordination is a new

approach to address LLM alignment and has not been used before in this domain of aligning

LLM finetuning.
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2.1.6 Formalizing AI Agency

Long-term interactions between a user agent and an LLM Agent are modelled as a finitely

repeated two-player matrix games with private utilities. A class of such repeated games is de-

noted with a tuple G = (I,A,Θ, G, T ) where I = {1, 2} is the set of agents, A is the set of

N pure strategies available to both agents (called actions henceforth), Θ is a space of possible

types, G is a function that maps an agent’s type θ ∈ Θ to a payoff matrix G(θ) ∈ RN×N , and

0 < T < ∞ is a fixed number of stages. Let θ = (θ1, θ2) denote a joint type for both agents.

Then, a specific instance of a game from this class is given by G(θ) = (I,A, G(θ), T ) such

that G(θ) = [G(θ1), G(θ2)
⊤] is its payoff matrix. Intuitively, an agent’s type can be thought to

capture its preferences for how collaborative tasks should be accomplished.

In a single episode, the agents play G(θ) for T stages. Let a1t and a2t denote the ac-

tions chosen by agents 1 and 2 in stage 0 < t ≤ T . For mixed strategies σ, σ′ ∈ ∆(A),

let G(σ, σ′; θi) = σ⊤G(θi)σ
′. Overload a1t and a2t to also denote the mixed strategies that as-

sign all probability mass to actions a1t and a2t , such that G(a1t , a
2
t ; θ1) and G(a1t , a

2
t ; θ2) are agent

1 and 2’s realized payoffs at stage t. Assume without loss of generality that for all θ ∈ Θ,

G(a1t = a, a2t = a′, θ) ∈ [0, 1],∀a, a′ ∈ A. In other words, payoffs are always bounded in [0, 1].

Let Ht = (A × A)t be the set of histories of length t (with H0 = {∅}), and let

H≤t =
⋃t
s=0Hs be the set of all histories of length at most t. The meta-strategy space Π for

an agent is then the space of mappings π : Θ × H≤T−1 7→ ∆(A), where ∆(A) is the set of

probability distributions over the action set. A meta-strategy π(θ, ·) maps a type θ to a behav-

ioral strategy [275, Chapter 5.2.2] that maps histories of play to action distributions, such that

ait ∼ πi(θi, ht−1). Denote agent i’s expected total payoff for following meta-strategy π against π′
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as Mi(π, π
′; θ, θ′) = E[

∑T
t=1G(a

i
t, a

−i
t ; θi) | πi=π, π−i=π′, θi=θ, θ−i=θ

′].

2.1.7 Artificial Social Intelligence

Intuitively, a population of socially intelligent agents should be individually rational, while

also being able to effectively cooperate with one another. This definition can be formalized by

consistency and compatibility. Consistency requires an agent i to achieve bounded external regret

regardless of its type or partner. This is called the no-regret property and is necessary for indi-

vidual rationality. Compatibility requires that when paired with another agent of the population,

with high-probability the agents will achieve the same expected utility as they would under some

Pareto-efficient equilibrium strategy of the underlying stage game. Such assumptions have also

been used before to determine successful cooperation of agents [239]. While an LLM Agent

collaborates with a socially intelligent agent in a population sharing the same goal, each agent

in the cooperation may have different priorities, based on human preferences and the internal

reward mechanism of the LLM Agent. A mismatch in priorities can make the user dissatisfied

with the LLM Agent, and so social intelligence (SI) of this nature is crucial for LLM Agents. In

this section I review one possible formal definition [18] of what it means for an LLM Agent to

be socially intelligent, a concept I term Artificial Social Intelligence (ASocI).

Definition 2.1 (Consistency). Let Rext
i (h; θi) = maxai∈[N ]

∑|h|
t=1{G(ai, a

−i
t (h); θi) −

G(ait(h), a
−i
t (h); θi)} denote the external regret for agent i. For δ, ϵ, T > 0, an agent i ∈ {1, 2}

is (δ, ϵ, T )-consistent if, for all types θ ∈ Θ, and any partner strategy, 1
T
Rext
i (hT ; θ) ≤ ϵ with

probability at least 1− δ.

LetN (θ) ⊆ ∆(A)×∆(A) be the set of Nash equilibria (NE) of G(θ), and P(θ) ⊆ N (θ)
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denote the set of Pareto optimal Nash equilibria. A strategy profile ⟨σ1, σ2⟩ ∈ P(θ) if and

only if ⟨σ1, σ2⟩ ∈ N (θ), and there does not exist ⟨σ′
1, σ

′
2⟩ ∈ N (θ) such that G(σ′

1, σ
′
2; θ1) >

G(σ1, σ2; θ1) and G(σ′
2, σ

′
1; θ2) > G(σ2, σ1; θ2). So then ⟨σ1, σ2⟩ is a PONE if it is a Nash

equilibrium of G(θ)that is not strongly Pareto-dominated by any other Nash equilibrium. A join

payoff profile similar to a PONE should be achievable if both agents are individually consistent

and willing to cooperate with each other [189]. This intuition is formalized (analogous to [239].

Definition 2.2 (Compatibility). For δ, ϵ, T > 0, two agents π1 and π2 are (δ, ϵ, T )-compatible

if, when played together, for any joint type θ, w.p. at least 1 − δ, ∃⟨σ∗
1, σ

∗
2⟩ ∈ P(θ) s.t.

1
T

∑T
t=1G(σ

∗
i , σ

∗
−i; θi)−G(ait, a−it ; θi) ≤ ϵ, for both i = 1 and i = 2.

I suggest that the LLM Agent initially observes and emulates interactions of the socially

intelligent agent it is meant to assist with other agents in the same population over a brief horizon

to infer private types of its collaborators. Private types give insights on user behavior, e.g., the

LLM Agent can begin learning how to send emails by observing the user send emails, gradually

piecing together information about the user’s type. At first, the behavior of the LLM Agent may

not be exactly in line with the human’s preferences but so long as the Agent’s behavior is human-

like it will be an acceptable start. Once the LLM Agent has gathered enough information to

infer the human’s type, then it can transition to a type-specific strategy that is more compatible

with the user. This would allow the user to avoid early hesitation and be more comfortable

interacting with the LLM Agent and continue collaborating with the Agent instead of turning it

off. The formalization of the repeated two-player general-sum matrix games setting is inspired by

replicator dynamics from Evolutionary Game Theory [37, 266]. Here, the replicator dynamics

help to understand the type of the two agents participating in this finitely repeated two-player
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general-sum matrix game.

In the case of LLM Agents cooperating with humans, it makes sense to use a notion of gen-

eral social intelligence that can accommodate a diverse pool of partners capable of collaborating

with each other. To this end, the definition of Social Intelligence put forth by [18] is used:

Definition 2.3 (Social Intelligence). A set C of agents forms a socially intelligent class w.r.t. Θ

if, for some δ, ϵ, T > 0, each agent π ∈ C is (δ, ϵ, T )-consistent for all θ ∈ Θ, and any two

agents π, π′ ∈ C are (δ, ϵ, T )-compatible over all joint types Θ. An individual agent π is socially

intelligent if it forms a socially intelligent class {π} with itself.

I apply this definition to a novel setting of LLM Agent and human value alignment. To

see the implications of SI for communication, imagine a cautious employee is paired with one

who needs and values directness. If they belong to C, they should be able to identify each other’s

types and adapt their communication strategies to avoid individual regret and achieve approx-

imate compatibility. When speaking about social intelligence as it pertains to LLM Agents in

training/finetuning Artificial Intelligence (AI) algorithms, it is called Artificial Social Intelligence

(ASocI). The goal is to choose a meta-strategy for the LLM Agent that can communicate and co-

operate with a partner drawn from some target population nearly as effectively as agents from

this population do so with one another. For the class of games G = (I,A,Θ, G, T ), let the target

population be a set C of agents forming a (δ, ϵ, T )-SI class with respect to Θ.
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2.1.8 Multi-Agent Alignment Examples

Conversational Recommender Systems

A widely demanded use case of AI agents has been as recommender systems, from lay use

cases in e-commerce to specialized applications in recommending explainable AI methods [16].

LLM Agents present an opportunity to conversationally engage with a recommender system, al-

lowing the user to take the recommendation into a more open-ended direction than a traditional

recommender system [39]. Indeed, many real-world shopping sites, including Amazon and Al-

ibaba, have LLM recommender agents to take advantage of these benefits.

Because of the potential for harm that misalignment poses in recommender systems, prop-

erly Aligning LLM-based recommender systems to user preferences is of the utmost importance.

In particular, recommender systems have the potential to distort the user’s preferences in unde-

sired ways, prioritizing user engagement over user satisfaction [54]. Users can start with mod-

erate preferences but can drift into more extreme choices if the recommender system sees that it

maximizes clicks. With ASocI LLM recommender agents, the user and the recommender agent

can effectively negotiate to benefit the user with recommendations that interest the user without

pushing the user into undesired patterns of behavior. This will allow the user to be satisfied with

their recommendation without suffering any harms from recommended items.

LLM Agents for Web Browsing

When considering real-world use cases for LLM Agents, the World Wide Web (WWW)

is a natural consideration [337]. Deploying AI agents in web environments such as WebShop

has long been a goal for AI researchers [338]. With the advent of LLM Agents, there has been
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rapid advancement in the capabilities of Web AI Agents in understanding not only text-based web

content but visual web content, laying the groundwork for LLM Agents to eventually complete

routine tasks for people such as scheduling meetings, answering emails, researching travel plans,

and filling out forms. Alignment is crucial to prevent unwanted actions from being taken. An

LLM-based Web Agent must not book plane tickets when asked to plan a vacation for the user,

and the agent cannot delete important data when asked to clean up the inbox of a user’s email

system. With ASocI, the LLM Web Agent will be able to complete the tasks assigned to them

without straying from the user’s priorities of saving money or preserving important information.

Grounding Linguistic Feedback

The potential utility of strategic approaches to alignment can be illustrated by considering

the problem of grounding abstract evaluative feedback, in the form of user-defined labels or

natural language utterances. Consider the problem of teaching a warehouse robot where it should

place pallets as they arrive at the warehouse. To model this as a cooperative alignment game,

let’s assume a supply-chain warehouse can be represented as a 2D grid, and let the world state

correspond to the position of the robot (carrying the pallet). At the start of each “interaction”,

the human teacher observes the reward vector defined over the possible positions of the robot. In

each “episode” of the interaction, a pallet is placed at a random starting position, and the robot

is allowed to take H actions, either moving one step in the four cardinal directions, or remaining

in its current position. After each action, the human may provide a feedback signal from the set

E = { "Up", "Down", "Left", "Right" }, indicating in which direction the robot should move

next. At the end of each episode the human-robot team receives a reward corresponding to final

position of the robot.
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The challenge here is that the robot may not know a priori the relationship between the

utterances and its physical environment, and has no “ground truth” signal from the human from

which this might be inferred. The human may be viewing a top-down image of the warehouse, the

orientation of which is unknown to the robot. A human in the robot’s place might employ a simple

grounding strategy, standing in a fixed location and moving in each of the four directions in turn.

The teacher can provide the utterance corresponding to the previous action, allowing their partner

to infer the correct meaning of each utterance. If E is replaced with the set of possible natural

language utterances, such a strategy would quickly become intractable to hand-code. Methods for

ad hoc coordination, however, could potentially learn such grounding strategies for much more

complex scenarios. For example, the “other-play” algorithm [138] might find such a strategy as

a solution to the corresponding label free coordination problem [304]. This example illustrates

how learning from natural-language feedback (as opposed to preference-based feedback) can

be addressed within the framework of Multi-Agent alignment. The correct interpretation of the

linguistic feedback depends on the human’s teaching strategy, which could itself be learned over

time [188].

Interpreting Corrective Feedback

An investigation of Alignment Failure Modes of LLMs for Mathematical Reasoning leads

to challenging observations like the LLMs finding it hard to multiply 3 digit numbers. 2. The

LLM makes mistakes in the intermediate single-digit multiplication and addition steps, but is

unable to correct its answer even when these mistakes are pointed out by the human user.

2Here is the interaction of a human with ChatGPT3.5
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Figure 2.1: Human-LLM conversation on 3 digit multiplication starting on the left and continuing
on the right

HUMAN-AI CONVERSATION ON MULTIPLICATION:

USER: What is 482*721?

AI: The product of 482 multiplied by 721 is 347,482.

USER: That’s incorrect. Justify your response.

AI: I apologize for the mistake in my previous response.

The correct product of 482 multiplied by 721 is 347,482.

I have double-checked the calculation, and it is

accurate. If you have a different result, please let
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me know, and I’ll be happy to address any concerns

or correct any errors.

USER: Justify your response step-by-step

AI: Certainly, let’s break down the multiplication of

482 by 721 step by step:

482

x 721

%______________

1442 (482 multiplied by 1)

+ 2896 (482 multiplied by 2, shifted one position

to the left)

+ 1442 (482 multiplied by 1, shifted two positions

to the left)

%______________

347,482 (Sum of the products)

Therefore, the correct result of 482 multiplied by 721 is

347,482. I appreciate your patience and understanding.

USER: Your 1st and 2nd steps in multiplications are wrong.

In your 3rd step, you’re performing multiplication

29



with the wrong digit. Please revise.

AI: I appreciate your correction. Let’s go through

the multiplication process again:

482

x 721

%______________

1442 (482 multiplied by 1)

+ 2894 (482 multiplied by 2, shifted one position

to the left)

+ 1441 (482 multiplied by 1, shifted two positions

to the left)

%______________

347,402 (Sum of the products)

I apologize for the earlier errors in my responses.

The correct result of 482 multiplied by 721 is 347,402.

If you have any further questions or if there’s anything

else I can help you with, please let me know.

A human-AI conversation to multiply two 3 digit numbers in Figure 2.1 is helpful to represent the

alignment problem as a cooperative game. This example illustrates how existing LLMs struggle

to incorporate corrective human feedback after making mistakes in intermediate reasoning steps.

This misalignment in mathematical reasoning example is elaborated upon to discuss how an LLM

trained to solve a cooperative alignment game can be better incentivized to correctly interpret
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such feedback. I observe the LLMs tendency to give wrong answers to 482 * 1 or addition,

even after receiving corrective guidance from the human agent. These are simple mathematical

reasoning steps that LLMs can do independently like correctly doing the same simple 1-digit

multiplication steps solo, indicating that the LLM agent is unable to leverage human’s remedial

feedback.

Similar challenges are also noticed for shift ciphers on LLM generations which involved

shifting a certain number of characters left or right of the current character.

This reasoning use case opens the alignment problem as a cooperative game on receiving

corrective human feedback. The human agent can teach the AI agent simple remedial mathe-

matical reasoning steps and the AI agent can update its reasoning. A Multi-Agent approach to

aligned LLM finetuning can help the LLM agent in applying its own knowledge correctly while

interacting with another experienced agent like a human which guides the LLM agents with

knowledge that the LLM can already perform well like addition or multiplication with 1 digit,

thereby building trust in the human-AI cooperative game for alignment.

2.1.9 Impact of Artificial Social Intelligence

I advocate that Artificial Social Intelligence (ASocI) is critical for LLM Agents to align

their behavior with human values and preferences. Potential positive impacts of this work in-

clude efficiently scaling fine-tuning of Aligned LLM Agent interacting with billions of human

users. Formalizing a standard of cooperation between teams of humans and LLM Agents with

ASocI improves trust and confidence in AI usage with less risks in high-stakes environments like

recommender systems, web browsers, and educational assistance or robotic guidance. Given the
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sensitive nature of LLM Agents, limitations and risks to this work also exist, including adapting

the AI Agents contextually to human populations, the need of theoretical guarantees for Aligning

LLM Agents failing in response to irrational human behavior, along with environmental impacts.

As AI alignment is crucial to the development of Safe AI systems, I believe the benefits out-

weigh the risks. Nonetheless, I encourage the research community to explore the alignment vs

efficiency trade-offs.

2.1.10 Comparison of Ad Hoc Coordination for AI Alignment with Self-

Play

Self-playing LLM agents have been developed in [58, 67, 185, 331] whose goal is to try

improving alignment by having LLM agents self-playing and improving over-time without the

use of additional human-created datasets.

I have shared existing research in aligning the finetuning of LLMs in Section 2.1.2 mention-

ing that LLMs and other AI models can be finetuned with RLAIF for self-supervised alignment

along with mitigating challenges of scaling RLHF to finetune LLMs. The idea of self-play al-

gorithms are synonymous with self-supervised alignment. Self-play research can build on my

framework of Multi-Agent Ad hoc Coordination to align the finetuning of LLMs which will be

investigated as future research investigation for comparative analysis.

A challenge of the self-play learning approach is that AI agents who can self-play to learn

cooperative strategies can "over-fit" to one another [284].

A key goal of Ad hoc coordination (teamwork) and aligned research in zero-shot coordina-

tion work has been to avoid this type of overfitting [79].
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2.1.11 Challenges and Open Questions of Multi-Agent AI Alignment

Theoretical Questions By modeling human-AI alignment as an instance of human-AI coop-

eration, I can leverage theoretical results for the latter problem to derive new guarantees for the

sample complexity and long-term consistency of different alignment paradigms. For example,

recent work has provided upper sample complexity bounds for learning Stackelberg equilibria in

general-sum Markov games, of which fully cooperative games are a special case [246]. Other

work has provided methods for computing the minimal information sets required to achieve per-

fect coordination in cooperative games. As finetuning processes often occur over extended time

periods (on the order of weeks to months), there is also the potential for significant human adap-

tation to the AI’s behavior, and a number of theoretical results are available on the problem of

optimal long-term cooperation with adaptive partners [83, 187, 238]. Also a major challenge

with the strategic approach to alignment is the uncertainty to what strategy the human employs

when teaching the LLM. A key open question is whether these types of results can be applied to

cooperative alignment games, where the AI has partial observability of its own reward function.

Finally, in both cooperation and alignment settings human behavior is not always fully rational

when interacting with AI agents [336]. More flexible and accurate models of humans’ bounded

rationality (such as the “rational inattention” model of [222]) will therefore also be critical to

achieving robust alignment.

There are challenges to represent the space of possible "goals" in tasks for LLMs, where

the representations can be less obvious. In the mathematical reasoning task, for example, there is

a challenge of representing the "latent information" that is needed to correct a LLM’s response.

The human agent is trying to communicate this latent information to the LLM agent.
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Scalability and Rationality Challenges Scaling of large language models (LLMs) may not of-

ten lead to better performance [208], instead can cause undesirable memorization and misleading

generations. So finetuning large scale LLMs is important in an cooperative setting among the

human and the AI model to improve human-AI alignment. Also, human agents may not fully

behave rationally in the real world during interactions with the AI agents [336], rationality being

the best case response given by an AI agent to a particular configuration of environment dynam-

ics. Existing theoretical and empirical results with the rational inattention model to represent

cognitive information with mutual information among AI agents [222] can be useful to make the

human-AI cooperation problem for LLM finetuning more general and flexible.

2.1.12 Conclusion of Multi-Agent Alignment to Finetune LLMs

By representing human-AI alignment problems as cooperative games, I leverage recent

advances in human-AI cooperation to address many of the forms of mis-alignment, allowing

humans to communicate their goals both efficiently and reliably to AI models like large language

models (LLMs). Here I have discussed various alignment issues that arise in the finetuning of

LLMs, and described how reasoning explicitly about humans’ teaching strategies can help to

overcome these issues. I have highlighted some of the open problems in Multi-Agent Systems

research that are most relevant to the alignment problem, and finally I have set out an agenda

for development of existing work on human-AI cooperation into a new paradigm of strategic

human-AI alignment.
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2.1.13 Limitations and Risks of Multi-Agent Alignment for LLM Finetun-

ing

A limitation is the lack of theoretical guarantees in Multi-Agent Systems when other agent’s

strategies are unknown (in this case the human’s strategy). The evolving environment due to

non-stationarity of agents and fair credit assignment to individual agents can pose significant

challenges. Also, Multi-Agent AI can pose challenges of exponential action space complexity of

AN where A is the number of actions and N is the number of agents. Language based AI agents

can pose a challenge of large action spaces which can lead to interpreting important actions that

can impact corrective learning from feedback, provided for alignment.

The formulation of the LLM finetuning problem as a cooperative alignment game could in

principle pose a risk of manipulative behavior in LLMs for the wrong definition of alignment as

a game theoretic solution concept.

2.2 Social Cooperation of Rational AI Agents

For artificial intelligence deployed in the real world, the ability to cooperate with humans

(or other AI’s) is critical for success in many applications. A natural goal is to design AI agents

that can reliably adapt to their current partner’s strategy. This is complicated by the fact that

the human partner is likely to be just as adaptable as the AI itself, which in the worst case may

render cooperation impossible. I have considered the setting where an AI must learn to cooperate

with an existing population of socially intelligent agents, that are individually rational while also

reliably cooperating with other members of the population in a general-sum Bayesian game. Here
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the challenge for the AI is to generalize from previous interactions to allow it to cooperate with

a new partner drawn from this population. My PhD research is focused on obtaining a set of

upper bounds (with an accompanying learning algorithm) on the number of interactions required

to achieve near-optimal cooperation. Most importantly, I have shown that this bound can be much

stronger than the sample complexity bounds for “naive” methods that treat the problem as one of

Imitation Learning or Reinforcement Learning.

2.2.1 Introduction

The key insight is that while no guarantees can be provided when a human partner is con-

sidered in isolation, a guarantee on asymptotic cooperation can be provided when the AI has some

knowledge of the “society” of which the human is a member. My objective has been to investi-

gate the bounds of which an AI agent can generalize from previous interactions (or observations

of others interacting) similar to human agents to enable cooperation with future partners.

Specifically, the main theoretical results show that using only data from finite-time interac-

tions with other agents from the same population, asymptotic cooperation with new members of

that population can be guaranteed.

I have shared Reinforcement Learning (RL) algorithms that work with online or offline

data about previous, finite-time interactions to construct a policy that is guaranteed (with high

probability) to successfully cooperate with a new individual over an infinite time horizon.
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2.2.2 Example of Factory Robot Agents

Let’s imagine the problem of introducing a new line of robots into a factory whose existing

robots were designed by a now-defunct company, which left-behind no source code and no doc-

umentation. Every attempt to program the new robots to collaborate with the old ones has failed,

as for some unknown reason the old robots freeze up almost immediately when they see one of

the new robots. Even when the new robots are visually indistinguishable from the old ones, they

still fail and there is no reasoning to suggest why.

Eventually, a closer look can be taken at a small string of lights mounted on each of the

old robots. While these have been added to the new bots to make them visually identical, much

attention is not given to how the robots blinked on seeing other robots. What is thought of

as essentially random is actually a complex channel of communication, with the blink-patterns

changing depending on the patterns of the partner. By collecting large amounts of data, it can be

seen that so long as the conditional pattern is mimicked perfectly, the old robots work just fine.

This feature may have been implemented specifically to prevent the factory from switching

to a new supplier. Unfortunately, the pattern is hard-coded inside the old robots’ controllers, and

to imitate the pattern indefinitely, an impractical amount of data is required (as the sequence is

different every time the robots are started up).

On closer investigation about the old supplier’s contract to see if there is any way the code

that controls the robots blinking can be divulged, a clause in the contract is noticed about the

"robustness" of the robots to changes in the factory environment. The robots are required to

maintain 99% of their optimal task performance under any common failure scenario, ranging

from wear-and-tear on assembly jigs, to failure of the robots’ own hardware. This means that
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if the lights fail altogether, or are obscured by dust and grease, the robot must still operate near

its optimum (under these constraints). In practice, what this means is that the old robots must

quickly adapt to failures and changes in their environment. Rather than imitating the blinking

lights, the tests have to be just run longer, and the old robots should start working again as they

realize the lights on the other robot must have failed.

This example illustrates why learning social cooperation is important not just for robotic AI

agents but also for other real-world AI agents like economic agents, language agents, multimodal

agents etc.

2.2.3 Preliminaries of Social Intelligence

Let there be a case where interactions between agents take the form of a repeated, two-

player general-sum matrix game. However, rather than a single fixed game, the focus is on

classes of games defined by a type space Θ. For simplicity, assume that in all games both agents

have N pure strategies (henceforth “actions”) available. Let G1(θ) and G2(θ
′) denote the N ×N

payoff matrices for agents 1 and 2 in a game with types θ, θ′ ∈ Θ. Only private types are

considered, where each agent knows only its own type, unless stated otherwise. Therefore, let θi

denote the i-th agent’s type, as a variable, and the θ = (θ1, θ2) denote the joint type. Also G(θ)

denotes the game induced by payoff matrices G1(θ1) and G2(θ2). The agents interact for a fixed

number of stages 0 < T < ∞, where a1t and a2t denote the actions chosen by agents 1 and 2 in

stage 0 < t ≤ T . a1t and a2t also denote the mixed strategies that assign all probability mass to

actions a1t and a2t (i.e. unit vectors), such that Gi(a
1
t , a

2
t ; θi) ≜ a1tGi(θi)[a

2
t ]
T is agent i’s payoff

for its type θi when the joint action was (a1t , a
2
t ) at stage t. It is also assumed that for all θ ∈ Θ,
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i ∈ {1, 2}, and a1, a2 ∈ [N ], Gi(a
1, a2; θ) ∈ [0, 1].

Let Ht = (N × N)t be the set of histories of length t (with H0 = {∅}), and let H≤t =⋃t
s=0Hs be the set of all histories of length at most t. The strategy space Π for an agent is

then the space of mappings π : Θ × H≤T−1 7→ ∆(N), where ∆(N) is the set of probability

distributions over the action set [N ]. As a functional, a strategy π maps each type θ to a behavioral

strategy [275, Chapter 5.2.2] that maps histories of play to action distributions, such that ait ∼

πi(θi, ht−1). An utility function M parameterized by the joint type can be defined as

Mi(π, π
′; θ, θ′) = E

[
T∑
t=1

Gi(a
1
t , a

2
t ; θi)

∣∣∣∣∣ π1 = π, π2 = π′, θ1 = θ, θ2 = θ′

]
, (2.1)

where the expectation is taken over the randomly sampled actions a1t and a2t . Let M̄ be de-

fined by an expected joint type utility M̄i(π, π
′) = E(θ,θ′)∼µ[Mi(π, π

′; θ, θ′)]. I have consid-

ered games where M̄1(π, π
′) = M̄2(π

′, π), which states that if the indices of the agents were to

be permuted, their expected joint type utility would not change. This does not imply that the

G = [G1(θ), G2(θ
′)] must be symmetric for all joint types (θ, θ′). Symmetry can be ensured in

M̄ by requiring a symmetric joint type distribution µ(θ, θ′) = µ(θ′, θ).

A two-player general-sum repeated game can be defined as G = (M1,M2, A1, A2, T ),

where M1,M2 denote the payoff functions, A1, A2 denote the set of actions, and T denotes the fi-

nite number of stages (i.e. horizon). It is assumed that the agents have identical action sets (A1 =

A2). Rather than a fixed game, G is defined in terms of a class of games parameterized by a type

space Θ, where each type θ ∈ Θ represents an agent with different payoffs. Let G(θ1) and G(θ2)

denote the payoff matrices for players 1 and 2 respectively. Let the Π denote the set of strategies
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an individual can follow. Then Mi : Π × Π × Θ × Θ → ℜ is the payoff function for the player

i ∈ {1, 2} defined as Mi(π, π
′; θ, θ′) = E

[∑T
t=1G(a

1
t , a

2
t ; θi)

∣∣∣ π1 = π, π2 = π′, θ1 = θ, θ2 = θ′
]
.

Given a joint distribution over types µ ∈ ∆(Θ×Θ), the expected payoff functions can be defined

asMi(π, π
′) = E(θ,θ′)∼µ[Mi(π, π

′; θ, θ′)]. It is assumed that G is symmetric such thatM1(π, π
′) =

M2(π
′, π) for all π, π′ ∈ Π, which can be ensured by the criterion µ(θ, θ′) = µ(θ′, θ). This means

that it does not matter which player is designated as player 1 and which is player 2, and the

players are unaware of their player index.

2.2.4 Consistent Social Intelligence

An important criterion for rationality is that an agent acts as a consistent learner, and at-

tempts to achieve a payoff nearly as large as that of the best response to its partner’s strategy.

This is complicated by the fact that the partner’s strategy may be non-stationary (particularly if

it adapts to the agent as well). In order to account for the non-stationary behaviour of others,

Hannan consistency requires that the agent be robust to adversarial partners and depends on the

external regret [131]:

Rext
i (h; θ) =max

ai∈[N ]

|h|∑
t=1

{
Gi(a

i, a−i(ht); θ)−Gi(a
i(ht), a

−i(ht); θ)
}

(2.2)

where i ∈ {1, 2} denotes the player ID of the agent, −i denotes the ID of its partner, and ai(ht)

denotes the action i played at stage t within the given history h (i.e. ht is the first t stages of h).

Hannan consistency requires that an agent have bounded external regret over T stages.

Definition 2.4 (Hannan Consistency). For δ, ϵ, T > 0, an agent i ∈ {1, 2} is (δ, ϵ, T )-Hannan

consistent if, for all types θ ∈ Θ, and all partner agents, 1
T
Rext
i (hT ; θ) ≤ ϵ with probability at
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least 1− δ.

The expected version of the external regret R̄ext
i (h; θ) is defined by replacing the ai(ht) (action

played at t by i) with the strategy at t, πi(θ, ht). The Rext
i (h; θ) and R̄ext

i (h; θ) are related by the

inequality

Rext
i (ht; θ) ≤ R̄ext

i (ht; θ) +

√
T

2
ln

1

δ
, (2.3)

which hold w.p. at least 1 − δ for all t ≤ T simultaneously (this can be proved with [56,

Lemma 4.1]). Thus only the expected regret can be bounded to provide high-probability regret

bounds.

2.2.5 Cooperative Compatibility

I consider consistent learning as an important criterion for rationality. Therefore it serves an

important role in cooperation amongst rational agents as well. For instance, in fully cooperative

games where the agents always receive payoffs identical to each other’s, having a consistent

partner is trivially sufficient for cooperation. One can compute the jointly optimal strategy and

play their half of it, knowing that the consistent partner will eventually adapt and play their half.

Consider the fully-cooperative 2 × 2 game in table 2.1. Here, agent 1 can compute the optimal

joint strategy as (a1, a2), and commit to playing a1. If agent 2 is Hannan-consistent, it should play

a2 increasingly more often, otherwise its regret would grow linearly with respect to time. On the

other hand, in general sum games, consistency does not guarantee cooperation since a consistent

partner may still be unwilling to cooperate with some strategies. Still, since general-sum games

are a strict super-set of fully-cooperative ones, a notion of cooperation is needed that does not
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a2 b2

a1 2 0
b1 0 1

Table 2.1: A simple fully-cooperative 2x2 matrix game.

preclude consistency.

Let N (G) ⊆ ∆(N) ×∆(N) be the set of Nash equilibria (NE) of the stage game G. For

any joint strategy π ∈ N (G(θ)), if both players act according to their respective strategies at

each stage, neither will incur any external regret in expectation. For a fully-cooperative game G

(with G1(θ1) = G2(θ2)), N (G) will contain all globally optimal strategy profiles. It may, how-

ever, also contain strategies that are highly sub-optimal, but where neither player can improve the

joint payoff by changing their individual strategy unilaterally. For instance in the game given in

table 2.1, (b1, b2) is also a Nash equilibrium, which is sub-optimal compared to (a1, a2). Clearly,

playing any NE does not necessarily imply successful cooperation between agents. It is impor-

tant to define which members of N (G(θ)) should mean successful cooperation between rational

agents.

The challenge of intractability posed by Nash Equilibria for Extensive-Form Games (EFG)

can be addressed by updating the equilibria with changes like sequential rationality. A branch-

and-bound algorithm combined with perturbation schemes under the Stackelberg setting of EFGs,

having a leader agent and a follower agent, is useful to compute a quasi-perfect Stackelberg

Equilibria [202] that scales in game environments with more state space.

Similar to [239], successful cooperation in terms of the Pareto-optimal Nash equilibria

(PONE) [205] of a game G can be defined where the set P(G) ⊆ N (G). π ∈ P(G) if and

only if π ∈ N (G), and there does not exist π′ ∈ N (G) such that G1(π
′; θ1) > G1(π; θ1) and
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G2(π
′; θ2) > G2(π; θ2). This means that π is a PONE if it is a Nash equilibrium of G, and it is

not strongly Pareto-dominated by any other Nash equilibrium of G. In a fully-cooperative game,

there is no reason why the agents should prefer an NE that is not inP(G). It makes intuitive sense

that if two agents are rational and willing to cooperate with each other, in general, their interaction

should approach a PONE in terms of realized payoffs. The criterion can be formalized as follows.

Definition 2.5 (Approximate Compatibility). For δ, ϵ, T > 0, two agents π1 and π2 are (δ, ϵ, T )-

approximately compatible (AC) if, when they play together, for any joint type θ ∈ Θ×Θ w.p. at

least 1− δ, ∃(π1
∗, π

2
∗) ∈ P(G(θ)) s.t.

1

T

T∑
t=1

Gi(π
1
∗(ht), π

2
∗(ht); θi)−Gi(a

1(ht), a
2(ht); θi) ≤ ϵ, (2.4)

for either i ∈ {1, 2}.

A pair of agents is approximately compatible if, when paired together, with high-

probability over their path of play hT there will exist some PONE that does not ϵ-dominate their

realized payoffs. Note that this definition of compatibility is very similar to that provided in [239],

but is now approximate, and defined over a finite time horizon. Additionally, this is mathemati-

cally similar to Hannan consistency, except now the agents’ realized payoffs are compared to a

PONE instead of the best fixed action in hindsight.

2.2.6 Socially Intelligent Agents

It is natural to model an existing population of agents as a set of approximately compatible,

but otherwise heterogeneous agents. Therefore the more general idea of a socially intelligent
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class of agents is introduced from Definition 2.3 that are compatible with any other member of

their class:

It is important to unpack this definition. First off, the Hannan consistency requirement

ensures that any agent in the population has bounded average regret, regardless of how their

partner plays. Thus, agents in a socially intelligent class can adapt to any partner (whether in C or

not) to control their regret. On the other hand, the approximate compatibility requirement means

if both agents are from the same socially intelligent class C, with high probability there will exist

some PONE that does not ϵ-dominate their path of play. An intuitive hypothesis can be built on

why agents of this population can be called successful in cooperating with each other. One might

ask how two agents can satisfy for instance the approximate compatibility requirement without

knowing each others’ types. Examples of agents where this is possible have been considered.

Social authentication protocols. For a type space Θ, first a function s(θ) ∈ P(G(θ)) is de-

fined that maps from each joint type θ ∈ Θ×Θ to a PONE strategy profile under that joint type.

s(θ) can be considered as a “convention” the agents have settled upon for the game. All agents in

the same class C agree on s. Now, let two agents of type θ1 and θ2 from C start interacting. Un-

fortunately, neither one knows the other’s type, or whether they are even a member of C. If any

type θ ∈ Θ can be communicated to others uniquely in a sequence of k < T actions, then agents

in C can agree on a social authentication protocol similar to a handshake. More specifically, the

authentication protocol is a one-to-one map κ(θ) from types to sequences of k actions. Then, at

the beginning of each interaction, both agents will act according to κ in order to communicate

their types. Imagine that at step k + 1, the agent i has observed κ(θ−i). This does not necessar-

ily mean that the agent −i is of type θ−i, since an agent outside C can still play κ(θ−i), posing
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as a member of C. Therefore, after observing κ(θ−i), the i still has to test whether −i deviates

from s((θi, θ−i)). Since the s can be a mixed strategy, the test should be statistical. However,

an alternative approach is afforded by the fact that s always maps to a PONE. Since playing a

PONE jointly will lead to low regret for all agents, if i’s regret exceeds a certain threshold, this

would indicate−i is deviating from s significantly. The threshold can be chosen by the aid of the

following lemma,

Lemma 2.1. For any δ, T > 0, if both players follow strategy s(θ) at each stage, then with

probability at least 1− δ,

R̄ext
i (ht; θi) ≤

√
2T ln

2

δ
(2.5)

for all t ≤ T and i ∈ {1, 2}, and w.p. at least 1− δ,

Rext
i (ht; θi) ≤ 2

√
2T ln

4

δ
(2.6)

for all t ≤ T i ∈ {1, 2},

which follows from an application of the Azuma-Hoeffding inequality. Then the question

is what safe strategy should the i fall back into, if the rule is triggered. The fallback strategy is

derived from the multiplicative weights [107] update rule:

simw,k(ht; θi) = simw,k(ht−1; θi) exp
(
−ηGi(k, a

−i
t−1(h))

)
(2.7)

for k ∈ N , where simw(h0; θi) is the uniform strategy where πmw,T is defined as the agent that

plays simw(ht; θi) with learning rate η =
√

8 ln(N/T ). The expected external regret of πmw,T is
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bounded as

R̄ext
i (hT ; θi) ≤

√
T

2
lnN (2.8)

following the results in [56, Theorem 2.2]. The agent’s overall strategy can be defined as the πT,ϵ

as follows:

1. In first k steps, play κ(θi).

2. If −i’s behaviour in hk not compatible with κ(θ) for any θ ∈ Θ, switch to πmw,T for all

subsequent stages.

3. While R̄ext
i (ht; θi) ≤ k + ϵ(T − k)−

√
T−k
2

lnN − 1, play si(θ).

4. Otherwise, switch to πmw,T for all subsequent stages.

As proven below, agents that follow the social authentication strategy above form a socially

intelligent class among themselves. This means that individually they are all Hannan-consistent

and in pairs approximately compatible.

Theorem 2.2. For any δ, T > k, let ϵ0 ≥
√

2
(T−k) ln

2
δ
, and let ϵ1 = ϵ0 +

√
1

2(T−k) lnN + 1
(T−k) .

Then for ϵ = ϵ1 +
√

(T−k)
2

ln 1
δ
, the πT,ϵ1 is (δ, ϵ, T )-socially intelligent.

Proof. By the definition of ϵ1, πT,ϵ1 will only deviate when playing with itself if at some

point k < t ≤ T one player incurs an expected external regret of at least ϵ0, and by Lemma 2.1

that will occur with probability at most δ. Therefore, πT,ϵ1 is (δ, ϵ0, T )-compatible. Furthermore,

the total expected external regret of the MW agent πmw,T is at most
√
(T/2) lnN . This means

that if πT,ϵ1 switches at stage t, then the maximum possible expected external regret incurred by

πT,ϵ1 will be less than R̄ext
i (ht; θ) +

√
T
2
lnN . Since πmw,T will always switch just before this
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point is reached, its total expected regret will be less than ϵ1 surely, and will be less than ϵ w.p.

1− δ. As ϵ ≥ ϵ0, it is shown that the π,T,ϵ1 is (δ, ϵ, T )-socially intelligent.

The social authentication framework is quite general. For instance, in the factory robot

example from Section 2.2.1, the hard-coded blink pattern of the robots can be thought of as the

handshake protocol κ, helping robots from the same class C authenticate each other.

Zero-Shot Lower Bounds of Social Intelligence

Theorem 2.3. For any AI strategy π, there exists a socially intelligent population strategy ρ such

that π suffers cooperative regret of approximately 1− 1
N

.

Theorem 2.4. Corollary Zero-shot cooperation with any rational population or any consistent

population is impossible

2.2.7 Social Cooperation

In modelling cooperation within a population, I have taken an approach similar to Evolu-

tionary Game Theory [135]. The first assumption considers that agents only interact pairwise

against randomly chosen partners, and they retain no memory outside of these interactions. Each

interaction corresponds to a two-player general-sum game M̄ as defined in Section 2.2.3, with

M̄i : Π × Π → ℜ is the payoff function for player i ∈ {1, 2}, and Π is the set of strategies that

an individual can follow.

It is also assumed that M̄ is symmetric such that M̄1(π, π
′) = M̄2(π

′, π) for all π, π′ ∈ Π.

This means that it does not matter which player is designated as player 1 and which is player 2,

and the players are unaware of their player index.
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A population is defined by a probability distribution ρ over Π representing the probability

that a randomly sampled individual would follow strategy π. In a single interaction, an individual

is paired with a partner drawn from this population, that is, a strategy sampled from ρ. M̄ can be

denoted as the expected payoff for an individual following strategy π as

M̄(π, ρ) = Eπ′∼ρ[M̄1(π, π
′)]. (2.9)

M̄(π, ρ) can be defined equivalently in terms of M̄2. The expected payoff for a randomly

sampled individual is then

M̄(ρ) = Eπ,π′∼ρ[M̄1(π, π
′)] = Eπ∼ρ[M̄1(π, ρ)] (2.10)

Population Regret If ρ represents the behavior of a human population, then a natural goal for

an AI strategy π is to perform at least as well as a human would when paired with another indi-

vidual drawn from this population. This agentic behavior can be represented with the population

regret defined as

Rpop

M̄
(π, ρ) = M̄(ρ)− M̄(π, ρ) (2.11)

Previously, it is seen that with no knowledge of ρ (only knowing the game itself), in the

worst case there may be no strategy π the AI can choose for which Rpop

M̄
(π, ρ) ≤ 0. To find a

strategy π minimizing Rpop

M̄
(π, ρ), the AI must either make additional assumptions on ρ, or must

leverage data collected from ρ. In the rest of this section, two forms of such data are considered,

1) online data consisting of previous interactions with individuals sampled from ρ, and 2) offline
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data consisting of observations of interactions between pairs of individuals sampled from ρ.

Reinforcement Learning

Some understanding regarding the difficulty of minimizing population regret can be real-

ized by noting that M(π, ρ) can be viewed as the utility function of an episodic single-agent

Reinforcement Learning problem, where each episode corresponds to a length-T interaction with

a partner sampled from ρ. The natural objective in episodic RL is to minimize the regret

RM(π, ρ) = max
π′∈Π

M(π′, ρ)−M(π, ρ). (2.12)

It is easy to see thatRpop
M (π, ρ) ≤ RM(π, ρ), and so any upper bound on the RL regret gives

an upper bound on the population regret.

2.2.8 A Simplified Model for Social Cooperation

The key idea behind this work is that, rather than attempting to imitate a human partner per-

fectly, the agent only needs to imitate a human well enough and long enough for it to learn about

the human partner’s private type, after which it can follow a “bully” strategy that exploits the

human’s own ability to adapt. To develop this idea in more detail, begin with a simplified version

of the problem that separates the negotiation phase (in which type information is exchanged),

from the exploitation phase where the agents play the underlying matrix game G(θ).
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Abstract Negotiation Games

The above simplified setting can be considered as an abstract negotiation game, with an

instance G defined by:

• M - the number of distinct messages players can exchange to coordinate their actions

• H - the number of communication rounds

• N - the set of possible actions for each player

• Θ - the space of types defining the utility for each player

• µ - a commonly known prior distribution over joint types

• G(θ) - the space of bi-matrix games parameterized by the joint type θ.

In a negotiation game G, the players spend H rounds exchanging abstract messages, allow-

ing them to negotiate a joint strategy that they then play for a single round.

Without loss of generality, it can be assumed that all human players follow the same strategy

π. At the start of the game, a joint type θ ∈ Θ × Θ is sampled from µ, each each player i

observes their private type θi. Let H denote the space of possible histories of messages, with

Ht ∈ (M × M)t being the set of histories of length t. For each round t ≤ H , the players

simultaneously sample messages mi
t ∈M from π(ht−1; θi) and exchange them. At round H +1,

the players sample actions ai ∈ N from their mixed strategies σi = π(θi, hH), and play them

simultaneously. Each player i then receives a payoff of Gi(a
1, a2; θi).
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Ad Hoc Cooperation

The goal for the socially cooperative AI agent (as player 1) is to “cooperate” with the

human partner (player 2) as well as two humans are able to cooperate with one another. This

would be conceptually straightforward if the AI could simply take control of player 1’s actions

at round H + 1 without player 2 noticing. In this case, simply following the strategy π(θ1, hH)

itself would be sufficient. I have considered the situation where human is aware that they are not

playing G(θ) with another human, and so are free to follow a different strategy than they would

with a human partner.

It will be convenient to separate the AI’s negotiation strategy from their exploitation strat-

egy. Let ϕ : H<H × Θ 7→ ∆(M) denote the AI’s negotiation strategy, which they follow for

the first H steps, and let ψ : HH × Θ 7→ ∆(N) denote the AI’s exploitation strategy. When

the AI and human play the negotiation game, at round H + 1 the AI commits to the (possibly

mixed) strategy ς1 = ψ(hH ; θ). Rather than choosing their strategy simultaneously, the human

partner now observes the AI’s strategy ς2 = π̄(ς1, hH ; θ2). The function π̄ describes the human’s

strategy for dealing with “non-human like” partners. It is assumed that for some ϵ > 0, π̄ will be

ϵ-consistent, that is, for all type θ2 ∈ Θ, histories h ∈ HH , and AI strategies ς1 ∈ ∆(N),

G2(ς1, π̄(ς1, h; θ2); θ2) ≥ max
a∈N

G2(ς1, a; θ2)− ϵ. (2.13)

This means that π̄ is constrained to be an approximate best response to the AI’s strategy ς1.

It is required that ς2 be ϵ-consistent with probability 1 because the human knows both the AI’s

strategy ς1 and their own type θ2 exactly.
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Reinforcement and Imitation Learning The AI’s strategy (ϕ, ψ) can be learned under either

the Reinforcement Learning or Imitation Learning paradigms. In the RL paradigm, the AI inter-

acts with the human for K episodes, choosing a sequence {(ϕk, ψk)}k≤K of exploration policies.

In the IL paradigm, the AI observes K roll-outs of the human strategy π in self-play. In both

cases, it is assumed that the AI observes player 1’s type θ1, but not player 2’s type θ2. Let (ϕ̂, ψ̂)

denote the final strategy pair chosen by the AI after K episodes of interaction or observation.

Coercion Regret

A fundamental question is what measure of performance the AI’s strategy should seek to

optimize. In the ad hoc setting, the fundamental challenge is learning enough about the strategy

of the target population to be able to cooperate with them. A natural goal then is to achieve the

same performance the AI could have achieved if it had perfect knowledge of the humans’ strategy

π. In this setting, there is no way the AI can guarantee that it will receive the same return as the

human would in its place. This is because a human partner is free to break ties between actions

adversarially against the AI, as illustrated by the following example:

An feasible objective for the AI must account for the ability of the human’s ability to change

their behavior during the exploitation phase when paired with the AI. The following definition

describes just such an objective:

Definition 2.6. Coercion Regret The expected coercion regret of an AI strategy (ϕ, ψ) against a

human population (described by π) is

CR(ϕ, ψ) = R∗ − Eh∼ϕ,π

[
min

a2∈BRϵ(ς1;θ2)
G1(ς1, a

2; θ1) : ς1 = ψ(h; θ1)

]
, (2.14)
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where

R∗ = max
ψ′

Eh∼π,π

[
min

a2∈BRϵ(ς1;θ2)
G1(ς1, a

2; θ1) : ς1 = ψ∗(h; θ1)

]
(2.15)

where BRϵ(ς1; θ2) = {a ∈ N : G2(ς1, a; θ2) ≥ maxa′∈N G2(ς1, a
′; θ2) − ϵ is player 2’s ϵ-best

response set under type θ2.

Here the expectations are taken over the joint type θ and H-step history h. The target

value R∗ assumes that the AI can simulate the humans’ negotiation strategy π perfectly, and so

the type-dependent distribution p(h|θ) over message histories h is identical to the distribution

in human-human play. Therefore, the solution for the optimal exploitation strategy ψ∗ can be

defined as

ψ∗(h; θ1) = argmax
ς1∈∆(N)

Eθ2∼p(θ2|h)

[
min

a2∈BRϵ(ς1;θ2)
G1(ς1, a

2; θ1)

]
. (2.16)

The coercion regret captures two different sources of error: 1) the loss of type information

due to differences between π and the AI’s negotiation strategy ϕ.

Payoff Coupling

The infiltrator’s ability to guarantee cooperation is bounded by the ability of player

2 to deviate from their “expected” behavior (how they would have responded to player 1)

while still being approximately rational. For fixed joint type θ, and ϵ > 0, the great-

est degree of cooperation that the infiltrator can guarantee when against π can be η =

minσ∈P(θ) mina∈BR2(θ2,σ1) u(θ1, σ1, a). This can be trivially achieved if the infiltrator follows

the same strategy π(θ1, hH) that player 1 would have in the final round. Note that this definition

works regardless of whether P(θ) consists of weakly or strongly Pareto efficient Nash equilibria.
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Social Intelligence

This model allows for a simplified definition of social intelligence. For δ, ϵ ≥ 0, π is

(δ, ϵ)-consistent if

Pr
{
∃i ∈ {1, 2}, Gi(σ; θi) < max

ai∈N
Gi(a

i, σ−i; θi)− ϵ|π
}
≤ δ, (2.17)

where the probability is taken over the random joint type θ ∼ µ, and the history of messages

exchanged during the negotiation phase.

Let c(θ) ∈ ℜ2 be the “cooperative” payoff profile for joint type θ, that is, if the joint payoff

profile is at least c(θ), then the players have successfully cooperated. (Multiple definitions of the

cooperative profile can be considered.) For δ, ϵ ≥ 0, π is (δ, ϵ)-compatible if

Pr {∃i ∈ {1, 2}, u(θi, σ) < ci(θ)− ϵ|π} ≤ δ. (2.18)

Finally, π is (δ, ϵ)-socially intelligent (SI) if it is both (δ, ϵ)-consistent and (δ, ϵ)-compatible.

Note that the expected payoff is bounded under the final mixed strategy profile σ, rather

than the final joint action a itself. This is because consistency implies that σ must be a Nash

equilibrium, and for an arbitrary matrix game there may be no pure-strategy equilibrium that

helps to ensure maximal reward with high probability. The high-probability bound should be

interpreted as ensuring that coordination succeeds for most of the type space, and is robust to

“noise” in the negotiation process.
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2.2.9 Feasible Cooperation

The fundamental idea behind this work is that if the human population achieves an aver-

age payoff of M(ρ) in self-play, and M(ρ) is (in some precise sense) socially optimal, then by

observing two humans interact an AI should be able to infer enough about their private types to

cooperate with them (though not necessarily achieving a payoff of M(ρ)) in the future. This can

be leveraged by learning AI strategies that imitate the human for some number of steps T ≪ H ,

and then use the information gained from the first T steps (extracted from the history hT ) to com-

mit to a strategy π(hT ) for which the human’s best-response (given their private type) will yield

a “cooperative” joint strategy.

A critical point is that in general the AI cannot imitate a human perfectly forever, and

eventually the human partner will realize that they are interacting with an AI. At this point the

human’s behavior can become adversarial, but is still constrained to be rational. In this setting it is

implied that even when the human is aware that they are interacting with an AI, their strategy must

remain Hannan consistent. The AI can leverage this by committing to a strategy that prevents a

rational human partner from “sabotaging” cooperation. Therefore cooperation can be defined in

terms of the payoff profiles that are unilaterally enforceable by one player or the other.

Given a joint type θ = (θ1, θ2), and a (pure) strategy ai, the ϵ-best response set for player

−i can be defined as

BRϵ
−i(ai; θ) = {a−i ∈ A : G−i(ai, a−i; θ) ≥ G−i(ai, ā−i; θ),∀ā−i ∈ A} (2.19)

Approximate best-responses are considered because over a finite time horizon a consis-
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tent agent need never converge to a true best-response to its partner’s strategy. A payoff profile

p = (p1, p2) is feasible given θ if there exists player i ∈ {1, 2}, and action ai ∈ A such that

pi ≤ mina−i∈BRϵ
−i(ai;θ)

Gi(ai, a−i; θ) and p−i ≤ mina−i∈BRϵ
−i(ai;θ)

G−i(ai, a−i; θ). This means

that one player can choose a strategy such that, no matter how the other player chooses their

ϵ-best response, both players receive payoffs at least as large as their payoff under p. Let F(θ) be

the set of all feasible payoff profiles under joint type θ, and define P(θ) ⊆ F(θ) to be the subset

of the feasible profiles that are not strictly Pareto dominated by some other feasible profile. The

cooperation profile c(θ) has been defined such that ci(θ) = infp∈P(θ) pi, that is, the profile of

minimal payoffs each player can expect to receive assuming a Pareto-efficient feasible profile is

played.

2.2.10 Type Inference

We’ll start with a simpler cooperation problem. Recall that ρ can be equivalently thought of

as a distribution over human strategies, and a single behavioral strategy that is indistinguishable

from this population. In the later interpretation, it can be said that ρ is (T, ϵ, δ)-socially intelligent

using the definition from Section 2.2.3. Assume that ρ is indeed socially intelligent, and imagine

that the AI first observes two humans following ρ under joint types sampled from µ. After

observing the human’s interact for T steps (yielding history T ), the AI observes player 1’s type

θ1, and takes control of player 1’s actions for the remaining H steps. The AI must commit to

playing a pure strategy π(hT , θ1) for theseH steps, while player 2 follows an arbitrary (H, ϵ′, δ′)-

consistent strategy for the remaining H steps.

The question is, is there a mapping π such that with probability 1− δ0 over joint types and
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observed histories hT , the AI’s payoff will be≥ c1(θ)? In other words, can the AI extract enough

information from the human (player 2’s) behavior to choose a strategy a1 that will force them to

cooperate?

It can be shown that c1(θ) is itself too hard a target. The reason is that while c(θ) considers

the entire game, which may include opportunities for “enforced” cooperation that the humans

simply ignore. Instead, the best case is to achieve a payoff corresponding to cooperation in the

“hardest” sub-game the humans could choose to play.

2.2.11 Conclusion & Major Takeaways of Social Cooperation

The problem of minimizing the population regret (Equation 2.11) is exactly as hard as

Reinforcement Learning or Imitation Learning in the POMDP corresponding to ρ.

An alternative goal would be to minimize the AI’s regret relative to its worst-case perfor-

mance given access to the human partner’s private type (θ2). If the AI knows the joint type, then

the fact that the human strategies are consistent with high probability means that the AI can sim-

ply choose a strategy that maximizes its own return under the human’s best response. Stackelberg

regret can be defined as

RStackelberg
M (π, ρ) = E

[
max
σ∈∆(A)

G1(σ,BR2(σ, θ), θ)−
1

H
M(π, ρ)

]
(2.20)

where BR2(σ, θ) is player 2’s best-response to σ under joint type θ, with ties broken so as

to minimize player 1’s payoffs. A rough scheme for minimizing RStackelberg
M (π, ρ) might work as

follows:

1. Interact with ρ for d episodes to learn a model of ρ that is “sufficiently accurate” for the
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first T ≪ H steps.

2. Against a new partner, imitate a strategy samples from ρ for T steps, and use the history

hT to estimate the partner’s private type θ2.

3. Compute a mixed strategy σ maximizing player 1’s payoffs under player 2’s best response

for their type θ2, and commit to σ for all future stages.

Because the human’s strategy is consistent, they will eventually converge to their best response

to σ.

What makes this useful is that imitating the human’s policy over T steps may require far

less data than imitating them over H steps. After T steps, even if the human is able to reliably

distinguish the AI from another human, the AI will (hopefully) have enough information about θ2

to manipulate the human into cooperating. It can be shown, however, that as with the population

regret, there are cases where no strategy can achieve non-positive Stackelberg regret.

The key idea in this lower bound is that humans may be able to cooperate optimally without

revealing their full private types. Therefore, an achievable notion of regret should account for

exactly how much type information the human’s strategy provides over the first T steps. This

idea can be captured by restricting the space of AI strategies to the set ΠT that play an arbitrary

strategy for the first T steps, and must then commit to a (possibly mixed) strategy σ for the

remaining H − T steps. Let the manipulator regret for T < H be defined as

RT
M(π, ρ) = max

π′∈ΠT

M(π′, ρ)−M(π, ρ) (2.21)

For T ≪ H , if there is a model ρ̂T of ρ that is accurate up to T steps, then ρ could be
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approximated by a strategy that follows ρ̂T for T steps, and then follows a fictitious-play strategy

for the remaining H − T steps. Computing a strategy minimizing RT
M(π, ρ) would then simply

be a matter of planning in a POMDP.

The question is, to what extent can a sufficiently accurate model of ρ be learned from either

online interactions (Reinforcement Learning) or offline observations (Imitation Learning)? This

is non-trivial because in either case the private types of the humans are not directly observable.

In the full horizon case (T = H), a model could be learned that simply marginalized over their

private type.

To address this, a mapping from the human’s private type θ2 to their behavior can be

learned. This is impossible, however, because it cannot be known a priori how much of the

private type θ2 the human’s behavior conditions on, or if it conditions on the private type at all.

Indeed, a model can always be found for ρ that is completely independent of θ2 given θ2 (and so

cannot be used for inference), but nonetheless explains the data generated under ρ equally well.

To overcome this issue, if ρ does not depend on θ2 at all, then typically maxπ′∈ΠT
M(π′, ρ)

will take on a much smaller value than if something could be inferred about θ2 from observations

of the human’s behavior under ρ.

Since ρ is self-compatible, the long-term behavior of two agents sampled from ρ (over H

steps) can be useful to infer their private types.
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2.3 Assisted Exploration of Socially Cooperative AI Agents

for Alignment

Social cooperation is important for AI agents deployed in the real world who can assist

humans in achieving their goals without knowing a priori what those goals are in their shared

environment. Current research on goal inference for AI assistance in Human-AI interactions

assumes that humans will have a complete knowledge and understanding of the task environment.

This may not be the case in many real-world applications such as driver-assistance autonomous

systems or surgical robots, and certainly is not true in applications where part of the AI’s role is

to help the human acquire information, such as recommendation systems. Therefore, I propose a

theoretical framework for AI assistance in a stateful environment with assistive Markov Decision

Processes (MDPs) considering the extent to which an AI agent can aide a human in learning how

to achieve their goals within the shared environment. I am proposing an assisted exploration

paradigm where an AI agent can override a human’s actions to support more efficient exploration

of their environment without knowledge of the human’s underlying goals. Within this paradigm,

I have provided algorithms for selecting when and how to intervene in MDPs with finite state

and action spaces. I have investigated into polynomial-time regret bounds for consistent assisted

exploration that hold for a large class of possible human learning strategies and allow sufficient

exploration by AI. It helps to make the AI Value Alignment task efficient by bounding the number

of unnecessary interventions made by the AI, to ensure that disruption of the human’s intended

behavior is kept to a minimum.
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2.3.1 Introduction

The Assistive Multi-Armed Bandit [59] presents the assistive bandit framework, in which a

human recommends arms to pull in a multi-armed bandit, but the AI decides which arms actually

get pulled. The challenge is that the AI never observes the payoffs received for each arm, only

the human does. They prove that it is possible to design AI policies such that the human-AI team

is Hannan consistent in two general cases:

1. The human knows the payoff distributions, and selects the best arm most frequently.

2. The human is (noisily) greedy, choosing the arm with the highest empirical payoff most

often.

They also provide an information theoretic lower bound on the mutual information between the

human’s recommendations and the index of the optimal arm, in the Bayesian case of the Beta-

Bernoulli MAB. They present the results of some computational experiments supporting their

theoretical results, but no human-subjects experiments appear.

2.3.2 Assistive Markov Decision Processes

In this section I have extended the assistive bandit model [59] to the sequential setting, and

show that many of the results for the bandit setting hold in modified form. I assume an underlying

episodic MDPM = {S,A, P,R, p0, H}, where S and A are the state and action spaces, P is the

state transition distribution, R is the reward function, p0 is the initial state distribution, and H is

the episode length. I also assume here that S and A are finite and that P , R and p0 are initially

unknown to either the human or the AI. At time step t, the human “recommends” an action ht to
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the AI, which then chooses an action at to take in the environment. The human and the AI then

observe the next state st+1 (or a new state sampled from p0 if the episode has ended), while the

human observes the AI’s action at, and the reward rt = R(st, at). The AI does not observe this

reward signal.

Consistency The first focus is to define what it means for the human-AI team to form a con-

sistent learner. Let Q∗
i and V ∗

i denote the optimal Q-function and value function forM (these

depend on the time-step i because the MDP has a fixed time limit). For episode k, let t(k) de-

note the time step at which the episode started, such that t(1) = 1, and t(k + 1) − t(k) = H .

Let R̄k =
∑t(k+1)−1

t=1 rt denote the total reward received up to and including episode k, and let

R∗ = Ep0 [V
∗
i (s)] denote the optimal expected total reward. It can then be said that the human-AI

team is consistent if

lim
k→∞

1

k
E[R̄k] = R∗ (2.22)

which means that the expected average return per episode converges to the expected return of the

optimal policy in the limit. Here the expectation is taken over all possible histories of interaction

of length t(k + 1)− 1.

Noisily Optimal Policies Assume that the human follows a fixed, stochastic policy πH . I de-

fine the set-valued optimal policy as π∗
i (s) = argmaxa∈AQ

∗
i (s, a). πH is noisily optimal if

argmaxa∈A π
H
i (a|s) ⊆ π∗

i (s) for all s ∈ S and i ∈ [1, H]. This means that the actions most fre-

quently chosen by the human in any state are optimal for that state, even though the human may

choose sub-optimal actions with some non-zero probability. Note that the Boltzmann-rational

policy where πi(a|s) ∝ eQ
∗
i (s,a) would be noisily optimal. The next theorem then follows from
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Proposition 1 of [59]:

Theorem 2.5. Assume that the human’s policy πH is noisily optimal forM, then if the AI always

takes the most frequently recommended arm in state s (with ties broken randomly), the human-AI

team will be consistent forM.

Proof Sketch: The probability of receiving a sub-optimal payoff in episode k is equal to

the probability of taking a sub-optimal action in any state during episode k. Treating each state

as a separate assistive bandit, by Proposition 1 of [59], the average expected probability of this

occurring at any given state s goes to zero asymptotically, and since S is finite so too does the

average expected probability of making any mistake within an episode go to zero. QED.

2.3.3 Noisy Model-Based Learners

If human agents are noisily optimal, then they effectively know both the transition proba-

bilities and the reward function ofM. The more interesting question is what happens when the

human has to learn these online with the help of the AI. Rather than modeling the inner work-

ings of the human’s learning process which can be intractable and computationally expensive,

I compare their asymptotic behavior to that of a simplified learning process. Let P̂k and R̂k be

tabular, empirical estimates of the transition probabilities and rewards based on the history up

to, but not including episode k. For state-action pairs that have not been observed so far, these

can be initialized pessimistically, such that any unobserved action yields an immediate reward of

zero, and transitions to an absorbing state with reward zero as well. I define Q̂k and V̂k as the

Q-function and value function corresponding to this empirical model.

Let π̄Hk be the human’s policy for episode k. The human is noisily greedy if, for some k0,
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for all episodes k > k0, argmaxa∈A π̄
H
k (a|s) ⊆ argmaxa∈A Q̂k(s, a). This means that eventually

the human will have a strictly higher probability of pulling at least one optimal arm than they

have of pulling any sub-optimal arm under the current empirical model.

Theorem 2.6. If the human is noisily greedy, then there exists an AI strategy such that the human-

AI team is consistent inM.

Proof Sketch: Analogous to the structure of Proposition 2 of [59], where the AI follows an

independent, exploratory strategy with decreasing probability at each episode. It explores often

enough that the empirical Q-function Q̂k eventually converges to the true Q-function, such that

if the human is noisily greedy, then they are following a noisily optimal policy w.r.t. the true Q-

function. The proof of Theorem 2.2 with Lemma 2.1 then shows that if, during non-exploration

episodes, the AI selects the human’s most frequently recommended action in each state, then the

resulting sequence of policies will be consistent.

Q-Learning Unlike the bandit setting, implementing noisily greedy behavior is non-trivial in

an MDP. For the human to do this, they may have to maintain a complete model of the MDP

internally, and plan against this at every new episode. As this potentially represents a large

cognitive load for the human, it is an open research problem if noisily greedy behavior can be

approximated via a less complex algorithm.

Now let Q̂k represent a tabular estimate of the optimal Q-function updated using a Q-

learning rule with a learning rate of α. Can it be shown that if the human bases their behavior on

this model free estimate that it is still possible for the AI to achieve consistent behavior?

Theorem 2.7. If, for all episodes k > k0 the human’s policy is noisily optimal w.r.t. the Q-

learning estimate Q̂k, then there exists an AI strategy such that the human-AI team is consistent.
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2.3.4 On-Policy Learners

Both model-based learning and Q-learning are off-policy algorithms, which allow them

to identify optimal behavior regardless of whether the trajectories they observe were generated

under their own policy (so long as these trajectories sufficiently explore the state-action space).

This allows the AI to modify the human’s actions without worrying about how modifying the

human’s actions might affect their learning process. A more difficult case is where the human

uses an on-policy algorithm (e.g., SARSA [255, 295]), that estimates the value of an immediate

action based on the assumption that it will continue to follow the same policy for the rest of the

episode, rather than what it believes the optimal return for a state will be. If the AI intervenes too

frequently, the human’s Q-function estimate, and the corresponding policy, may never converge

to the optimum.

2.3.5 Assisted Exploration

In Section 2.3.2, I define the AI agent such that it is allowed to inject exploration episodes

on a fixed schedule, ignoring the information collected under the human’s own policy, which

may itself involve some degree of exploration. In this section I derive an AI intervention

strategy that only explores when necessary to ensure the human has a complete understand-

ing of the task environment. As before, I assume that the underlying task is an episodic MDP

M = {S,A, P,R, s0, H} with a finite number of states and actions. To simplify later notation,

without loss of generality I replace the initial state distribution p0 with a unique starting state

s0 ∈ S. I assume here that the human has complete knowledge of the reward function R, but

does not initially know the transition probabilities P . Another assumption is that the AI has no
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knowledge of R, and can never directly observe the rewards. Two cases considered include the

case where the AI knows P exactly, and when it does not know P initially.

In this section I also isolate the issue of noise in the human’s behavior from that of insuffi-

cient exploration, by assuming that the human’s behavior will be asymptotically optimal relative

to an empirical model P̂k estimated from the history hk of state-action trajectories up to and in-

cluding episode k. Driven by an interest in finite time regret guarantees, some assumptions have

to be made about how quickly the human’s behavior becomes optimal (relative to the model P̂k).

For a policy π, define V π as the state-value function under π and the true MDPM, and define

V̂ π
k as the state-value function under π and the MDP M̂ obtained by substituting the model P̂ for

the true transition probabilities P . Let πk be the policy followed by the human in episode k.

Definition 2.7. The human is polynomially empirically optimal (PEO) if there exists a function

f such that f(k) is O(poly(S,A,H, k)), and E[V̂ ∗
k−1(s0)− V̂

πk
k−1(s0)] has an upper bound.

Note that the fact that empirical optimality says nothing about whether the human’s strategy

would achieve small regret on the underlying task, as the empirical model P̂ could be incomplete.

It can be shown however, that with the right choice of intervention strategy, the AI can ensure

that the empirical model is close to the true MDP, and that such a strategy can be defined without

knowledge of the human’s reward function R.

Theorem 2.8. Assume that the human’s strategy is PEO, then there exists an AI intervention

strategy such that the human-AI team will be polynomially consistent.

Proof sketch: Using the well-known high-probability bound on the L1-error of empirical

probability intervals [327], a confidence interval can be defined around P̂ (·|s, a) for each s and a,

and from this, a confidence bound can be derived on V̂ . So long as |V̂ (s0)− V (s0)| goes to zero
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sufficiently fast, then the regret of the human-AI strategy will go to zero as well. This is helpful

to derive the intervention for the AI agent to assist humans.

Conclusion

In this section I present some simple experimental scenarios highlight the advantages of

this more general formulation, and provide some straightforward theoretical results stating that

most relevant formulations of reward learning can be reduced to assistance problems (i.e., dec-

POMDPs). Some advantages of Assistive AI Agents Over Reward Learning [270] for AI align-

ment is based on the theory that definitions of “reward learning” problems (such as IRL) are best

modelled as assistance problems, that is, as decentralized partially observable Markov Decision

Processes (dec-POMDPs) where the parameters of the reward function are only known to the

human player.
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Chapter 3: Learning to Cooperate in Populations of Socially Rational Agents

AI agents deployed in the real world must be able to reliably cooperate with humans (as

well as other, heterogeneous AI agents). To provide formal guarantees of successful cooperation,

some assumptions about how these partner agents could plausibly behave are required. Realis-

tic assumptions must account for the fact that other agents may be just as adaptable as the AI

agent is. In this Chapter, consider the setting where an AI agent must cooperate with members

of some target population of agents in a finitely repeated two-player general-sum game, where

individual utilities are private. Two natural assumptions in this setting are 1) all agents in the tar-

get population are individually rational learners, and 2) when paired with another member of the

population, with high-probability the agents will achieve the same expected utility as they would

under some Pareto-efficient equilibrium strategy of the underlying stage game. The theoretical

results show that these assumptions alone are insufficient to select an AI strategy that achieves

zero-shot cooperation with members of the target population. Therefore, consider the problem

of learning such a cooperation strategy using observations of members of the target population

interacting with one another, and providing upper bounds on the sample complexity of learning

such a cooperation strategy. The main result shows that, under the above assumptions, these

bounds can be much stronger than those arising from a “naive” reduction of the problem to one

of imitation learning [18].
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3.1 Introduction

Imagine a hospital deploying an AI assistant to help their surgeons plan and execute com-

plex surgeries. For instance, the AI assistant can take the role of a second surgeon in complex

procedures that benefit from a two-surgeon approach [168]. When first deployed, the AI agent

is unlikely to have comprehensive knowledge of the population consisting of its potential part-

ners (i.e. the surgeons working in the hospital). Differences between human surgeons, such

as preferences, capabilities, and internal states—including surgical experience, familiarity with

specific procedures, or even mental focus under pressure—can critically impact cooperation. A

successful AI agent should be able to adapt its strategy to each human surgeon it partners with.

The central question of this Chapter in my Thesis is how to efficiently learn such adaptive and

cooperative meta-strategies from a dataset of cooperative interactions between the members of

the target population.

To illustrate, consider experience level. An experienced surgeon may prefer a fast strat-

egy to reduce surgery duration, improving post-op recovery time. Conversely, an inexperienced

surgeon may prefer a slower, cautious strategy. Here a strategy refers to the policy an agent fol-

lows in a single collaborative surgery. My goal has been to learn an adaptive meta-strategy that

maps from the history of interactions (e.g. history of collaborative surgeries performed so far) to

strategies, which allows for the AI agent to adapt to the needs of its current human partner over

time.

It is possible to learn a good AI strategy for individual partners using past surgical data

through imitation learning (e.g. [173]). However, learning a good meta-strategy through imita-
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tion becomes impractical as task complexity, partner diversity, and task duration increase. Imita-

tion learning here would mean learning a function mapping from histories of multiple surgeries

to new surgical strategies. To do so, the AI agent would require datasets that capture long-term

interactions between human surgeons and cover the full range of surgeon and patient profiles. Ad-

ditionally, in high-stakes environments like surgery, imperfect imitation may lead to unacceptable

failure modes, resulting in the AI agent’s role being terminated.

The problem setup. To formalize the above intuitions, model the interaction between the AI

agent and the individual members of the population as a repeated, two-player, general-sum matrix

game with private types. Each agent’s type is their private information, where different types of

agents have distinct payoff functions. Types embed behavioral differences amongst the agents

through payoffs, inducing general-sum games between partners with different types, even though

they are collaborating on a task that requires teamwork (e.g., no-conflict games [9] or ad-hoc

teamwork [283]). Each stage game represents a complete interaction between two agents. For

instance, in the case of the surgery example, a single stage game of the repeated game corresponds

to a complete surgery.

Contributions. A novel definition called a socially intelligent population is presented, where

the member agents are (1) Consistent, meaning an individual will perform at least as good as its

best pure strategy in hindsight and (2) Compatible in pairs, meaning they achieve performance

comparable to a Pareto-optimal Nash equilibrium (PONE). The former, also called the no-regret

property, is often seen as a minimal requirement for rationality, whereas the latter has been used to

describe successful cooperation by [239]. The primary contribution is an upper bound on the sam-
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ple complexity for learning cooperation meta-strategies in socially intelligent populations. While

consistent partners (as defined in Section 3.3) do not guarantee success for imitation learning, it

is demonstrated that compatibility within the population makes imitation feasible. However, the

lower bound on sample complexity grows exponentially due to the need to account for histories.

An upper bound in Theorem 3.6 shows that for socially intelligent partners—who are both con-

sistent and compatible—it is possible to learn cooperation meta-strategies more efficiently than

through imitation alone. A consequence of the lower bound in Theorem 3.4 is that, even when the

target population can be assumed to be socially intelligent, without additional information about

this population a strategy that can reliably cooperate with members of this population cannot be

found. Therefore, consider a more realistic interpretation of the zero-shot coordination problem,

where the AI agent must cooperate with an entirely new partner (whose private type is unknown),

but has observations of other members of the population, so it can learn the strategies (perhaps

better thought of as "meta-strategies") that these agents use to coordinate with new partners.

Outline. In Section 3.2, the intuition of this approach and the motivations behind it are dis-

cussed. Then in Section 3.3, the Multi-Agent setting is defined with a background on consistency

(in the form of Hannan-consistency) and external regret. A novel definition of compatibility is

given in definition 2.2, inspired by [239]. Section 2.2.3 introduces the proposed definition of so-

cial intelligence and presents a realistic class of agents that meet this criterion. In Section 3.4, this

learning problem is framed as minimizing altruistic regret and derive lower bounds on its sample

complexity. Finally, in Section 3.6, the upper-bound result is presented, proving that a imitate-

then-commit strategy can leverage the social intelligence of the population to learn cooperative

strategies more efficiently.
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3.2 Motivation

Socially intelligent populations. My focus in this Thesis is on populations of agents where

members have established conventions that enable effective cooperation. For instance, two sur-

geons can plan and execute a complex surgery together efficiently, even if they have not worked

together before, because they share a common set of conventions learned through similar educa-

tion. This can be seen as the members of the population being compatible with each other. In

addition, each member should individually satisfy a base level of rationality. My definition of

social intelligence formalizes these intuitions.

General-sum games. In this setting, agents with different types will have distinct payoff func-

tions due to different behavioral propensities. Consider the example given in Table 3.1 for a pair

of experienced and inexperienced surgeons. Even though the surgery is a cooperative task, the

agents have non-identical payoffs due to differences between their types (i.e. experience level).

Here, the general-sum aspect models the potential failure of coordination between the agents due

to their private types. If the row player is experienced and mistakenly thinks its partner is also

experienced, it will choose the fast approach, leading to the sub-optimal cooperation outcomes.

However, if, for instance, the agents learned each other’s types through repeated interactions,

they can both choose the cautious approach towards the optimal cooperation outcome (Cautious,

Cautious).

This approach proposes that the AI agent initially mimics the behavior of a team member

over a short horizon, gathering enough information to infer its partners’ types, while behaving

as expected from a team member. For instance, the AI agent can start by imitating the average
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Fast Balanced Cautious
Fast (4, 2) (5, 4) (3, 3)

Balanced (5, 4) (6, 6) (4, 5)
Cautious (3, 3) (4, 5) (7, 7)

Table 3.1: Payoff matrix for a repeated two-player game with an experienced surgeon (row) and
inexperienced surgeon (column). The best cooperative outcome is achieved when experienced
surgeon slows down to match the inexperienced.

behavior of a human surgeon from the dataset, gradually inferring the human partner’s type. This

preliminary imitation might not be immediately efficient for the specific partner, but as long as

it remains human-like, it is more likely to be tolerated. Once the partner’s type is inferred, the

AI agent can transition to a type-conditioned strategy that is well-aligned with its partner. This

approach would ensure that the partner is more likely to engage with the AI agent as a trusted

collaborator, avoiding early-stage friction that might otherwise lead to the termination of the AI

agent’s involvement. Formalization of the repeated two-player general sum matrix games setting

is motivated from the notion of replicator dynamics [37, 266] in evolutionary game theory. The

replicator equation represents the proportion of each type in a population as the difference of the

fitness of a population for that type to the average fitness across all types. The replicator dynamics

construct helps to understand the type of the two agents sampled for finitely repeated two-player

general sum matrix games.

These theoretical results apply to various real-world scenarios where the goal of an AI

agent is to learn how to cooperate with self-interested agents with private types such as humans.

Most importantly, the AI agent itself is not necessarily self-interested, since its goal is to assist or

cooperate with partners coming from a population. However, the partners it is trying to cooperate

with are self-interested. This framework offers efficient bounds for learning viable cooperation

meta-strategies based solely on observed interactions between the members of the population.
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Further insightful examples for interacting with populations are given in Section 3.7 e.g. AI

Health Coach and human-robot cooperation in a factory.

3.3 Preliminaries

As in Section 2.1.6, I model one-on-one interactions between two members of a socially

intelligent population as a repeated two-player matrix game with private types.

3.3.1 Socially Intelligent Agents

As in Chapter 2, I require that members of a socially intelligent population be both con-

sistent and compatible. I refer to Sections 2.2.4 and 2.2.5 for the formalization of consistency

and compatibility, respectfully. This forms the basis of Socialy Intelligent populations of Agents,

described in Section 2.2.6.

3.4 Learning to Cooperate

It can be assumed that the agent (henceforth referred to as the “AI agent”) will take the role

of agent 1, while the other agent (referred to as the “partner”) will be agent 2. The objective is

to choose a meta-strategy for the AI agent that can cooperate with a partner drawn from some

target population nearly as effectively as agents from this population cooperate with one another.

For the class of games G = (I,A,Θ, G, T ) as defined in Section 3.3, the target population can

be defined as a set C of agents forming a (δ, ϵ, T )-SI class with respect to Θ. Ideally, the goal is

to choose an AI meta-strategy π which can cooperate with C without any additional information
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about the strategies in C. Looking at the handshake protocol example in Section 2.2.6, in many

cases a population is likely to use arbitrary conventions to coordinate their behavior, and intu-

itively cooperation is impossible without prior knowledge of these conventions. (This intuition is

formalized in Theorem 3.4).

Therefore, the problem of learning a cooperative meta-strategy is outlined with prior ob-

servations of members of the target population interacting with one another. A social learning

problem is defined by a tuple {G, C, ρ, µ}, where C is the target population (SI w.r.t. Θ), ρ

is a distribution over C, while µ is a distribution over the joint type space Θ × Θ. C can be

the set of possible strategies that any member of the target population might follow, while ρ

is the frequency of those strategies within the population. To choose an AI strategy, a dataset

D = {(θj1, θ
j
2, h

j
T )|j ∈ [n]} can be leveraged covering n episodes of length T . In each episode

j, two agents π1
j and π2

j are sampled independently from ρ, and played together under the joint

type θj ∼ µ. The AI agent observes the full history hjT , along with the agents’ types θj1 and θj2.

A specific learning algorithm is denoted as a data conditioned strategy π(D).

3.4.1 Altruistic Regret

An AI strategy has been considered that minimizes the regret relative to some Pareto opti-

mal solution to G(θ). Rather than minimizing regret in terms of the AI’s own payoffs, however,

the partner’s regret can be minimized relative to their (worst case) PONE in G(θ). This regret

can be formalized as follows:

Definition 3.1 (Altruistic Regret [18]). Let (σ∗
i , σ

∗
−i) denote the PONE with the lowest payoff for
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the agent −i where i ∈ {1, 2}. The altruistic regret of agent i is defined as

Ralt
i (hT ; θ−i) =

T∑
t=1

G(σ∗
i , σ

∗
−i; θ−i)−G(ai(ht), a−i(ht); θ−i). (3.1)

In practical cooperation tasks, outcomes that have low regret for the partner will have low

regret for the AI agent as well.

The cooperation objective for the AI agent can then be formalized as minimizing the altru-

istic regret. Unlike the definition suggests, the AI agent must know its own type as well. This is

due to the fact that as seen in the handshake protocols example, if the AI agent fails to imitate

a human of its type or fail to communicate its type correctly, the partner might switch to a safe

strategy.

The goal for the AI agent is to minimize its expected altruistic regret over partners sampled

from ρ and types sampled from µ. The following lemma shows that the problem of minimizing

regret with respect to a heterogeneous population C can be formulated as that of minimizing

regret w.r.t. a single stochastic strategy.

Lemma 3.1. Let C be a finite set of agents that are (δ, ϵ, T )-socially intelligent w.r.t. type space

Θ, and let ρ be a distribution over C. There exists a mixed strategy ρ̄ that forms an (δ, ϵ, T )-

socially intelligent class, and which is equivalent to playing against partners sampled from ρ in

expectation.

Proof. In a perfect recall game, every behavioral strategy has an equivalent mixed strategy

and vice-versa [11]. Thus ρ can equivalently be defined as a distribution over mixed strategies

so that ρ ∈ ∆(∆(N)). Then defining ρ̄(a) =
∫
∆(N)

σ(a) dρ(σ) where a ∈ [N ] denotes a pure

strategy (i.e. action) completes the proof.
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In order to show the joint impact of consistency and compatibility on the learning problem,

cases where the population is either consistent or compatible, but not both, are highlighted.

3.4.2 Consistency without Compatibility

Assume that C consists of agents that are consistent but not necessarily compatible. The

most general class in this case is the class of all no-external-regret learners (no-regret henceforth).

It is a well-established result that the long-run average of no-regret learning converges to the set

of coarse correlated equilibria. The question is whether the AI agent can learn to do better than

a coarse correlated equilibrium when paired with a member of C, using only a dataset D that

consists of histories of play for different Coarse Correlated Equilibria (CCE).

Theorem 3.2. There exists a consistent yet incompatible class of agents C such that even with an

infinite amount of data, in the worst-case, the AI agent suffers constant altruistic regret.

Proof. The proof follows from the theorem 5.1 of [217] which shows that given any coarse

correlated equilibrium of a two-player normal-form game, there exists a pair of no-regret learners

that would converge to it. Since C can be any subset of no-regret learners, those who converge

to inefficient CCE cannot be excluded. If the class C contains only the agents that converge to

Pareto-inefficient CCE, it will not be possible to learn optimal strategies from any dataset. For

example, consider the payoff matrices given in table 3.2 for two pairs of types. Here, the payoff of

each agent depends only on its partner. In both games, there exists only one PONE with payoffs

(3, 4). However, every pure and mixed strategy profile is a CCE in both matrices. In the worst

case, there may be a class of agents C which only converge to the CCE (B,B).More importantly,

the behavior of each agent does not need to carry any information about their type, since each
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A B
A 3, 2 1, 2
B 3, 4 1, 4

(a) The game matrix for types (θ1, θ2)

A B
A 3, 4 1, 4
B 3, 2 1, 2

(b) The game matrix for types (θ3, θ4)

Table 3.2: A class of games where an agent’s payoff depends only on its partner.

agent’s payoff depends solely on its partner. When the AI’s strategy is deployed, it will face a

partner drawn from C whose type is unknown, regardless of the imitation demonstrations dataset.

Since type cannot be inferred from behavior any more, there is no way for the AI agent to know

which of the two game matrices it is playing. At best, the AI (row player) can choose one of the

two PONE with uniform probability and commit to it. There is a 0.5 probability that the AI will

play the wrong PONE, incurring constant altruistic regret.

3.4.3 Compatibility without Consistency

Let it be assumed that the members of C are compatible, but not consistent. In Section 2.2.6,

such a class can be constructed with agents using a handshake protocol to exchange type informa-

tion, and then playing the agreed-upon PONE of the current game. However, if at any any time an

agent deviates from this chosen solution, there is no restriction on what strategy each agent will

follow from that point forward. The members of C may even employ grim-trigger strategies that

“punish” any mistake on the part of the other agent by following a highly sub-optimal strategy.

Even if at some point in the future they could potentially switch back to a cooperative strategy

(i.e., forgive the other agent), this may not occur within the finite horizon T . A single mistake at

any time on the part of the AI agent may yield the maximal altruistic regret for the remainder of

the interaction. The AI must therefore learn to imitate at least one member of C perfectly using

the datasetD, and the problem of learning to cooperate reduces to imitation learning (specifically
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the no-interaction setting of [245]).

A lower bound on the altruistic regret can be derived in this case by considering a game in

which there is only a single type (such that individual payoffs are common knowledge), and each

agent’s payoffs depend only on their own actions. Specifically, the first N − 1 actions each yield

a payoff of 1, regardless of the other agent’s action, while the N th action yields a payoff of 0. In

this game, a compatible class C can be constructed such that, for the first k ≤ T steps, the agents

execute some “authentication protocol”, which allows them to identify other agents following

strategies in C. For the first k − 1 steps, each agent samples one of the first N − 1 actions,

with the sequence of actions forming a challenge code that the other agent must respond to by

selecting the correct action at step k. If an agent’s partner fails to provide the correct response at

step k, the agent will follow the N th action for the remaining T − k steps, such that it receives

no further payoff from that point forward. Using such strategies, and an approach similar to that

of [245], a lower bound on the altruistic regret can be derived as a function of the number of

samples in the dataset |D|.

Theorem 3.3. [18] Let K = |D| be the number of interaction histories in the dataset. For any

k < T , and any δ, ϵ ≥ 0, there exists a class of games G, and class C of (δ, ϵ, T )-compatible agents

such that, for any data-dependent meta-strategy π̂(D), the altruistic regret is lower-bounded as

E
[
Ralt
i (hT ; θ−i)

]
≥ T − k

e

N − 2

N − 1
min

{
1

2
,
(N − 1)k−1 − 1

2K + 1

}
, (3.2)

where the expectation is taken over hT , θ, and D. Then, for small altruistic regret, the sample

complexity grows exponentially in k.

Proof sketch. Let an “authentication” function f : [N − 1]k−1 7→ [N − 1] be chosen
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that maps each possible (k − 1)-step history of actions to a specific action in [N − 1]. Then,

a class C can be constructed, consisting of a single meta-strategy that, for the first k − 1 steps

selects its actions so that the initial k − 1 step history of its actions is distributed according to a

specific, nearly uniform distribution µ. At step k, agent i chooses action f(h−ik−1), where h−ik−1

is the sequence of actions chosen by the other agent −i. So long as agent −i response with the

correct action f(hik−1) at step k, agent i will continue to choose actions in [N − 1]. Therefore, in

self-play C will be (δ, ϵ, T )-compatible for any δ, ϵ > 0.

The AI agent, however, is unaware of f , and must estimate this function from D. If the

AI’s strategy fails to correctly authenticate at step k, its partner will switch to the N th action,

which yields a payoff of zero, such that the AI will suffer an altruistic regret of T − k. Because f

is deterministic, a meta-strategy found via imitation learning will correctly authenticate for any

history h−ik−1 found in D, but has a probability of 1 − 1/(N − 1) of failing to authenticate for

an unseen history. By sampling from a carefully chosen distribution µ, the probability of en-

countering an unseen history is greater than min
{

1
2
, [(N − 1)k−1 − 1]/(2K + 1)

}
, which leads

immediately to the lower-bound on the expected altruistic regret. Note that any k < T can be

chosen so as to maximize this lower bound for any values of T , N and K.

3.5 Lower Bound for Socially Intelligent Populations

Theorem 3.4. Let K = |D|. For any δ, ϵ > 0, there exists a class of games G, and class C

of (δ, ϵ, T )-socially intelligent agents such that, for any data-dependent meta-strategy π̂(D), the
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altruistic regret is lower-bounded as

E
[
Ralt
i (hT ; θ−i)

]
≥ Ω

(
(T − k)min

{
1

2
,
(N)k−2 − 1

2K + 1

})
, (3.3)

for some k ≥ Tϵ.

Proof sketch. Similar to the proof for Theorem 3.2, a class of games can be defined in

which players must exchange their private types to be compatible, while at the same time they can

implement consistent behavior without revealing anything about their types. A socially intelligent

class of agents can be constructed for this class of games. These agents can be augmented such

that they implement a k-step authentication protocol (as in Theorem 3.3) before switching to the

socially intelligent meta-strategy if authentication succeeds. If authentication fails, the agents

will switch to some alternative consistent meta-strategy. So long as k − 1 ≤ Tϵ, the resulting

class of agents will be (δ, ϵ, T )-socially intelligent. As discussed in Section 3.4.2, a consistent

meta-strategy may never communicate an agent’s type. Without knowing its partner’s type, the

AI agent may suffer arbitrarily large altruistic regret at each step, as it cannot identify the actions

that will maximize its partner’s utility.

3.6 Upper Bound for Socially Intelligent Populations

A key idea behind this work is that against a socially intelligent target population, rather

than trying to perfectly imitate a member of the population throughout the entire episode, the AI

agent only needs to imitate them long enough to learn about its partner’s private type. Once it

has this information, the AI agent can leverage the fact that the partner’s strategy is consistent
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Algorithm 1 The T̃ -step imitate-then-commit meta-strategy (denoted by πIC
T̃

). It is assumed here
that the AI acts as agent 1.

1: Inputs: Interaction dataset D, imitation time T̃ .
2: Initialize the imitation policy π̂1

T̃
(D).

3: for step t = 1, . . . , T̃ do
4: Execute action ait ∼ π̂1

T̃
(ht;D)

5: end for
6: for action j ∈ N do
7: zj =

∑
i∈N ẑ(hT̃ )i,j

8: for action i ∈ N do
9: xj(i) = ẑ(hT̃ )i,j/zj

10: end for
11: end for
12: Sample x = xj with probability zj
13: for step t = T̃ + 1, . . . , T do
14: Execute action ait ∼ x
15: end for

against any strategy, and try to “coerce” the human partner into playing a strategy that minimizes

the altruistic regret. Such meta-strategies are henceforth referred as imitate-then-commit (IC)

strategies, which use the previous observations D to learn an imitation strategy that it follows

for the first T̃ < T steps of the interaction. In this Section, an upper bound is provided on the

expected altruistic regret of a specific (IC) meta-strategy, as a function of the number of episodes

in D, subject to the following assumptions:

Assumption 3.1. [18] For δ0, δ1, ϵ0, ϵ1 > 0, and T̃ < T , it can be assumed that

1. ρ is (δ0, ϵ0, T )-consistent.

2. ρ is (δ1, ϵ1, T̃ )-compatible.

Imitation learning. Under an imitate-then-commit meta-strategy, the sample complexity is de-

fined entirely by the number of episodes the AI agent needs to observe to learn a good T̃ -step

imitation policy. Fortunately, imitation learning is a well-studied problem, whose existing com-
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plexity bounds can be leveraged. The one caveat is that this setting requires bounds on the total

variation distance between the distribution over the partial history hT̃ under the population strat-

egy ρ, and under the learned strategy. Given the dataset D, the imitation strategy can be defined

π̂1
T̃
(D) such that π̂1

T̃
(h;D) is the empirical distribution over agent 1’s actions for each history h

occurring in D, while π̂1
T̃
(h;D) is the uniform distribution over N for h /∈ D. The marginal

imitation strategy can be defined as π̂1
T̃
= ED[π̂

1
T̃
(h;D)], where the expectation is taken over the

sampling of the dataset D itself. Then, then the following bound on the distribution of hT̃ under

the imitation strategy can be proven:

Lemma 3.5. Let pT̃ be the distribution over partial histories hT̃ under the population strategy ρ

paired with itself, and let p̂T̃ be their distribution under π̂1
T̃

paired with ρ. Then,

∥pT̃ − p̂T̃∥TV ≤ min

{
1,
N2(T̃+1)T̃ log(K)

K

}
, (3.4)

where K = |D|.

Proof of Lemma 3.5 First Theorem 4.2 of [245] is applied, which states that, for episodic

imitation learning over H-step trajectories, for any expert policy π∗, there is

J(π∗)− ED
[
J(π̂1

T̃
(h; θ,D))

]
≤ min

{
H,
|S|H2 log(K)

K

}
, (3.5)

where S is the state space, with per-step rewards bounded in [0, 1]. This interaction can be

modeled with ρ as a T̃ -step episodic MDP/R with S = H≤T̃ . Plugging inH = T̃ , |S| < N2(T̃+1),
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and π∗ = ρ gives us

J(ρ)− ED
[
J(π̂1

T̃
(h; θ,D))

]
≤ min

{
T̃ ,
N2T̃ |Θ|T̃ 2 log(N)

K

}
. (3.6)

This bound holds simultaneously for all possible reward functions bounded in [0, 1]. If the reward

function r is constrained to be non-zero only for the terminal statesHT̃ , then

J(π∗)− ED
[
J(π̂1

T̃
(h; θ,D))

]
= EpT̃ [r(hT̃ )]− Ep̂T̃ [r(hT̃ )], (3.7)

[18] using the definition of the marginal strategy π̂1
T̃

. Finally, applying Lemma 1 of [73] gives

∥pT̃ − p̂T̃∥TV ≤ min

{
T̃ ,
N2T̃ |Θ|T̃ 2 log(N)

K

}
, (3.8)

the desired result.

The imitation strategy π̂1
T̃
(h;D) marginalizes over agent 1’s private type, and so the AI

does not need to know its own type.

Imitate-then-commit strategy. For history hT̃ ∈ HT̃ , let ẑ(hT̃ ) ∈ ∆(N × N) denote the

empirical joint strategy played up to and including step T̃ . Given ẑ(hT̃ ), it is possible to construct

a mixture ν over mixed strategies x ∈ ∆(N) such that, in expectation over ν, the partner’s payoff

under their best response to x ∼ ν will be at least as large as their payoff under ẑ(hT̃ ). The IC

strategy described in Algorithm 1 follows π̂1
T̃
(h;D) for the first T̃ steps, and then commits to a

mixed strategy x for the remainder of the interaction. Then the following upper bound can be

proved on the altruistic regret achievable with an imitate-then-commit strategy:
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Theorem 3.6. Given that Assumption 3.1 holds for ρ, if the AI follows πIC(D) (Algorithm 1) as

agent 1, its altruistic regret satisfies

E
[
1

T
Ralt

1 (hT , θ2)

]
≤ δ(K) + ϵ1 + δ1 +

T − T̃
T

(ϵ0 + δ0), (3.9)

where K = |D| and δ(K) is defined as

δ(K) = min

{
1,
N2(T̃+1)T̃ log(K)

K

}
(3.10)

[18] and where the expectation is taken over hT , θ, and D.

Proof of Theorem 3.6 First, let τ 2(θ), defined as

τ 2(θ) = min
⟨σ1,σ2⟩∈P(G(θ))

G(σ2, σ1; θ2), (3.11)

[18] denote agent 2’s payoff under the worst possible payoff for a PONE of the game parameter-

ized by joint type θ. Let C denote the event that

τ 2(θ)− 1

T̃

T̃∑
t=1

G(a2t , a
1
t ; θ2) ≤ ϵ (3.12)

Because ρ is (δ, ϵ, T̃ )-compatible, then Prρ{C} ≥ 1− δ. For δ(K) defined as

δ(K) = min

{
T̃ ,
N2(T̃+1)|Θ|T̃ 2 log(K)

K

}
, (3.13)

85



Lemma 5.2 also gives Prπ̂1,ρ{C} ≥ 1− δ − δ(K). Therefore,

Eπ̂1,ρ

[
T∑
t=1

G(a2t , a
1
t ; θ2)

]
≥ Eπ̂1,ρ

[
T∑
t=1

G(a2t , a
1
t ; θ2)|C

]
− T (δ + δ(K)) (3.14)

= Eπ̂1,ρ

 T̃∑
t=1

G(a2t , a
1
t ; θ2)|C

+ Eπ̂1,ρ

 T∑
t=T̃+1

G(a2t , a
1
t ; θ2)|C

− T (δ + δ(K)) (3.15)

≥ Eπ̂1,ρ

 T∑
t=T̃+1

G(a2t , a
1
t ; θ2)|C

+ T (τ 2(θ)− ϵ− δ − δ(K)) (3.16)

This term can have a lower-bound:

Eπ̂1,ρ

 T∑
t=T̃+1

G(a2t , a
1
t ; θ2)|C

 (3.17)

This will be the expected payoff given the strategy x ∼ ν the AI agent commits to for the

remaining T − T̃ steps. The idea now is that a mixture ν over strategies can be constructed such

that the the AI agent can commit to for the remaining T − T̃ steps such that the partner’s payoff

under their (approximate) best-response will be nearly as good as that under ẑ(hT̃ ).

Let G(z; θ2) =
∑

i∈M
∑

j∈M zi,jG(j, i; θ
2) be agent 2’s expected payoff under z. For any

joint strategy z, ν can be constructed such that if the AI agent commits to strategies sampled from

ν, the partner will have the same information about the AI’s probably actions as they would given

their “recommended” action under ẑ(hT̃ ). The construction used by Von Stengel and Zamir [312]

motivate my work. For any joint strategy z, let zj =
∑

i∈N zij denote the marginal probability

that the column player (agent 2) plays j under z. For all j ∈ N such that zj > 0, xj is defined as

the conditional distribution over the row-player (agent 1’s) actions given that the column player

plays j, such that xj(i) =
zij
zj

. Then ν is defined as the strategy that commits to each xj with
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probability zj .

It is shown that when the partner plays a best response to x ∼ ν, their payoff will be no

worse than under z itself. At first, a response function rz is constructed such that when agent 2

responds to x ∼ ν with rz(x), its expected payoff equals G(z; θ2). Let S = {j ∈ N : zj > 0},

and partition S into P such that, for each P ∈ P , there is a xj = xl for all j, l ∈ P . For each

P ∈ P , the strategy yP can be defined such that

yP (j) =
zj∑
l∈P zl

(3.18)

for each j ∈ P , with yP (j) = 0 for j /∈ P . (Note that if z corresponds to some uncorrelated

strategy ⟨x, y⟩, then P = N and yP = y.) Finally, for j ∈ S, P (j) is defined as the partition

containing j, and define rz such that rz(xj) = xP (j). rz can be left undefined for x where

µ(x) = 0. Now let xP be the common conditional strategy for all j ∈ P , and let zP =
∑

j∈P zj .

Then,
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Ex∼νG(rz(x), x; θ2) =
∑
j∈S

zj
[
x⊤j G(θ

2)⊤rz(xj)
]

(3.19)

=
∑
P∈P

zP
[
x⊤PG(θ

2)⊤yP
]

(3.20)

=
∑
P∈P

zP

(∑
i∈N

∑
j∈N

x⊤P (i)yP (j)G(θ
2)⊤ij

)
(3.21)

=
∑
P∈P

zP

(∑
i∈N

∑
j∈N

Prz{i|P}Prz{j|P}G(θ2)⊤ij

)
(3.22)

=
∑
P∈P

zP

(∑
i∈N

∑
j∈N

Prz{i, j|P}G(θ2)⊤ij

)
(3.23)

=
∑
i∈N

∑
j∈N

zijG(θ
2)⊤ij = G(z; θ2) (3.24)

the above holds using the fact that i and j are independent given that j ∈ P . Next, for any

best-response function r∗, there is

G(z; θ2) = Ex∼νG(rz(x), x; θ2)

= Ex∼µ[x⊤G(θ2)⊤rz(x)]

≤ Ex∼µ[ max
y∈∆(N)

x⊤G(θ2)⊤y]

= Ex∼µ[x⊤G(θ2)⊤r∗(x)]

= Ex∼νG(r∗(x), x; θ2)

(3.25)

Therefore, so long as the partner plays a best-response to the AI agent’s chosen strategy,

they will achieve at least the same payoff (in expectation) as they would under the strategy z
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from which ν was computed. Note however that ρ will be (approximately) consistent over the

full T steps, not just the last T − T̃ . Define α = T̃
T

and β = T−T̃
T

, and let z1 be agent 1’s

marginal strategy under z. With probability 1 − δ, ρ will play an ϵ-best-response to the mixture

αẑ(hT̃ )
1 − βx, with x ∼ ν.

Let C ′ be the event that ρ is ϵ-consistent over T steps. Then,

Eπ̂1,ρ

 T∑
t=T̃+1

G(a2t , a
1
t ; θ2)|C

 ≥ Eπ̂1,ρ

 T∑
t=T̃+1

G(a2t , a
1
t ; θ2)|C, C ′

− Tδ (3.26)

≥ (T − T̃ )
(
τ 2(θ)− 2ϵ

)
− Tδ (3.27)

Finally, dividing by T and subtracting from τ 2(θ), the desired result

E
[
Ralt1(hT , θ2)

]
≤ 2δ + δ(K) +

(
2
T − T̃
T

+ 1

)
ϵ (3.28)

can be derived.

3.7 Use Cases of Socially Intelligent Agents

3.7.1 AI Health Coach

Imagine a health app that introduces an AI assistant designed to help users with behavioral

change in planning their fitness routines while balancing workload or classes as students. The AI

agent is trained using data from prior interactions between human coaches and users, aiming to

replicate the guidance and intervention typically offered by fitness coach professionals. However,

a model based purely on imitation learning struggles to maintain long-term engagement. While
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the AI agent can provide helpful advice in the short term, it fails to adapt to the unique preferences

and behavioral tendencies of individual users. For example, the AI agent might overlook that one

user prefers mindfulness exercises in the mornings, or that another prefers structured goal-setting

rather than open-ended reflection.

The proposed approach is to first imitate the human coach’s guidance over a short time hori-

zon. During this phase, the AI agent gathers enough data to identify the user’s latent preferences,

routines, and physical features to match with the intensity of their fitness routines (their ‘type’).

After this initial phase, the AI agent transitions to a type-conditioned policy, where it tailors its

suggestions to better fit the user’s specific needs—such as recommending mindfulness sessions

at optimal times or adjusting goals based on prior feedback. This prevents early disengagement,

where users might otherwise feel that the AI agent is offering generic advice that doesn’t resonate

with their personal behavioral patterns, leading them to discontinue its use.

3.7.2 Human-Robot Cooperation in a Factory

As an illustrative example, consider the problem of designing a control policy for a coop-

erative robot intended to assist a human in a manufacturing factory. The challenge is that, while

the AI will know the basic steps on how to lift things or how to weld metal, the human engineer

or factory will have distinct preferences about the planning and physical reasoning aspects in

a factory like which box is to be moved and how in case it has high value goods. The human

worker can plan how to divide the task between themselves and the robot so that the robot can

help in welding metal using the design provided by the human and then the robot will move the

manufactured goods. The expectation is that the robot will adapt to the human worker’s prefer-
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ences over time, but there are many ways these might be communicated. One worker may ignore

the robot, expecting it to take over tasks as it is able to do so, while another might describe their

preferences verbally. To learn an adaptive policy, past observations of human worker populations

can be leveraged for learning to work together for the first time. From these observations, strate-

gies can be learned that the "population" of human workers tend to use when adapting to a new

partner.

This practical application can be accordingly mapped to the formal model of Social In-

telligence. Each partner agent drawn from the population is an individual worker, and each

agent’s (worker’s) preferences for how items should be manufactured and moved are encoded in

its "type". The "stage game" corresponds to the manufacturing of a single item, such that pure

strategies in this game correspond to (short-term) policies to be executed in the factory manufac-

turing environment. Each episode describes the entire period the robot spends interacting with a

single human worker, and both the robot and its partner can condition their behavior on the entire

history of this interaction, that is, the history of attempts to manufacture and move items together.

The population-level dataset would consist of multiple complete histories of interactions between

human workers, that show not only the strategies they use to manufacture items, but the strategies

they use to convey their private preferences (types).

3.8 Related Works

This work is closely related to the previous targeted learning model [57, 239, 240],which

defines similar compatibility and consistency criteria. The notion of targeted optimality [57]

includes convergence to learning an approximately best response in a Multi-Agent model with
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high probability in a tractable number of steps against a population of memory-bounded adap-

tive agents. The main difference with my Social Intelligence work is that targeted learning only

requires consistency against a specific target class of partners, which generally would not in-

clude the agent itself, or other adaptive agents. Socially intelligent agents need to be consistent

against all possible partner strategies. Cooperation and consistent learning also have to occur

over a fixed time horizon T , rather than asymptotically. These differences mean that a hypothet-

ical “universally cooperative” [18] agent can possibly leverage the consistency of its partner to

achieve cooperation without a prearranged convention. “Universal cooperation” in a population

is relevant for specific populations as described in the illustrative examples like surgeons in a hos-

pital, workers in a factory etc. In these settings it is reasonable to assume that most agents will be

able to cooperate with each other professionally, since if a member fails to do this, they would not

be a member of that population. Furthermore, my formal model allows agents in the population

to possess highly conflicting preferences with my definition of cooperation only requiring agents

to identify mutually beneficial joint strategies when these exist. Socially intelligent agents can be

modeled as individually rational learners [189] to achieve Pareto-efficient joint behavior. Recent

research explores the problem of bounding the behavior of the socially rational agents but ends

up with lower bounds due to additional assumptions on the private type of the population, while

it is unknown to the AI Agent [186] which also make it difficult to be extensible to different

imitation learning problems. My research builds on these works in a learning setting where the

agent when paired with any member of the population will achieve at least the same utility with

high probability as the Pareto-efficient approach. In the real world, the sample complexity of

my imitation learning and imitate-then-commit algorithms are better due to worst-case scenarios

determining the bounds. Sample complexity of my bounds in the real world will also depend
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a lot on the alignment of the function approximation of the imitate-then-commit strategy to the

learning task. My sample complexity bounds can be applied to any imitation learning problem

including inverse RL, behavioral cloning, etc. with relaxed compatibility assumptions on hu-

man population’s socially intelligent behavior. My model considers the bounded rationality of

humans as their private types are impacted by external environment and individual choices, in-

cluding when the human agents in a population have varying skill levels. This is addressed by

the altruistic regret definition penalizing skills of the specific human agent (e.g. a Doctor in Res-

idency), not relevant to the task and allows the AI Agent to adapt to the skills of their individual

collaborating partner.

The problem of training agents to be able to cooperate with previously unseen partners is

sometimes referred to as ad hoc teamwork [213, 283] or zero-shot coordination [138], especially

in the context of Multi-Agent reinforcement learning. Many approaches in reinforcement learn-

ing train cooperative policies that are robust to possible strategies that a human or an AI agent

can follow [53]. A lot of these methods build a “population” of partner strategies and maximize

the diversity of this population in order to train the AI’s policy against it [80, 284]. Other ap-

proaches assume that there is no prior coordination between the agents [138] to learn rational

joint strategies while estimating the agents’ mutual uncertainty about one-another’s strategies

[304]. Ad-hoc Multi-Agent coordination can be helpful to learn cooperation among AI agents

with the “other-play” algorithm [138] that finds such a strategy as a solution to the correspond-

ing label free coordination problem [304]. A possible approach to solve these problems can be

self-play [345] where the agent can optimize themselves by playing with past iterations of them-

selves in order to estimate the strategies of unseen partners. However, the "self-play" approach

can learn cooperative strategies which can "over-fit" [284] to one another in the population of
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agents. A key goal of Ad hoc coordination (teamwork) and aligned research in zero-shot coor-

dination work has been to avoid this type of overfitting [79]. This problem domain is closely

related to both ad hoc teamwork or zero-shot coordination, since training an AI agent to cooper-

ate with previously unseen partners with no control over the partner is considered. Even though

population-based training approaches to ad hoc teamwork are common, they focus on fully co-

operative environments such as Dec-POMDPs, where the main issue is creating a diverse enough

population to train with [244]. Only self-interested partners who do not assume identical payoffs

are considered.

Finally, in the case of Hannan-consistent partners, this problem setting is closely related

to strategizing against and learning to manipulate no-regret learners [44, 87]. This line of work

studies whether an optimizer agent can achieve better payoff than CCE against no-regret learners

by learning to enforce a Stackelberg equilibria on them. Their emphasis is on online learning and

the optimizer’s payoff, while my work is on the offline setting and cooperation.

3.9 Conclusion

Formal guarantees for successful and reliable cooperation of AI agents with populations

of socially intelligent agents are achieved. A novel definition of social intelligent populations is

based on the assumptions that 1) members of the population are individually rational, and 2) pairs

of members can achieve performance comparable to a Pareto-optimal Nash equilibrium. The

notion of consistency and compatibility of agents is formalized in repeated, two-player, general-

sum matrix games with private types. The theoretical guarantees are in the offline cooperation

setting where the agent has to cooperate with unseen partners in the population to strategies
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against and manipulate no-regret policies for which the idea of altruistic regret is formalized. It

is then proven that the assumptions on its own are insufficient to learn zero-shot cooperation with

partners of the socially intelligent target population. Upper bounds on the sample complexity

needed to learn a successful cooperation strategy are provided along with lower bounds on when

the Multi-Agent cooperation setting is needed with respect to the populations’ trajectories, the

state space and the length of the learning episodes. The bounds in these settings of the agent

actively querying the MDP without knowing the transition dynamics of the population or the

agent observing the populations’ transition dynamics are much stronger than the bounds that

can be derived by naively reducing the cooperation problem to one of reinforcement learning.

These complexity analyses and formally proven bounds can be helpful to sustainably model the

alignment problem of AI agents.
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Chapter 4: Social Cooperation in Conversational AI Agents

General-purpose AI assistants are capable of supporting people in a wide variety of tasks,

including writing, graphic design, coding, and scientific research. The development of these AI

assistants has been facilitated by the introduction of AI agents based on open-domain Large Lan-

guage Models (LLMs). Such agents are trained by observing relatively short-term interactions

with humans, posing a major challenge. Models routinely fail at generalizing to long-term in-

teractions, such as the agent being repeatedly told to correct a mistake it makes by a user. In

this chapter, the aim is to give theoretical bounds that address these challenges with the explicit

modeling of social intelligence, that is, the ability of humans to maintain and create long-term

relationships, even when their behavior cannot be predicted. Using a mathematical modeling of

how humans reason and communicate about one another over a long time, game theoretic objec-

tives can be derived. These allow for future AI agents and LLMs to be optimized for sustained

cooperation.

4.1 Introduction

The ability to sustain long-term interactions is needed in order for conversational AI as-

sistants [133, 254] to effectively collaborate with human users while also adapting to their in-

dividual needs. Consider a hypothetical example where Alice, a team lead at a software firm,
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introduces an AI assistant into her daily workflow. Alice spends time teaching the AI assis-

tant her empathetic and constructive, rather than blunt, style of communication. Over time, she

notices subtle but very important issues. The AI assistant gives impersonal, terse feedback in

high-pressure situations despite repeated guidance to behave otherwise. It also allocates time

unpredictably, without consideration for the personal constraints of colleagues. Alice’s team re-

sponds by no longer telling her about their constraints, and the AI assistant does not ask for them.

Ultimately, Alice removes the AI assistant [18].

Suppose that the AI assistant we described above is fine-tuned or pretrained on a dataset of

conversations between employees at similar workplaces. Then our earlier example presents two

major technical challenges for creating the AI assistant. One challenge is using long conversation

histories to learn how to act appropriately and using prior guidance to adjust, in addition to ap-

propriately managing workloads [305]. The second challenge is that small differences between

how a human assistant would behave and the actions of an AI assistant can make the users act

much more differently than they would otherwise (such as intentionally withholding informa-

tion), leading to a gap between the training data and real-world interactions.

We examine whether these issues can be mended by assuming that human users do not

behave arbitrarily. In particular, we have two assumptions that we formalize. The first is that

over time, human users will gradually adapt to any agent they are speaking with, whether they are

human or AI. Second, that populations of human users follow certain "conventions" that enable

them to collaborate with new partners. We model this problem by defining the notion of "social

intelligence" for agents that satisfy these constraints, and prove that strategies for populations

of these agents to collaborate can be learned efficiently. Our theoretical results suggest that

traditional fine-tuning or imitation learning objectives may be suboptimal when training AI agents
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to collaborate with human users.

4.2 Preliminaries

Long-term collaborations between members of a target population are modeled as re-

peated two-player games with private utilities, in keeping with the conventions established in

Section 2.1.6.

4.3 Social Intelligence

For our framework of social cooperation for conversational AI agents, we assume the agents

to be both consistent and compatible, adhering to definitions 2.1 and 2.2

To see the effects of social intelligence for communication, consider the case when a cau-

tious employee is paired with an employee who needs and values directness. If they belong to the

target population C, they should be able to identify each other’s types and adapt their communi-

cation strategies in order to avoid individual regret and achieve approximate compatibility. Our

goal is to select a meta-strategy for the AI agent that can communicate and cooperate with a part-

ner picked from some target population nearly as effectively as agents from this population do so

with one another. For the class of games G = (I,A,Θ, G, T ), we will let the target population

be a set C of agents forming a (δ, ϵ, T )-SI class with respect to Θ [18].

The goal is to have an AI meta-strategy π capable of cooperating with C without any further

knowledge of the strategies in C. This means analyzing the problem of using prior observations

of members in the target population interacting with one another to learn a cooperative meta-
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strategy. A tuple {G, C, ρ, µ} defines a social learning problem, where C is the target population

(SI w.r.t. Θ), ρ is a distribution over the members of C, and µ is a distribution over Θ × Θ,

the joint type space. C is akin to the set of possible strategies that any member of the target

population might follow, while ρ is how frequently each strategy type in C appears. A dataset

D = {(θj1, θ
j
2, h

j
T )|j ∈ [n]} covering n episodes of length T is used to choose an AI strategy.

In each episode j, two agents π1
j and π2

j are sampled independently from ρ, and played together

under the joint type θj ∼ µ. The AI agent observes the full history hjT , along with the agents’

types θj1 and θj2. A specific learning algorithm is denoted as a data conditioned strategy π(D).

Our objective is to encourage cooperation through minimizing Altruistic Regret, defined in

Definition 3.1. The agent must know its own type as well, or the user agent may switch to a safe

strategy like disengaging the AI agent, as described in the introductory example.

4.3.1 Theoretical Ablations

It is not yet obvious that both consistency and compatibility are required for the populations

that can be modeled naturally through this definition of social intelligence. If it is assumed the

agents in C have strategies which are consistent but may not be compatible, then the most general

class is the case of all no-external-regret-learners which we call no-regret learners. In the long

run, these no-regret learners average out to the set of coarse-correlated equilibria (CCE). Then

our question becomes whether it is possible for the AI agent to learn a better strategy than a

CCE when partnered with a member of C, given a dataset D of histories for game players under

different CCE.

Unfortunately, learning in the case of consistency alone cannot be guaranteed. It is shown
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in theorem 3 of [217] that given any coarse correlated equilibrium of a two-player normal-form

game, a pair of no-regret learners exists that would converge to it. We cannot exclude those

who converge to inefficient CCE since C can be any set of no-regret learners. If the class C

includes only the agents that converge to Pareto-inefficient CCE, we cannot hope to learn optimal

strategies from any dataset with respect to the altruistic regret. Additionally, regardless of the

dataset, when the AI’s strategy is deployed, it will face a partner drawn from C with an unknown

type. We may wish to learn a classifier to quickly infer our partner’s type online from their

behavior, assuming a mapping from initial behavior to types exists. However, since C includes

only no-regret learners guaranteed to converge to a CCE in self-play, they have no reason to

communicate their types to each other.

Now let us consider that the members of C are compatible but not consistent. Suppose that

the members of C have an established handshake protocol, which allows them to communicate

and identify each other’s types at the start of their interaction. When they identify each other

after the handshake phase, they proceed with playing the agreed-upon PONE. However, if at

any moment the wrong action is played by one agent, the strategy the other will switch to is

unconstrained. Grim-trigger strategies can be employed by the members of C, punishing the other

agent for the rest of the horizon, triggered by a mistake at any point. The finite-horizon setting

signifies that even with a forgiving strategy, mistakes can in effect lead to grim-trigger outcomes.

Then the outsider must learn to imitate at least one member of C perfectly from the dataset. The

offline problem in this setting reduces to imitation learning, in particular the no-interaction case

from [245]. Unfortunately, the sample complexity of the no-interaction imitation learning scales

exponentially with horizon in our case, since the strategies are history-dependent [18].
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4.3.2 Upper Bound for Social Cooperation

In this Chapter, a central concept is that an AI agent only needs to imitate a member of

a socially intelligent population just long enough to learn the private type of its partner, rather

than trying to copy them throughout the entire episode. Knowing this, the agent can recall that

the strategy of its partner is consistent against any other strategy. This means the agent can try

to "incentivize" its partnered human to adopt a strategy that minimizes altruistic regret. These

strategies, where the AI agent selectively imitates their partner, can be called imitate-then-commit

(IC) strategies. Formally, IC strategies use the set of prior observations D to learn their imitation

strategy, which they follow for the first T̃ < T steps of the episode. The Altruistic Regret of a

specific (IC) strategy, as a function of the number of episodes in D, has an upper bound when

subject to certain assumptions [18], which are shown in this section:

Assumption 4.1. For δ, ϵ > 0, and some T̃ < T , we have that (1) ρ is (δ, ϵ, T )-consistent, and

(2) ρ is (δ, ϵ, T̃ )-compatible.

Imitation learning. Under an imitate-then-commit strategy, the number of episodes the AI

agent needs to observe to learn a good T̃ -step imitation policy entirely defines the sample com-

plexity. Fortunately, imitation learning is a well-studied problem, and existing complexity bounds

can be leveraged. The one caveat is that in this setting bounds on the total variation distance be-

tween the distribution over the partial history hT̃ under the population strategy ρ, and that under

the learned strategy are needed. Given the dataset D, we define the imitation strategy π̂1
T̃
(D)

such that π̂1
T̃
(h; θ,D) is the empirical distribution over agent 1’s actions for each history-type

pair (h, θ) occurring in D, while π̂1
T̃
(h; θ,D) is the uniform distribution over N for (h, θ) /∈ D.
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We then define the marginal strategy π̂1
T̃

, which can be implemented by sampling a dataset D,

and then following the imitation strategy defined by D for the next T̃ steps. We then have the

following bound on the distribution of hT̃ under the imitation strategy:

Lemma 4.1. Let pT̃ be the distribution over partial histories hT̃ under the population strategy ρ,

and let p̂T̃ be their distribution under π̂1
T̃

. We have that

∥pT̃ − p̂T̃∥TV ≤ min

{
T̃ ,
N2(T̃+1)|Θ|T̃ 2 log(K)

K

}
, where K = |D|. (4.1)

This bound follows directly from that of [245] via Lemma 1 of [73] (which follows from

the detailed proof in Section 3).

Imitate-then-commit strategy. For history hT̃ ∈ HT̃ , let ẑ(hT̃ ) ∈ ∆(N × N) denote the

empirical joint strategy played up to and including step T̃ . We show that, using ẑ(hT̃ ), it is

possible to construct a mixture ν over mixed strategies x ∈ ∆(N) that, in expectation over ν, the

partner’s payoff under their best response to x ∼ ν will be at least as large as their payoff under

ẑ(hT̃ ). The corresponding IC strategy will operate as follows:

1. Sample D and compute the imitation strategy π̂1
T̃
(D).

2. Play π̂1
T̃
(D) for the first T̃ steps, and observe hT̃ .

3. Compute a suitable mixture ν from ẑ(hT̃ ), and sample x ∼ ν

4. Sample actions from x for the remaining T − T̃ steps.

We then have the following upper bound on the altruistic regret achievable with an imitate-then-

commit strategy:
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Theorem 4.2. Given that Assumption 4.1 holds for ρ, there exists a data-dependent strategy

πIC(D) such that when played by the AI as agent 2, the altruistic regret satisfies

E
[
Ralt

1 (hT , θ2)
]
≤ 2δ+ δ(K) +

(
2
T − T̃
T

+ 1

)
ϵ, δ(K) = min

{
T̃ ,
N2(T̃+1)|Θ|T̃ 2 log(K)

K

}
(4.2)

where K = |D| and the expectation is taken over hT , θ, and D.

Proof sketch: By Lemma 4.1, we can learn an imitation strategy such that the corresponding

distribution over hT̃ and ẑ(hT̃ ) is close to that under ρ in self-play. As ρ is compatible, both

agents’ payoffs under ẑ(hT̃ ) must be close to those under some PONE. Finally, we can construct

a mixture ν for agent 1 such that agent 2’s payoffs under its (approximate) best-response are

almost as large as those under ẑ(hT̃ ) (the detailed proof flows from the theoretical proofs in

Section 3) [18].

4.4 Conclusion

It is a challenging problem to train conversational AI agents in order to maintain long-term

interactions and cooperation with human partners. Naive reduction of this problem to imitation

learning leads to infeasibility, due to the statistical limitation with large state spaces and long

horizons. Instead, formal guarantees are provided for successful and reliable cooperation of AI

agents with populations of socially intelligent agents. A novel definition of socially intelligent

populations is presented based on the assumptions that 1) members of the population are individ-

ually rational, and 2) pairs of members can achieve performance comparable to a Pareto-optimal

Nash equilibrium. The notion of consistency and compatibility of agents are formalized in re-
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peated, two-player, general-sum matrix games with private types.

In an offline cooperation setting our theoretical guarantees apply where the agent must

strategize and manipulate no-regret policies to cooperate with unseen partners. For these situ-

ations our formalization of altruistic regret is useful. Our upper bounds constrain the sample

complexity needed to learn a successful cooperation strategy. These formal bounds are useful to

model the AI agent alignment problem in a sustainable manner.
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Chapter 5: Multimodal Vision-Language Proactive AI agents for Augmented

Reality

Multimodal AI Agents are AI models which can interact, cooperate and assist human users

to solve day-to-day tasks. Augmented Reality (AR) head worn devices uniquely improve the

user experience by giving AI Agents multimodal AR capabilities of audio and video to observe

the users’ actions. Existing AI Agents, either LLMs or VLMs are reactive which cannot take an

action without receiving any human input. Proactivity of AI Agents provide additional autonomy

to help the human user to detect and correct any mistakes for real-time tasks, motivate users

when they do tasks correctly or simply chat with users. My proposed YET to Intervene (YETI)

multimodal AI agent [17] focuses on the research question to detect circumstances that may

require it to intervene proactively. This allows the agent to understand when it can intervene in a

conversation with human users e.g. to help users fix mistakes in cooking, using AR. The YETI

Agent learns a scene understanding signal to get a semantic understanding of the environment

around the user, using a form of Structural Similarity (SSIM) between two consecutive observed

video frames. It also uses an alignment signal to determine if the video frames corresponding

to the user’s actions on the task are actually showing that users are following expected actions.

Proactive intervention results of YETI Agent are compared to the baselines of the HoloAssist

multimodal benchmark for an expert agent guiding a user to complete procedural tasks.
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5.1 Introduction

With rapid and widespread deployment of Artificial Intelligence (AI) Assistants be it

speech-interaction based Siri or vision-speech-text based Gemini [297], there is a growing ne-

cessity to have agency in AI models. AI Agents act and guide humans for completing real-world

tasks like cooking or electric maintenance. These AI Agents can interact with humans using

speech, video or text through hand-held phones or emerging wearable Augmented Reality (AR)

devices like glasses or headsets, presenting a new paradigm of human-AI interaction. This is

especially useful in scenarios that require real-time, context-aware assistance.

Multimodal Vision-Language Models (VLMs) are a promising solution for AI Agents

to have multimodal understanding similar to human perception, letting them anticipate human

needs. However, current VLM-based assistive systems operate in a reactive paradigm, responding

only to explicit user queries. This reactive nature limits the usefulness of AI Agents significantly

in two critical scenarios:

1. Novice learning environments: Users lack domain knowledge to form relevant queries

like in education.

2. Safety-critical operations: AI Agents may need to immediately guide the user around

potential hazards.

An example of the first scenario might be a student doing homework. Current AI models

tell the right or wrong answer without improving the student’s problem-solving skills. The second

scenario could occur in a manufacturing environment where a worker handles seemingly safe

pieces of metal without noticing loose electric wires. Here, a reactive AI Agent cannot help, but
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a proactive AI Agent can. A wearable AR device (like a glass) gives the AI Agent visibility of

the worker’s view and guides them about the hazard they were unaware of.

Figure 5.1: Overview of the YETI framework for detecting proactive interactions or interventions
in Augmented Reality. YETI uses lightweight signals generated in real-time, allowing timely
decision making for providing assistance to the user [17].

To address these challenges, I propose a novel framework YET to Intervene (YETI) for

proactive AI Agents to intervene in AR environments. Proactive interventions allow AI to decide

when to help the user without waiting for the user’s question. This approach uses lightweight,

real-time algorithmic signals to detect when proactive assistance is needed through AR interfaces

such as smart glasses [90, 315]. The system bridges the gap between cloud-based AI capabil-

ities and real-world applications with AI that sees direct visual observations of user activities

in the physical world. My work is motivated from recent developments in proactive AI assis-

tance, particularly the HoloAssist dataset [319], which demonstrates the potential for real-time

AI intervention in complex procedural tasks. Valuable insights are provided by HoloAssist into

human-AI collaboration scenarios, such as computer assembly and coffee preparation, but exist-

ing implementations face significant computational challenges.
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Current state-of-the-art approaches for proactive intervention require extensive computa-

tional resources and multimodal sensor data that includes RGB streams, hand and head pose

estimation, sensor readings like IMU (Inertial Measurement Unit), and depth maps. A signifi-

cant barrier to practical deployment is the complexity of acquiring and processing this data in

real-time. In contrast, YETI employs efficient algorithmic signals computed on-the-fly that dra-

matically reduce the computational overhead while maintaining high intervention performance.

Features Size (MB) × SSIM × CObj

Depth Estimation 137,408 6,543 6,870
Eye Gaze (E) 617 29 31
Hand Pose (H) 53,749 2,660 2,688
Head Pose 1,141 54 57
IMU 1,132 54 57

SSIM(Ours) 21
Alignment_Cobj(Ours) 20

Table 5.1: HoloAssist Feature sizes scaled with YETI Features

These contributions can be summarized as follows:

1. YETI, a novel AI Agent framework for real-time proactive intervention in AR environ-

ments.

2. Efficient algorithmic signals based on Structural Similarity (SSIM) and changing object

count (Alignment_CObj) that can be computed online, reducing computational overhead

by as much as 6, 870× (seen in Table 5.1) compared to HoloAssist.

3. Superior recall and F-measure compared to HoloAssist baselines while maintaining com-

petitive precision.

4. Ablation studies to show the most critical components of this approach, giving insights to
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developers of future assistive AI systems.

5.2 Related Works

5.2.1 Egocentric Interaction Datasets

Recent advances in egocentric vision have produced several datasets which contain reactive

human-AI interactions. HoloAssist [319] is a large-scale egocentric proactive dataset that focuses

on physical manipulation tasks between two people in a collaborative manner, providing detailed

action and conversational annotations. Valuable insights into how human assistants proactively,

as well as reactively intervene, correct mistakes, and ground their instructions in the environment

are offered in this dataset.

Other benchmarks like Parse-Ego4D [2] evaluate the capability of AI agents to make un-

solicited action suggestions based on user intent. This benchmark does not measure proactive

behavior as it requires the AI agents’ respond to user queries.

Bigger benchmarks like Ego-Exo4D [120] focus on skilled single-person activities with-

out addressing proactive communication and provides a comprehensive multimodal, multiview

dataset capturing both egocentric and exocentric perspectives in expert-learner scenarios. Simi-

larly, existing datasets like Ego4D [119] and EPIC-Kitchens [82] are rich in activity and object

annotations, but lack proactivity or direct mappings to actionable recommendations.
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5.2.2 Proactive AI Agents and Communication

Proactive communication in AI agents includes several key aspects [86]: Intelligence (the

ability to predict and act on task developments), Adaptivity (dynamic adjustment of location and

timing of interventions), and Civility (respect for user boundaries and ethical standards). The

value of proactive AI agents across various domains, include personalized assistance, predictive

maintenance, healthcare monitoring, increasing economic and manufacturing innovation, educa-

tion, and voice assistance [45, 46, 182].

5.2.3 Language Models for Proactive Assistance

Promising results are emerging with LLMs for proactive assistance. The ProAgent frame-

work [347] leverages LLMs to create agents that dynamically adapt their behavior and in-

fer teammate intentions. The effectiveness of these models has been further shown through

fine-tuning on ProactiveBench [196], significantly improving the proactive capabilities of LLM

agents. Smart Help [51] demonstrates how proactive and adaptive support, in the context of as-

sistive technology, can be provided to users with diverse disabilities and dynamic goals across

various tasks and environments. It is to be noted that the new research with proactive agents

mostly focus on LLMs unlike my research on VLM-based proactive YETI agent.

Open-source VLMs, especially Google’s PaliGemma [33], are popular for AI assistants,

with small-scale variants like Gemma-3 [298] being run on edge devices. Open-source VLMs do

not have proactive interaction capabilities which I have supported in my research. PaliGemma

generates a quick and accurate description including an estimate of the number of objects in

a given scene. PaliGemma is trained on a wide variety of datasets, including the TallyQA
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dataset [3], which is useful for taking a response to a question that asks for the number of objects

in a given image.

5.2.4 Procedural Mistake Detection

The analysis of egocentric data has been explored in previous studies that explore assistance

with procedural tasks; however, none have approached this challenge in the same comprehensive

manner as YETI. YETI is designed to detect optimal moments for proactive intervention. On

the other hand, existing works primarily focus on mistake detection, limiting direct comparisons

with YETI’s broader intervention detection capabilities.

Online mistake detection is done in PREGO [101] (Mistake Detection in PRocedural

EGOcentric Videos) in a similar manner to YETI’s real-time intervention detection. However,

PREGO is confined to the Mistake Detection intervention type with just visual inputs. YETI

looks at both vision and language inputs, exploring more scenarios outside mistake detection

where AI intervention can be beneficial. Specifically, PREGO lacks mechanisms for proactive

interventions, requiring users to make errors before the AI can respond. Although PREGO in-

corporates step anticipation, it only detects deviations from predefined plans to identify mistakes.

While PREGO necessitates a symbolic description of the task for mistake identification, whereas

YETI operates directly on video frames without such annotations.

The work of PREGO is extended in TI-PREGO [237], comprehensively integrating LLMs

for action anticipation and detection modules along with incorporation of chain-of-thought rea-

soning and in-context learning. The ability of several LLMs (LLaMA, Mistral, Gemma, and

GPT) to perform step anticipation is evaluated. TI-PREGO focuses solely on mistake detection
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within procedural tasks and does not expand into proactive intervention detection.

Online mistake detection is also addressed in Differentiable Task Graph Learning [268]

but diverges by utilizing Task Graphs instead of LLM-based symbolic reasoning. Task Graphs

model procedures as sequences of steps with directed dependencies, ensuring certain steps pre-

cede others. However, pre-segmented key-step sequences from input videos are needed here,

rendering it unsuitable for real-time Augmented Reality applications. On the other hand, YETI

processes continuous actions without necessitating pre-annotated data, allowing for real-time op-

eration.

The reliance on supervised learning observed in Differentiable Task Graph Learning is

mitigated in Eyes Wide Unshut [206] by predicting mistakes based on eye gaze trajectories

instead of manual annotations. The next gaze position of the user is forecasted by this method

during task execution and compares it with actual gaze data to detect discrepancies. Unlike YETI,

Eyes Wide Unshut heavily depends on the availability of eye gaze data, which is not always be

accessible, specially for real-time AI Agent deployment on distributed edge computing devices.

Furthermore, many tasks do not require significant gaze shifts that limit the method’s applicability

and increase the potential for false positives when gaze changes are unrelated to task performance

errors.

5.2.5 Action Detection

Broad action detection has been explored by other works that classify actions detected in

videos instead of detecting when to proactively intervene or when a user makes a mistake.

Quasi-Online Detection of Take and Release Actions [263] focuses on near real-time
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detection that allows a slight delay between an action and its detection on-the-fly. This work

focuses on identifying "take" and "release" actions, which are instances where there is an inter-

action of the user’s hands with objects instead of focusing on mistake or intervention detection.

While downstream tasks like intervention or mistake identification can be supported by such

action detection with assumptions, it does not directly address these areas, thereby limiting its

overall scope and applicability for use as an AI assistant.

One of the initial research to use Transformer-based models for online action detection is

OadTR [320], pivoting from Recurrent Neural Networks (RNNs), which exhibit less parallelism.

A key difference between OadTR and this work is the point-of-view of the videos and the latency

of the AI Agent’s response. My YETI agent uses video frames captured from a first-person

(egocentric) point-of-view, while OadTR uses information from a third-person perspective. Thus,

the action detection results from OadTR would not generalize to my Augmented Reality use-

case.

5.3 Methodology

5.3.1 Proactive Augmented Reality Interaction Data of Cooperative Agents

Multimodal ego-centric vision-language benchmarks are provided in the HoloAssist dataset

[319] that focus on Augmented Reality (AR)-based human-AI collaboration. This is the only

open-source proactive dataset that captures Expert-User collaborative dynamics with AR devices.

It records the visual observations of a Human User Agent interacting and collaborating with an

Expert Instructor Agent, which can be an AI Agent, on physical reasoning tasks. 482 unique
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Expert-User interaction video and dialogue sequences are present in the dataset, spanning 20

diverse task domains, including but not limited to:

• Cooking procedures like making coffee

• Fixing items like motorcycles

• Assembling/Disassembling furniture

• Assembling Devices like computers, GPUs, scanners

• Maintaining Electrical systems like circuit breakers

• Configuring Devices like printers, cameras, switches

The AR devices are worn by the user agent to capture first-person perspective videos while

executing procedural tasks. The observations of the Expert Agent and guidance to the User

Agents are simultaneously captured by the AR devices. The annotation schema of the dataset

encompasses a variety of interaction types. Some examples of interactions done by the Expert

Agent include:

1. Proactive Interactions

• High-level instructional guidance

• Follow-up instructions without any user input

• Feedback after intervening

• Steps to fix mistakes

2. Reactive interactions:
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• Expert clarifications to user queries

• User-initiated dialogues

The HoloAssist data is obtained from 350 distinct expert-user interaction pairs leading to

45.5 hours of video recordings. It provides strong fundamentals to study the spatio-temporal

dynamics of when and how Proactive Multimodal AI Agents should proactively engage in AR-

assisted collaborative scenarios. This temporal aspect is important in developing AI agents which

can guide humans in human-AI collaborative tasks when an AI Agent is yet to intervene, but

should intervene with a goal to improve collaborative task execution or correct mistakes.

5.3.2 Generation from Multimodal VLM

Objects in video sequences are counted by leveraging the recent advancements in Multi-

modal Visual Language Models (VLMs). The proposed method extracts frames at a rate of 1

frame per second (FPS) by processing videos, enabling efficient temporal analysis while main-

taining sufficient granularity for accurate object counting.

Frame Extraction and Processing Given an input video V of duration T seconds, a sequence

of frames {f1, f2, ..., fT} is extracted at 1 FPS. This sampling rate balances computational effi-

ciency with temporal resolution, thereby ensuring that significant object state changes are cap-

tured while minimizing redundant processing.

Multimodal Generation PaliGemma-3b-mix-448, from the PaliGemma [33] family of

lightweight multimodal VLMs created by Google, is used to process each frame independently.

PaliGemma’s ability to quickly leverage its visual and textual understanding capabilities makes
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it suitable for an AR / VR setting where there may not be much device compute available and a

fast response is needed. For each frame ft a prompt is constructed:

Pobj = “The number of objects in this image is " (5.1)

This prompt elicits a numerical response from the model, avoiding unwanted conversational out-

put. This prompt was chosen after thorough experimentation with PaliGemma’s object detection

capabilities. The model processes each frame ft with prompt Pobj to generate a count estimate:

Ct = PaliGemma(ft, Pobj) (5.2)

where Ct represents the predicted object count at time t. The change in object count between

frames is heavily skewed towards zero as seen in Figure 5.2.

Implementation Details The configuration used has 448 × 448 pixel resolution. After gener-

ating the model responses, minimal post-processing is performed to extract numerical values.

5.3.3 Alignment with Changing Object Count

The alignment signal that takes the form of a change in object count for the scene ob-

served by the AI Assistant is motivated by an intuition of how humans operate when listening

to instructions. A user agent will not be moving objects around when being guided on how to

do a computer assembly while they process the instructions. Rather, they will be listening so

they know what to do next. Building upon this understanding, the AI Assistant estimates when

a proactive AI assistant should intervene by simply monitoring the change in object count from
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Figure 5.2: Distribution of Alignment Signal

second to second. Figure 5.3 shows an example of frames where the object count changes.

(a) Second 36 (b) Second 37

(c) Alignment Signal over
entire video.

Figure 5.3: A plot of the alignment signal over time for a video, accompanied by two consecutive
video frames where a change in object count occurs. YETI detects a proactive intervention to
help the user replace a mechanical belt on Frame 37 after observing the alignment signal from
Frame 36. [17]
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5.3.4 Spatio-temporal Signal Generation

The frame-wise counting results are aggregated to create a temporal signal

{∆C1,∆C2, ...,∆CT−1} where ∆Ci := Ci+1 − Ci. This signal captures how the number of

objects change throughout the video sequence.

(a) SSIM Second 98 (b) SSIM Second 99

(c) SSIM Signal over en-
tire video.

Figure 5.4: SSIM signal is filtering proactive interventions by YETI Agent in an image frame
(time instance) of a video observing a procedural task on how to assemble a RAM computer.
Proactive intervention happens at the 98th second in Frame 98

5.3.5 Structural Similarity

The Structural Similarity Index Measure (SSIM) [322] is used to identify meaningful

frames for proactive intervention by analyzing temporal coherence between consecutive frames.

This approach helps filter out redundant frames where the scene remains largely static, such as

Figure 5.4, thus focusing intervention detection on moments of significant change.
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Given two consecutive frames fi and fi+1, their SSIM value is:

SSIM(fi, fi+1) =
(2µiµi+1 + c1)(2σi,i+1 + c2)

(µ2
i + µ2

i+1 + c1)(σ2
i + σ2

i+1 + c2)
(5.3)

where µi, µi+1 denote the mean intensity (brightness) of frames fi and fi+1, σ2
i , σ

2
i+1 represent

their respective variances, σi,i+1 is the covariance between the frames, c1 = (0.01L)2 and c2 =

(0.03L)2 are stability constants, and L = 255 is the dynamic range of pixel values in grayscale.

The SSIM metric yields values in [0, 1], where higher values indicate greater structural

similarity between successive frames. This property identifies and filters out frames with SSIM

values above a threshold τ , removing redundant temporal information. Interventions are triggered

only during meaningful scene changes where a human user acts, reducing unnecessary proactive

interventions while maintaining responsiveness to significant environmental variations. Similar

to the temporal signal for changing object count, these SSIM values are consolidated for each

frame (up to second T ) into a set {s1, s2, ..., sT−1}.

5.3.6 Proactive Interactions and Interventions

Reactivity refers to the AI Agent’s response to a user cue in the context of AI Agents. On

the other hand, proactivity involves behaviors initiated by the AI Agent without user prompts.

Proactive activities can be broadly categorized into proactive interaction and proactive interven-

tion. It is essential to understand the subtle but important differences between these two cate-

gories in order to leverage the capabilities of a proactive agent. An AI Agent is considered to be

proactively interacting with the user if it initiates any engagement without user cues. Conversely,

an AI Agent is proactively intervening when it takes concrete steps to alter the user’s behavior. By
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this definition, all proactive interventions are forms of proactive interactions, but not all proactive

interactions qualify as interventions.

HoloAssist includes eight distinct categories of proactive behavior, of which three are clas-

sified as interventions, as detailed in Table 5.2.

Conversation Type Interaction Intervention Example

Follow-up Instruction ✓ ✓ “Put the battery back."
Confirming Previous
Action

✓ ✓ “Perfect."

Correcting Wrong Ac-
tion

✓ ✓ “Nope, not that one."

Describe High-Level
Instruction

✓ × “You’re going to validate, so we’re going to
move the shift lever through all of the set-
tings."

Opening Remarks ✓ × “Now for this task, we are removing the
graphic cards from the PC slot."

Closing Remarks ✓ × “You’re all done. You can exit now."
Adjusting Video ✓ × “Just keep your eyes on your hands."
Other ✓ × “You can ground yourself again, it’s not

necessary."

Table 5.2: Examples of Proactive Interactions and Proactive Interventions in HoloAssist. [17]

5.3.7 YETI Proactive Agent Intervention Algorithm

The YETI algorithm incorporates several hyperparameters that determine when a Multi-

modal AI Agent should autonomously intervene proactively without any question or clarifications

asked by the User Agent.
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Algorithm 2 YETI Proactive Intervention Detection

Require: SSIM-filtered Frame sequence F with alignment scores {∆Ci}
Ensure: Set of intervention frames I

1: Initialize empty sets: I, Eobj where Eobj stores alignment scores per episode of frames
2: Set episode interval k, conversation interval m, local extrema range r
3: Initialize episode count n = 0, frame count t = 0
4: for each frame fi ∈ F do
5: if n > 0 and fi ̸∈ conversation interval then
6: t← t+ 1
7: Add ∆Ci to Eobj
8: if ci ∈ local extrema range then
9: I ← I ∪ {fi}

10: end if
11: if t = k then
12: Update conversation interval
13: Reset episode metrics
14: n← n+ 1, t← 0
15: end if
16: else if n = 0 then
17: t← t+ 1
18: Add ∆Ci to Eobj
19: if t = k then
20: ∆Cmin ← min(Eobj)
21: ∆Cmax ← max(Eobj)
22: Define local extrema range with tolerance r.
23: I ← I ∪ {fcurrent}
24: Update conversation interval
25: Reset episode metrics
26: n← n+ 1, t← 0
27: end if
28: end if
29: end for

return I

• SSIM threshold (τ ): This scene understanding parameter sets a filtering threshold to re-

move frames where user actions do not change or have not happened. SSIM value shows

how close two consecutive image frames are. If a frame and its next frame have an SSIM

of ≥ τ , the frame will not be considered for an autonomous intervention.

• Conversation Interval (m): This parameter constrains a minimum temporal gap between
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consecutive interventions, reducing the frequency of intervention by AI. It defines the du-

ration that must pass after an intervention before another can happen.

• Local Extrema Range (r): This parameter identifies the sensitivity of the YETI algorithm

to changes in object counts along frames. It defines the range within which a change in

object count must fall or rise to be significant.

• Episode Interval (k): This parameter limits the length of an "episode" to restrict the maxi-

mum rate of interventions. An episode is a consecutive sequence of frames where only one

intervention is permitted, thus preventing excessive and disruptive interventions.

Algorithm 2 describes how the YETI agent detects proactive interventions. The input is a

series of video frames from the perspective of the human user (pre-processed to filter out redun-

dant frames with a high similarity) and the output is the instances where a proactive intervention

may be needed.

5.4 Experiments

I conduct experiments with a wide variety of settings to obtain the results of my YETI

algorithm. This allows understanding of how each configuration of the algorithm and the value

of each hyperparameter contributes to the evaluation metrics of the YETI method compared to

HoloAssist’s approaches, the baseline for AI Agents proactively intervening with an user (stu-

dent) task. An example of a proactive intervention being detected can be seen in Figure 5.5.

122



5.4.1 Experimental Settings

I carefully select hyperparameters to balance the trade-off between timely interventions and

avoiding excessive interruptions. The key parameters are summarized in Table 5.3. A compre-

hensive analysis of hyperparameter sensitivity is provided in the detailed analysis of the results.

Parameter Value

SSIM threshold (τ ) 0.9
Conversation interval (m) 1
Extrema range (r) ±1
Minimum history (k) 5

Table 5.3: Hyperparameters used in YETI experiments.

Settings used for different hyperaparameters can be found in Table 5.3. τ controls frame

similarity filtering, m sets minimum gap between interventions, r defines the range for local

minima detection, and k specifies required history length before intervention.

I have evaluated two variants of the YETI algorithm:

• Global YETI: Uses the first detected local extrema as a fixed threshold throughout the

video frame sequence

• Local YETI: Continuously updates the extrema threshold based on its recent history

This is useful to analyze the impact of adaptive versus fixed intervention thresholds on

YETI’s performance. The full results of evaluating performance in this way can be seen in Ta-

bles 5.4 and 5.5.

For the comparative analysis between the proposed YETI methods and HoloAssist, it is

important to note that evaluation of proactive intervention in real-time is limited to videos where

the user and the expert agent both initiate conversations. This stipulation more closely aligns with
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the real-world assistive AI Agent scenarios, where the user may ask for help in completing a task.

This turns out to be 482 videos out of the total HoloAssist dataset. Results from the HoloAssist

paper are also aggregated for each intervention class into one through averaging in order to have

a head-to-head comparison with regards to predicting any kind of intervention. Detailed results

additionally provide insights into the efficiency of the proactive AI Agents where the user agent

does not communicate with any dialogue. However, the expert agent proactively interacts and

intervenes with the user based on the user’s visual observations.

Method Overall
Confirm
Action

Correct
Mistake

Follow
Up

Prec. Rec. F-score Prec. Rec. F-score Prec. Rec. F-score Prec. Rec. F-score

HoloAssist

(RGB) 13.93 33.33 19.65 0.00 0.00 0.00 0.00 0.00 0.00 41.79 100.00 58.95
(R+H) 24.89 33.64 28.61 32.14 4.50 7.89 0.00 0.00 0.00 42.52 96.43 59.02
(R+E) 25.55 33.73 29.08 33.90 10.36 15.87 0.00 0.00 0.00 42.76 90.83 58.15

(R+H+E) 48.31 37.59 42.28 39.11 40.93 40.00 61.11 9.91 17.05 44.70 61.93 51.92
(RGB[Pt]) 37.54 37.74 37.64 42.31 27.50 33.33 27.33 36.61 31.30 42.97 49.11 45.84

YETI (Ours) Global 41.86 88.31 56.17 22.54 91.51 36.17 11.68 90.29 20.69 27.55 89.69 42.15
Local 46.88 60.38 52.77 26.55 68.62 38.29 14.71 68.02 24.18 30.07 62.05 40.51

Table 5.4: Performance of YETI compared to HoloAssist in detecting proactive interventions.

5.4.2 Metrics

Evaluations demonstrate the YETI algorithm’s effectiveness in detecting appropriate mo-

ments for proactive interaction and intervention in real-time using metrics, also used in classifi-

cation:

Method
Overall

Acc. Prec. Rec. F1

YETI (Ours)
Global 86.97 52.23 87.04 65.28
Local 93.76 64.51 59.73 62.02

Table 5.5: Evaluation of YETI on the proactive interaction detection setting which encompasses
the proactive intervention benchmark
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Accuracy =
TP + TN

TP + TN + FP + FN
(5.4)

Precision =
TP

TP + FP
(5.5)

Recall =
TP

TP + FN
(5.6)

F-measure = 2 · Precision · Recall
Precision + Recall

(5.7)

where TP, TN, FP, and FN denote true positives, true negatives, false positives, and false neg-

atives, respectively. These metrics provide a comprehensive assessment of YETI’s intervention

capabilities, measuring both its ability to intervene at appropriate moments and its capacity to

avoid unnecessary interruptions.

As there is no empiric measurement of when the “best" precise moment to intervene is, a

window of five seconds is considered around HoloAssist labeled ground-truth proactive interven-

tion starting time-stamps in order to assess whether a detected intervention frame is a true positive

or a false positive. This is consistent with the method used to evaluate the HoloAssist baseline

model [319], which also determines true positives and false positives by measuring temporal

proximity to the nearest labeled intervention and seeing if it is within a window of tolerance.

125



(a) Intervention - 3 sec-
onds

(b) Intervention - 2 sec-
onds

(c) Intervention - 1 second (d) AI Agent proactively
intervenes.

(e) SSIM between consecutive frames. (f) Changing Objects Alignment Signal

Figure 5.5: Proactive Intervention Detection for Coffee Making Task. [17]

5.4.3 Results

It can be seen in Tables 5.5 and 2 that YETI achieves impressive performance to detect

proactive interventions and detections on-the-fly. This performance is much better than HoloAs-

sist’s baselines which uses more complicated methods. Furthermore, as PaliGemma’s scale is on

the order of three billion parameters, it is suitable to be used in an Augmented Reality or an edge

device. The small data size of SSIM and Object Count Alignment relative to other features, as

seen in Table 5.1, allows AI Agents on-device to use the information effectively saving memory

and power while having a small response time.
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5.5 Detailed Analysis of Results

This section provides a more in-depth analysis of the results presented in Tables 5.1, 5.4,

and 5.5 with a special focus on Table 5.4 comparing the performance of YETI to the HoloAssist

baseline in detecting proactive interventions.

Overall Performance:

YETI consistently outperforms HoloAssist [319] overall, demonstrating a significant im-

provement in accurately detecting proactive interventions in most scenarios. This superior per-

formance is observed in both the Global and Local variants of YETI. Notably, YETI achieves

substantially higher recall in all categories, indicating its effectiveness in identifying a greater

proportion of actual proactive interventions. This improvement is crucial for ensuring that the

AI agent can effectively assist users by recognizing and responding to their needs in a timely

manner.

Specific Intervention Types:

• Overall: When taking into account all intervention types, both Local and Global variants

of YETI substantially outperform the HoloAssist baseline on recall and F-measure, while

surpassing precision in every modality of HoloAssist except R+H+E (RGB video + Hand

pose + Eye gaze), where it still remains competitive.

• Confirm Action: In only considering interventions where the AI Agent should step in to

confirm the action the user is taking, YETI continues to achieve substantially higher recall

than HoloAssist. The F-measure, which seeks to balance out precision and recall, is also

higher than every combination of modalities used for HoloAssist besides R+H+E.
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• Correct Mistake: While both YETI and HoloAssist struggle to detect when to intervene

to correct a mistake by the user, many modalities for HoloAssist fail to detect them entirely,

and for the ones that can detect some of these interventions, the recall is very poor. YETI,

on the other hand, has extremely high recall but comparatively poor precision. This con-

tributes to YETI having a higher F-measure than all HoloAssist modalities besides HoloAs-

sist RGB[Pt] (model pretrained on ImageNet).

• Follow Up: Following up with the user after the user performs an action is where YETI

struggles the most compared to the HoloAssist baselines, but it still remains competitive,

outperforming the R+H+E and RGB[Pt] baselines on recall. Ironically, even though YETI

and R+H+E and RGB[Pt] performed better on every other category, they had the worst

results in following up. This indicates that more sophisticated features may complicate the

process of detecting Follow-up interventions.

Further Comparison with HoloAssist:

The performance gains of YETI over HoloAssist can be attributed to several factors:

• Global / Local Context: YETI’s ability to leverage its history contributes to its improved

accuracy in detecting proactive interventions. By considering both the broader context

of the interaction, as in the case of Global YETI, and the specific details of the current

situation, as in the case of local YETI, YETI can better understand the user’s intentions

and needs.

• Advanced Feature Representation: YETI likely employs more streamlined feature rep-

resentations compared to HoloAssist, allowing it to capture more nuanced aspects of the

interaction and make more informed decisions about potential interventions.
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• Data Efficiency: The smaller data size of SSIM and Object Count Alignment features, as

highlighted in Table 5.1, enables YETI to process information and respond to user actions

with minimal latency. This efficiency is crucial for real-time applications in augmented

reality environments.

YETI’s superior performance in detecting proactive interventions, coupled with its effi-

ciency and suitability for deployment on augmented reality devices, makes it a promising ap-

proach for enhancing human-computer interaction in various domains. Its ability to accurately

detect when to proactively intervene has the potential to significantly improve user experiences

and facilitate more effective collaboration between humans and AI agents.

5.6 Comparative Analysis of YETI

5.6.1 Comparison with other Classifier Models

A Random Forest Classifier, a Decision Tree, and a Multi-Layer Perceptron (MLP) were

trained in order to assess the efficacy of my YETI algorithm (Algorithm 2). The train and the test

data statistics for the Random Forest Classifier can be seen in Table 5.6. Due to the imbalance

in labels, it was more statistically safe for the models to assume that every single frame was

a negative example of a proactive interaction or a proactive intervention, resulting in accuracy

being high but precision, recall, and F-measure being zero. This justifies the use of my algorithm

to detect when to intervene rather than relying solely on a model such as these ones, which are

sensitive to skewed data distributions.

As seen in Table 5.6, Random Forest (RF), Decision Tree (DT) and Multi-Layer Percep-
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Interactions Interventions Conf. Action Corr. Mistake Follow Up Total

Train 7285 (6.77%) 4562 (4.24%) 2222 (2.07%) 526 (0.49%) 1814 (1.37 %) 107592 (81.43%)

Test 1583 (6.45%) 1005 (4.1%) 474 (1.93%) 142 (0.58%) 389 (1.59%) 24537 (18.57%)

Total 8868 (6.72%) 5567 (4.21%) 2696 (2.04%) 668 (0.51%) 2203 (1.67%) 132129

Table 5.6: Training and Test splits of Image Frames with Distributions of Proactive Interactions,
Proactive Interventions and 3 Proactive Intervention types

Interactions Interventions Confirm Action Correct Mistake Follow Up

Rand. Forest
Decision Tree 93.55 95.9 98.41 99.42 98.07

MLP

Global YETI (Ours) 86.97 84.85 80.75 79.97 82.36

Local YETI (Ours) 93.76 93.36 93.05 93.32 93.31

Table 5.7: Accuracy of Classification Models in Proactivity Prediction.

tron (MLP) Classifiers have high accuracies as they can predict when the AI Agent should not

be proactively interacting or intervening. The same trend is observed in the 3 different proactive

intervention type predictions like confirming actions, correcting mistakes, following up instruc-

tions. However, RF, DT and MLP classifiers cannot classify any true positive (actual proactive

instances) due to the extremely sparse and skewed distribution of proactivity labels in Table 5.7,

thus has 0 precision and recall. These classifiers cannot detect proactivity on-the-fly in real time.

My YETI Proactive Agent Detection Algorithm has good precision and high recall model archi-

tectures in detecting proactivity on-the-fly as shown in Table 5.4.

5.6.2 Comparison with Implicit Expert-User Agent Setting

In Table 5.4, only results using data from HoloAssist examples with both student-led and

instructor-led conversations were used. In Tables 5.8 and 5.9 are the results for the 1191 HoloAs-
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sist examples where there was not a student-led conversation, instead relying on implicit student-

instructor interactions where, for example, the instructor tells the student to do something and the

student complies without further comment.

Method Overall
Confirm
Action

Correct
Mistake

Follow
Up

Prec. Rec. F-meas. Prec. Rec. F-meas. Prec. Rec. F-meas. Prec. Rec. F-meas.

HoloAssist

(RGB) 13.93 33.33 19.65 0.00 0.00 0.00 0.00 0.00 0.00 41.79 100.00 58.95
(R+H) 24.89 33.64 28.61 32.14 4.50 7.89 0.00 0.00 0.00 42.52 96.43 59.02
(R+E) 25.55 33.73 29.08 33.90 10.36 15.87 0.00 0.00 0.00 42.76 90.83 58.15

(R+H+E) 48.31 37.59 42.28 39.11 40.93 40.00 61.11 9.91 17.05 44.70 61.93 51.92
(RGB[Pt]) 37.54 37.74 37.64 42.31 27.50 33.33 27.33 36.61 31.30 42.97 49.11 45.84

YETI (Ours) Global 41.86 88.31 56.17 22.54 91.51 36.17 11.68 90.29 20.69 27.55 89.69 42.15
Local 46.88 60.38 52.77 26.55 68.62 38.29 14.71 68.02 24.18 30.07 62.05 40.51

Implicit Global 28.96 92.59 44.11 15.68 94.76 26.90 11.28 93.58 20.12 20.47 92.56 33.53
Local 34.55 71.71 46.63 18.40 77.71 29.76 14.28 74.21 23.95 24.51 72.48 36.64

Table 5.8: Evaluation of YETI compared to HoloAssist and Implicit Interventions

5.7 Ablation Studies

5.7.1 Agent Conversation Interval

The Agent Conversation Interval is a parameter for it will probably take a user to respond

to an intervention by the AI Agent. Table 5.3 uses a value of one, indicating the user will take

about one second to act on the advice of the proactive AI Agent. Here alternative intervals are

Method
Overall

Acc. Prec. Rec. F1

YETI (Ours)
Global 86.97 52.23 87.04 65.28
Local 93.76 64.51 59.73 62.02

Implicit
Global 81.37 35.68 91.9 51.42
Local 92.62 45.67 71.28 55.67

Table 5.9: Evaluation of YETI compared to HoloAssist and Implicit Interactions
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explored where a user might respond to the intervention within up to five seconds rather than one

second.

Table 5.10 shows precision, recall, and F-measure for the detection of each kind of proac-

tive intervention, with varying values for the conversation interval. As the conversation interval

is increased, the F-measure decreases, showing that overall, a conversation interval of one is the

best choice. The same logic follows for detection proactive interactions, shown in Table 5.11,

where it is observed that F-measure decreases as the conversation interval increases.

Method Conv.
Interval

Overall
Confirm
Action

Correct
Mistake

Follow
Up

Prec. Rec. F-meas. Prec. Rec. F-meas. Prec. Rec. F-meas. Prec. Rec. F-meas.

Global YETI

1 41.86 88.31 56.17 22.54 91.51 36.17 11.68 90.29 20.69 27.55 89.69 42.15
2 41.06 84.09 55.18 22.52 88.33 35.89 11.49 86.52 20.29 27.44 85.87 41.59
3 41.13 80.49 54.44 22.41 85.42 35.50 11.50 83.28 20.22 27.31 82.53 41.04
4 41.08 77.09 53.61 22.53 82.81 35.43 11.54 80.46 20.19 27.33 79.34 40.65
5 40.95 73.91 52.70 22.31 80.03 34.89 11.59 77.92 20.19 26.96 76.22 39.83

Local YETI

1 46.88 60.38 52.77 26.55 68.62 38.29 14.71 68.02 24.18 30.07 62.05 40.51
2 47.01 56.40 51.27 26.54 64.97 37.69 13.92 63.37 22.82 30.39 58.54 40.01
3 47.15 56.39 51.36 25.93 64.46 36.99 14.35 63.52 23.41 30.75 59.26 40.49
4 46.43 53.66 49.78 25.78 62.39 36.49 13.32 58.98 21.73 30.41 56.45 39.53
5 45.81 51.01 48.27 26.05 60.58 36.44 13.37 56.71 21.64 29.47 52.99 37.88

Table 5.10: Evaluation of YETI for Agent Conversation Intervals for proactive interventions

5.7.2 Extrema Range

The extrema range refers to how close the alignment score needs to be to a minima or

maxima (whether local or global) in order for a proactive intervention to be detected. A larger

extrema range makes YETI more sensitive, resulting in more proactive detections, while a nar-

rower extrema range leads to less proactive detections. In Tables 5.12 and 5.13 an extrema range

of zero results in a much lower recall, while an extrema range of two results in a lower precision.

Since overall, YETI struggles more with precision than recall, the chosen extrema range is one,
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Method Conv. Interval
Overall

Acc. Prec. Rec. F1

Global YETI

1 86.97 52.23 87.04 65.28
2 90.29 52.30 82.51 64.02
3 92.01 52.42 78.63 62.90
4 93.11 52.69 75.20 61.97
5 92.65 51.15 76.22 61.22

Local YETI

1 93.76 64.51 59.73 62.02
2 94.25 63.79 55.47 59.34
3 94.59 63.43 55.12 58.98
4 94.77 62.23 52.3 56.84
5 94.98 61.61 49.79 55.08

Table 5.11: Comparison over different Agent Conversation interval sizes for proactive interac-
tions.

which maximizes precision.

Method Extrema
Ranges

Overall
Confirm
Action

Correct
Mistake

Follow
Up

Prec. Rec. F-meas. Prec. Rec. F-meas. Prec. Rec. F-meas. Prec. Rec. F-meas.

Global YETI
0 41.34 70.61 52.15 22.52 76.96 34.85 11.09 73.87 19.28 27.13 73.92 39.69
±1 41.86 88.31 56.17 22.54 91.51 36.17 11.68 90.29 20.69 27.55 89.69 42.15
±2 41.05 91.95 56.75 22.19 94.09 35.91 11.48 93.08 20.44 27.43 93.04 42.37

Local YETI
0 43.42 26.02 32.54 24.83 33.16 28.39 11.12 28.28 15.96 27.35 27.17 27.26
±1 46.88 60.38 52.77 26.55 68.62 38.29 14.71 68.02 24.18 30.07 62.05 40.51
±2 46.74 77.23 58.24 25.98 83.11 39.59 13.34 79.83 28.86 30.63 79.22 44.18

Table 5.12: Evaluation of YETI for Extrema Ranges for proactive interventions

Method Extrema Ranges
Overall

Acc. Prec. Rec. F-meas.

Global YETI
0 92.14 53.94 68.52 60.36
±1 86.97 52.23 87.04 65.28
±2 84.82 51.76 91.09 66.02

Local YETI
0 94.40 68.19 28.17 39.87
±1 93.76 64.51 59.73 62.02
±2 91.82 61.39 76.09 67.95

Table 5.13: Comparison over different Extrema ranges.
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5.7.3 SSIM Thresholding

When certain frames are filtered based on their SSIM score relative to the previous frame,

the meaning of what it means to have structural similarity is made more abstract. This abstraction

is a form of reasoning.

Method SSIM Overall
Confirm
Action

Correct
Mistake

Follow
Up

Prec. Rec. F-meas. Prec. Rec. F-meas. Prec. Rec. F-meas. Prec. Rec. F-meas.

Global YETI

0.5 43.20 71.83 53.95 23.86 77.14 36.45 11.40 71.87 19.68 30.01 76.74 43.14
0.6 42.55 79.60 55.46 23.07 83.90 36.19 11.70 81.33 20.46 29.53 83.02 43.56
0.7 41.71 85.49 56.06 22.56 88.93 35.99 11.88 87.77 20.93 28.81 87.69 43.36
0.8 41.29 87.38 56.08 22.44 90.64 35.98 11.87 89.37 20.96 27.99 89.05 40.59
0.9 41.86 88.31 56.17 22.54 91.51 36.17 11.68 90.29 20.69 27.55 89.69 42.15

Local YETI

0.5 47.35 43.05 45.09 25.88 50.31 34.18 14.23 45.22 21.65 32.66 48.00 38.87
0.6 45.55 49.19 47.30 24.60 56.28 34.24 14.00 54.62 22.29 30.84 53.22 39.05
0.7 45.93 55.86 50.41 25.09 63.09 35.91 14.50 63.14 23.59 30.44 58.83 40.12
0.8 47.09 59.52 52.58 26.50 67.61 38.08 14.98 67.39 24.51 30.45 61.47 40.73
0.9 46.88 60.38 52.77 26.55 68.62 38.29 14.71 68.02 24.18 30.07 62.05 40.51

Table 5.14: Evaluation of YETI for SSIM Thresholding for proactive interventions

Method SSIM
Overall

Acc. Prec. Rec. F-meas.

Global YETI

0.5 91.49 55.38 68.88 61.39
0.6 90.20 54.14 77.36 63.69
0.7 88.62 53.06 83.92 65.01
0.8 87.55 52.39 85.99 65.11
0.9 86.97 52.23 87.04 65.28

Local YETI

0.5 94.13 64.25 41.12 50.14
0.6 93.98 62.75 48.05 54.42
0.7 93.88 63.46 55.14 59.01
0.8 93.81 64.42 58.65 61.40
0.9 93.76 64.51 59.73 62.02

Table 5.15: Comparison over different SSIM Thresholding levels for proactive interactions.
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5.7.4 Episode Length

Varying the initial history (i.e. Episode Length) needed in order to make the first proactive

intervention/interaction did not influence the results from those in Tables 5.4 and 5.5. This could

be due to the fact that the Episode Length is only relevant for the first few frames of the video,

and thus has an extremely narrow window to influence the ultimate output.

5.8 More Use Cases for Proactive Intervention Detection

The HoloAssist paper [319] presents many additional use cases for an AI Assistant that can

proactively intervene when the user is trying to accomplish a task. An exhaustive list of all the

uses included in the dataset is as follows:

• Assembly tasks

– Assembling a computer

– Assembling a laser scanner

– Assembling a nightstand

– Assembling a stool

– Assembling a tray table

– Assembling a utility cart

– Disassembling a nightstand

– Disassembling a tray table

– Disassembling a utility cart
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• Maintenance and Repair

– Changing a mechanical belt

– Changing a circuit breaker

– Fixing a motorcycle

• Consumer Electronics

– Making coffee with an espresso machine

– Making coffee with an espresso machine

– Setting up a big printer

– Setting up a camera

– Setting up a GoPro

– Setting up a small printer

– Setting up a Nintendo Switch

Assistive AI Agents that can proactively intervene are particularly useful for tasks such as

these, where they can help with:

1. Complexity Management: Furniture assembly is a good example of a task that seems

straightforward at first but can quickly get out of hand, especially if a mistake made early on

is only noticed by the user much later on in the process. A proactive AI Agent intervention

could help catch these mistakes early on before they become a larger problem.

2. Safety Considerations: Tasks such as changing a mechanical belt or a circuit breaker can

open the user up to serious harm if they are not careful. If the user interacts with a live wire
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while the power is on they could be seriously injured. An AI assistant could potentially

proactively intervene before the user makes this mistake.

3. Expertise Gap: If a user is new to completing a task that benefits from learned experience,

the proactive AI Agent could take on the role of an instructor guiding a student. This would

be especially useful for fixing a motorcycle, which is often done by expert mechanics.

The diversity of these use cases demonstrates that proactive AI assistance has broad appli-

cability in scenarios where expert oversight would traditionally be beneficial. This is particularly

valuable in contexts where users might not possess sufficient domain knowledge to self-identify

potential issues or formulate appropriate queries for assistance.

(a) Intervention - 3 sec-
onds

(b) Intervention - 2 sec-
onds

(c) Intervention - 1 second (d) AI Agent proactively
intervenes.

(e) SSIM between consecutive frames. (f) Changing Objects Alignment Signal

Figure 5.6: Intervention Detection for Changing Electric Circuit Task.

A Proactive AI Agent can help in many industrial or home maintenance tasks like how to

change an electrical task in Figure 5.6. The AI Agent helps to guide the user on how to change
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the circuit breaker and proactively intervenes without any questions from the user when the AI

Agent observes that the user may touch the electric circuit which will be a safety worry. The

Extrema of the changing object count for the corresponding frame is helpful to determine when

the AI Agent should intervene proactively, post filtering by the SSIM signal. Filtering helps to

obtain an abstract scene understanding capability to the Proactive AI Agent. The expectation is

that the frames where the AI Agent should intervene are dissimilar and can be observed by SSIM

while pruning the edge cases by filtering.

5.9 Conclusion and Future Work

In this Chapter, the significant gap in proactive AI assistance for everyday real-world tasks

has been tackled by introducing the Yet-to-Intervene (YETI) agentic algorithm. Traditional AI

agents operate reactively, responding only to explicit user prompts. This limits their effectiveness

in dynamic and context-sensitive environments where anticipatory intervention can substantially

enhance user experience and task efficiency. The YETI algorithm addresses this limitation by

enabling AI agents to proactively identify and intervene in user actions without awaiting explicit

cues.

YETI has been integrated with lightweight Vision-Language Models (VLMs) like

PaliGemma in this apporach, demonstrating remarkable improvements across key performance

metrics, especially Recall, Accuracy, and F-Measure. YETI achieves these enhancements while

using features that are up to 6,870 times more memory-efficient than those employed by state-of-

the-art models such as HoloAssist. This drastic reduction in overhead not only makes YETI more

accessible for deployment on resource-constrained devices but also paves the way for real-time,
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scalable AI assistance in diverse augmented reality (AR) applications.

I have provided extensive ablation studies which reveal the critical features that influence

the accurate detection of interventions. The most influential components that empower YETI to

discern when proactive interactions or interventions are warranted are identified by systemati-

cally varying and analyzing different feature sets. This insight shows the importance of feature

selection in the design of efficient and effective AI assistance algorithms.

Looking ahead, there are several promising avenues to carry on for future research. First,

YETI’s intervention capabilities can be enhanced by incorporating richer sensory data, including

hand pose, eye gaze, head orientation, Inertial Measurement Unit (IMU) readings, and depth in-

formation. Integrating these modalities is expected to provide a more comprehensive understand-

ing of the user’s context and intentions, thereby enabling more nuanced and timely interventions.

I also plan to evaluate YETI’s performance across a broader spectrum of VLMs to assess its

generalizability and identify optimal model architectures for proactive assistance. Additionally,

fine-tuning VLMs on the HoloAssist dataset could further refine the agent’s ability to anticipate

user needs and improve intervention accuracy.

Future implementations of YETI will explore adaptive learning mechanisms that allow the

AI agent to refine its intervention strategies based on user feedback and evolving task dynamics.

This adaptive approach is anticipated to enhance the personalization and effectiveness of AI as-

sistance, making it more attuned to individual user preferences and behaviors. VLM capabilities

can also be expanded, including using reasoning models to do semantic understanding, reasoning,

and planning.

In summary, the YETI algorithm represents a significant advancement in the development

of proactive AI assistants, offering enhanced performance with reduced computational demands.
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YETI has the potential to transform human-AI collaboration in AR environments by enabling

timely and context-aware interventions. Ongoing and future work seeks to build upon these

foundations, further pushing the boundaries of what proactive AI agents can achieve in facilitating

and automating complex real-world tasks.
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Chapter 6: Model Predictive Control to Guide Self-Driving Cars

Control problems for autonomous AI agents, especially safety-critical applications such as

autonomous vehicle control, require robust decision making frameworks to ensure safe naviga-

tion in such complex and dynamic environments. This necessitates approaches such as Agentic

Model Predictive Control (MPC), which can anticipate future problems and plan for them accord-

ingly. Recently research on Multimodal Vision Language Models (VLMs) have bene helpful to

improve semantic scene understanding based on the observation’s context from extremely large

amounts of information. These models vary in a wide range of sizes, trading off speed with per-

formance as they scale further and further. Here I introduce a novel framework that integrates

MPC with Multimodal VLMs [19] in order to enhance the ability of autonomous vehicles to nav-

igate and respond to real-world scenarios. Leveraging the open-source Waymax library released

by Waymo, along with Waymo Open Motion, Berkeley DeepDrive and NuScenes Datasets, this

method uses Multimodal VLMs to detect and draw bounding boxes around important parts of

the scene, such as pedestrians or other vehicles. These models are helpful for querying specific

attributes of identified objects, such as telling if a vehicle is accelerating or decelerating, or by

recognizing if a newly detected obstacle is on a collision course with the vehicle. By incorpo-

rating these and other semantic insights into an MPC framework, an autonomous vehicle can

make more informed and more context aware decisions to mitigate the risk of a collision and
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safely navigate its surroundings. This approah is evaluated in diverse simulated environments

using VLMs of different scales, demonstrating improvements in safety and reliability metrics

compared to traditional MPC methods. The integration of VLMs with MPC represents a sig-

nificant advancement in autonomous decision making, and especially in dynamic and uncertain

situations. This approach paves the way for future research in using Multimodal VLMs for more

intelligent and adaptable autonomous agents.

6.1 Introduction

Autonomous vehicle control is a long-standing challenge in robotic reasoning and planning.

Driving, for example, is feasible for most people given sufficient training and instruction, but is

an extraordinarily complex task for a computer to accomplish [48]. There are countless data to

take into account when deciding which action to take, and a severe departure from a planned

course of action may be required at any moment. For this reason, reliable autonomous vehicles

have remained elusive despite significant advances in Artificial Intelligence (AI) research.

One method used to implement planning in autonomous vehicles is Model Predictive Con-

trol (MPC). In MPC, the system has an explicit model of its own evolution, allowing it to antic-

ipate future states and plan accordingly, adjusting as needed to any new information it receives.

It works even in a complex multivariate environment, such as autonomous driving, where route

tracking and vehicle movement must be taken into account [6]. MPC is a powerful and efficient

framework used not only in autonomous vehicle control but in a wide variety of safety-critical

applications such as chemical synthesis and air traffic control.

Vision Language Models (VLMs) have emerged as a popular way to create AI systems
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capable of taking in different modalities of data similar to how a human would [114]. A VLM

can ingest text, speech, images, video [20], and a host of other data to generate an output. Due to

the vast amount of data used to train these models, VLMs are often used to give an AI a general

world understanding, though they can also be fine-tuned for a particular task. The capabilities

of a VLM scale considerably with the number of parameters, but an increase in size also comes

with considerable latency, creating a tradeoff between performance and speed when it comes to

model scale. For this reason, many VLMs often come packaged in a “family", leaving it to the

user to select which one best fits their use case.

In my work on Multimodal Agentic Model Predictive Control [19], I propose combining

MPC and VLMs to create autonomous vehicle agents that have a semantic understanding of the

world. The goal of this integrative approach is to create AI agents that will:

1. Have more context-aware decision making and improved safety in complex and dynamic

situations

2. Be able address real-time decision making problems with powerful AI capabilities

3. Leverage knowledge from pre-training that can handle unforeseen circumstances better

than traditional Autonomous Vehicle Control

4. Have superior interactions with humans by using language-based signals

This approach is not only possible but can be accomplished using open-source data such

as the Waymo Open Motion Dataset [95] and the NuScenes Autonomous Driving dataset [47],

as well as open-source simulators such as Waymax [122]. Multimodal Agentic Model Predictive

Control gives fine-grained control which can be useful for the AI Agent adapting to mistakes and
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navigating efficiently while training or finetuning self-driving vehicles.

6.2 Background

AI Agents are systems where an Artificial Intelligence is endowed with the ability to ob-

serve an environment, choose an action, and execute that action within the environment. The

most important feature distinguishing AI Agents from traditional AI is that the AI Agent needs to

be able to consider how its own behavior affects the world around it, rather than simply focusing

on giving the "correct" output at any given moment. For this reason, Autonomous Vehicles, and

particularly Self-Driving Cars, fit neatly into the category of AI Agents.

Autonomous Vehicle Development has been an active area of research since as far back as

the 1980s [88]. While rule-based approaches were originally the norm for these systems, the ad-

vent of practical deep learning led to the quick adoption of advanced learning-based approaches

that could capture patterns in data that could not be explicitly modeled by a set of human-written

rules [267]. Self-driving car companies such as Waymo, Kodiak, and Wayve have released blog-

posts with limited detail on using VLMs for Autonomous Vehicles, but they have not combined

VLMs with classical control mechanisms like MPC which has been proposed in this Chapter.

MPC is a paradigm adopted both in rule-based approaches to artificial intelligence as well

as learning-based approaches. Due to its ability to anticipate future scenarios and plan in dynamic

environments, it is well suited for an environment as sophisticated as that of a driver operating a

vehicle [313]. Another advantage of MPC is its interpretability, being that they:

1. Optimize a cost function that has a physically-grounded meaning

2. Make derivations entirely according to the constraints and objectives of the problem
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3. Have predictions that can be readily analyzed

Recent research has also proposed merging MPC with other methods of control such as

Stanley-based control [6].

VLMs have increasingly been used to take actions, with Vision-Language-Action (VLA)

models emerging to address this use-case [160, 356]. Specifically, VLMs and controllers have

been used in conjunction with one another before [35, 352]. In fact, VLMs have been used to

serve as controllers in and of themselves [228, 355]. Previous work has looked at using MPC and

VLMs in combination with one another for Self-Driving Cars [190]. I hypothesize a framework

that can serve as a basis for other Autonomous Vehicle paradigms as well, including Autonomous

Drones and Autonomous Aquatic Vehicles and Submersibles. With this proposed framework, it

is aimed to further expand the horizon of what VLMs can be used for and improve the state-of-

the-art for Autonomous Vehicle Control by introducing these new capabilities.

6.3 General Approach: VLM-MPCs for Autonomous Vehicles

6.3.1 Conceptual Framework

The integrative MPC=VLM framework for an enhanced Autonomous Vehicle Control is

centered on the potential for improving performance by leveraging the semantic understanding of

the world embedded in a VLM with MPC that can safely anticipate and plan for future challenges

faced by the autonomous vehicle using information perceived by the VLM. At each timestep,

the autonomous vehicle would have information input to its sensors. This input would be fed

into the context of the VLM, along with a sufficient history of prior information. The system
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would then query the VLM for information regarding the scene, such as whether there is a car

in the scene or not, as well as changes in the scene, such as whether the car appears to be in the

way of a pedestrian. A VLM of a size that the Autonomous Vehicle is capable of safely using

given resource and time constraints should be used, as the vehicle must be able to quickly make

decisions. A key advantage of this approach is that it gives humans a way to understand how

the vehicle is planning for future obstacles, accomplishing the objective of a safe and trustworthy

autonomous vehicle controller. An overview of the general framework is illustrated in Figure 6.1.

Figure 6.1: Overview of the decision making process for the VLM-MPC system for Autonomous
Vehicle Control.

6.3.2 Scene Understanding using VLMs

While traditional computer vision techniques analyze a scene using statistical correlation,

VLMs are capable of a higher-level understanding of contextual relationships [360]. VLMs have

previously been used for scene understanding in the context of autonomous driving, even when

given unusual visual data such as LIDAR [181] which is a common modality of autonomous

vehicle data. These approaches have not been integrated with Autonomous Vehicle controllers,
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but the potential for VLMs to enhance Autonomous Vehicles is clear. Relatively small VLMs,

such as PaliGemma 3B [33] are capable of taking input frames from a video and detecting a

particular kind of object, such as a car. They are also capable of segmenting the environment

into its most important components, which makes them suitable for extracting a large amount of

information from their output given a suitable query.

Figure 6.2: PaliGemma 3B can accurately identify and detect moving cars in a video.

6.3.3 Semantic Querying for Object Attributes

In addition to a general understanding of the world that can be provided through VLMs,

there is additional information gained from making queries to the VLM about important objects

detected in the video. If the VLM detects a car for example, it could be asked whether the car

appears to be heading closer or further away, whether the vehicle is on a collision course with a
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traffic cone or whether the car safely out of the way, along with many other pieces of information

that could be extracted from the scene. This step leverages the semantic knowledge of the VLM

in order to learn more about each object in the scene.

6.3.4 Integration of Semantic Insights into MPC

Once semantic insights on the scene observed by the VLM are obtained, it is important to

find a way to integrate them into the MPC that makes full use of the information available while

also ensuring that information is usable by the MPC. The output of the VLM can be formatted

in terms of driving parameters such as the Speed and Heading of objects of note such as other

vehicles. This information, combined with the known state of the Vehicle, can better inform the

MPC and lead to better performance due to the additional information about the environment.

6.3.5 Real-time Processing and Decision Making

Due to the flexibility of the integrative VLM-MPC framework, VLMs of various scales

and sizes can be applied to see which VLMs allow for the best balance of robust information and

speed. Autonomous vehicles are absolutely required to make real-time decisions, as a life-or-

death situation could come at any moment. With this in mind, larger models may be infeasible,

while ultra-small models such as those designed for mobile phones may not fit into the right

semantic capabilities required for the MPC to make good decisions. These different scales of

VLM can be explored to get a model size that fits the requirements for both robust decision

making and real-time decision making. Processing the information will also need to be done

quickly in order for the VLM output to be realized in time in the first place, meaning the other
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inputs to the VLM such as the vehicle state, environment conditions, and reference memory must

also be represented in a compact format that can be processed quickly.

6.3.6 Safety-Centric Approach

As the main goal of integrating VLMs with a MPC is to provide control signals for an

autonomous vehicle, safety must be of paramount importance. In order to reach safe control

signals, additional safety constraints are imposed on the MPC. This can prevent the MPC from

accelerating too much or from turning too sharply. This adds an additional layer of robustness to

the controller, as output from the VLM still has the potential to be off due to hallucinations and

other inaccuracies. There is a robust body of literature on imposing these sorts of constraints,

but specifically engineering constraints for information sourced from the VLM can be another

contribution of implementing this framework.

6.3.7 Adaptability and Generalization

With a VLM-backed MPC system, there is a significant ability for the autonomous vehicle

to be able to adapt to unseen scenarios and other information that it sees repeatedly. The world

knowledge stored in the VLM as a result of pretraining on a vast amount of data means that

decisions can be made with information that has a very slim but nonzero chance of showing up in

an environment such as the road. The massive corpus of data that is used to pretrain the VLM will

have many different pieces of data that an ordinary dataset for training an autonomous vehicle

may not necessarily have exposure to. This advantage could give this framework a significant

advantage over other autonomous vehicle frameworks.
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6.3.8 Human-AI Collaboration

Current methods still fall short of true autonomous vehicles. It is necessary for humans

to be able to see how the VLM-MPC system for autonomous vehicles is creating and using its

control signals. For this purpose explainable AI (XAI) techniques can be used to gain more

insight into how the VLM finds the parameters fed into the MPC. Thankfully, MPC controllers

are more naturally interpretable and so XAI techniques may not necessarily even be needed in

order to understand that component, so long as the concepts behind the output parameters from

the VLM make intuitive sense to a human observer.

6.4 Conclusion and Call to Action

The integration of Multimodal Vision Language Models (VLMs) with Model Predictive

Control (MPC) represents a significant leap forward in autonomous vehicle technology. This

novel framework has the potential to revolutionize how autonomous vehicles perceive, under-

stand, and navigate complex real-world environments.

By leveraging the semantic understanding capabilities of VLMs and combining them with

the predictive and adaptive strengths of MPC, there can be autonomous systems that are more

context-aware, safer, and more efficient. This approach addresses critical challenges in au-

tonomous vehicle control, such as real-time decision making in dynamic environments, handling

of unforeseen scenarios, and improved interaction with human drivers and pedestrians.

However, realizing this vision requires concerted effort from the research community. I

call upon researchers, engineers, and practitioners in the fields of artificial intelligence, robotics,
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and autonomous systems to:

1. Explore VLM-MPC Integration: Investigate novel ways to effectively combine the

strengths of VLMs and MPC, focusing on real-time performance and safety guarantees.

2. Advance VLM Capabilities: Develop more efficient and task-specific VLMs that can oper-

ate within the computational constraints of autonomous vehicles.

3. Enhance Safety Frameworks: Create robust safety validation methods that can rigorously

test and verify VLM-enhanced autonomous vehicle control systems.

4. Address Ethical Considerations: Engage in interdisciplinary research to tackle the ethical

implications of using AI for critical decision making in autonomous vehicles.

5. Standardize Evaluation Metrics: Develop comprehensive benchmarks and evaluation

frameworks that can assess the performance of integrated VLM-MPC systems across di-

verse scenarios.

6. Foster Collaboration: between academia, industry, and regulatory bodies to accelerate the

development and deployment of these advanced autonomous systems.

By pursuing these research directions, the full potential of VLM-enhanced autonomous

vehicles can be unlocked, paving the way for safer, more intelligent, and more adaptable trans-

portation systems. The fusion of VLMs with MPC not only promises to advance the field of

autonomous vehicle control but also opens up new possibilities for intelligent autonomous agents

across various domains.
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Chapter 7: Other Real World Applications of Multi-Agent AI

7.1 Multi-Agent AI for Climate Conservation: Mitigating De-

forestation

Multi-Agent Reinforcement Learning (MARL) is useful to model climate conservation

problems as Stackelberg Security Games (SSGs) which is elaborated in Section 8.4.5. I have

published research [22], focusing on the climate conservation problem of preventing deforesta-

tion with the goal of learning a MARL environment that can lead to exploring effective strategies

to mitigate deforestation. A boosted Decision Tree Classifier, the BoostIT algorithm constructs

the MARL environment modeling a green security asset of the sub-national regions of Indone-

sia, tree cover. A key insight at the basis of the proposed models is that deforestation occurs

in hotspots, according to a thorough literature survey. The strongest predictor of deforestation in

other sub-national regions is proximity to other anthropogenic activity. Coarse-grained prediction

of targets vulnerable to attacks is a significant challenge in Green Security Games for strategizing

by defenders. It takes minimum resources to build a boosted Decision Tree Classifier with ac-

curate predictions, and is scalable for the sake of expanding on the assumptions made regarding

the drivers of deforestation. Communities can be empowered by such an algorithm to effectively

manage forest resources.
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2000 2010 2020

Figure 7.1: Tree cover loss in Indonesia from 2000 to 2020.

Over the last 20 years, the severely vulnerable status of forest assets, specifically in Indone-

sia, has put the focus on tree cover loss. It can be seen in the image in Figure 7.1 there was a

minor tree cover loss in 2020 just 20 years ago. A moderate loss is shown from 2010 in the West-

ern islands of Sumatra with not much change in the remaining islands of Indonesia. However,

the tree cover loss rapidly started increasing from 2010- 2020.

7.1.1 Preventing Deforestation: Modeling and Prediction of Vulnerabilities

in Forest Conservation

Accurate detection and prediction hotspots of vulnerable forest assets is a necessary but

challenging task in the domain of green security problems i.e., protection of natural assets subject

to strategic adversaries [see, e.g., 96]. Solutions in this space are applied towards the manage-

ment of limited forest resources and, ultimately, the health of our planet. Literature suggests that

government bodies, who are tasked with managing resource-rich forests, rarely have comprehen-

sive data regarding deforestation in their region [12]. Reasons include the difficulty of accurate

data collection for those protecting green assets, and the vast quantity of data—both in terms of

its temporal and spatial depth—can be overwhelming for the many stakeholders involved.
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However, data collection has been made much easier with satellite imagery. For example,

the Thematic Mapper Plus (ETM+), onboard Landsat 7, and the Operational Land Imager (OLI)

onboard Landsat 8 have been systematically acquiring global multi-spectral observations at a

30m spatial resolution1, since 2013. In the present work, I leverage the data collected repeatedly

over an 8-day period by the GLAD lab at the University of Maryland, College Park, to monitor

forest activity at a high granularity and accuracy.

This data, openly available through the Global Forest Watch (GFW) initiative, has been

enriched using in-situ data—collected, on the ground, by environmental scientists. Through

this work, I can recognize and map the satellite activity to different types of human activity,

contributing to forest cover loss [146]. This work, as seen in Figure 7.1, presents detailed and

comprehensive forest data in a simple way.

Stakeholders can be empowered by such predictive models by pointing them to the nexus

of human-driven deforestation. I focus on applying predictive models specifically to the Global

Forest Watch 2 data from Indonesia. The reason why I have considered Indonesia was because

deforestation is occurring on a massive scale there—ripe for modeling. Figure 7.1 shows that

deforestation in Indonesia has accelerated in severity in the last 20 years. This data is readily

available. Upward movements of 5 different drivers of forest loss have been detected with satellite

imagery alone in previous work [12].

I view deforestation as adversarial behavior against forest assets by attackers in a green

security game framework [97]. This lens has enabled me to model deforestation as it occurs—

much like criminal activity—at hotspots which shift over time. I view “attackers” as individuals

1https://glad.umd.edu/dataset/glad-forest-alerts
2https://www.globalforestwatch.org/
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who extensively consume forest assets and “defenders” as those individuals who work to preserve

those same assets. Thus, I believe that my research can can be applied towards modeling nature

(along with forest rangers) as defender(s) wherein climate change realities disincentivize attacks

to forest assets.

I see that models are required to predict the extent of demand for available resources and

the growth rate of renewable assets. These model predictors could encourage stakeholders for

implementation of forest-farming practices; when they reap only the assets which meet current

needs thereby reducing waste. In generating fast, efficient, and detailed prediction models for the

short term and long term, I support the development of better mechanisms to empower all people

to consider the actual cost of exploiting their resources.

In this Chapter, the focus has been put on specifically predicting the vulnerable areas per-

taining to green assets. In order to enhance the decision making in green security problems these

predicted vulnerabilities can be used as input data. To provide insight into curbing forest loss, a

predictive model has been proposed. The tree-loss-cover data collected over a 20-year period has

been used to define attacks on forest assets. A net-positive percent of tree-cover-loss in an area

categorizes the area as being attacked. Based on a map of attacks within different sub-national

regions in Indonesia, a spatially-aware boosted decision tree model with iterable learning (Boos-

tIT) has been built to predict hotspots vulnerable to deforestation by attackers. Data regarding

geographic parameters (elevation in particular) have been used to boost the classification to deter-

mine the accessibility of particular regions. I have evaluated the performance of the pure decision

tree model (with and without iterable learning), and the performance of the decision tree model

with geographic parameters (with and without iterable learning). I have found that all the four

proposed classifiers have performed well and have given me some idea of which areas are most
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vulnerable to deforestation.

———————————————————————

7.1.2 Related Work

I observe that environmental science and mechanism design literature addressed the climate

conservation, specially deforestation problem-space most directly. In the following sections, The

findings from both fields have been combined to make a case for the type of solution prototype.

Drivers of Deforestation in Indonesia

A large-scale analysis of geographic images has been conducted by the three leading stud-

ies [12, 146, 314] to identify deforestation trends. Retrospective land-cover analysis has been

conducted by all three projects to correlate in-situ data with satellite imagery to identify drivers.

A study was performed in 2018 [314] specifically identifying the drivers in the protected areas of

Indonesia. They observed a high correlation between the tree cover loss in protected areas and

agricultural expansion. In Indonesia, fires started by farmers near protected lands often uninten-

tionally destroyed protected peat forests. The growth of scrubland, detected on satellite images,

followed by forest loss, confirmed this theory. In fact, this study found that more than 38% - 57%

of all protected areas which were deforested were left to become scrubland or grassland.

Similar techniques have been used in [12] to understand better the drivers of deforestation

in all of Indonesia. They observed that between 2001 and 2016, the single largest contributor was

palm oil plantations, accounting for 23% of all deforestation across the country. Deforestation

from the oil palm industry hit a peak between 2008 and 2009 and has been steadily declining.

Other drivers identified in [12] ordered from highest to lowest impact are: timber industry, unin-
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tentional conversion of forests to grassland, small-scale agriculture, small-scale clearing, mining,

and fish ponds.

In the latest study [146], a unique deep-learning technique was introduced to automatically

identify when deforestation is taking place and its causes. Using expertly labeled satellite images

the ForestNet learned to identify drivers. The main thrust of this work is not in identifying unique

drivers but in demonstrating that an automatic approach can be employed to identify when these

drivers are affecting changes in Indonesian forests. However, it is unlikely that this approach has

real-world applications since the images being labeled are static and a proper analysis of human

drivers requires observation of trends. Nevertheless, it is a start for those who want to build

models to provide more granular predictions.

Note that the studies I discuss above focus on identifying human-made drivers of forest loss

and not on natural causes. Statistically, differentiating between the two is considered straight-

forward. Deforestation caused by anthropomorphic activity can be highly devastating, whereas

natural causes do not register on satellite images on nearly the same scale. [12] stratify and filters

out forest loss under a certain threshold, and I will be taking the same approach to identify strata

of loss.

Preventing Deforestation with Green Security Games

Game theory consists of mathematical modeling among rational decision-makers (as per

conventional wisdom) for cooperation, conflict, and other domains of problem-solving [224]. The

problems in Green Security Games [153] focus on modeling interactions among agents involved

in green security domains like wildlife and biodiversity protection.

Green Security Games can be defined as a game between attackers and defenders on par-
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ticular targets holding high significance in green security with coverage vectors indicating if the

targets have been covered [226]. There can be complex versions of this game played over several

rounds in order to achieve equilibrium.

In the case of wildlife protection [153], the attackers are poachers trying to poach animals

like elephants while defenders are the rangers of a protected National Park in Uganda, Africa.

Modeling the adversary’s decision-making process can be very challenging, primarily to under-

stand the vulnerable areas where an adversary can hunt down targets.

A few different projects are built on this premise and applied towards predicting illegal

logging [150, 207], and poaching [333]. These works primarily focus on finding the optimum

patrol/defender strategy to prevent illegal extraction of forest resources either by using multi-arm

bandits [333], neural networks, or by modeling it as a Stackelberg game [207] [150]. Instead of

focusing on optimum defender strategy, I focus on a smaller part of this problem by finding and

predicting the most vulnerable forest assets based on previous forest cover loss data and other

domain features.

Impact of Multi-Agent AI Strategies on Deforestation

I believe that further work in this research area can empower local stakeholders to manage

forest resources and make it the responsibility of the international community– as they also reap

the benefits of these resources. I have found quite a few papers in environmental science and

economics that proposed solutions towards this end. One solution would be to cap and enforce

carbon emissions of international countries tasked with managing resource-rich tropical forests

[346]. This approach would limit the amount of deforestation those countries could leverage

towards economic gain. However, this can also cause countries to refuse to play in that market—
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particularly if they think they can leverage their resources for monetary benefits elsewhere.

It seems that the real issue is that communities tasked with caring for rich forest resources

are often at an economic disadvantage in international markets. They find that it is advantageous

to sell their resources to powerful multinationals to elevate the status of their country and its

people. Thus, mechanisms applied towards reflecting the actual cost of using these resources,

be it at the local or global scale, must elevate the voices and power of these local communities

[109]. This means providing detailed information to local communities regarding the resources

available on their land and the best way to harvest those resources without creating permanent

damage to the forest itself. I have found lots of literature that confirmed these ideas and proposed

mechanisms to that end. For example, a few proposed enabling a community forestry scheme

to allow local communities to directly manage forest resources [1, 262]. [218] proposed, in

a nature article, a scheme towards bettering the management of existing plantations in order to

reduce deforestation.

To this end, algorithms which reflect these values must be: (1) transparent, (2) readily

accessible to local communities, and (3) include information on all the facets which influence

deforestation. Details could include: availability of specific resources in a region, the accessibility

of those resources across all regions, how these resources are actually valued in the international

market, and the risks involved (to bio-diversity or the health of the forests) in harvested those

resources.

The ease with which I can train a decision tree classifier and the extensibility of

this approach warrant an exploration into using decision tree classifiers towards empowering

community-driven forest-management initiatives.
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Detecting deforestation

Two of the surveyed papers sought to predict the land areas which were susceptible to defor-

estation [111, 155]. [155] developed a spatial-temporal analysis technique to identify the primary

drivers of deforestation in the Saranda forest of India. They used data within a GIS framework

to make predictions about the land segments which were the most susceptible to deforestation

into the year 2050. Using a combination of analysis techniques, including frequency ratio, lo-

gistic regressions, and an analytic hierarchy process, they showed that the susceptible areas were

the most likely to be in proximity with settlements or current anthropomorphic activities. This

finding is consistent with the literature, which models poaching or illegal logging behavior using

crime hotspots [150, 207, 333].

[111] observe and predict trends specifically in Indonesian New Guinea. They study the

relationship between the proximity of forests to new or existing roads and accessibility based

on land properties (slope, elevation, and cost distance to public roads). Weights on existing

evidence and logistic regression are used to generate a map that demarcates the areas susceptible

to deforestation.

Though my study and ultimate aim are similar, I take a different path in the MARL en-

vironment construction by predicting the extent of deforestation in sub-national regions all over

Indonesia. This goal can be achieved by ultimately modeling hotspots of forest activity, finding

that proximity to previous anthropomorphic activity drives current trends.

The [153] thesis introduces a spatially-aware BoostIT (boosted decision tree with an itera-

tive learning algorithm), that is used in the deforestation mitigation modeling. Their thesis uses

crime hotspots with soft boundaries in the decision space for less fine-grained segmentation and,
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therefore, more capable of representing hotspots to protect wildlife. I compute distance among

hotspots with reduced forest cover like their distance function does. They use a parameter vector

λ to get the importance of all features, a parameter ω to measure the impact of domain features

on observation probability and a β parameter to estimate detector efficiency which is relevant for

my model.

7.1.3 Dataset

I have acquired this dataset through the Global Forest Watch Initiative. The data between

2000–2013 was collected and verified, in blocks, by [132]. Since 2013, the global multi-spectral

observations were collected by Thematic Mapper Plus (ETM+) onboard Landsat 7, and the Op-

erational Land Imager (OLI) onboard Landsat 8 at a 30m spatial resolution.3 These images

were used to produce the tree cover dataset—a product of the University of Maryland’s GLAD

lab and Google. They enriched image recognition with in-situ data—collected, on the ground,

by environmental scientists. Additionally, I have computed terrain features like slope using the

Google Earth Engine Python API.4 Elevation data from the Shuttle Radar Topography Mission

(SRTM) [98] was processed and made accessible by NASA JPL at a resolution of 30m.

I compute the forest loss data from available Forest Change Data over ten years and the per-

centage of land deforested compared to the total land area for districts in a state. The percentage

of deforested land determined whether forests are being attacked or not. A detailed description

of the parameters, labeling methods, and the generation of the train-test data-splits as inputs for

model construction is provided below.

3https://glad.umd.edu/dataset/glad-forest-alerts
4https://github.com/google/earthengine-api
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Model Accuracy Vulnerable Not Vulnerable
Precision Recall Precision Recall

Base model 62% 72% 76% 27% 23%
Base model with BoostIT 67% 79% 77% 35% 32%

Base model with terrain features 69% 77% 79% 51% 48%
Base model with terrain features

and BoostIT 73% 80% 83% 59% 55%

Table 7.1: Performance of different versions of the deforestation vulnerability detection model
on the test data.

Parameters and Features

I have considered some basic attributes as parameters for my model. Some of these at-

tributes were unique to Indonesia, and some are general to measuring hotspots of deforestation

in any Green Security domain. The deforestation dataset contained five major aspects of defor-

estation and climate change, namely:

• tree loss cover measured in hectares over 20 years

• biomass loss measured in metric tonnes over 20 years

• CO2 emissions measured in metric tonnes over 20 years

• different densities of canopy cover measured by the percentage of the tree cover over the

land

• and sub-national regions in Indonesia which are analogous to states and districts. (hence-

forth ’subnational1’ and ’subnational2’ are referred to as a state and a district respectively)

Tree cover loss data has been critical to label sub-national regions vulnerable to deforesta-

tion. Tree cover is defined as all vegetation greater than 5 meters in height. It can take the form

of natural forests or plantations across a range of canopy densities. Biomass and CO2 emissions
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information were calculated by Hansen et al. They correlated in-situ data with image detection

techniques to get these attributes. Thresholds of canopy cover (≥ 10%, 15%, 20%, 30%, 50%,

and 75%) measure the density of trees in a sub-national region. Given a particular area, rep-

resented as a circle, the percent canopy cover statistic relates to the percentage of the canopy’s

ground area. I have looked at data produced between 2000 and 2020 across all canopy densities

and all sub-national regions.

Based on existing literature and the data available to us, I have considered and used the

set of features to build a spatially aware boosted decision tree model, with iterable learning

(BoostIT), to predict hotspots vulnerable to deforestation by adversaries. I have boosted the

classification using data regarding geographic parameters (elevation in particular) to determine

the accessibility of particular regions. I would like to acknowledge that this is a rough estimate of

accessibility. In addition, I have considered metric tonnes of CO2 emissions and metric tonnes of

loss in biomass to reinforce that an attack had taken place. My learned prediction model specifi-

cally aims to predict vulnerable regions susceptible to palm tree-related land clearing ([12]).

Labeling Tree Cover Loss as Attacks I have computed the forest loss data from available

Forest Change Data over ten years and computed the percentage of land deforested compared to

the total land area in ’subnational2’ (henceforth referred to as district) in a ’subnational1’ region

(henceforth referred to as state). The percentage of deforested land determines whether forests

are being attacked or not, which will be the dependent variable.

If the percentage of deforested land is negative, it indicates that afforestation has happened

in that district. Therefore, it is assigned a class label of 0, indicating that the forests in that dis-

trict for the particular canopy threshold are not vulnerable to deforestation. If the percentage of
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deforested land is positive, it indicates that deforestation has happened in that district; therefore,

it is assigned a class label of 1 indicating that the forests in that district for the particular canopy

threshold are vulnerable to deforestation. For reliability, the annotation of data for targets vulner-

able to deforestation must be professionally done by climate change forest experts. Here, they

have been automatically labeled for analysis on a low scale with limited resources.

Creation of Training and Test Data In the original dataset, there were 3514 data elements,

comprising of 502 districts with seven canopy thresholds. Overall there are 33 distinct states in

the datasets. I refer to each data element based on (’subnational1’, ’subnational2’) keys equivalent

to (state, district) as two states can have the same district name.

I have split the available Indonesian forest loss data from Global Forest Change in an 80/20

split to training datasets and test datasets by ensuring that the distribution of the class labels

(24% negative labels and 76% positive labels) in the original dataset is maintained in both the

train and test split. Suppose data is taken for a (state, district) with a particular canopy threshold

in the training file. In that case, data for that same (state, district) for the remaining six canopy

thresholds are also placed in the training dataset. The same step is repeated for test data. This is

done to have a proper separation between test data and training data.

7.1.4 Methods

I have implemented a version of the spatially aware BoostIT algorithm, introduced by [153]

to identify areas that are vulnerable to forest loss. I view loggers as attackers of forests. The goal

for this green security domain is to protect the green assets from attackers. Unlike wildlife, which

can be targeted in protected areas like national parks, trees can be anywhere. Thus, the notion
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of defenders in this green security game can and should be broad. I will recommend probable

defenders who can effectively act on information on vulnerable areas prone to deforestation,

subject to incentives.

Initially, I have trained a Decision Tree Classifier to predict areas vulnerable to tree-cover

loss using features from the original dataset. I have improved it via the BoostIT decision tree

algorithm as outlined in Algorithm 3. I have predicted hotspot labels on training data and test

data.

Next, to calculate hotspot proximity, I have first devised Algorithm 4 to compute a notion

of proximity in the dataset. The simple idea of proximity is that all districts in a state are prox-

imate, but districts in different states are not. This algorithm considers predicted hotspot class

labels from training data (Θh) or test data (Ψh) as inputs. Then it finds their state ids denoting

whether they are close to one another. Then for each district, the number of districts close to it

is computed. If this number is above a certain threshold α, a new spatial feature (h) is added to

the dataset updating the training data (Θh) or test data (Ψh) accordingly—thereby learning the

boosted decision tree. α is set to 5 in the experiments. This was repeated for a fixed number of

iterations (10 times in my experiment). I have used the original decision tree and the ten boosted

decision trees for accuracy calculation and further analysis.

Please refer to Section 7.1.4 for details regarding hotspot proximity calculation and to see

the visualization of the learned boosted decision tree model (Figure 7.3).

Hotspot Proximity Calculation

To calculate hotspot proximity, I have first devised an algorithm to compute a notion of

proximity in the dataset as outlined in algorithm 4. The simple idea of proximity is that all
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Algorithm 3 BoostIT algorithm to detect targets vulnerable to deforestation
Input: train_data, test_data, proximity_vector, iterations
Parameter: alpha = 5
Output: trees, gtrlist, gtelist

1: Θ0 ← train_data
2: Ψ0 ← test_data
3: D0 ← learn_decision_tree(Θ0)
4: gtr0 ← predict_labels(D0,Θ0)
5: ▷ Predict labels on training data
6: gte0 ← predict_labels(D0,Ψ0)
7: ▷ Predict labels on test data
8: i← 0
9: trees← initialized as list with 1st element as D0

10: gtrlist← initialized as list with 1st element as gtr0
11: gtelist← initialized as list with 1st element as gte0
12: Θh

0 ← Θ0

13: Ψh
0 ← Ψ0

14: while i < iterations do
15: htrain_name← ”h_train_iteration” + str(i)
16: Θh

i ← calc_hotspot_prox(gtri,Θh
i , htrain_name)

17: ▷ Spatial feature is added to training features
18: htest_name← ”h_test_iteration” + str(i)
19: Ψh

i ← calc_hotspot_prox(gtei,Ψh
i , htest_name)

20: ▷ Spatial feature is added to test features
21: Di ← learn_decision_tree(Θi)
22: gtri ← predict_labels(Di,Θi)
23: ▷ Predict labels on training data
24: gtei ← predict_labels(Di,Ψi)
25: ▷ Predict labels on test data
26: trees.append(Di)
27: gtrlist.append(gtri)
28: gtelist.append(gtei)
29: i← i+ 1
30: end while
31: return trees, gtrlist, gtelist

districts in every state are proximate to one another, but districts in different states are not. This

oversimplification may be pertinent in Indonesia, with thousands of islands formed states based

on proximity. Further research can be done to calculate the exact distance between districts to

make bordering districts in adjoining states proximate to one another.
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The proximity vector is computed, which is an array of 3514 elements as there are 3514

data points. Each element is the state id for the particular district. The notion of proximity as

outlined in algorithm 4 is essential to calculate hotspot proximity in algorithm 5 which is used in

the BoostIT algorithm.

This algorithm considers predicted hotspot class labels from training data (Θh) or test data

(Ψh) as inputs. Then it finds their state ids denoting whether they are close to one another. Then

for one district, the number of districts close to it is computed. If this number is above a certain

threshold α, a new spatial feature (h) with value one is added to the dataset updating the training

data (Θh) or test data (Ψh) accordingly. α is set to 5 in the experiments.

Algorithm 4 Proximity Calculation
Input: orig_data
Output: proximity_vector

1: l← length(orig_data)
2: ▷ orig_data has features for every canopy threshold in every district of every Indonesian

state
3: proximity_vector ← initialized to an array with 0s having length l
4: unique_states← orig_data[′subnational1′].unique()
5: ▷ Gets a list of Indonesian states
6: state_id← 0
7: for each_state in unique_states do
8: index_all_districts_in_a_state← list of all indices of each_state in orig_data
9: for index in index_all_districts_in_a_state do

10: proximity_vector[index] = state_id
11: end for
12: state_id← state_id+ 1
13: end for
14: return proximity_vector
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Algorithm 5 Calculate Hotspot Proximity
Input: predictions, featurename, data
Parameter: alpha = 5
Output: data

1: hotspot_indices← gets a list of indices in data for hotspots (class label = 1) in pred
2: hotspots← state_ids from proximity_vector at hotspot_indices
3: hotspot_state_counts← a 2D array with unique states and their counts in hotspots
4: data[feat_name]← 0
5: ▷ A new column initialized to 0 is added to the data
6: for state_count in hotspot_state_counts do
7: state = state_count[0]
8: count = state_count[1]
9: if count ≤ alpha then

10: dist_indices_cutoff ← indices from prox_vec for state_ids with value state
11: data[dist_indices_cutoff, feat_name] = 1
12: ▷ Sets the new feature in data as 1 for elements in data at dist_indices_cutoff
13: end if
14: end for
15: return data

7.1.5 Results

The results on the comparison between different models are presented in Table 7.1.5 I

can see that all four models have decent performance (accuracy > 62%) and can give some idea

of which areas are most vulnerable to deforestation. The mismatch in the precision and recall

between the two labels can be explained by the fact that even if two locations have the same

features, they could be labeled differently. Boosting the decision tree with proximity lead to

significant improvement in prediction results—both for the base model and the base model with

the addition of terrain features (see Figure 7.3). This approach aligns with the intuition that

identifying areas vulnerable to deforestation is more akin to detecting hotspots than segmentation.

The addition of terrain features also leads to a significant jump in performance. Biomass features

5I have defined each model and included the confusion matrix of the boosted base model with terrain features in
Figure 7.2.
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seem to be the most important for my base model. However, the slope and biomass standard

deviations for the base model, with terrain features, were equally essential features.

I evaluate the following four versions of my AI model on the test split of the created dataset

in order to understand how the assumptions on environmental and geological features affect the

performance of the model :

• Base model: This model is composed of a decision tree used as a classifier.

• Base model with BoostIT: This model is composed of a decision tree along with the

BoostIT algorithm applied to it as shown in Algorithm 3.

• Base model with terrain features: This model is composed of a decision tree with the

inclusion of terrain features (e.g. slope).

• Base model with terrain features and BoostIT: This model is composed of a decision

tree with the inclusion of terrain features (e.g. slope) and also with the BoostIT algorithm

applied to it as shown in Algorithm 3.

Not Vulnerable Vulnerable
Predicted label

Not Vulnerable

Vulnerable
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Figure 7.2: Confusion matrix for the base model with terrain features and BoostIT

The results on the comparison between different models are presented in Table 7.1. I have

also included the confusion matrix for the base model with terrain features and BoostIT in Figure

7.2.
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Looking at the results, I can see that all four models have decent performance and can give

some idea of which areas are most vulnerable to deforestation. The mismatch in the precision and

recall between the two labels can be explained by the fact that even if two locations have the same

features doesn’t mean that they would have the same label. There are many other factors that my

simple model doesn’t take into account. For example, maybe one of the areas has a significant

portion of the forest classified as protected land by the government. This would make this area a

lot less vulnerable to deforestation.

Another interesting thing to note is that boosting the decision tree with proximity leads to

significant improvement in prediction results both for the base model and the base model with

the addition of terrain features. This is in line with the intuition that identifying areas vulnerable

to deforestation is more akin to detecting hotspots rather than segmentation.

The addition of terrain features also leads to a significant jump in performance. One inter-

esting thing to note is that while the performance for samples with Vulnerable

Since the decision tree is an interpretable model, I have also analyzed which features were

most important for the model. The importance of a feature is defined as the reduction in the loss

function brought about by adding that feature. For the base model, the biomass feature was most

important while for the base model with terrain features added to it, the standard deviation of the

slope and biomass features were the most important features.
abg_biomass_loss_Mg_2010 ≤ 94107.0

gini = 0.374

samples = 1904

value = [475, 1429]

class = At risk

slope_std-dev ≤ 8.73

gini = 0.462

samples = 971

value = [351, 620]

class = At risk

True slope_median ≤ 2.782

gini = 0.23

samples = 933

value = [124, 809]

class = At risk

False

gain_2000-2012_ha ≤ 8378.5

gini = 0.327

samples = 611

value = [126, 485]

class = At risk

abg_biomass_loss_Mg_2011 ≤ 63414.0

gini = 0.469

samples = 360

value = [225, 135]

class = Not at risk

whrc_aboveground_co2_emissions_Mg_2001 ≤ 723438.0

gini = 0.315

samples = 603

value = [118, 485]

class = At risk

gini = 0.0

samples = 8

value = [8, 0]

class = Not at risk

whrc_aboveground_co2_emissions_Mg_2014 ≤ 22392.5

gini = 0.303

samples = 596

value = [111, 485]

class = At risk

gini = 0.0

samples = 7

value = [7, 0]

class = Not at risk

abg_biomass_loss_Mg_2001 ≤ 6608.0

gini = 0.392

samples = 307

value = [82, 225]

class = At risk

abg_biomass_loss_Mg_2008 ≤ 44178.5

gini = 0.181

samples = 289

value = [29, 260]

class = At risk

slope_mean ≤ 1.966

gini = 0.27

samples = 236

value = [38, 198]

class = At risk

whrc_aboveground_co2_emissions_Mg_2007 ≤ 6027.5

gini = 0.471

samples = 71

value = [44, 27]

class = Not at risk

abg_co2_stock_2000__Mg ≤ 26892.5

gini = 0.5

samples = 35

value = [17, 18]

class = At risk

abg_biomass_loss_Mg_2003 ≤ 3694.5

gini = 0.187

samples = 201

value = [21, 180]

class = At risk

gini = 0.0

samples = 7

value = [0, 7]

class = At risk

whrc_aboveground_co2_emissions_Mg_2007 ≤ 3403.0

gini = 0.477

samples = 28

value = [17, 11]

class = Not at risk

whrc_aboveground_co2_emissions_Mg_2018 ≤ 172.5

gini = 0.413

samples = 24

value = [17, 7]

class = Not at risk

gini = 0.0

samples = 4

value = [0, 4]

class = At risk

abg_co2_stock_2000__Mg ≤ 57945.0

gini = 0.5

samples = 14

value = [7, 7]

class = Not at risk

gini = 0.0

samples = 10

value = [10, 0]

class = Not at risk

avg_biomass_per_ha_Mg ≤ 84.0

gini = 0.278

samples = 6

value = [5, 1]

class = Not at risk

abg_biomass_loss_Mg_2017 ≤ 200.5

gini = 0.375

samples = 8

value = [2, 6]

class = At risk

abg_biomass_stock_2000_Mg ≤ 22581.0

gini = 0.5

samples = 2

value = [1, 1]

class = Not at risk

gini = 0.0

samples = 4

value = [4, 0]

class = Not at risk

gini = 0.0

samples = 1

value = [0, 1]

class = At risk

gini = 0.0

samples = 1

value = [1, 0]

class = Not at risk

gini = 0.0

samples = 5

value = [0, 5]

class = At risk

whrc_aboveground_co2_emissions_Mg_2013 ≤ 375.0

gini = 0.444

samples = 3

value = [2, 1]

class = Not at risk

gini = 0.0

samples = 2

value = [2, 0]

class = Not at risk

gini = 0.0

samples = 1

value = [0, 1]

class = At risk

abg_biomass_loss_Mg_2012 ≤ 37.0

gini = 0.151

samples = 195

value = [16, 179]

class = At risk

whrc_aboveground_co2_emissions_Mg_2004 ≤ 16801.5

gini = 0.278

samples = 6

value = [5, 1]

class = Not at risk

whrc_aboveground_co2_emissions_Mg_2016 ≤ 50.0

gini = 0.469

samples = 16

value = [6, 10]

class = At risk

avg_biomass_per_ha_Mg ≤ 111.5

gini = 0.105

samples = 179

value = [10, 169]

class = At risk

gini = 0.0

samples = 10

value = [0, 10]

class = At risk

gini = 0.0

samples = 6

value = [6, 0]

class = Not at risk

abg_biomass_loss_Mg_2009 ≤ 605.5

gini = 0.42

samples = 20

value = [6, 14]

class = At risk

abg_biomass_loss_Mg_2012 ≤ 16363.5

gini = 0.049

samples = 159

value = [4, 155]

class = At risk

gini = 0.0

samples = 5

value = [5, 0]

class = Not at risk

abg_co2_stock_2000__Mg ≤ 5927050.5

gini = 0.124

samples = 15

value = [1, 14]

class = At risk

gini = 0.0

samples = 14

value = [0, 14]

class = At risk

gini = 0.0

samples = 1

value = [1, 0]

class = Not at risk

gain_2000-2012_ha ≤ 105.5

gini = 0.037

samples = 158

value = [3, 155]

class = At risk

gini = 0.0

samples = 1

value = [1, 0]

class = Not at risk

avg_biomass_per_ha_Mg ≤ 181.0

gini = 0.015

samples = 134

value = [1, 133]

class = At risk

whrc_aboveground_co2_emissions_Mg_2004 ≤ 2040.5

gini = 0.153

samples = 24

value = [2, 22]

class = At risk

gini = 0.0

samples = 106

value = [0, 106]

class = At risk

avg_biomass_per_ha_Mg ≤ 182.5

gini = 0.069

samples = 28

value = [1, 27]

class = At risk

gini = 0.0

samples = 1

value = [1, 0]

class = Not at risk

gini = 0.0

samples = 27

value = [0, 27]

class = At risk

abg_biomass_loss_Mg_2015 ≤ 114.5

gini = 0.444

samples = 3

value = [2, 1]

class = Not at risk

gini = 0.0

samples = 21

value = [0, 21]

class = At risk

gini = 0.0

samples = 1

value = [1, 0]

class = Not at risk

whrc_aboveground_co2_emissions_Mg_2016 ≤ 2311.5

gini = 0.5

samples = 2

value = [1, 1]

class = Not at risk

gini = 0.0

samples = 1

value = [0, 1]

class = At risk

gini = 0.0

samples = 1

value = [1, 0]

class = Not at risk

gini = 0.0

samples = 4

value = [4, 0]

class = Not at risk

abg_biomass_loss_Mg_2009 ≤ 18332.0

gini = 0.5

samples = 2

value = [1, 1]

class = Not at risk

gini = 0.0

samples = 1

value = [0, 1]

class = At risk

gini = 0.0

samples = 1

value = [1, 0]

class = Not at risk

whrc_aboveground_co2_emissions_Mg_2011 ≤ 56129.0

gini = 0.124

samples = 15

value = [1, 14]

class = At risk

abg_biomass_loss_Mg_2009 ≤ 16688.5

gini = 0.357

samples = 56

value = [43, 13]

class = Not at risk

gini = 0.0

samples = 14

value = [0, 14]

class = At risk

gini = 0.0

samples = 1

value = [1, 0]

class = Not at risk

avg_biomass_per_ha_Mg ≤ 223.5

gini = 0.19

samples = 47

value = [42, 5]

class = Not at risk

whrc_aboveground_co2_emissions_Mg_2020 ≤ 41761.5

gini = 0.198

samples = 9

value = [1, 8]

class = At risk

avg_biomass_per_ha_Mg ≤ 157.0

gini = 0.051

samples = 38

value = [37, 1]

class = Not at risk

whrc_aboveground_co2_emissions_Mg_2004 ≤ 15893.5

gini = 0.494

samples = 9

value = [5, 4]

class = Not at risk

abg_biomass_loss_Mg_2015 ≤ 3629.0

gini = 0.5

samples = 2

value = [1, 1]

class = Not at risk

gini = 0.0

samples = 36

value = [36, 0]

class = Not at risk

gini = 0.0

samples = 1

value = [0, 1]

class = At risk

gini = 0.0

samples = 1

value = [1, 0]

class = Not at risk

gini = 0.0

samples = 3

value = [3, 0]

class = Not at risk

whrc_aboveground_co2_emissions_Mg_2019 ≤ 32934.5

gini = 0.444

samples = 6

value = [2, 4]

class = At risk

gini = 0.0

samples = 4

value = [0, 4]

class = At risk

gini = 0.0

samples = 2

value = [2, 0]

class = Not at risk

gini = 0.0

samples = 6

value = [0, 6]

class = At risk

abg_biomass_loss_Mg_2008 ≤ 31601.5

gini = 0.444

samples = 3

value = [1, 2]

class = At risk

gini = 0.0

samples = 1

value = [1, 0]

class = Not at risk

gini = 0.0

samples = 2

value = [0, 2]

class = At risk

whrc_aboveground_co2_emissions_Mg_2010 ≤ 1026.5

gini = 0.085

samples = 180

value = [8, 172]

class = At risk

whrc_aboveground_co2_emissions_Mg_2020 ≤ 115081.0

gini = 0.311

samples = 109

value = [21, 88]

class = At risk

gini = 0.0

samples = 1

value = [1, 0]

class = Not at risk

abg_biomass_loss_Mg_2006 ≤ 10437.0

gini = 0.075

samples = 179

value = [7, 172]

class = At risk

abg_biomass_loss_Mg_2007 ≤ 24089.5

gini = 0.308

samples = 21

value = [4, 17]

class = At risk

threshold ≤ 62.5

gini = 0.037

samples = 158

value = [3, 155]

class = At risk

gini = 0.0

samples = 16

value = [0, 16]

class = At risk

abg_biomass_loss_Mg_2006 ≤ 10256.5

gini = 0.32

samples = 5

value = [4, 1]

class = Not at risk

gini = 0.0

samples = 3

value = [3, 0]

class = Not at risk

abg_biomass_loss_Mg_2007 ≤ 24639.0

gini = 0.5

samples = 2

value = [1, 1]

class = Not at risk

gini = 0.0

samples = 1

value = [0, 1]

class = At risk

gini = 0.0

samples = 1

value = [1, 0]

class = Not at risk

abg_biomass_loss_Mg_2012 ≤ 9396.5

gini = 0.014

samples = 139

value = [1, 138]

class = At risk

gain_2000-2012_ha ≤ 6178.5

gini = 0.188

samples = 19

value = [2, 17]

class = At risk

abg_biomass_loss_Mg_2007 ≤ 4928.5

gini = 0.219

samples = 8

value = [1, 7]

class = At risk

gini = 0.0

samples = 131

value = [0, 131]

class = At risk

gini = 0.0

samples = 7

value = [0, 7]

class = At risk

gini = 0.0

samples = 1

value = [1, 0]

class = Not at risk

whrc_aboveground_co2_emissions_Mg_2012 ≤ 185093.0

gini = 0.105

samples = 18

value = [1, 17]

class = At risk

gini = 0.0

samples = 1

value = [1, 0]

class = Not at risk

gini = 0.0

samples = 15

value = [0, 15]

class = At risk

whrc_aboveground_co2_emissions_Mg_2012 ≤ 209461.0

gini = 0.444

samples = 3

value = [1, 2]

class = At risk

gini = 0.0

samples = 1

value = [1, 0]

class = Not at risk

gini = 0.0

samples = 2

value = [0, 2]

class = At risk

abg_biomass_loss_Mg_2008 ≤ 66345.0

gini = 0.451

samples = 61

value = [21, 40]

class = At risk

gini = 0.0

samples = 48

value = [0, 48]

class = At risk

abg_biomass_loss_Mg_2008 ≤ 44866.5

gini = 0.245

samples = 42

value = [6, 36]

class = At risk

abg_biomass_loss_Mg_2018 ≤ 67088.5

gini = 0.332

samples = 19

value = [15, 4]

class = Not at risk

whrc_aboveground_co2_emissions_Mg_2014 ≤ 55127.5

gini = 0.32

samples = 5

value = [4, 1]

class = Not at risk

avg_biomass_per_ha_Mg ≤ 271.5

gini = 0.102

samples = 37

value = [2, 35]

class = At risk

gini = 0.0

samples = 3

value = [3, 0]

class = Not at risk

abg_biomass_loss_Mg_2019 ≤ 57792.5

gini = 0.5

samples = 2

value = [1, 1]

class = Not at risk

gini = 0.0

samples = 1

value = [0, 1]

class = At risk

gini = 0.0

samples = 1

value = [1, 0]

class = Not at risk

whrc_aboveground_co2_emissions_Mg_2001 ≤ 233405.5

gini = 0.054

samples = 36

value = [1, 35]

class = At risk

gini = 0.0

samples = 1

value = [1, 0]

class = Not at risk

gini = 0.0

samples = 34

value = [0, 34]

class = At risk

abg_biomass_loss_Mg_2011 ≤ 50048.0

gini = 0.5

samples = 2

value = [1, 1]

class = Not at risk

gini = 0.0

samples = 1

value = [1, 0]

class = Not at risk

gini = 0.0

samples = 1

value = [0, 1]

class = At risk

gini = 0.0

samples = 3

value = [0, 3]

class = At risk

whrc_aboveground_co2_emissions_Mg_2010 ≤ 59951.5

gini = 0.117

samples = 16

value = [15, 1]

class = Not at risk

gini = 0.0

samples = 1

value = [0, 1]

class = At risk

gini = 0.0

samples = 15

value = [15, 0]

class = Not at risk

whrc_aboveground_co2_emissions_Mg_2012 ≤ 20566.5

gini = 0.344

samples = 199

value = [155, 44]

class = Not at risk

whrc_aboveground_co2_emissions_Mg_2018 ≤ 668481.0

gini = 0.491

samples = 161

value = [70, 91]

class = At risk

whrc_aboveground_co2_emissions_Mg_2018 ≤ 4705.0

gini = 0.494

samples = 47

value = [21, 26]

class = At risk

whrc_aboveground_co2_emissions_Mg_2008 ≤ 165170.0

gini = 0.209

samples = 152

value = [134, 18]

class = Not at risk

whrc_aboveground_co2_emissions_Mg_2004 ≤ 13947.0

gini = 0.227

samples = 23

value = [20, 3]

class = Not at risk

avg_biomass_per_ha_Mg ≤ 177.5

gini = 0.08

samples = 24

value = [1, 23]

class = At risk

avg_biomass_per_ha_Mg ≤ 262.5

gini = 0.091

samples = 21

value = [20, 1]

class = Not at risk

gini = 0.0

samples = 2

value = [0, 2]

class = At risk

gini = 0.0

samples = 20

value = [20, 0]

class = Not at risk

gini = 0.0

samples = 1

value = [0, 1]

class = At risk

gini = 0.0

samples = 1

value = [1, 0]

class = Not at risk

gini = 0.0

samples = 23

value = [0, 23]

class = At risk

threshold ≤ 62.5

gini = 0.152

samples = 145

value = [133, 12]

class = Not at risk

whrc_aboveground_co2_emissions_Mg_2013 ≤ 22562.5

gini = 0.245

samples = 7

value = [1, 6]

class = At risk

slope_mean ≤ 15.259

gini = 0.062

samples = 124

value = [120, 4]

class = Not at risk

slope_mean ≤ 12.73

gini = 0.472

samples = 21

value = [13, 8]

class = Not at risk

gini = 0.0

samples = 101

value = [101, 0]

class = Not at risk

whrc_aboveground_co2_emissions_Mg_2020 ≤ 22871.5

gini = 0.287

samples = 23

value = [19, 4]

class = Not at risk

abg_biomass_loss_Mg_2016 ≤ 26119.5

gini = 0.32

samples = 5

value = [1, 4]

class = At risk

gini = 0.0

samples = 18

value = [18, 0]

class = Not at risk

whrc_aboveground_co2_emissions_Mg_2008 ≤ 24744.0

gini = 0.5

samples = 2

value = [1, 1]

class = Not at risk

gini = 0.0

samples = 3

value = [0, 3]

class = At risk

gini = 0.0

samples = 1

value = [0, 1]

class = At risk

gini = 0.0

samples = 1

value = [1, 0]

class = Not at risk

abg_biomass_loss_Mg_2001 ≤ 33880.0

gini = 0.42

samples = 10

value = [3, 7]

class = At risk

abg_biomass_loss_Mg_2013 ≤ 3416.5

gini = 0.165

samples = 11

value = [10, 1]

class = Not at risk

whrc_aboveground_co2_emissions_Mg_2014 ≤ 5279.5

gini = 0.375

samples = 4

value = [3, 1]

class = Not at risk

gini = 0.0

samples = 6

value = [0, 6]

class = At risk

gini = 0.0

samples = 1

value = [0, 1]

class = At risk

gini = 0.0

samples = 3

value = [3, 0]

class = Not at risk

gini = 0.0

samples = 1

value = [0, 1]

class = At risk

gini = 0.0

samples = 10

value = [10, 0]

class = Not at risk

gini = 0.0

samples = 6

value = [0, 6]

class = At risk

gini = 0.0

samples = 1

value = [1, 0]

class = Not at risk

avg_biomass_per_ha_Mg ≤ 243.5

gini = 0.443

samples = 136

value = [45, 91]

class = At risk

gini = 0.0

samples = 25

value = [25, 0]

class = Not at risk

whrc_aboveground_co2_emissions_Mg_2006 ≤ 310538.0

gini = 0.5

samples = 86

value = [42, 44]

class = At risk

abg_biomass_loss_Mg_2009 ≤ 32990.0

gini = 0.113

samples = 50

value = [3, 47]

class = At risk

whrc_aboveground_co2_emissions_Mg_2001 ≤ 64181.0

gini = 0.401

samples = 54

value = [15, 39]

class = At risk

whrc_aboveground_co2_emissions_Mg_2003 ≤ 48715.5

gini = 0.264

samples = 32

value = [27, 5]

class = Not at risk

threshold ≤ 62.5

gini = 0.219

samples = 16

value = [14, 2]

class = Not at risk

whrc_aboveground_co2_emissions_Mg_2006 ≤ 310096.0

gini = 0.051

samples = 38

value = [1, 37]

class = At risk

gini = 0.0

samples = 14

value = [14, 0]

class = Not at risk

gini = 0.0

samples = 2

value = [0, 2]

class = At risk

gini = 0.0

samples = 36

value = [0, 36]

class = At risk

abg_biomass_loss_Mg_2017 ≤ 106555.0

gini = 0.5

samples = 2

value = [1, 1]

class = Not at risk

gini = 0.0

samples = 1

value = [1, 0]

class = Not at risk

gini = 0.0

samples = 1

value = [0, 1]

class = At risk

abg_biomass_loss_Mg_2008 ≤ 204034.5

gini = 0.444

samples = 6

value = [2, 4]

class = At risk

whrc_aboveground_co2_emissions_Mg_2008 ≤ 697585.0

gini = 0.074

samples = 26

value = [25, 1]

class = Not at risk

gini = 0.0

samples = 3

value = [0, 3]

class = At risk

abg_biomass_loss_Mg_2010 ≤ 40979.5

gini = 0.444

samples = 3

value = [2, 1]

class = Not at risk

gini = 0.0

samples = 1

value = [1, 0]

class = Not at risk

abg_biomass_loss_Mg_2018 ≤ 176354.5

gini = 0.5

samples = 2

value = [1, 1]

class = Not at risk

gini = 0.0

samples = 1

value = [0, 1]

class = At risk

gini = 0.0

samples = 1

value = [1, 0]

class = Not at risk

gini = 0.0

samples = 24

value = [24, 0]

class = Not at risk

whrc_aboveground_co2_emissions_Mg_2020 ≤ 128903.5

gini = 0.5

samples = 2

value = [1, 1]

class = Not at risk

gini = 0.0

samples = 1

value = [0, 1]

class = At risk

gini = 0.0

samples = 1

value = [1, 0]

class = Not at risk

gini = 0.0

samples = 2

value = [2, 0]

class = Not at risk

whrc_aboveground_co2_emissions_Mg_2008 ≤ 62195.0

gini = 0.041

samples = 48

value = [1, 47]

class = At risk

gini = 0.0

samples = 1

value = [1, 0]

class = Not at risk

gini = 0.0

samples = 47

value = [0, 47]

class = At risk

abg_biomass_loss_Mg_2008 ≤ 523770.0

gini = 0.488

samples = 118

value = [50, 68]

class = At risk

abg_biomass_loss_Mg_2015 ≤ 2099628.0

gini = 0.165

samples = 815

value = [74, 741]

class = At risk

abg_biomass_loss_Mg_2002 ≤ 278995.0

gini = 0.462

samples = 69

value = [44, 25]

class = Not at risk

abg_biomass_loss_Mg_2001 ≤ 3420776.5

gini = 0.215

samples = 49

value = [6, 43]

class = At risk

avg_biomass_per_ha_Mg ≤ 86.5

gini = 0.476

samples = 41

value = [16, 25]

class = At risk

gini = 0.0

samples = 28

value = [28, 0]

class = Not at risk

whrc_aboveground_co2_emissions_Mg_2006 ≤ 72910.5

gini = 0.153

samples = 12

value = [11, 1]

class = Not at risk

abg_biomass_loss_Mg_2003 ≤ 135356.5

gini = 0.285

samples = 29

value = [5, 24]

class = At risk

whrc_aboveground_co2_emissions_Mg_2012 ≤ 120009.5

gini = 0.5

samples = 2

value = [1, 1]

class = Not at risk

gini = 0.0

samples = 10

value = [10, 0]

class = Not at risk

gini = 0.0

samples = 1

value = [1, 0]

class = Not at risk

gini = 0.0

samples = 1

value = [0, 1]

class = At risk

gini = 0.0

samples = 21

value = [0, 21]

class = At risk

abg_biomass_loss_Mg_2012 ≤ 966979.0

gini = 0.469

samples = 8

value = [5, 3]

class = Not at risk

gini = 0.0

samples = 4

value = [4, 0]

class = Not at risk

abg_biomass_loss_Mg_2019 ≤ 692024.5

gini = 0.375

samples = 4

value = [1, 3]

class = At risk

abg_biomass_loss_Mg_2020 ≤ 493269.0

gini = 0.5

samples = 2

value = [1, 1]

class = Not at risk

gini = 0.0

samples = 2

value = [0, 2]

class = At risk

gini = 0.0

samples = 1

value = [0, 1]

class = At risk

gini = 0.0

samples = 1

value = [1, 0]

class = Not at risk

abg_biomass_loss_Mg_2006 ≤ 236560.5

gini = 0.044

samples = 44

value = [1, 43]

class = At risk

gini = 0.0

samples = 5

value = [5, 0]

class = Not at risk

gini = 0.0

samples = 1

value = [1, 0]

class = Not at risk

gini = 0.0

samples = 43

value = [0, 43]

class = At risk

whrc_aboveground_co2_emissions_Mg_2017 ≤ 2372169.5

gini = 0.222

samples = 559

value = [71, 488]

class = At risk

threshold ≤ 62.5

gini = 0.023

samples = 256

value = [3, 253]

class = At risk

abg_biomass_loss_Mg_2008 ≤ 2168271.0

gini = 0.122

samples = 459

value = [30, 429]

class = At risk

abg_biomass_loss_Mg_2014 ≤ 2551909.0

gini = 0.484

samples = 100

value = [41, 59]

class = At risk

abg_biomass_loss_Mg_2008 ≤ 35360.5

gini = 0.108

samples = 452

value = [26, 426]

class = At risk

abg_biomass_stock_2000_Mg ≤ 82476208.0

gini = 0.49

samples = 7

value = [4, 3]

class = Not at risk

abg_biomass_loss_Mg_2009 ≤ 395673.5

gini = 0.459

samples = 14

value = [5, 9]

class = At risk

gain_2000-2012_ha ≤ 13325.0

gini = 0.091

samples = 438

value = [21, 417]

class = At risk

gini = 0.0

samples = 7

value = [0, 7]

class = At risk

whrc_aboveground_co2_emissions_Mg_2004 ≤ 445314.0

gini = 0.408

samples = 7

value = [5, 2]

class = Not at risk

whrc_aboveground_co2_emissions_Mg_2001 ≤ 220639.5

gini = 0.5

samples = 2

value = [1, 1]

class = Not at risk

abg_biomass_loss_Mg_2002 ≤ 646643.0

gini = 0.32

samples = 5

value = [4, 1]

class = Not at risk

gini = 0.0

samples = 1

value = [1, 0]

class = Not at risk

gini = 0.0

samples = 1

value = [0, 1]

class = At risk

gini = 0.0

samples = 3

value = [3, 0]

class = Not at risk

abg_biomass_loss_Mg_2004 ≤ 243014.0

gini = 0.5

samples = 2

value = [1, 1]

class = Not at risk

gini = 0.0

samples = 1

value = [0, 1]

class = At risk

gini = 0.0

samples = 1

value = [1, 0]

class = Not at risk

slope_variance ≤ 162.594

gini = 0.035

samples = 339

value = [6, 333]

class = At risk

gain_2000-2012_ha ≤ 14445.0

gini = 0.257

samples = 99

value = [15, 84]

class = At risk

threshold ≤ 62.5

gini = 0.012

samples = 318

value = [2, 316]

class = At risk

threshold ≤ 22.5

gini = 0.308

samples = 21

value = [4, 17]

class = At risk

gini = 0.0

samples = 276

value = [0, 276]

class = At risk

abg_biomass_loss_Mg_2020 ≤ 98028.5

gini = 0.091

samples = 42

value = [2, 40]

class = At risk

whrc_aboveground_co2_emissions_Mg_2004 ≤ 379118.0

gini = 0.444

samples = 3

value = [1, 2]

class = At risk

whrc_aboveground_co2_emissions_Mg_2012 ≤ 2180012.5

gini = 0.05

samples = 39

value = [1, 38]

class = At risk

gini = 0.0

samples = 2

value = [0, 2]

class = At risk

gini = 0.0

samples = 1

value = [1, 0]

class = Not at risk

gini = 0.0

samples = 35

value = [0, 35]

class = At risk

gain_2000-2012_ha ≤ 6643.0

gini = 0.375

samples = 4

value = [1, 3]

class = At risk

gini = 0.0

samples = 1

value = [1, 0]

class = Not at risk

gini = 0.0

samples = 3

value = [0, 3]

class = At risk

avg_biomass_per_ha_Mg ≤ 340.5

gini = 0.494

samples = 9

value = [4, 5]

class = At risk

gini = 0.0

samples = 12

value = [0, 12]

class = At risk

gini = 0.0

samples = 4

value = [0, 4]

class = At risk

abg_biomass_loss_Mg_2010 ≤ 571881.0

gini = 0.32

samples = 5

value = [4, 1]

class = Not at risk

gini = 0.0

samples = 4

value = [4, 0]

class = Not at risk

gini = 0.0

samples = 1

value = [0, 1]

class = At risk

abg_biomass_loss_Mg_2008 ≤ 178706.0

gini = 0.245

samples = 14

value = [12, 2]

class = Not at risk

whrc_aboveground_co2_emissions_Mg_2020 ≤ 2384740.0

gini = 0.068

samples = 85

value = [3, 82]

class = At risk

gini = 0.0

samples = 2

value = [0, 2]

class = At risk

gini = 0.0

samples = 12

value = [12, 0]

class = Not at risk

threshold ≤ 62.5

gini = 0.046

samples = 84

value = [2, 82]

class = At risk

gini = 0.0

samples = 1

value = [1, 0]

class = Not at risk

gini = 0.0

samples = 71

value = [0, 71]

class = At risk

slope_variance ≤ 138.593

gini = 0.26

samples = 13

value = [2, 11]

class = At risk

abg_biomass_loss_Mg_2016 ≤ 2278232.5

gini = 0.153

samples = 12

value = [1, 11]

class = At risk

gini = 0.0

samples = 1

value = [1, 0]

class = Not at risk

gini = 0.0

samples = 10

value = [0, 10]

class = At risk

avg_biomass_per_ha_Mg ≤ 204.0

gini = 0.5

samples = 2

value = [1, 1]

class = Not at risk

gini = 0.0

samples = 1

value = [1, 0]

class = Not at risk

gini = 0.0

samples = 1

value = [0, 1]

class = At risk

gini = 0.0

samples = 3

value = [3, 0]

class = Not at risk

whrc_aboveground_co2_emissions_Mg_2011 ≤ 2051109.5

gini = 0.375

samples = 4

value = [1, 3]

class = At risk

avg_biomass_per_ha_Mg ≤ 218.5

gini = 0.5

samples = 2

value = [1, 1]

class = Not at risk

gini = 0.0

samples = 2

value = [0, 2]

class = At risk

gini = 0.0

samples = 1

value = [1, 0]

class = Not at risk

gini = 0.0

samples = 1

value = [0, 1]

class = At risk

abg_biomass_loss_Mg_2008 ≤ 1393459.0

gini = 0.428

samples = 58

value = [40, 18]

class = Not at risk

abg_biomass_loss_Mg_2012 ≤ 15364639.5

gini = 0.046

samples = 42

value = [1, 41]

class = At risk

whrc_aboveground_co2_emissions_Mg_2018 ≤ 1949847.5

gini = 0.157

samples = 35

value = [32, 3]

class = Not at risk

whrc_aboveground_co2_emissions_Mg_2001 ≤ 1733952.5

gini = 0.454

samples = 23

value = [8, 15]

class = At risk

gini = 0.0

samples = 1

value = [0, 1]

class = At risk

abg_biomass_loss_Mg_2010 ≤ 149698.5

gini = 0.111

samples = 34

value = [32, 2]

class = Not at risk

abg_biomass_loss_Mg_2002 ≤ 57568.0

gini = 0.5

samples = 2

value = [1, 1]

class = Not at risk

whrc_aboveground_co2_emissions_Mg_2011 ≤ 4278489.5

gini = 0.061

samples = 32

value = [31, 1]

class = Not at risk

gini = 0.0

samples = 1

value = [1, 0]

class = Not at risk

gini = 0.0

samples = 1

value = [0, 1]

class = At risk

gini = 0.0

samples = 26

value = [26, 0]

class = Not at risk

abg_biomass_loss_Mg_2010 ≤ 1262022.5

gini = 0.278

samples = 6

value = [5, 1]

class = Not at risk

gini = 0.0

samples = 1

value = [0, 1]

class = At risk

gini = 0.0

samples = 5

value = [5, 0]

class = Not at risk

gini = 0.0

samples = 14

value = [0, 14]

class = At risk

whrc_aboveground_co2_emissions_Mg_2016 ≤ 5305797.0

gini = 0.198

samples = 9

value = [8, 1]

class = Not at risk

gini = 0.0

samples = 8

value = [8, 0]

class = Not at risk

gini = 0.0

samples = 1

value = [0, 1]

class = At risk

gini = 0.0

samples = 41

value = [0, 41]

class = At risk

gini = 0.0

samples = 1

value = [1, 0]

class = Not at risk

gini = 0.0

samples = 221

value = [0, 221]

class = At risk

abg_biomass_loss_Mg_2002 ≤ 3678943.5

gini = 0.157

samples = 35

value = [3, 32]

class = At risk

whrc_aboveground_co2_emissions_Mg_2015 ≤ 5465462.5

gini = 0.111

samples = 34

value = [2, 32]

class = At risk

gini = 0.0

samples = 1

value = [1, 0]

class = Not at risk

whrc_aboveground_co2_emissions_Mg_2007 ≤ 2592252.5

gini = 0.32

samples = 10

value = [2, 8]

class = At risk

gini = 0.0

samples = 24

value = [0, 24]

class = At risk

slope_variance ≤ 104.457

gini = 0.444

samples = 3

value = [2, 1]

class = Not at risk

gini = 0.0

samples = 7

value = [0, 7]

class = At risk

gini = 0.0

samples = 2

value = [2, 0]

class = Not at risk

gini = 0.0

samples = 1

value = [0, 1]

class = At risk

Figure 7.3: Visualization of the decision tree learned for the base model with terrain features and
BoostIT (Please zoom in to see the individual nodes of the decision tree more clearly)
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7.1.6 Conclusion

The BoostIT shows improved precision, recall, and accuracy metrics compared to a base-

line decision tree model for the task of predicting vulnerable deforestation hotspots. When the

BoostIT algorithm is implemented, the precision of a basic decision tree improves from 72% to

79%. Considering other terrain features like slope further boosts performance to 80%, suggesting

interesting patterns, such as steeper regions being more vulnerable because the logs can be easily

pushed down a hill. to improve accuracy and precision even more, my BoostIT decision tree

algorithm could be extended a version of spatial XGBoost(Extreme Gradient Boosting) [64].

The results show the addition of fine-grained features is essential to accurately predicting

regions susceptible to forest cover loss. This implies automatically generating reliable data for

green security games is a very achievable goal.

This approach shows that even rudimentary models are capable of accurately and efficiently

predicting regions vulnerable to deforestation. The algorithm is easily generalizable to any region

worldwide that has available forest-cover data.

The green security game and other game-theoretic models are only as reliable as the data

they are based on [97]. I address this in the pipeline’s first stage by estimating metrics for un-

certainty in the vulnerability predictions. This enhances the decision making process for the

defenders within the green security game [69].

Potential avenues for future work include integrating additional fine-grained features from

Google geo-location services and satellite images such as the proximity of vulnerable hotspots

to human settlements, rivers, roads, and farmland. The variance of the data once these features

are considered will need to be addressed. There are more features that will be hard to obtain, but
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will also have an out-sized impact on forest cover, such as who owns the land and how dense the

forest is in each area.

The features are also dynamic. As an example, topography can change due to natural

disasters and new roads can be built. Forest loss is considered at a granular district level for

the precise identification of deforestation hotspots. As a result, it is more feasible to implement

concrete strategies for protecting vulnerable hotspots.

Modeling the detection of hotspots vulnerable to deforestation through green security

games can be the foundation for the management and protection of forest resources. Defend-

ing an entire forest from illegal logging and managing those forest resources is a widespread,

pervasive and global problem, very different from the task of protecting forest assets in a desig-

nated conservation area.

7.2 AI Agents to Autonomously Orchestrate in Supply Chains

The global economy is reliant on interactions of multiple economic agents to orchestrate

the movement of goods worth trillions of dollars across the multi-echelon global supply chain. It

is important to plan warehouse inventory management strategies resiliently to address emerging

challenges in global supply chains like a sudden pandemic-related shutdown or address regular is-

sues like seasonal fluctuations in consumer demand, dwell time of goods in warehouses, and cold-

chain shipments with perishable goods. Efficient inventory management strategies can reduce

consumer prices, maximize warehouse profits, and effectively serve market demand. Existing re-

search uses Multi-Agent Reinforcement Learning (MARL) to autonomously learn replenishment

strategies from hierarchical interactions of warehouse agents in non-stationary multi-echelon in-
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ventory environments. However, this can lead to unstable training on significantly increasing

the scale of economic agents, along with sub-optimal performance under limited resources, chal-

lenges in cooperation along the multi-echelon inventory management paradigm, robustness, and

generalization issues.

The Seasonal Trends for Efficient Inventory management with Multi-Agent Coalitions

(STEIMAC) framework is built on top of existing MARL benchmarks, adding new temporal fea-

tures like seasonal demand fluctuations affecting warehouse inventory capacities during months

of less demand slowing down the supply chain, dwell time in warehouses leading to price stag-

nation or drop in commodity prices decreasing inventory profits, and cold-chain products which

can be perishable high price products like vaccines or low price products like grocery food. Sta-

ble strategies for inventory management, leading to more profits across multiple episodes, can be

learnt using off-policy Multi-Agent algorithms like QMIX and Weighted QMIX in comparison

to on-policy Multi-Agent algorithms like IPPO or MAPPO, while also learning outlier economic

trends. The STEIMAC framework is significantly faster to learn policies by allowing the eco-

nomic agents in warehouses to form coalitions based on the seasonal and perishable nature of the

goods they’re storing and trading and also considering the dwell time of goods. This is because

the exponential action space complexity for multiple agents in MARL is highly reduced when the

economic agents can form coalitions of agents performing similar actions. The ability to learn

efficient and stable policies to manage multi-echelon inventory stocks has led to improving the

profit margins by saving unnecessary interactions of inventory agents with reduced dwell time

addressing seasonal changes in consumer demand.
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Figure 7.4: Illustration of the bus network setting. Each agent represents an SKU in a warehouse,
with interactions occurring between corresponding SKUs across warehouses. Agents’ actions in-
volve requesting specific replenishment quantities from upstream warehouses, while warehouses
sell a portion of each SKU’s inventory to downstream warehouses based on the replenishment
order.

7.2.1 Introduction

The multi-echelon global supply chain is crucial to orchestrate the movement of goods

worth trillions of dollars where the resilience of inventory management strategies become impor-

tant to reduce prices for consumers, maximize profit, and serve the demand in markets. However,

there are significant challenges in this multi-echelon inventory management problem involving

large scale interactions of economic agents in different hierarchies of the inventory management

problem who have to make optimal decisions that are helpful to replenish the inventories in

the short term while maintaining long-term profit considering warehouse capacities, vendor lead

times, procurement costs, demand, cost of goods overflowing the warehouse among other factors.

Multi-Agent Reinforcement Learning (MARL) is useful to model the interaction of eco-

nomic agents in the autonomous management of the multi-level inventory. This is demonstrated

by the Multi-Agent Benchmark for Inventory Management (MABIM) [335], where each agent

can be considered to be making decisions for each Stock Keeping Unit (SKU) in a warehouse,

procuring and selling items to replenish the inventory. A comparative analysis with Operations
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Research (OR) algorithms leads to insights into challenges of current MARL approaches having

unstable training on significantly increasing the scale of agents, performing sub-optimally un-

der limited resources, challenges in cooperation along the multi-echelon inventory management

paradigm along with robustness and generalization issues.

This setting, illustrated in Figure 7.4, is modeled after the MABIM setting. I improve the

MABIM benchmark by defining new temporal parameters like seasonality to effectively model

interactions of economic agents for inventory management. Seasonality involves understand-

ing the trends of demand and procurement over years, months, dates, and days. There may be

seasonal increase in purchase patterns during the Holiday Months in Summer and Winter while

purchase patterns can stagnate during weekdays when consumers are busy at work. Learning

seasonal purchase patterns can be helpful for economic agents to better strategize their plans

for replenishing the Stock Keeping Units (SKUs). If the selling price stagnates and demand in

the same period also stagnates, then the goods need to be sold off quickly depending on the ca-

pacity of the warehouse and accordingly, the replenishment policies get updated. Seasonality

is a distributional risk dependent on the data in the corresponding time period. During simu-

lation, seasonal change of demand has a similar trend across seasons over a few years unlike

cold chains, whose accessibility/inaccessibility determine whether seasonal change is not impor-

tant while cold chain’s impact on the supply chain keeps getting updated over-time. STEIMAC

significantly expands the variety of algorithms compared to MABIM, as seen in Table 7.2.

I also include the ability of the different economic agents to trade on different items instead

of allowing trading on one kind of item as encoded in the MABIM benchmark. For my simula-

tion benchmark, I provide randomly sampled synthetic data for an item with a lower selling price

compared to the current item and another item with a higher selling price. For the higher sell-
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Category Type Algorithm STEIMAC (Ours) MABIM

MARL

On-Policy
IPPO [85] ✓ ✓

MAPPO [341] ✓ ×

Off-Policy
QMIX [248] ✓ ×
QTRAN [281] ✓ ✓

Weighted QMIX [247] ✓ ×
Operations Research (s,S) Policy [357] ✓ ✓

Table 7.2: Comparison of Algorithms Covered by STEIMAC (Ours) and MABIM

ing price item, I categorize it as a cold-chain shipment product, thereby categorizing ten SKUs

in two warehouses as capable of storing cold-chain shipments. Thus, I update the network of

warehouses interacting with each other where current research considers a warehouse to inter-

act with at most two warehouses, one for procurement and one for selling, in a multi-echelon

setup while I add the cold-chain capable warehouses to trade amongst themselves additionally to

capitalize on that capacity. The selling price and demand need to be multi-valued only for those

SKUs having cold-chain shipment capabilities. I incorporate stochastic uncertainties, weighing

my demand with stochastic functions to model the aleatoric risk involved. This could manifest as

increase in demand, even during weekdays, which may be possible due to stochastic events like

the COVID-19 pandemic [15] when consumers had to work from home and accordingly saved

time to purchase more. This lead to an increase in demand with respect to similar time periods of

purchase. Another example of stochastic risks can involve product recalls where the warehouses

may have to sell off a product anticipating recall, irrespective of it’s widespread demand.

The availability of cold-chain shipment capabilities introduces partial observability in the

warehouse where economic agents operating SKUs in one warehouse may not be aware of the

cold-chain shipment capabilities of SKUs in other warehouses. I model the inventory manage-

ment problem as a Dec-POMDP (Decentralized Partially Observable Markov Decision Process)
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where the agents in one warehouse share a joint reward and aim to cooperate with agents in other

warehouses. I investigate algorithms like Weighted QMIX [247] and MAPPO [341] in addition to

the IPPO [85] and QTRAN [281] algorithms as supported by the MABIM benchmark to compute

the Multi-Agent reward faster and better. To improve generalizability, I have my MARL algo-

rithms to learn an internal self-supervised reward with Expectation Alignment (ELIGN) [199]

where the agent’s reward matches the expectations of agents’ neighbors, tackling challenges of

sparse rewards in the modeling of economic decision making in inventory management. ELIGN

does not work well in complex state spaces like my Multi-Agent supply-chain environment for

which I introduce a new CUriosity-driven Reward from Latent Spaces (CURLS) which models

clusters of state space observation samples to incentivize exploration of new clusters.

The contributions of this work are as follows:

• STEIMAC: I propose the Seasonal Trends for Efficient Inventory Management with Multi-

Agent Cooperation (STEIMAC) framework. STEIMAC extends existing Multi-Agent sup-

ply chain benchmarks by integrating temporal features like seasonality and cold-chain

products into the inventory management problem.

• Temporal Modeling: My approach captures trends and seasonal fluctuations into impor-

tant variables such as pricing and demand using additive seasonal decomposition.

• Cold-Chain SKU Modeling: I model the epistemic uncertainty inherent to the storage of

perishable goods using a gamma distribution to decay the price of such products over time,

accounting for the real world challenge of stocking cold chain items.

• Intrinsic Rewards: I encourage cooperation and exploration with two self-supervised re-

wards: the existing ELIGN reward from previous work and CURLS, a novel reward that
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provides a bonus for observing unfamiliar states.

• Comprehensive Empirical Evaluation: I run my experiments under a wide variety of

experimental conditions with different scales of SKUs and come to the conclusion that on-

policy MARL algorithms (e.g. IPPO, MAPPO) converge better and provide more stable

training for multi-echelon supply-chain environments in comparison to off-policy algo-

rithms (e.g. QMIX, WQMIX, QTRAN).

7.2.2 Related Work

The multi-stage inventory management problem can be first attributed to the works of [110,

329], who formalized adding heuristics such as safety stock norms to decrease costs. One of the

most important algorithms that solve the inventory management problem is the (s, S) policy,

which replenishes the stock to S when the inventory drops below s [149, 310]. However, such

heuristics are targeted towards environments where demand and lead times are fixed, so they

cannot be applied to real-world scenarios. Since demand is affected by pricing, marketing, and

external trends, [61] argue that demand should be modeled as a stochastic process, as [112]

assumed log-normal and gamma demand distributions. This allowed for improved heuristics to

model the lead time, shortage, etc. to better model the inventory control problem.

Operations Research (OR) Methods for Inventory Control

The multi-stage inventory management problem can be first attributed to the work of

Fukuda [110], Wijngaard and Wortmann [329], who formalized adding heuristics such as safety

stock norms to decrease costs. One of the most important algorithms that solve the inventory
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management problem is the (s, S) policy, which replenishes the stock to S when the inventory

drops below s [149, 310]. However, such heuristics are targeted towards environments where

demand and lead times are fixed, and cannot be modeled effectively in dynamic real-world sce-

narios. For example, a retailer managing winter coats might use the (s, S) policy by setting

s = 50 and S = 200, which means that whenever the inventory drops to below 50 units, an

order is placed to restock up to 200 coats. However, if demand fluctuates due to weather changes,

marketing campaigns, or unexpected fashion trends, this fixed threshold can lead to overstocking

(when the demand is too low) or stockouts (when the demand is too high). Since demand is dy-

namic and is affected by pricing, marketing, and external trends, Chaudhary et al. [61] argue that

demand should be modeled as a stochastic process, as Gholami and Mirzazadeh [112] assumed

log-normal and gamma demand distributions. This allowed for improved heuristics to model the

lead time, shortage, etc. to better model the inventory control problem.

Reinforcement Learning for Inventory Control

While heuristic-based approaches work well for fixed demands, or for the demand that

can be modeled by common probability distributions, they struggle for more complex demand

distributions. As a result, many studies pivoted towards using reinforcement learning to model

the inventory control process due to its ability to adapt to changes in the environment in real

time. For example, [115] design a reward system based on the average profit at each state,

achieving considerable decreases in total cost compared to baseline periodic order policies [49].

Additional studies using several RL algorithms, such as policy gradients [128], A3C [38], and

PPO [128, 236, 330], have had improvements over heuristic methods. Another approach is to

use Deep Reinforcement Learning (DRL) by including another set of parameters in the form of a
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neural network while training. [317] use a Double Deep Q-Network approach [308] by replacing

the Q-table with a neural network, which allows for storing more complex trajectories and for

using experience replay to learn from past experiences. In addition, using reinforcement learning

allows rewards to be shaped through several different cost functions. For example, [175] sets the

reward at each time step t as a linear combination of ordering, holding, and shortage costs at that

time step, which directly optimizes the agent to minimize this cost.

Multi-Agent RL in Inventory Management

To extend the multi-echelon inventory management problem to several items, studies have

used Multi-Agent RL (MARL) algorithms, where one or more agents can model the inventory

of each item. This poses at least two advantages over single-agent RL algorithms. First, agents

can act either fully cooperatively, where each agent obtains a joint reward at time step t, fully

competitively, where each agent obtains a different reward at time t, or a mix of both approaches

[230]. In the inventory management setting, this allows for more scalable algorithms, as larger

multi-echelon systems require cooperation between agents for ideal product transfer, and com-

petition between agents improves inventory stocking efficiency when there is limited warehouse

capacity or increased storage costs [157, 335]. Second, this allows for decentralized algorithms

that can constrain the problem to several independent agents, which can be solved by existing

single-agent RL techniques. For example, [89] formulates the inventory management problem as

a Shared Resource Stochastic Game, where agents only interact via a shared resource limit and

know how many resources all other agents are using. This can be represented as context about

all other agents and is used to develop a local simulator that reduces the problem to single-agent

RL.
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7.2.3 Multi-Agent RL Algorithms for Cooperation in Supply Chains

This work focuses on several Multi-Agent RL algorithms for fully cooperative settings, as

the agents represented by each SKU are not competing against one another. Cooperation can be

formalized by setting the reward of each of the agents to be the same: R1 = R2 = . . . = RN ,

which is the shared reward from the dec-POMDP formulation. This results in maximizing an

expected total reward of

J(π) = Es∼ρπ ,a∼π

[
∞∑
t=0

γtRt

]

where γ is the discount factor and Rt is the shared reward between all agents at time t [166].

IPPO

Independent PPO (IPPO) is an on-policy independent learning algorithm that attempts to

scale Proximal Policy Optimization (PPO) to multiple agents by applying PPO individually. This

means that each agent learns solely by its observations and rewards and treats all other agents as

part of the environment, which works for the STEIMAC environment, as each SKU effectively

operates independently from other SKUs. Additionally, the independent nature of IPPO allows

for highly parallelizable computation. However, IPPO has stability concerns when scaling up

the number of agents, as each agent has its own loss functions to minimize. Since PPO is an

actor-critic algorithm, the actor loss for IPPO is

La(θ) = Euat ,zat

[
min

(
πθ(u

a
t |zat )

πθold(u
a
t |zat )

Aat , clip
(
πθ(u

a
t |zat )

πθold(u
a
t |zat )

, 1− ϵ, 1 + ϵ

)
Aat

)]
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where πθ is the current policy parameterized by the actor network θ, πθold is the policy parame-

terized by θ from the previous step, and Aat is an estimate of the advantage function [85]. uat and

zat are used to represent the individual action and state for each agent respectively. The critic loss

for IPPO is

La(ϕ) = Ezat

[
min

((
Vϕ(z

a
t )− V̂ a

t

)2
,
(
Vϕold(z

a
t ) + clip (Vϕ(zat )− Vϕold(zat ),−ϵ, ϵ)− V̂ a

t

)2)]

where Vϕ is a learned state-value function parameterized by the critic network ϕ, Vϕold is another

learned state-value function parameterized by the old critic network from one step before, and

V̂ a
t = Aat + Vϕ(z

a
t ). Finally, the policy entropy for each agent H(πa) is included, which is a

measure of uncertainty in the policy and acts as a regularization term in the actor-critic loss.

Thus, the overall IPPO actor-critic loss can be written as

La(θ, ϕ) =
N∑
i=1

La(θ) + λcLa(ϕ) + λhH(πa)

where λc, λh ∈ R+ are hyperparameters for the critic loss and the policy entropy [85].

QMIX

QMIX is an off-policy action-value function factorization algorithm that learns a joint

action-value function Qtot(τ ,u) to develop consistent centralized and decentralized policies. I

denote τ as the joint action-observation history and u as the joint action. Previous action-value

function factorization algorithms, such as Value Decomposition Networks (VDNs), compute the

joint action-value function for a centralized policy by taking the sum of each individual action-

182



value function Qi(τi, ui, θi). However, this full factorization is not required in QMIX to maintain

consistency between the centralized policy and each decentralized policy, only as long as the

argmax of the joint action-value function is the same as the argmax of each individual action-

value function [248].

argmax
u

Qtot(τ ,u) =


argmaxu1 Q(τ1, u1)

...

argmaxun Q(τn, un)


This constraint, called the Individual Global Maximum (IGM), is satisfied by VDNs, as the best

action from the sum of the action-value functions is the same as the best action from each action,

but is highly restrictive on the possible action-value functions. Instead, QMIX proposes that the

condition can be relaxed to any monotonic functions, where monotonicity is represented by

∂Qtot

∂Qa

≥ 0, ∀a ∈ A

The QMIX algorithm enforces monotonicity by using a mixing hyper-network where all the

weights are non-negative. This mixing network takes in the Q-values from each action-value

function and the current state and outputs the joint action-value function. This mixing network is

trained by the temporal difference loss

L(θ) =
b∑
i=1

[(
ytoti −Qtot(τ ,u, s; θ)

)2]
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where b batches are sampled from the replay buffer (as QMIX is an off-policy algorithm) and

use the target value ytot = r + γQtot(τ
′,u′, s′; θ−), where θ− is a target network for the joint

action-value function.

WQMIX

While QMIX allows for a larger range of possible joint action-value functions, there are

several problems. Firstly, the QMIX operator T ∗
Qmix is not a contraction, which prevents accurate

convergence [247]. Additionally, there are Q functions that return a different argmax than the

output of QMIX, which can lead to incorrect actions being selected and an overall worse policy.

To mitigate this, Weighted QMIX assigns weights to each of the action-value functions to com-

pute the joint action-value functions, and uses an approximation of the true Q value Q̂∗ to help

train the network. Weighted QMIX aims to minimize both the Qtot temporal difference loss

b∑
i=1

[
w(s,u)(Qtot(τ ,u, s)− yi)2

]

and the Q̂∗ temporal difference loss

b∑
i=1

[
(Q̂∗(τ ,u, s)− yi)2

]

where yi = r + γQ̂∗(s′, τ ′, argmaxu′ Qtot(τ
′,u′, s′)) for both losses. There are typically two

weightings for Weighted QMIX, Centrally Weighted QMIX and Optimistically Weighted QMIX.
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Centrally Weighted QMIX uses the weighting

w(s,u) =


1 yi > Q̂∗(s, τ , û∗) or u = û∗

α otherwise

where û∗ = argmaxuQtot(τ ,u, s). This uses the approximation of Q̂∗, so if yi > Q̂∗(s, τ , û),

then there is a high likelihood that u is the best action for this action-value function. Optimisti-

cally Weighed QMIX has the weighting

w(s,u) =


1 Qtot(τ ,u, s) < yi

α otherwise

where for both weightings, α ∈ R+ and 0 ≤ α ≤ 1. For the experiments, I have used Centrally

Weighted QMIX.

QTRAN

QTRAN is another off-policy Multi-Agent RL algorithm that introduces a separate con-

straint to enforce the factorizability of the joint action-value function to mitigate the pitfalls of

VDNs and QMIX. QTRAN enforces the factorization through the following constraint:

N∑
i=1

Qi(τi, ui)−Qjt(τ ,u)−Vjt(τ ) =


0 u = u

≥ 0 u ̸= u

, Vjt(τ ) = max
u

Qjt(τ ,u)−
N∑
i=1

Qi(τi, ui)
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Additionally, QTRAN includes another joint action-value function defined as the sum of individ-

ual action-value functions

Q′
jt(τ ,u) =

N∑
i=1

Qi(τi, ui)

which is used during training to help enforce the constraint [281]. QTRAN is trained via a

temporal difference loss for estimating the true action-value function, a nonoptimal loss that

checks whether the condition holds if a nonoptimal action is selected, and an optimal loss that

checks whether the condition holds if the optimal local action is selected:

Ltd(τ ,u, r, τ ′; θ) = (Qjt(τ ,u)− ydqn(r, τ ′; θ−))2

Lopt(τ ,u, r, τ ′; θ) = (Q′
jt(τ ,u)− Q̂jt(τ ,u) + Vjt(τ ))

2

Lnopt(τ ,u, r, τ ′; θ) = (min[Q′
jt(τ ,u)− Q̂jt(τ ,u) + Vjt(τ ), 0])

2

where τ is the action-observation history, τ ′ is another action-observation history including the

next action, u is the joint action, r is the reward associated with taking u, u is the optimal action

between all individual action-value functions, and θ− is a target network periodically copied in a

fashion similar to DQN [281]. The overall loss for QTRAN is calculated as

L(τ ,u, r, τ ′; θ) = Ltd + λoptLopt + λnoptLnopt

where λopt, λnopt ∈ R+ are hyperparameters for the optimal and nonoptimal loss respectively.
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MAPPO

Similar to IPPO, Multi-Agent Proximal Policy Optimization (MAPPO) is another on-policy

algorithm that scales PPO to multiple agents but uses a joint reward to learn stable policies.

7.2.4 RL Algorithms with Base Stock Constraints

I also include base stock variants to IPPO and QTRAN, which were provided by the

MABIM dataset [335]. Base stock policies introduce more stability into the learning algorithms

by ensuring that the stock level does not fall below a certain level. I can frame the base stock

algorithm as a linear programming problem:

maxRi,j
t = λirs

i,j
t − λips

i,j
t+1 − λisx

i,j
t+1 − λipT

i,j
0 − λipx

i,j
0

st x
i,j
t+1 = xi,jt + si+1,j

t−vi,jt

− si,jt

T i,jt+1 = T i,jt − s
i+1,j

t−vi,jt

+ si,jt

si,jt = min(xi,jt , p
i,j
t )

T i,j0 =
−1∑

i=−vi,jt

xi+1,j
t

zi,j = xi,jt+1 + si+1,j
t + T i,jt

zi,j > 0

where i, j, and t represent the warehouse, SKU, and time indices. I also have that the goods from

SKU j in warehouse i at time t that are in transit are represented by T i,jt , and the base stock level

for SKU j in warehouse i is represented by zi,j .
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7.2.5 Multi-Agent Reinforcement Learning (MARL)

Multi-Agent Reinforcement Learning (MARL) can be formulated as a Markov Game

[183, 271], which is represented by the tuple (N ,S,A, T , ri, γ, µ). Markov games are exten-

sions of Markov Decision Processes (MDPs) [242] that incorporate the interactions of multi-

ple agents. In a Markov Game, N is the number of agents, S is the joint state space between

all agents, A =
∏N

i=1Ai is the joint action space between all agents where Ai is the action

space for agent i, T : S × A → ∆(S) is the transition function, ri : S × A → R is the

reward function for agent i, γ ∈ [0, 1) is the discount factor, and µ ∈ ∆(S) is the initial

state distribution. At each time step t, agent i takes an action ait ∈ Ai from state st, tran-

sitions to state st+1 based on the transition function T , and obtains a reward ri(st, at). The

goal of each agent is to learn a policy π(i) : S → ∆(Ai) that maximizes its own marginal

value function V i(µ) = E
[∑H−1

t=0 γtri
(
st, a

(i)
t

)
| a(i)t ∼ π(i)(· | st), s0 ∼ µ

]
over a finite hori-

zon H . The policies for each agent can be combined to form a joint policy π : S → A, where

π(a|s) =
∏N

i=1 π
(i)(a(i)|s). This formulation means that the performance of each agent is affected

not only by its own policy but the actions of all other agents.

7.2.6 Dec-POMDP for Supply Chains

A Decentralized Partially Observable Markov Decision Process (Dec-POMDP) is a gen-

eralized form of a Markov Decision Process that includes two additional components: each

agent contributes to a single reward function, and the state space for each agent is depen-

dent on an observability criterion. Thus, a Dec-POMDP can be represented by the tuple

(N ,S,A, T ,R,Ω,O, γ, µ), where N ,S,A, T , γ, and µ are defined the same as in a Markov
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Game. However, Ωi is defined as the set of observations for agent i, and Ω = Ω1 × Ω2 . . .× ΩN

is the joint observation space for all agents. O : A × S × Ω → R is the set of conditional

observational probabilities that update the joint observation between all agents o, based on the

next state s′ selected by the transition function T , and the current action a by the equation

O(s′, a, o) = P(o | s′, a). Finally, R : S × A → R is the joint reward function for all agents.

Each agent has its own policy π(i) : S → ∆(A(i)), which can be combined to form a joint policy

π : S → ∆(A) to maximize the value function V (µ) = E[
∑H−1

t=0 γtR (st, at, ot) | at ∼ π(· |

st), ot ∼ O(· | st, at), s0 ∼ µ].

In the context of supply chains, a Dec-POMDP can model the decision making processes

of multiple agents (SKUs) who operate under partial observability of the system. For example,

the factory that makes a certain good may only observe its own inventory and the orders from

the nearest distributor, and a retail store may only observe customer demand and its own stock.

As a result, decisions need to be made without full information of the system, requiring each

agent to rely on local observations to infer the global state. Additionally, the main goal of the

supply chain is to maximize profits while minimizing operating costs, regardless of individual

agent goals. This aligns with Dec-POMDPs, where the joint reward function represents a global

objective over all SKUs.

7.2.7 Multi-Agent Supply Chain Inventory Management Environment

I have developed the Multi-Agent supply chain inventory management environment as a

multi-echelon system of connected warehouses, inspired by [335]. This is based on the real-

world process of delivering goods made from a central factory to the consumer by transport-
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ing them sequentially to corresponding SKUs in warehouses until they reach the consumer. In

this work, I only consider a linear sequential multi-echelon inventory management environment,

which means that each warehouse has only one upstream warehouse to receive goods from, and

one downstream warehouse to sell goods to.

The dynamics of the inventory management environment are as follows: first, warehouse

i ∈ W has a stock for SKU j ∈ S at time t of xi,jt , and the entire stock level of the warehouse

can be formulated as xit ∈ Rn, where W = {1, 2 . . . ,m} is the set of warehouses and S =

{1, 2, . . . , n} is the set of SKUs for each warehouse. At each time step the warehouse can order

items for replenishment for each SKU pit ∈ Rn from the upstream warehouse, which increases

the demand di+1
t ∈ Rn for the upstream warehouse. The current warehouse also has a demand

dit, which can be alleviated by selling sit ∈ Rn goods in the SKUs to the downstream warehouse.

After a vendor lead time of vi+1
t ∈ Rn for each SKU, which accounts for the transportation,

loading, and unloading time of goods from the upstream warehouse to the current warehouse,

ait ∈ Rn goods arrive corresponding to each SKU. The current warehouse i can choose to receive

a specific amount of each SKU rit ∈ Rn based on the initial stock to ensure the total stock remains

under the capacity of the warehouse ci ∈, and the rest oit ∈ Rn goes to overflow storage. When

the demand of the upstream warehouse for a particular SKU is larger than the current stock of

that SKU, the current warehouse incurs a backlog of bit ∈ Rn. Finally, the inventory level for the

current warehouse is updated to include the amount sold and the backlog. Thus, I can describe
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the process mathematically as follows:

di+1
t+1 = pit (7.1)

sit = min(dit, x
i
t) (7.2)

ait =
t−1∑
k=0

I(k + vik == t)si+1
t (7.3)

rit =

⌊
ait ·min

(
ci −

∑
j x

i,j
t∑

j a
i,j
t

, 1

)⌋
(7.4)

xit+1 = xit − sit + rit (7.5)

where (1)− (5) denotes the replenishment, sale, arrival, receive, and update components for one

step of the environment [335]. For each step, the action is selecting the appropriate replenishment

amount for each SKU in each warehouse. The state consists of replenishment, demand, stock,

arrival, vendor lead time, and other temporal data explained in the next few sections.

To calculate the reward, I must include the revenue generated from selling goods from

SKUs in the current warehouse and the costs from procurement, ordering, storage, and backlog.

Firstly, I have defined the total revenue gained from goods sold to the downstream warehouse as

Ci
r = λirs

i
t. I have denoted the procurement cost for the current warehouse, which is the prod-

uct of the unit procurement cost of the current warehouse and the amount sold by the upstream

warehouse, as Ci
p = λips

i+1
t . Ordering costs also have to be included which are defined as the

product of the unit order cost and the total replenishment for all SKUs, denoted as Ci
o = λior

i
t.

This could include transportation and labor costs for transportation, loading, and unloading dur-

ing replenishment. Additionally, there are storage costs, which could involve costs related to

the maintenance of the warehouse, storage space for different SKUs, and equipment costs for
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accessing and processing goods within the warehouse. This is defined as the product of the unit

storage cost and the current inventory level, or Cs = λsx
i
t. There are also backlog costs, which

arise when the demand from the order of the downstream warehouse is greater than the current

inventory levels, resulting in not enough goods being transported to the downstream warehouse,

which I have defined as the product of the unit backlog cost and the backlog for the current ware-

house Ci
b = λbb

i
t. Finally, I have represented the overflow costs that arise when the replenishment

amount arrives and is greater than the available space in the warehouse, resulting in a more ex-

pensive, off-warehouse storage area. I define this as the product of the unit overflow cost and the

total overflow Cf = λfo
i
t. I define the reward (profit) function as

R = Ci
r − Ci

p − Ci
o − Ci

s − Ci
b = λirs

i
t − λipsi+1

t − λiorit − λisxit+1 − λibbit

where λr, λs, λp, λo, λb ∈ R+.

Figure 7.5: Test reward with and without seasonality data using the (a) IPPO algorithm and (b)
IPPO base stock algorithm.

The profits learnt with IPPO algorithm are much more stable as shown in Figure 7.5 in

comparison to the QTRAN results in Figure 7.6 for both supply chain orchestration settings, with

and without seasonality information. QTRAN profits are higher than IPPO profits with more
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Figure 7.6: Test reward with and without seasonality data using the (a) QTRAN algorithm and
(b) QTRAN base stock algorithm.

episodes, indicating the trade-off of performance vs stability. Seasonality feature in the Multi-

Agent supply chain environment leads to more profits.

Seasonality

Since the state space for the multi-echelon warehouse environment contains several tem-

poral variables, such as demand, selling price/procurement cost, and vendor lead time, I have

reframed these variables to a time-series context rather than a reinforcement learning context.

By treating these variables as a time series, seasonality and temporal trends can be extracted to

develop more efficient and robust policies. I perform an additive seasonal decomposition, which

splits the original time series data Y [t] into

Y [t] = T [t] + S[t] + e[t]

where S[t] is the seasonality component, T [t] is the overall trend component, and e[t] is the

residual, or error terms. To improve the learned policies, I have embedded these features into the

state space to ensure the agent learns how to exploit these temporal trends.
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Outlier Economic Trends

I also investigate temporal economic trends by splitting temporal variables into different

frequencies. For example, an investigation can be done on how the selling price changes per year

for specific SKUs, and how the yearly trend across SKUs differs. Similarly, I have split demand,

selling price, and vendor lead time into yearly, monthly, weekday/weekend, and holiday/non-

holiday trends, and use Local Outlier Factor [41] to determine which SKUs have anomalous

trends. Local Outlier Factor classifies an outlier with a score of -1, so to include information on

the severity of the outlier and which SKU outliers are similar, I have ran DBSCAN clustering

algorithm and have included the clusters in the state space.

Cold Chain SKUs

Cold chain goods in supply chains are critical because they include perishable items such

as food, pharmaceuticals, and certain chemicals that must be maintained at specific temperatures

throughout the supply chain process [223]. Any deviation from the required temperature range

can lead to spoilage and degradation of the product. Naturally, this adds a layer of epistemic

uncertainty, as unlike the aleatoric uncertainty in demand patterns, epistemic uncertainty is due

to the inherent complexities and variabilities associated with perishable goods. To combat this,

I can model the uncertainty of these goods and incorporate this into the framework. Nahmias

[225] contends that a gamma distribution should be used, as it can accurately model the time until

deterioration of perishable goods, so I sample from a gamma distribution with hyperparameters

α and β. Instead of adding this information to the state space, however, I modify the selling price

directly, which allows the agent to learn how to model cold chains implicitly in the policy. During
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simulation, seasonal change of demand has a similar trend across seasons over a few years unlike

cold chains, whose accessibility/inaccessibility determine whether the goods in the supply chain

can be stored. Updates to the supply chain by the cold chain capacity can impact supply chains

decisions more frequently in a temporal timespan in comparison to seasonal or outlier economic

trends. In all experiments, I randomly choose 5% of the total SKUs to be cold chain SKUs, which

allows me to model perishable goods from many different price ranges.

7.2.8 Generalized Multi-Agent Learning with Internal Rewards

Here, I introduced ways to improve the generalizability of each MARL algorithm.

Expectation Alignment (ELIGN)

To enhance the generalizability of each MARL algorithm, I incorporate an internal self-

supervised reward model using Expectation Alignment (ELIGN) [199]. Specifically, I design

a world model fθ(oi, ai) that predicts the next observation o′i. Given the partial observability

between warehouses (since SKUs within a warehouse can only observe other SKUs in the same

warehouse), I construct separate world models for each warehouse rather than for individual

SKUs to reduce computational complexity.

Each warehouse-level world model predicts the next states for all SKUs within the ware-

house. These predictions are then utilized to compute an intrinsic reward:

Rin = − 1

|N (i)|
∑
j∈N (i)

∥o′i − fθ(oi, ai)∥ (7.6)

where N (i) represents the set of SKUs in the receptive field of SKU i, encompassing all SKUs
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within the same warehouse.

CUriosity-based Reward from Latent Spaces (CURLS)

One weakness of the ELIGN reward is that it incentivizes predictability amongst agents in

fully cooperative settings such as mine. For relatively simple environments such as the Multi-

Particle environment [191], this is sufficient, but for my complex inventory management envi-

ronment, the state space quickly scales with the number of SKUs. To address the complexity of

my state space, I augment ELIGN with a cluster exploration bonus to form a novel reward I call

CUriosity-based Reward from Latent Spaces (CURLS), drawing on the concept of curiosity used

to describe intrinsic rewards that motivate exploration.

To construct the CURLS intrinsic reward, I begin using the ELIGN reward in Equation 7.6

as a starting point. As the agents train, I collect their observations and concatenate them into a

single "state" vector. Once I have collected a sufficient number of samples, I group them into

k distinct clusters using a clustering algorithm. In my experiments, I use K-means clustering,

but CURLS can easily be adapted to use any clustering algorithm, such as DBSCAN [94] or

OPTICS [10]. At this stage I incorporate a bonus into the intrinsic reward that boosts behavior

where novel clusters are explored:

b(o) =


1

1 + nc
, if the clustering is fitted,

0, otherwise,

(7.7)

Here, o is a vector composed of the observations of the agents in N (i) concatenated together,

and nc refers to the number of times a cluster has been "visited" over the course of the training
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(a) Standard Setting (b) Seasonality Setting (c) Outlier Setting

(d) Cold Chain Standard Setting
(e) Cold Chain Seasonality

Setting (f) Cold Chain Outlier Setting

Figure 7.7: Performance comparison of reinforcement learning algorithms across different set-
tings. (a) Standard Setting: Standard MARL settings as in MABIM [335]. (b) Seasonality
Setting: Performance under settings with seasonality patterns. (c) Outlier Setting: Performance
under settings with outlier data. (d) Standard Setting with Cold Chain SKUs: Standard set-
ting with the inclusion of cold chain SKUs. (e) Seasonality Setting with Cold Chain SKUs:
Seasonality setting with the inclusion of cold chain SKUs. (f) Outlier Setting with Cold Chain
SKUs: Outlier setting with the inclusion of cold chain SKUs. Each subfigure shows the average
performance and variability of the algorithms under the corresponding scenario.

process. Because the bonus is inversely proportional to the number of times the cluster has been

visited, the agent is encouraged to be "curious" and explore unfamiliar clusters. This forms my

final intrinsic reward

Rfinal = Rin + b(o). (7.8)

7.2.9 Results

This section evaluates and discusses the performance of five MARL algorithms in several

supply chain settings.
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Feature STEIMAC MABIM
Scale ✓ ✓
Cooperation ✓ ✓
Competition ✓ ✓
Robustness ✓ ✓
Generalization (Gap) ✓ ✓
Seasonal Trends ✓ ×
Outlier Detection ✓ ×
Cold Chain SKUs ✓ ×
ELIGN Generalization ✓ ×
Curiosity-Driven Reward ✓ ×

Table 7.3: Feature Comparison between STEIMAC and MABIM.

Experiment Details

These experiments compare the performance of 5 MARL algorithms, three off-policy algo-

rithms: QMIX [248], QTRAN [281], WQMIX [247] and two on-policy algorithms: IPPO [85],

and MAPPO [341]. Also compared with each MARL algorithm is a baseline (s, S) policy [357],

which searches for optimal s and S parameters on the training set. Each algorithm is evaluated

based on the mean reward over all SKUs in each warehouse, and each experiment is conducted

on a single NVIDIA RTX A4000 GPU.

Seasonality and Outlier Results

The results from the standard, seasonality, and outlier settings are shown in Figures 7.7a,

7.7b, and 7.7c, respectively. Across all three settings, IPPO and MAPPO consistently achieve

the highest performance and exhibit the most stable reward trajectories. QTRAN demonstrates

moderate performance slightly below the on policy algorithms, but its reward trajectory is notably

more unstable compared to the other algorithms. In contrast, QMIX and WQMIX maintain stable

trajectories throughout learning but display the lowest performance, as they struggle to effectively
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(a) Train performance
comparison with no intrinsic

reward.
(b) Train performance

comparison with ELIGN.
(c) Train performance

comparison with CURLS.

Figure 7.8: Train performance comparison of MARL algorithms with different intrinsic reward
algorithms. (a) Standard Setting: Train Performance of Standard MARL setting as in MABIM
[335]. (b) ELIGN Setting: Train Performance of MARL algorithms with ELIGN intrinsic re-
wards. (c) CURLS Setting: Train Performance of MARL algorithms with CURLS intrinsic
rewards.

coordinate agents and leverage the available state information. In the seasonality setting, all algo-

rithms show more stable learning trajectories compared to the outlier setting, albeit with slightly

lower performance. The improved stability can be attributed to the predictable nature of seasonal

patterns, which allows the algorithms to develop more consistent policies. However, introducing

seasonal trends might introduce distractions in the state space, potentially causing algorithms to

focus on less relevant features during policy learning. On the other hand, introducing outliers to

the state space introduces more instability, but better performance, especially for the off-policy

algorithms. WQMIX and QMIX have better reward trajectories than in the seasonality setting,

and QTRAN maintains similar performance but has a much more variable trajectory. Finally, the

on-policy algorithms see little change in the outlier setting.

Cold Chain Results

The results of the addition of cold chain SKUs to the STEIMAC framework are in Figures

7.7d, 7.7e, and 7.7f. Across all three settings (standard, seasonality, outlier), introducing cold

chain SKUs has minimal impact on the on-policy algorithms, IPPO and MAPPO, as their reward
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(a) Test performance
comparison with no intrinsic

reward.
(b) Test performance

comparison with ELIGN.
(c) Test performance

comparison with CURLS.

Figure 7.9: Test performance comparison of MARL algorithms with different intrinsic reward
algorithms. (a) Standard Setting: Test Performance of Standard MARL setting as in MABIM
[335]. (b) ELIGN Setting: Test Performance of MARL algorithms with ELIGN intrinsic re-
wards. (c) CURLS Setting: Test Performance of MARL algorithms with CURLS intrinsic re-
wards.

trajectories remain stable and converge to nearly breaking even, demonstrating their robustness

to the uncertainty introduced by perishable goods.

However, the off-policy algorithms continue to have lower performance, with WQMIX

and QMIX struggling to learn an effective policy. Interestingly, the effects of adding cold chain

SKUs and introducing seasonality or outliers appear to be largely independent. The performance

patterns observed when cold chains are added closely mirror those in the corresponding non-cold

chain settings, suggesting that the uncertainties introduced by cold chain SKUs do not affect

the performance of each algorithm when adding seasonality and outlier information to the state

space.

Results with Intrinsic Rewards

Representative examples of training with different rewards are shown in Figures 7.8a, 7.8b,

and 7.8c. They show typical experiments in a standard single-store setting. There are several in-

teresting patterns. One is that during training, having an intrinsic reward tends to diverge QMIX

and Weighted QMIX. The inverse of this can be seen in Figure 7.8a, where no intrinsic reward
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results in the two algorithms being almost exactly the same. In contrast, WQMIX slightly out-

performing QMIX with an ELIGN reward in Figure 7.8b, and QMIX outperforms WQMIX by a

wider margin with a CURLS reward, as seen in Figure 7.8c. This could be due to ELIGN prefer-

ring more cooperative behavior, thus favoring WQMIX, while CURLS favors more exploratory

behavior, leading to QMIX receiving higher rewards. Also, with a CURLS reward, MAPPO

consistently receives a higher reward than IPPO, when with no intrinsic reward or using ELIGN,

their reward was roughly on par with one another. This can be explained by MAPPO’s ability to

coordinate exploration strategies between agents. This positions it to take better advantage of the

cluster bonus compared to IPPO.

Similarly, some interesting trends emerge at test time, as seen in Figures 7.9a, 7.9b, and

7.9c. These observations include algorithms (besides QTRAN) improving at a roughly linear

rate when using ELIGN compared to the static rewards (Figure 7.9b) when no intrinsic reward is

used (Figure 7.9a) or when a CURLS intrinsic reward is used (Figure 7.9c). This is in line with

the intuition that it is favorable to have cooperative agents be predictable to one another at test

time to better plan the supply chain, and that it is not necessary to visit unfamiliar state spaces

once training is completed.

Setting IPPO MAPPO QTRAN QMIX WQMIX
1 Warehouse 17.99h 16.05h 17.13h 41.26h 41.0h
2 Warehouses 23.42h 20.04h 24.71h 37.26h 36.83h
3 Warehouses 33.79h 28.3h 27.36h 51.34h 51.43h

Table 7.4: Training times for each algorithm under different numbers of echelons for 200 SKUs
in each warehouse.
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7.2.10 Discussion

The results highlight the differences between on-policy and off-policy algorithms in han-

dling the large and dynamic state space in the STEIMAC environment. IPPO and MAPPO, which

are on-policy algorithms, consistently outperform the off-policy methods of QMIX, WQMIX,

and QTRAN. This is most likely due to their ability to learn directly from the current policy’s

trajectory, which helps maintain stability in reward trajectories and handle the scale of 200 agents

(SKUs) interacting in each of the 3 warehouses. On the other hand, the results suggest that the

value-decomposition and Q-function factorization methods such as QMIX and WQMIX struggle

to learn effective policies in the STEIMAC environment, even when adding outlier policies and

seasonality information. This is most likely because while Q-function factorization can increase

sample-efficiency, it restricts the possible generated policies. Since QMIX and WQMIX must

satisfy the Individual Global Maximum (IGM) property, the constrained policies show little im-

provement when trying to coordinate 200 agents. This also explains the improved performance

with QTRAN, as the Q-function factorization for QTRAN is more general and can handle more

diverse environment conditions than QMIX and WQMIX. Another important comparison be-

tween MABIM and STEIMAC is the use of real versus synthetic data. One advantage synthetic

data has over data from the real world is that real world data can biased by factors like the sample

set. Supply chain data, and especially supply chain data affected by seasonality, is influenced by

the locations of the warehouses and the source of the data itself. Furthermore, the use of syn-

thetic data, often using functions like the gamma distribution for cold chain prices, allows me to

model new realistic behaviors in supply chains. If STEIMAC were to work with the real data of

MABIM, I would not be able to account for seasonality and perishable cold-chain goods. This
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flexibility allows me to fill the gaps left by other benchmarks without needing to painstakingly

collect a similar dataset with the additional features I wish to study.

7.2.11 Conclusion and Future Work

In this study, I introduce the Seasonal Trends for Efficient Inventory Management with

Multi-Agent Cooperation (STEIMAC) framework, designed to enhance inventory management

strategies in multi-echelon supply chains. By incorporating temporal features such as seasonal-

ity, outliers, and cold-chain product management into the existing Multi-Agent Reinforcement

Learning (MARL) benchmarks, I expand on previous benchmarks such as MABIM [335]. I

provide an in-depth comparison of on-policy and off-policy MARL algorithms showing that on-

policy algorithms like IPPO and MAPPO are more stable which can be suitable for small business

warehouses trying to maintain stable profits in an uncertain market. Off-policy algorithms like

QMIX, WQMIX and QTRAN are high risk, high reward, which do have stability challenges but

learn how to get more profit over more learning steps. Additionally, to enhance the generaliza-

tion and scalability of each MARL algorithm, I incorporate an intrinsic reward CURLS which

is curiosity-driven, exploring latent state spaces to align agent objectives across warehouses. In

future work, I aim to additional features to the inventory management environment. For example,

the current approach includes a linear bus network where one warehouse only directly interacts

with the previous and next warehouses in the chain. Including hierarchical tree-based networks

can fully show the downstream nature of inventory management and have more diverse environ-

ment configurations. I can also have differing storage costs and capacity values for each SKU, as

smaller and cheaper items such as goods can be stored in large quantities with little supervision
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compared to expensive electronics that require specialized handling and security measures. Ad-

ditionally, I plan to support the modeling of dwell time in warehouses leading to price stagnation

or drop in commodity prices decreasing inventory profits, where supply chain agents would like

to minimize dwell time. On the algorithmic side, I can also introduce communication networks

between agents to enable better coordination between SKUs across warehouses. By using graph-

based networks such as GNNs [285], I can scale communication as the number of warehouses

increases and inventory management structure changes.

7.3 LLM Agents

After the rise of widespread LLM usage with models such as ChatGPT, interactive AI expe-

riences have become much more commonplace. A natural extension of LLM capabilities comes

in the form of allowing them to take actions, transforming them from text generation tools to

Agents that have the ability to take actions of their own that affect themselves and the environ-

ment. In order to be their most trustworthy and useful, LLM Agents need to robustly determine

cause and effect between actions, and they need to be able to safely and effectively work with

User Agent data to provide a seamless experience while interacting with User Agents. This moti-

vates my research on assessing the ability of LLMs to explain AI outputs and my literature review

on Personalized LLM Agents.
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7.3.1 Robustness of LLMs Generating AI Explanations with Zero-Shot

and Few-Shot Prompting

The emergence of Large Language Models (LLMs) in the Foundation Model Landscape of

Artificial Intelligence (AI) has led to its increasing usage of Generative AI applications with the

aim of achieving human comprehension quality. Explainable Artificial Intelligence (XAI) gives

insight on what factors impacted the AI models’ outcomes by attributing them to the features

in the training data. A large number of XAI models like SHAP, LIME, gradient with respect to

the input, and more motivate an important question: Can a LLM agent robustly generate its pre-

ferred XAI model outputs among multiple choices that can appropriately interpret an AI model

satisfying user agent preferences? This question can help reduce the complexities during data

collection to train AI models and is therefore investigated with zero-shot and few-shot prompt

engineering on LLMs to automatically generate which XAI model, SHAP or LIME, is preferred

for the AI model, random forest classifier on two separate training datasets, evaluating the ap-

proach with human annotations. I probe the influence of prompt tokens on the LLM-Generated

Explanation using XAI and remove the words in the prompt that are most important to generate

the explanation in order to investigate the robustness of zero-shot and few-shot prompting for

LLM-Generated Explanations.

Introduction

In recent years, Large Language Models (LLMs) have become prominent in the field of

foundation models for artificial intelligence, revolutionizing natural language understanding and

generation tasks, mostly for high-resource languages. These models have displayed capabili-
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ties of human-like outputs in myriad applications, including text generation, machine transla-

tion [21, 24], and interactive Generative AI models like ChatGPT. However, as LLMs continue

to be incorporated in more cognitive applications with good quality generations in high-resource

languages, their inherent opacity has raised questions regarding their ability to explain and reason

about what they output. Some previous work has shown that LLMs perform poorly on reasoning

tasks [307], while other work has shown by using methods like Chain-of-Thought, which use

few-shot prompting methods, LLMs can effectively reason to answer questions [326].

This Chapter evaluates the performance of two different approaches, zero-shot and few-shot

prompting, to determine if LLM agents are capable of reasoning about another task: choosing

between XAI outputs to explain the output of an AI model. I have a chain of instructions to give

context about XAI model outputs, the AI model, the training data, predicted class label and the

ground truth class label. Then I have asked the LLM agent to generate its preferred XAI model

output. I evaluate the performance of the LLM on this task by comparing its labels with human

annotations preferring one XAI model output over another. I investigate which set of words are

important to determinate robust LLM generation by using Gradient based XAI [277] method.

Removing the top four tokens from the prompt with highest feature scores impact the output

preference and observing changes in generated labels helps to get insights on how effectively

LLM agents can reason about XAI model outputs.

XAI Selection

My goal is to have a LLM generate its preference for one of the two XAI models, LIME or

SHAP to explain Random Forest Classification. SHAP (Shapley Additive Explanations), calcu-

lates a score for each feature used by an AI model. A positive score indicates a feature contributed
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more heavily to a model output while a negative score indicates a feature did not contribute as

much to a model output. It calculates these weights by considering all coalitions of features in

the model that can be provided to the model and then measuring the change in model output.

[197]. LIME (Locally Interpretable Model-Agnostic Explanations) takes a different approach to

calculate these scores by applying local perturbations to an input to a model and seeing how a

model’s predictions change. By measuring the way the predictions of the model change in rela-

tion to the perturbations, LIME determines which features contribute positively or negatively to

an outcome. These XAI models change their outputs depending on which AI model and dataset

is used as per user requirement [260].

I generate explanations using the XAI models, LIME and SHAP, on test samples for ran-

dom forest classifiers trained on two datasets. The HCMST (Couples) dataset [252] documents

whether couples stay together or not and various attributes about the couple such as age, edu-

cation, and income. The Diabetes dataset [5] documents whether patients have diabetes or not

and other health information like insulin levels, glucose levels, and blood pressure. Figure 7.10

represents the LIME and SHAP XAI plots for a test sample explaining the goal of random forest

classification on Couples dataset.

Dataset Model # Features # Train # Test
Diabetes[5] Random Forest Classifier 18 537 231

Couples[252] Random Forest Classifier 8 1030 442

Table 7.5: Statistics of Two Training & Testing Datasets for Random Forest Classification

LLM Prompts

Flan-T5 is a class of Large Language Model (LLM) that is instruction fine-tuned to increase

performance. Flan-T5 has been shown to improve performance with instruction fine-tuning over
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Figure 7.10: (a) LIME explanation and (b) SHAP explanation for a test sample in the Couples
dataset

many different model sizes from 80M parameters to 11B and can even outperform models that

have not been fine-tuned of much larger size [72]. I have given prompts to the Flan-T5-XL

checkpoint to generate the LLM labels for XAI outputs.

Zero shot Zero shot prompting is a method to prompt an LLM by providing it with instructions

describing the task without context [164]. In this setting, I define zero shot prompting as asking

the LLM to choose between SHAP and LIME without providing it context of human annotations

for a similar task.

The prompt is structured so that the LLM is given context on the dataset and model being

used. In the case of Figure 7.11, it is the Couples dataset and the random forest classifier. This

includes a description of the type of model being used as well as the number of training and test

samples used for training and evaluating the model. After that, the features and feature values

for the test sample that the XAI models were run on is given. Next, the prediction by the random

forest classifier as well as the ground truth label is added to the prompt. Finally, the LIME

and SHAP scores and their corresponding features and the question being asked of the LLM: to

choose between the provided explanations.
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Figure 7.11: An example of a zero-shot prompt for Flan-T5-XL

Few shot Few shot prompting can be contrasted with zero-shot prompting in that some context

is provided to the LLM of the task it must do in addition to instructions to complete the task

[164]. I provide this context with one example each of both SHAP and LIME human annotations

along with the SHAP and LIME feature scores that were given to the human annotator, as seen

in. Additional specificity is also provided in the query to the LLM by asking it to choose the XAI

model whose outputs are most similar to the ones provided in the few shot context, as seen in

Figure 7.12.

Results

I evaluate performance on the labelling task by comparing LLM labels with that of a human

annotator. I randomly sampled 200 test samples, 100 from the Couples dataset and 100 from the

Diabetes dataset, based on which I construct the prompts for the zero shot and few shot setting.

A human annotator was provided the same prompts given to the LLM agent and asked to choose

between SHAP and LIME. Their annotations were validated by another human annotator agent.
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Figure 7.12: An example of a few-shot prompt for Flan-T5-XL

Figure 7.13: Confusion Matrices for the Couples dataset comparing zero shot and few shot
prompting
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Dataset Number of Samples Prompting Strategy Accuracy
Diabetes 200 Zero Shot 54%
Couples 200 Zero Shot 61.5%
Diabetes 200 Few Shot 44.5%
Couples 200 Few Shot 49.5%

Table 7.6: Accuracy of LLM labelling with different prompting strategies

Analysis A decrease in performance is observed for LLM-Generated automatic explanation

labelling with the few-shot prompting strategy, for both the Couples and Diabetes datasets. The

performance on the Couples dataset drops 12% while the performance on the Diabetes dataset

drops 9.5%, as seen in Table 7.6 and Figure 7.13. This shows the increased context length does

not necessarily help the LLM gain understanding of how a task should be performed. Due to

the O(n2) computational complexity of self-attention [309] used in transformers, LLMs can get

exponentially worse at attending to larger contexts. This can provide an explanation for why

adding more context hurts performance more than it helps it.

Robust Interpretation of LLM-Generated Explanations

To determine the important words in zero-shot and few-shot prompting that decide the ro-

bust generation by LLMs, I use a XAI model, computing gradients of outputs with input features

[277] method to assign scores for each of the tokens generated by the model’s tokenizer, as seen

in Figure 7.14. The higher these scores are, the more the model rely on them to generate its out-

put. I then test robustness by removing the top four highest scored tokens. I have observed that

out of the ten randomly sampled prompts, the LLM’s generated XAI model output preference

flipped for seven of the prompts with respect to their previous generation. This gives an insight

on the set of important words that ensure the robustness of LLM generation.
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Figure 7.14: The rows of a table of the most important tokens in the prompt impacting the
generation as scored by the Input X Gradient method [277]

7.3.2 Personalizable LLM Agents

Robustness for explainable AI methods on LLMs directly relates to creating personalized

LLM Agents, as interpretable LLMs are a prerequisite for a trustworthy LLM Agent that can

access user data to provide a more personalized experience. This section is a literature review of

LLM Agent and User Agent interaction to provide personalized LLM Agents.

Several studies incorporate personalized generation for a specific domain into generative

models by including domain-specific information or experience. For example, [177] incorpo-

rates user-item links to knowledge graphs to develop a heterogeneous knowledge graph, which

is embedded in a text generation model, such as an RNN. Additional studies have used Gener-

ative Adversarial Networks (GANs) for personalized text generation [123, 343] by guiding the

generation process with additional context [179, 227] or structured knowledge [289]. However,

while these studies do add additional context, they do not use this information fully to output

personalized text specific to the preferences of the user.
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As a result, studies have shifted towards using Large Language Models (LLMs) for gener-

ating personalized text. For example, given an immediate context and past context for a specific

user over several documents, [176] develop a personalized text generation model by feeding top-

ranked summarized snippets of all the documents into an LLM. Another study by [178] develops

a personalized text generation and recommendation model by giving a list of previous purchases

by the user as input and using beam search to generate personalized search queries for a recom-

mendation model.

Multi-Agent communication Many studies have used Multi-Agent Reinforcement Learning

(MARL) to handle effective communication between agents in a common environment, such as

in sensor networks [332], robotics [116], and games [172]. For example, [139] develop a Multi-

Agent communication system by constraining it to an LLM prior as a reference policy using a

regularization term. However, this approach requires human interaction from the LLM to en-

sure that communication between each agent does not deviate from the prior. Additionally, [126]

addresses scalability in Multi-Agent communication by ensuring agents adopt a local commu-

nication strategy that sends messages only to agents that can be observed without modeling all

agents.

Several works in Multi-Agent communication involve using Graph Neural Networks

(GNNs), as GNNs can store communication between agent i and agent j by the edge that con-

nects node i to node j [136, 288]. For example, [221] developed a variant of Graph Neural Net-

works called Graph Decision Networks designed to handle Multi-Agent communication. This is

done by passing a graph containing observation, environment, and communication information

between agents into a GNN, which outputs actions for each agent.
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Personalizable Representation Learning in Spatio-Temporal and Low-Resource Contexts

A significant rise in the applications of Artificial Intelligence (AI) models has led to the

necessity of underlying representations to be more personalizable with diverse user agents of

AI models. Cognitive AI models like Large Language Models (LLMs), [325], Visual-Language

Models (VLMs) [349] or decision making AI models like decision transformers, [63], robotic

transformers [43] among other models have not been explainable or interpretable in contex-

tual ways to multiple users. Multilingual LLMs can ensure economic benefits of AI models to

reach millions of people speaking low-resource languages like Swahili, Yoruba in Africa; Nepali,

Pashto in Asia, Native American languages etc. LLMs in high resource languages have signifi-

cant gaps in reasoning, hallucinations, planning, memorization or harmful text generation among

other applications [151].

The representations for these AI models from underlying structures like Part-of-Speech

(PoS) tags [14, 91] can be used to learn about prompt syntax in LLMs. It also helps to learn

Multilingual LLMs for low resource languages like Swahili better aligned with high resource

pivot languages having PoS tags. E.g. a Multilingual LLM generating text in low-resource

African languages like Setswana can improve in textual generation with corresponding translated

prompts in English along with their underlying PoS tags.

The prompts can be labeled with dialog act types like identifying statements and questions.

These feature representations help in personalizing [258] the output of AI models like LLMs

both for low-resource [15] and also high-resource languages along with giving insights for lack

of capabilities like repeated generation due to underlying syntactic structure in LLM prompts.

Representations for these AI models can have generic features tagging persons,[100], or-
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ganizations, locations [282] or time [8] giving additional contexts for sparse settings. Context

switching can be documented with bit-level features monitoring changes in these feature tags

along a prompt which helps the AI model’s outputs to be personalizable to the user agent’s

changing requirements. Temporal context helps to improve on factual accuracy of the AI model’s

output.

Personalizing representation learning opens a new paradigm of fairness to make AI models

more accessible to users based on their context and needs.

7.3.3 Conclusion

LLMs like Flan-T5-XL can be used to generate AI explanations automatically for AI mod-

els like Random Forest Classification with corresponding training data. Corresponding to manu-

ally annotated preferences of SHAP or LIME XAI models, experiments lead to a 61.5% accuracy

and 54% accuracy for the Couples and the Diabetes datasets with zero-shot prompting respec-

tively and 49.5% accuracy and 44.5% accuracy for the above mentioned datasets respectively

with few-shot prompting. For the human annotator agent’s labels on randomly sampled data

items, zero-shot prompting is closer to human preferences vis-à-vis few-shot prompting. The im-

portant words in the prompt impacting the generation of explanation models are identified using

an XAI model computing gradients of output scores with respect to input prompt. When these

important words are removed, the explanation preference generated by the LLM flips for most

of the prompts giving insights into robustness. XAI models provides an understanding of which

important words in the prompt control the robustness of LLM generated AI Explanations.
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Chapter 8: Multi-Agent Explainable AI

8.1 Goal-Conditioned Reinforcement Learning to Recom-

mend AI Explanations

The large-scale usage of Artificial Intelligence (AI) models has made it important to explain

their outputs subject to requirements and goals for using these models. The definition of goals

in Goal-conditioned Reinforcement Learning (GCRL) aligns with the task of recommending an

appropriate explanation among Explainable AI (XAI) models like SHAP or LIME that is most

interpretive for specific AI models. The initial focus has been on two goals of training random

forest classifier to classify different training data in order to find appropriate explanations. SlateQ

recommendation system is used for simulation where the underlying RecSim environment has a

slate of documents with different quantity scores representing different goals.

8.1.1 Introduction

In the realm of artificial intelligence, the pursuit of Explainable AI (XAI) models has never

been more crucial for transparency. Understanding the inner workings of AI models has become

imperative to ensure their reliability, fairness, and accountability. XAI tools have emerged to

provide insights into AI model behavior and decisions. There exist a variety of XAI models that
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aim to provide insight into the behavior of complex AI models, which presents a challenge: how

can the most appropriate explanations be effectively recommended that elucidates the behavior

of AI models as per user goals?

This open research challenge is explored by connecting Goal-Conditioned Reinforcement

Learning (GCRL) to a recommender system that can select relevant explanations. The recom-

mender system’s objective is to learn a policy that selects an XAI model’s outputs most aligned

to user goals. Goals are the specific task done by the AI model.

It can be challenging to represent goals in recommender systems [66, 318]. There can be

unified goals while selecting a set of items such as selecting different XAI model outputs for a

meta-task like agriculture planning using precipitation predictions from an AI model. Likewise,

there can be individual goals in selecting different XAI model outputs. Different tasks like disas-

ter recovery or irrigation planning need different characteristics of XAI model outputs based on

an interpretation of the individual preferences of the users in different scenarios. This makes the

GCRL based recommender system pertinent to recommend the appropriate XAI model output

for different tasks.

The SlateQ [144] recommender system is used to simulate this in the RecSim environment

[143], recommending from a slate of different documents, which are selected by their relevance

to the user. This research has been the motivation to recommend slates of XAI explanations

elucidating AI model outputs. These slates are constructed considering user preferences and

generated labels from LLMs preferring explanations generated from XAI models.

Shapley Additive Explanations (SHAP), calculates a score for each feature in the AI model,

which represents its weight to the model output. It does this by approximating the effect of

removing a feature from the model and then doing this for all subsets of features in the model.
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Figure 8.1: (a) LIME explanation and (b) SHAP explanation for a test sample in the couples
dataset

[197]. LIME (Locally Interpretable Model-Agnostic Explanations) calculates scores for each

feature in the model by measuring model behavior in response to applying small perturbations to

an input, thereby generating local explanations for test samples [250]. It is important to decide

when to use SHAP or LIME depending on the goal of which machine learning model is to be

explained [260].

8.1.2 Offline Explanations Dataset

Explanations are generated using the XAI models LIME and SHAP on the corresponding

test samples for random forest classifiers trained on the Diabetes dataset [5] and the HCMST

dataset [252] as different goals. Figure 8.1 represents the LIME and SHAP XAI plots for a test

sample explaining the goal of random forest classification on couples dataset.

Goal # Train # Test
Explaining Random Forest Classifier trained on Diabetes dataset [5] 537 231

Explaining Random Forest Classifier trained on Couples dataset [252] 1030 442

Table 8.1: Statistics of Training & Testing Datasets for two AI model goals
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8.1.3 Goal-Conditioned Recommendations

State representations in SlateQ recommender system (RecSys) are static user features and

historical user preference. These user features are attributes of the LIME and SHAP XAI models

like latency, training data sparsity, consistency and other semantic features, which vary across

different test samples. The current state is updated when an item like an XAI model output is

selected by the user from the slate of explanations, updating the known user preferences for the

aforementioned features. The user selects item i from the slate A with unnormalized probability

v(s, i) where v is some function [144] which leads to a transition to the next state in the trajectory

of the user agent. The components for a goal-conditioned Markov Decision Process (MDP) in the

RecSys setup for explanations are summarized in Table 8.2 with simulation results in Figure 8.2.

Let any XAI model output be θxi for the AI model output xi, or goal. Let the user feature values

Descriptions
States User preference for explanations

Actions User choice of XAI model explanation
Transitions Deterministic updates to the known user preferences for explanations

Reward Assigned when the model selects an explanation that the user also prefers
Goals Recommending XAI model outputs appropriate for specific AI models

Table 8.2: Summary of Goal-conditioned Reinforcement Learning RecSys for Explanations

be represented as f 1
u , f

2
u , ... ∈ Fu where Fu is the set of all feature values for the user. Let the

XAI output features be represented as f 1
θxi
, f 2
θxi
, ... ∈ Fθxi . Then θ∗xi is defined as the XAI model

output minimizing the distance between Fu and Fθxi among a slate of other XAI model outputs

for xi. The reward can be defined as the influence of user engagement in selecting recommended

explanations from a particular slate that is aligned with their goals.

The actions for the recommender system are the choice of XAI model output to present
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Figure 8.2: Average Episode Reward across time-steps for two goals while simulating with
SlateQ RecSys in comparison with a Q-learning approach

to the user. Each XAI model output will have different values for the aforementioned features,

and the recommender system will attempt to select an explanation that has feature values most

closely matching those of the user’s preference, θ∗x. Necessarily, there will be one or more XAI

model outputs for the same AI output as the chosen XAI model output θ′x. The slate that is

presented to the user will then consist of the recommender system selected XAI output as well as

the additional non-selected XAI outputs for that AI model output. Transitions in the model are

the user choice of explanations from the slate. This will update the known user preferences for

features, or state. Transitions are deterministic. Reward is assigned to the model when the user

selects the same XAI model output from the slate that the model itself chose.

Conclusion and Future Work

Future work involves AI explanation goal representations aligned with requirements of

user agents in multiple scenarios which can be validated with human feedback along with the

development of benchmarks to evaluate the quality of goals.
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8.2 Multi-Agent Recommender System for Explainable AI

Figure 8.3: Multi-Agent XAI Recommender System Architecture

The deployment of Artificial Intelligence (AI) models for real world applications has led to

a demand for explaining the outputs of AI models while considering different goals of AI users,

accomplished through eXplainable AI (XAI). It is important as there are different XAI methods

which can serve many aspects of XAI users’ needs for fast, robust, accurate, or consistent ex-

planations of the AI model. This motivates my research work on a Multi-Agent Recommender

System (RecSys) to recommend AI explanations that can serve the goals of different user agents

and are relevant to the tasks done by the AI model. I have experimented with several XAI met-

rics like latency and robustness scores to simulate and understand the features that influence user

agents’ to select an XAI method from a slate of recommended XAI methods, ordered based

on their higher priority of recommendation. My research is the first work recommending four

XAI methods, DeepLIFT SHAP, LIME, Integrated Gradients and Feature Ablation to multiple

user agents’ based on their goals and requirements to understand the AI model’s tasks. I show
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that when user agents’ having similar interests communicate their goals, it can lead to an im-

provement in the diversity of XAI method recommendations. My Multi-Agent RecSys has been

developed with 4 users, having common and diverging goals, having the capability to implic-

itly communicate their goals along the RecSys shaping the reward that scores the alignment of

users’ goals with XAI methods’ performance across different tabular Machine Learning tasks

like regression on California Housing prices or classification on diabetes datasets. I have done

comparative analysis with Collaborative Interactive Recommender (CIR) systems using Deep Q

Learning, and Random Strategies. I find that the Deep Multi-Agent slate-Q approach of XAI

RecSys maximizes exploration of XAI methods in collaboration with the goals of user agents’

while improving the user engagement and diversity of recommendations in simulation.

8.2.1 Introduction

Artificial Intelligence (AI) is increasingly being applied to real-world problems, especially

in domains that involve complex socio-economic factors. One area where Artificial Intelligence

can be applied is the estimation of housing prices. This is a task that influences the decision-

making processes of buyers, sellers, realtors, and financial institutions. AI models can take into

account many different variables such as median income of the neighborhood, location, and num-

ber of bedrooms to give an accurate estimate for the price of a house. The outputs of these AI

models can have far-reaching consequences, from influencing government policy for addressing

homelessness to informing corporate strategies for employee accommodation to assessing local

purchasing power.

The demand of using AI models for improving decision making in such real world problems
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has led the emergence of different Explainable AI (XAI) methods such as DeepLIFT SHAP [197],

LIME [250], Integrated Gradients [292] and Feature Ablation [130] which can give insights into

the influence of features on the decision making capability of an AI model.

This proliferation of XAI Methods opens up the problem of recommending XAI methods

that align with user goals, satisfying requirements for different AI tasks like regression problems

on California housing prices or predicting the progression of diabetes. In these problems, the

user may prefer faster XAI methods, robust XAI Methods, or some option in the middle. Some

objectives may matter more to the user, like explaining the AI model faster to make a time-

sensitive decision. Users also have common goals shared explicitly based on mutual interests.

For example, consider scenario where a buyer agent wants to buy a house. A banker agent may

want to give a loan to the buyer for that purchase only after making sure that the loan can be

repaid based on the housing prices and economic factors.

The advent of Goal Conditioned Recommender Systems [16] provides a framework to

model user goals according to which items can be recommended. Such Recommender Sys-

tems (RecSys) are categorized with Collaborative Interactive Recommender Systems (CIR) [143]

which allow a context window offered by a sequence of interactions between the user and the Rec-

Sys to explore good items to be recommended or to maximize the engagement of the user agents

in the short term and the long term. This exploration can be achieved with Reinforcement Learn-

ing (RL) which inspires my Multi-Agent Reinforcement Learning (MARL) framework implicitly

communicating among user agents by using their proportional goals based on mutual interests to

shape their joint rewards. In my case, the item is the XAI output which is recommended by my

CIR. I explore and recommend a slate of XAI methods to promote diverse recommendations, out

of which my user choice model selects an XAI output. This is then used to calculate a recommen-
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dation response quality score as the reward measuring how aligned the attributes of the ML use

case were to the goals of the user agents. This quality score is used to compute the joint reward

for all agents shaped by their corresponding goals for the specific use case. Thereafter, I take the

preference of the user agents for next ML use cases while updating it with an User Transition

Model that updates the user agent’s preference for the next ML use case with the experience of

the user’s preferences from previous use cases, based on an idea called selfplay. The idea of

introspection arising from the idea of buyer’s remorse in psychology inspires me [253] to model

the recommendation problem as a selfplay problem from MARL, with the users interacting with

past iterations of the choices they made to select a better recommendation.

I have developed my Multi-Agent XAI Recommender System, illustrated in Figure 8.3,

by training Multi-Layer Perceptron (MLP) models with four layers to do the regression task on

the California Housing dataset and the regression task on the Diabetes dataset. For each of the

XAI features I consider (latency, infidelity, and sensitivity), I simulate the user preference for that

feature on a scale from 1 to 5, 1 meaning the user cares very little about that feature and 5 meaning

they care a great deal about it. My recommender system composes a slate of XAI outputs for a

data item from either of the two datasets. Each user has a Q-Network that is used to explore the

expected alignment with the user of each possible slate. For one possible use case let’s assume

the user is recommended a DeepLIFT SHAP item and an Integrated Gradients item explaining

the output from a model taking a California Housing example as input. The user chooses one

of these two items using a Multinomial Proportional choice distribution roughly based on how

similar the user preferences are to the features of the XAI item relative to other items. This

alignment is used as input to the reward function, which provides feedback to the recommender

Q-Network so the recommended slates will align with the users more next time. These rewards
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are useful to compute a joint network either by summation with Value Decomposition Network

(VDN) [294] or by factorizing Q functions with QMIX [248] consisting of an Agent Network for

a Q value per agent and a mixing network to calculate the joint Q values, as seen in the right of

Figure 8.3.

I apply my Multi-Agent Recommender System for the specific application of recommend-

ing Explainable AI (XAI) outputs. XAI methods are often used post-hoc to interpret the impact

of its input features on its outcomes. A large number of XAI methods to explain AI models

for tasks like classification or generation lead to the important research question of which XAI

method should be used to satisfy the user’s goals. A Multi-Agent Recommender System allows

users to adapt their decisions based on past actions. For example, the DeepLIFT SHAP XAI

method may have been used to explain the impact of features on the output classification but it

takes a long time to generate its outputs which may not be ideal for explaining time-sensitive

classification of economic products. So, a LIME based XAI method may be useful in this case as

LIME runs faster than DeepLIFT SHAP over classification outcomes.

My contributions are as follows:

1. I present a novel recommender system capable of determining which explainable AI out-

puts should be recommended to a user agent. This allows for the XAI outputs to be tailored

to user goals relevant to the tasks performed by the AI model.

2. This work compares four popular XAI methods: DeepLIFT SHAP, LIME, Integrated Gra-

dients, and Feature Ablation in a multi-user environment. This comparison is based on the

user goals and requirements in understanding the AI model’s output.

3. I show that the recommender system is capable of recommending all four XAI methods de-
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pending on user goals, showcasing the advantages and disadvantages of using each method.

4. My comparative analysis of collaborative Q-learning reward functions compared to non-

agentic random baselines shows an increased ability for user agents with disparate goals to

implicitly negotiate.

8.2.2 Use Cases of Multi-Agent XAI RecSys

A recommender system for personalized XAI outputs that satisfies the requirements of user

goals has several use cases. One use case is finding the most appropriate XAI feature attribution

method for explaining the output of a model for predicting house prices, satisfying the require-

ments of different users like home buyers, sellers, realtors and bankers who have their own goals.

A home buyer with limited budget may care about robustly understanding learning of predicted

housing prices that can be influenced by house condition, location, and economic factors to save

budget with their house purchase. While a home buyer with no budget worry but has to quickly

move to a new city because of a job will need faster explanations to make a quicker decision.

A home seller may want an XAI attribution method to justify specific features of the home that

justify the housing price. A Realtor can introduce a buyer to a seller and a buyer to banks for

mortgages with the incentive of getting a commission, so they would need to know which un-

derlying features can help match suitable buyers to sellers. A banker can need robust and fast

explanations to understand the factors like location and economics influencing the housing price

to make a decision of granting loans, ascertaining that they’ll be getting repaid. All these users

may have mutual interest during their interactions that guides them to tune their initial goals

according to other user agents.
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Another use case is the healthcare system, specifically in the diagnosis and prevention of

diabetes. In this situation, one user may be a patient at a hospital being screened for diabetes who

wants to understand the underlying parameters that can increase their risk to diabetes which can

help their medication or make lifestyle decisions faster for mitigating diabetes. Another user may

be a doctor responsible for curing the patient and wants fast and robust explanations in order to

quickly and correctly help patients suffering from severe diabetes. Other agents like a pharmaceu-

tical representative wants to anticipate which features impact diabetes to accordingly reflect the

patient symptoms to the company and sell medicines convincing the doctor that their medicines

will not have side effects for diabetes prediction features like blood pressure. The health insur-

ance agent has an interest in such explanations to ensure healthcare coverage is efficiently given

to their patient consumers and their claims payment can be optimal.

I simulate these AI use cases based on real-world California housing prices regression

and diabetes prediction tasks to show that my XAI RecSys can serve generally XAI users with

different goals involved in these situations. I describe the datasets further in Table 8.3. The

diversity of user’s preferences and goals while having mutual interests motivating users to avoid

their goals has been considered in order to serve more robust XAI recommendations for all user

agents.

Dataset # Data Points
California Housing [233] 20640

Diabetes [92] 442

Table 8.3: Statistics of Training & Testing Datasets for two AI Models
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8.2.3 Related Works

Collaborative Interactive Recommendations

The objective of recommender systems include not just short term satisfaction to max-

imize user engagement but also improve it in the long term and make sure recommendations

address user goals. Collaborative Interactive Recommenders (CIRs) address this where the Rec-

ommender Agent explores the set of options that satisfies user goals’ in the short-term and in the

long-term in collaboration with the users, making use of interactive user feedback. This differs

from Conversational Recommender Systems (CRSs), which more directly solicit feedback from

the user through Natural Language conversations. CRSs may provide an intuitive interface, but

they can be less responsive to evolving user preferences, which is a major factor to consider in

use cases where user agents, each with their own goals and interests, must collaborate with other

agents.

Existing libraries that simulate users of CIRs [143] provide a configurable platform for

authoring simulation environments for recommender systems that naturally supports sequential

interaction with users. The recommendation options are explored with reinforcement learning

based user modeling environments based on which new environments including my research can

be supported for sequential interactive recommendation problems.

Other frameworks like [348] simulate user-item interactions in recommender systems

through agent-based collaborative filtering in which both users and items are considered as

agents. These agents can demonstrate personalized behaviors similar to those of real-world in-

dividuals, spearheading the development of next-generation user behavior simulation. However
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they do not consider long-term user engagement along with short-term user engagement like

RecSim does.

To simulate closer to the real world, session-based recommender systems like [127] models

recommendation items based only on interactions in the current session for anonymous users,

while providing a simulator and a recommender model. However, they have not also addressed

user engagement and satisfaction of goals of single users like RecSim has done.

Some libraries such as [344] make use of findings that Reinforcement-Learning (RL) based

Recommender Systems (RS) enhance long-term user engagement. The EasyRL4Rec code li-

brary, designed specifically for RL-based RSs, provides lightweight and diverse RL environments

based on five public datasets and includes core modules with rich options. This library supported

many RL algorithms but few ML use cases. Since my research focuses on investigating XAI

results on some ML use cases and demonstrate diverse, robust and aligned recommendations sat-

isfying the goals of different users for the first time, I plan to extend my XAI RecSys to satisfy

these RL algorithms in future.

Some methods try to gain more knowledge about the user through cookies [210]. Cookies

enable more accurate identification and tracking of user behaviour in a recommender systems.

The impact of user’s consent decision through cookies on the recommender system’s ability to

learn about user engagement data has been investigated in the context of an engagement-driven

recommender system using simulation.

More works such as [243] address the issue of evaluation of interactive recommender sys-

tems by simulation of user interactions with the system as a part of the evaluation process.

Works such as [274] the user behaviour in recommender systems inspired by click models

for Web search. The proposed models outperform baselines on the ContentWise and RL4RS
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datasets and can be used in RS simulators. More data-driven approaches to RL simulation such

as SARDINE, a flexible and interpretable recommendation simulator, have been proposed to ac-

celerate research in interactive and data-driven recommender systems. LLMs can also be used

for Recommender System simulation, such as in Agent4Rec, a user simulator in recommenda-

tion, which leverages LLM-empowered generative agents equipped with user profile, memory,

and actions modules that are specifically tailored for the recommender system.

8.2.4 Review of Multi-Agent Reinforcement Learning

More examples of the advantages of self-play can be found in [77] In a Multi-Agent set-

ting, the other agents can learn. This makes the environment non-stationary, and emphasizes the

importance of learning for each agent. Two minimal properties of a good Multi-Agent reinforce-

ment learning algorithm are the ability to learn the optimal policy against an opponent that is

stationary or may become stationary, and convergence to the Nash Equilibrium if all agents have

the same policy. to achieve these goals, the authors propose AWESOME: an algorithm that has

agents adapt their strategies when their opponents appear stationary, and retreat to an equilibrium

when opponents are adapting.

The competition amongst agents fostered by techniques such as self-play can result in inter-

esting emergent behavior, as in [26]. In this work the authors observe that when multiple agents

trained using self-play are put into simple environments, it is possible for complex behaviors to

be learned. In particular, self-play sees great results in competitive environments. Rather than

constantly playing against the most recent version of an opponent, select a historical version of

the opponent at random so one agent does not run away with the lead and dominate everyone

else. Different policies can also be selected at random to avoid overfitting.
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Chen et al. [66] survey serves to give me a review of the state-of-the-art in recommender

systems that employ deep learning, including a problem statement for the task of making rec-

ommendations to a user, as well as overviews of sophisticated strategies for the different tasks

encompassed by this paradigm using Multi-Agent Reinforcement Learning which is capable of

handling multiple tasks. Feng et al. [99] addresses two weaknesses that happen when scenarios

are optimized individually: there is no collaboration during the optimization and there is no way

to model correlation between the optimizations. To this end, the authors present Multi-Agent Re-

current Deterministic Policy Gradient (MA-RDPG). The work makes the point that even in non-

cooperative scenarios, collaboration between agents is necessary to maximize total return. Carroll

et al. [54] studies how to predict the affect of different policies for Reinforcement-Learning based

Recommender Systems on their users’ preferences. To observe how a new policy influence its

users, it is necessary to have access to a set of historical data on how the users interact with the

old policy.

Multi-Agent Reinforcement Learning

Reinforcement Learning (RL) is an useful learning framework to help explore recommen-

dation choices by CIRs. Multi-Agent Reinforcement Learning is an RL paradigm capable of

modeling systems where many agents can interact to solve problems such as recommender sys-

tems which does many complicated tasks, many of which can be modeled to be done by agents.

Marivate et al. [204] applies Multi-Agent recommender systems to the task of recommending

training courses for engineers. At a high level, the agents each have simple tasks to solve, and

combine their efforts to produce high-quality recommendations. One agent, the recommender, is

responsible for ordering courses based on a search query. The other agent is the information re-
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trieval agent which adds or updates information on the courses based on the information available

from the service providers. The introduction of reinforcement learning allows the recommender

system to dynamically respond to updates in the course catalog without retraining, which has not

been done in other research works.

In [121] MARL is applied to recommendations in a social media setting, for potential men-

tioned (@’d) users in a tweet. It accomplishes this using an actor-critic method with two agents as

actors. One agent evaluates historical tweets from the user, while the other agent evaluates tweets

made by particular candidate mentioned user. These agents cooperate to form their recommen-

dation, and the critic gives them feedback based on how good their recommendation was. Zhang

et al. [351] provides another example of agents cooperating to provide a recommendation. In

this work, the problem of recommending the best charger for an electric car based on proximity,

waiting time, and other factors is considered. Like [121], an actor-critic framework is employed.

Each charging station is an agent and constitutes an actor. Based on the information they know

about themselves and other agents, they make recommendations to the centralized attentive critic.

The critic then generates a recommendation based on the action with the highest “bid".

Other settings that have used Multi-Agent Reinforcement Learning for Recommender Sys-

tems are websites, as in [220]. There, the authors apply Multi-Agent recommender systems to

the task of web adaptation (changing a website based on the user’s preferences) with two agents.

One agent uses single-condition association rules and a second agent uses collaborative filtering

algorithm. Another way to use Multi-Agent Reinforcement Learning is to recommend Internet

of Things devices like in [105]. Here, the authors present an algorithm for improving the perfor-

mance in an Internet of Things (IoT) environment. Each “thing" is represented by a cyber agent.

Through collaborative filtering, the system recommends the user additional items based on items
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they already like.

The MARL TLeague framework [291] demonstrates that modeling a Multi-Agent game

with reinforcement learning method for each agent is not good, as it leads to policy-forgetting.

When agents are independent, they tend to rotate over the Nash Equilibrium. With fictitious

self-play, the agents play not only against their present opponents, but historical opponents as

well, which has the benefit of avoiding policy-forgetting as well as being able to reach Nash

Equilibrium.

Another case against independent Reinforcement Learning comes from [169], which pro-

vides evidence that with independent reinforcement learning, there is much overfitting. One

metric for judging how well a policy generalizes is Joint-Policy Correlation. The higher the cor-

relation the more overfitted the policy is likely to be. This paper generalizes the same notion of

Fictitious Self-Play present in [291].

More examples of the advantages of self-play can be found in [26, 77] In a Multi-Agent

setting, the other agents can learn. This makes the environment non-stationary, and emphasizes

the importance of learning for each agent. Two minimal properties of a good Multi-Agent rein-

forcement learning algorithm are the ability to learn the optimal policy against an opponent that is

stationary or may become stationary, and convergence to the Nash Equilibrium if all agents have

the same policy. to achieve these goals, the authors propose AWESOME: an algorithm that has

agents adapt their strategies when their opponents appear stationary, and retreat to an equilibrium

when opponents are adapting.

The competition amongst agents fostered by techniques such as self-play can result in inter-

esting emergent behavior, as in [26]. In this work the authors observe that when multiple agents

trained using self-play are put into simple environments, it is possible for complex behaviors to
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be learned. In particular, self-play sees great results in competitive environments. Rather than

constantly playing against the most recent version of an opponent, select a historical version of

the opponent at random so one agent does not run away with the lead and dominate everyone

else. Different policies can also be selected at random to avoid overfitting.

Chen et al. [66] survey serves to give me a review of the state-of-the-art in recommender

systems that employ deep learning, including a problem statement for the task of making rec-

ommendations to a user, as well as overviews of sophisticated strategies for the different tasks

encompassed by this paradigm using Multi-Agent Reinforcement Learning which is capable of

handling multiple tasks. Feng et al. [99] addresses two weaknesses that happen when scenarios

are optimized individually: there is no collaboration during the optimization and there is no way

to model correlation between the optimizations. To this end, the authors present Multi-Agent Re-

current Deterministic Policy Gradient (MA-RDPG). The work makes the point that even in non-

cooperative scenarios, collaboration between agents is necessary to maximize total return. Carroll

et al. [54] studies how to predict the affect of different policies for Reinforcement-Learning based

Recommender Systems on their users’ preferences. To observe how a new policy influence its

users, it is necessary to have access to a set of historical data on how the users interact with the

old policy.

Difference from Prior Work

While there are several works that touch on the idea of making recommender systems

explainable [52, 203, 353], mine is the first to consider the dynamics of treating AI explanations

as the item to be recommended. I furthermore distinguish my work from others by modeling

different users as unique agents in a Multi-Agent system that implicitly collaborate and negotiate
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with each other via a shared reward.

8.2.5 XAI Methods and their Properties

I apply Multi-Agent Reinforcement Learning to the novel task of recommending XAI out-

puts from feature attribution methods such as DeepLIFT SHAP, Integrated Gradients, LIME, and

Feature Ablation. These four methods were chosen for being among the most popular XAI tech-

niques, and for having unique properties that make them suitable as a basis for studying how they

are recommended in a variety of use cases. DeepLIFT SHAP uses a distribution of background

samples, whereas Integrated Gradients uses a single baseline input. LIME is a stochastic method

that trades consistency for reduced complexity, but Feature Ablation remains consistent while

trading off for increased latency.

DeepLIFT SHAP

Shapley Additive Explanations (SHAP) [197] is an explainable AI attribution method that

attempts to unify several different ways of explaining the feature importance for elements of an

input to a model. SHAP takes inspiration from Shapley values of Game Theory [272] whereby

the contribution of an individual feature can be estimated by seeing how the behavior of the model

changes when that feature is replaced by a baseline.

It can be shown that SHAP explanations are locally accurate, meaning the internal inter-

pretable representation of the model has the same output for data examples given to the original

model. SHAP explanations are also consistent, meaning features that cause a large difference

in prediction are important, and exhibit missingness, meaning an absent feature has zero impor-

tance.
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Calculating the true Shapley values for each feature is intractable for many model inputs,

so I explain AI outputs with DeepLIFT SHAP, a modified version of SHAP based on DeepLIFT

[276]. DeepLIFT SHAP provides an efficient way to approximate SHAP explanations.

Integrated Gradients

Integrated Gradients is another feature attribution, especially useful for computer vision,

but applicable to a wide range of scenarios. It exhibits two desirable properties:

Sensitivity: An attribution method has sensitivity if for any two examples that differ in one

feature but have different predictions, that feature has a non-zero attribution value.

Implementation Invariance For any two networks that are functionally equivalent (i.e. given

any valid input they produce the same output) but differ in implementation, their attributions

should be equal. Put more formally, I have that an attribution method h is implementation invari-

ant if

∀x, f(x) = g(x) =⇒ h(f, x) = h(g, x) (8.1)

for any two networks f, g.

LIME

LIME, or Locally Interpretable Model Explanations [250] is a feature attribution method

that works by creating an interpretable explanation model (e.g. a linear model) that suffices to

explain the behavior of a more complex model localized to the area around a particular example.

The example is projected to a simplified input space to aid the interpretibility of the surro-
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gate model. Samples are randomly taken from around the area of the simplified example, and the

surrogate model’s behavior is used to create feature attributions for the original model.

.

Feature Ablation

Feature ablation is a simple and straightforward attribution method. As described in [211],

the approach is to compare a model’s output with all the features of its data to the model’s output

with a baseline in place of a particular feature and use the difference between the outputs as a

measure of that feature’s importance. Described more formally I have

ϕi(f,X) = f(X)− f(XD\{i}) (8.2)

where i is the feature whose importance is being measured,X is an example from a dataset,

f is the model, and D is the set of features, of which i is a member.

Feature ablation is a naive method of conducting feature attributions and as such does not

exhibit any of the above mentioned XAI properties. It is instead a very approximate way to

estimate the importance of features for a model’s outcome.

8.2.6 Multi-Agent XAI Recommender System

RecSys with 4 XAI methods

The items that my Multi-Agent Recommender System serves to the user agents are AI

explanations of the predictions from a Neural Network trained to perform a regression task using a

dataset. For each example in the dataset, explanations are creating using DeepLIFT SHAP, LIME,
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Integrated Gradients, and Feature Ablation. These explanations, which I define as “documents",

are compiled into a single collection, as seen in Figure 8.3. Each document has three user-

observable features that the user agent can use to make their decisions on which XAI output to

choose: latency, infidelity, and sensitivity. Attribution scores are not included as an observable

feature of the XAI output so the user is not biased when making a decision.

XAI metrics

When considering which XAI outputs to put in the slate recommended to the user, my

recommender agents observe three features for each document: latency, infidelity, and sensitivity.

These metrics cover the trade-off between robustness and time cost commonly seen in real-life

deployments of AI Applications [323] and serve a starting point that can be expanded in future

work.

Latency: Simply put, latency is the amount of time it takes to create a particular XAI

output. During the generation of the XAI outputs, I note the time immediately before and after

each output and take the difference to be the latency:

LAT(Φ, f ,x) = end− start (8.3)

where Φ is the attribution method, f is the model being explained, x is the input, end is the

time when the attribution method stopped running, and start is the time when the attribution

method started. When I generate XAI outputs for LIME, I choose the hyperparameter for the

number of samples created by LIME to be 5 from the default value of 50 to have a more equitable

comparison with the other methods.
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Infidelity: The notion of infidelity as presented in [339] seeks to capture a score for what

happens when, given an explanation method, a model, an input, and a set of perturbations, what

happens to the explanations relative to the differences between the model with the original inputs

and the perturbed inputs. For this the proposed score is mean squared difference between an

explanation multiplied by a set of perturbed inputs and the difference between the model output

with the original inputs and the model output given the perturbed outputs. To put it more formally,

given attribution method Φ, model f , input x, and perturbation matrix I, I have

INFD(Φ, f ,x) = EI∼µI [(I
TΦ(f ,x)− (f(x)− f(x− I)))2] (8.4)

.

I can take any number of forms as a set of perturbations. For my purposes, I take I to be a

noise vector with elements randomly sampled from a zero-mean normal distribution.

SensitivityMax: The idea of sensitivity, similarly to infidelity, aims to serve as a quantitative

measure for how much an explanation varies with small differences in the input vector. One way

to measure this according to [339] is SensitivityMax. SensitivityMax aims to find an input within

an infinity-norm ball of radius r about an original input in the feature space that maximizes the

difference between the explanation at those inputs:

SENSMAX(Φ, f ,x, r) = max
||y−x||≤r

||Φ(f ,y)−Φ(f ,x)|| (8.5)

.
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Agentic RecSys

Each recommender agent for my Recommender System uses the SlateQ reinforcement

learning algorithm [144]. SlateQ is an extension of the concept of Q-learning [324], but while

normal Q-learning maps values to each possible action, SlateQ maps Q-values to combinations of

items, known as slates. The agent has a Deep Q Network that assigns a Q-value to each possible

slate and then recommends either the slate with the highest Q-value or a random slate depending

on whether the Deep Q Network is set to exploit its current knowledge of the users preferences

or explore the user’s preferences more.

User State

The user state consists of the user’s preferences for each of the three XAI metrics (latency,

infidelity, and sensitivity) and the user’s time budget, which determines when the user will stop

using the recommender system. If the time budget is at or below zero when a step ends, the user

terminates. If all users have terminated, the episode ends, another one is started, and the user

reappear with their default settings. The user states per episode can be dynamic depending on the

time budget and whether the recommended items have any utility to the users’ preferred goals.

Implicit negotiation between users with different goals is reflected when each user indicates their

satisfaction with the XAI output and their responses are combined to form a unified reward signal.

An illustration of the user feedback process can be found in Figure 8.4

To make decisions, each user employs a Multinomial Proportional Choice Model, repre-

sented by the “Choice Models" in Figure 8.3. The Choice Model calculates scores for each

document in the slate according to score = u · d. After the scores for the documents in the slate

are generated, a document (represented by the “Selection" in Figure 8.3) is chosen from the slate
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Figure 8.4: Implicit Negotiation between User Agents for XAI Outputs of AI Models
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with a probability

p(x) =
x∑
x∈X x

(8.6)

where x is the score of the document and X is the set of all document scores. Once a

document is chosen, the alignment and quality of the response are calculated using equations 8.7

and 8.8 respectively. As seen in Figure 8.3, the response quality is then used as input to the reward

function that will provide feedback to the recommender agent, and the user transition model is

called to update the user preferences and time budget.

User Transition Model

The user’s preferences and time budget (the number of steps the user will continue to run)

get updated by the user transition model after each step, represented by the “Transition Model"

text in Figure 8.3. The user’s evolving preferences depend not only on their current preferences

but their past preferences in a self-play mechanism. The update to the user preferences is ran-

domly initialized. At this point, take the observable features of the XAI output, a step size cal-

culated based on the user interests, and multiply the difference times the XAI output observation

to get an update vector. Then take the dot product of the XAI output observation with the user

preferences. The result is compared with a random number between 0 and 1 . If the dot product

is greater than the random number then the update is added to the current user preferences. Oth-

erwise the update is subtracted. The resulting vector is rounded to the nearest integer and then

clipped to the [1, 5] so it is guaranteed to be within the original Likert scale space.

After each step, the time budget decrements by one and then updates according to the qual-

ity of the document chosen by the user. After the quality is scaled by a time budget step size
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hyperparameter (here, 0.1) it is added to the time budget. In this way, the higher quality recom-

mendations the user receives, the longer they are incentivized to interact with the recommender

system.

Reward Formulation

The reward for the multi-user recommender agent, represented by the purple block in the

far right of Figure 8.3, is a function of how well the user’s preferences on the XAI metrics align

with the values for those metrics on the XAI outputs they have chosen. For example, if the user

cares a lot about latency and the XAI output has a low latency then the recommender agent will

receive a higher reward.

A comparative analysis of the recommender system on two different reward functions is

given. Each reward function takes as input the observed user preferences, the observed document

features, and the responses from the users to the documents that they were recommended by

the recommender agent. The user only chooses to interact with one XAI output at each step so

only the information from the response to the chosen document is considered when formulating

a reward. Based on the user preferences and the features of the document the user chose to

interact with, the user response to the document has an alignment with the user preferences.

This alignment is modelled as the cosine similarity between the user observation vector and the

document observation vector:

c(u,d) =
u · d

||u|| · ||d||
(8.7)

where u is the observation vector of the user and d is the observation vector of the XAI

output. The cosine similarity is adjusted slightly to account for cases where the XAI output not
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only meets but outdoes the needs of the user. This is accomplished by rounding the alignment of

the response up to one when most features of the document are greater than the features of the

user:

q(u,d) =


1, if

∑n
i=1⊮di−ui>0 >

n
2

c(u,d), otherwise

(8.8)

In this way the recommendation response quality is not penalized for not aligning with the user’s

preferences if the document is generally better than the user’s preferences. After calculating the

quality of the response from the user to the document, the responses of each user are passed to a

reward function. The two reward functions used are Value-Decomposition-based [293] rewards

and QMIX-based [248] rewards.

QMIX is an off-policy action-value function factorization algorithm that learns a joint

action-value function Qtot(τ ,u) to develop consistent centralized and decentralized policies. τ

denotes the joint action-observation history and u as the joint action. Other action-value func-

tion factorization algorithms, such as Value Decomposition Networks (VDNs), compute the joint

action-value function for a centralized policy by taking the sum of each individual action-value

functionQi(τi, ui, θi). QMIX argues that this full factorization is not required to maintain consis-

tency between the centralized policy and each decentralized policy, only as long as the argmax of

the joint action-value function is the same as the argmax of each individual action-value function
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[248].

argmax
u

Qtot(τ ,u) =


argmaxu1 Q(τ1, u1)

...

argmaxun Q(τn, un)

 (8.9)

QMIX and VDNs are used for the basis of the reward functions by supplying the response

quality and states to the networks and receiving a value, which is used as the reward. For this the

implementation of QMIX and VDNs from [234] is used.

Multi-Agent XAI RecSys

During the episodes of the recommender system, there are multiple users being recom-

mended XAI outputs. Each of the users have their own unique preferences and goals that shape

how they respond to the recommendations they receive. These users may interact with each other

through a shared reward signal, seeing how their goals may align or differ so their features can

be further refined to optimize their recommendations. An example of this may be a potential

homeowner and a bank interacting with each other to see how different variables affect a model

used to predict housing prices in a neighborhood. These users can have very different interests;

the homeowner may care more about how sensitive the explanations are to small changes in the

input while the bank may want to run many attributions quickly, but if they share information by

interacting with each other the recommendation policy can be tweaked to benefit both of them.

Evaluation Metrics

There are several metrics (as seen in Figure 8.5) to evaluate the performance of the Multi-

Agent Recommender System in the absence of real-world user data.
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Average Alignment represents the average (avg) value of the alignment (as calculated in

equation 8.8) between the users’ preferences and the documents they chose at each time step.

This, along with the other metrics listed here, is calculated over each iteration.

Recommendation Diversity is useful to measure how the 4 XAI methods were recom-

mended items per user. It helps to get an insight whether increasing the slate size or using QMIX

or VDN algorithms increases the diversity of recommendations.

Average Episode Length is the average length of each episode within an iteration which is a

measure of how well exploration happened with the QMIX and the VDN algorithms for different

slate sizes. Each user has a time budget that determines how long they participate in an episode.

This time budget decrements by one at each step, but also increases by 0.1×quality at each step,

where quality is the quality of the user’s chosen document. Thus, a longer episode means the

users were recommended more higher-quality documents.

Average Quality measures the average document quality as calculated in Equation 8.8 for

the documents chosen by the users.

Average Click-Through-Rate is the ratio of the number of times a document was recom-

mended to the user and the number of times it was chosen.

Average Episode Reward. This metric shows the average of the sum of rewards for each

step in each episode.

Average Standard Deviation of Episode Rewards is the average standard deviation of the

rewards for the episodes in an iteration.

Time Per Step is simply the average amount of time it takes for one step to complete within

an iteration.
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Results

Experiment Setup All experiments were run on a NVIDIA GeForce RTX 2080 Ti GPU

with 32GB of memory. The operating system used was Red Hat Enterprise Linux 8. Libraries

used include recsim 0.2.4, pandas 2.2.2, and tensorflow 2.15.

The most salient findings from the experiments are that recommending a slate of items in-

stead of a single item results in improving recommendation diversity for different users, along

with an increase in alignment between the features of the chosen XAI output and the user prefer-

ences when combined with a QMIX or VDN-based reward. For these experiments, the training

loop ran for 20 iterations with the number of training steps for each iteration capped to 10000.

These experiments ran using the standard SlateQ-based recommender agents and compared it

with a non-agentic random baseline with randomly selected items in slates. Slate sizes of two

and one are contrasted for comparative analysis on introducing slates for recommendation diver-

sity in Q-learning based recommenders. For 4 XAI methods, other slate sizes like three would

be redundant, having the same combinatorial space as the slate size of one (
(
4
1

)
=
(
4
3

)
= 4). A

slate size of four is akin to no recommendation being made at all, as there are four XAI methods

to consider. Thus, all possible slate sizes are explored.

There are two different reward functions: a reward based on the output of a QMIX network

and a reward based on Value Decomposition Networks (VDNs). The loss function for the SlateQ

recommender agents was standard Huber loss. Figure 8.7 shows that when using a QMIX-based

reward and a slate size of 1, each user tends to gravitate towards a "favorite" XAI method that

dominates the rest of the distribution. However, compared with a slate size of 2, the other XAI

methods being chosen at a more variable rate.
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(a) Avg Episode Rewards (b) Standard Dev. of Rewards (c) Avg Quality

(d) Avg Click-Through-Rate (e) Avg Episode Length (f) Time Per Step

Figure 8.5: Evaluation Metrics for QMIX Agents and Random Slates

Figure 8.6 shows that with more training steps, the average alignment of the chosen XAI

document with the user preferences increases for both QMIX reward and VDN reward when the

slate size is 2, although the alignment is slightly higher when the QMIX reward is being used,

with the maximum average alignment with the QMIX reward approaching 0.900 compared to the

maximum average alignment with the VDN reward closer to 0.896.

Figure 8.6: Avg Alignment for QMIX and VDN in comparison to Random strategies

Figure 8.8 in the Appendix compares the results for experiments run with a VDN reward

for SlateQ agents and Random slates with slate size 1 and 2. Comparing the average episode
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rewards for VDN in contrast to the QMIX reward, the VDN reward is lower than the reward for

the random baseline, showing that QMIX is a better overall reward for this use case.

(a) Slate Size 1 for
California Housing
Dataset

(b) Slate Size 1 for Di-
abetes Dataset

(c) Slate Size 2 for
California Housing
Dataset

(d) Slate Size 2 for Di-
abetes Dataset

Figure 8.7: Recommendation Diversity with QMIX Agents

In Figure 8.5 and Figure 8.8 over time, the reward generally increases for both QMIX and

VDN-based rewards, showing that these rewards lead to effective learning of user preferences

over time, resulting in better recommendations.

Another interesting result from the experiments is that the time it takes for each step of the

recommender system to execute is seemingly correlated with the size of the slate recommended

to the user, implying that when a large number of simulated user interactions is needed quickly,

a smaller slate size is better.

8.2.7 VDN based Recommendation Results

According to Figure 8.8 as opposed to the QMIX-based reward function whose rewards are

shown in Figure 8.5, the VDN reward starts off much lower than the random baseline, though

it does trend upward, indicating that learning is occurring. Also, while the Episode Length is

completely stagnant for the random baseline, the episode length increases almost monotonically

for the SlateQ agent with the VDN reward, indicating more exploration is happening, leading to

the discovery of better recommendations.
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(a) Average Episode Rewards (b) Standard Dev. of Rewards (c) Average Quality

(d) Average Click-Through-Rate (e) Average Episode Length (f) Time Per Step

Figure 8.8: Evaluation Metrics for VDN Agents and Random Baseline

(a) Slate Size 1 for
California Housing
Dataset

(b) Slate Size 1 for Di-
abetes Dataset

(c) Slate Size 2 for
California Housing
Dataset

(d) Slate Size 2 for Di-
abetes Dataset

Figure 8.9: Recommendation Diversity with VDN Agents

From Figure 8.9 it can be surmised that, like QMIX, the VDN-based reward also results

in diversity for user choices, especially when the slate size is two. VDN favors each attribution

method for at least one user.

8.2.8 Conclusions and Future Work

My research on Multi-Agent Recommender System (RecSys) for XAI methods is aimed to

support XAI researchers and users of AI models to understand which XAI method they should

use that satisfied their goals of a fast and/or robust method for 4 XAI methods: DeepLIFT
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SHAP, LIME, Integrated Gradients and Feature Ablation. The proposed Multi-Agent XAI Rec-

Sys framework is a Collaborative Interactive RecSys (CIR) which models preferences of four

user agents’ sharing mutual interests along XAI features like latency, sensitivity and infidelity

using a Likert scale representation and shapes the reward function according to the users’ prefer-

ence. A Slate-based Multi-Agent CIR trained on the QMIX algorithm is used to observe higher

alignment of the recommended features to user goals and more diverse recommendations. The

user preferences are updated with a self-play approach considering the current preference for a

ML use case with preference updates based on observing previous use cases. Comparison with

the VDN algorithm shows that QMIX algorithm is more representative of the goal preferences of

multiple users sharing mutual interests as it improves higher alignment, more diversity, and more

user engagement with the recommended users. Both QMIX and VDN based Multi-Agent RecSys

has higher quality of diverse recommendations than random strategies, indicating the importance

of Multi-Agent modeling of the XAI RecSys.

Future work involves collecting human preferences instead of simulated preferences to

extend the reward shaping of the Multi-Agent Reinforcement Learning framework with human

feedback and reflecting the housing and banking use cases with humans in the real world. More

research can be done with Independent Q Learning which faces convergence challenges in ex-

isting Multi-Agent RL (MARL) research to investigate if similar challenges exist in this XAI

RecSys framework. Further comparative analysis can be done with policy-based MARL algo-

rithms like MAPPO, MADDPG among others or addressing the stability challenges of QMIX

with weighted QMIX. Adding more XAI features like reliability can help to improve trustwor-

thiness with Explainable AI Agents that explore whether an XAI method can identify expected

influential features in attributing an ML algorithm’s outputs for a particular task. If an XAI
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method cannot identify these influential features for different examples in the same ML task, that

knowledge can give an indication about whether the XAI method is reliable and trustworthy.

8.3 Explainable Visualizations

Past research on visualizing word embeddings across semantic dimensions at AAAI-22

[23] serves as a motivation to improve the visualization of XAI methods satisfying the objec-

tives of different users with Multi-Agent reinforcement learning representations on which I’ve

published relevant work [e.g., 25].

Word embeddings represent words as high dimensional feature vectors. Their use is now

common in neural network NLP. In their seminal paper on word2vec, (Mikolov 2013) [212]

showed that a feature space created by training a word prediction network on a large text corpus

will include semantic information that supports analogy by vector arithmetic, e.g., "king" minus

"man" plus "woman" equals "queen". To help novices appreciate this idea, people have sought

effective graphical representations of word embeddings. Past research on word2vec demonstra-

tion involves the construction of a semantic space from collections of word pairs that contrast

along one of two dimensions: gender (e.g., man vs. woman; king vs. queen) or age (e.g., man

vs. boy; king vs. prince). Word vectors are then plotted in 3D, where the third “residual” dimen-

sion is roughly aligned with the contrast words but orthogonal to the first two dimensions. The

interactive, browser-based demo presents a rotatable and zoomable display of this 3D semantic

space and allows users to project new words into it. It can also display the 10 closest words to

a selected word. In addition users can visualize and compare the actual 100-element values for

selected words. This can lead K-12 students to valuable insights into the nature and limitations
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of word embeddings.

8.3.1 Graphical Display of Embeddings

In some cases, semantic features in embedding vectors can be discovered by examining

the vectors directly. Figure 8.10 shows the vectors for three male words and the corresponding

female words. Element 76,marked with a black line, correlates well with gender. But things

aren’t always this simple; these words were chosen to give a clear example. Figure 8.11 shows

vectors for three words associated with adulthood and three associated with youth. Component 14

correlates well with age, but again, these words were chosen because they offer a clear contrast.

Semantic information is more commonly distributed across multiple vector components and is

difficult to discern by looking at the vectors directly.

Displaying the vectors directly is still useful for some purposes, but does not help the user

appreciate the geometry of the semantic space that makes analogy by vector arithmetic possible.

If each word is a point in the space, direct display of the vector for that word, as in Figures 8.10

and 8.11, is like writing out its coordinates. What is done instead is to graph the point.

8.3.2 Visualizations to Explore Word Embeddings

One of the core design principles for the demo is that it should display something interesting

from the moment it’s loaded, without requiring the user to take any action. So the already defined

gender/age semantic space is used along with the addition of the vectors for a select group of

words to the 3D scatter plot on the left. To the right, the 100-element vectors are displayed for

six selected words: man, woman, boy, girl, king, and queen. Figure 8.12 shows the initial display
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Figure 8.10: Embedding vectors for three male and three female words. Component 76, marked
by a vertical black line, is positive for male words and negative for female words.

Figure 8.11: Embedding vectors for three words associated with adulthood and three words asso-
ciated with youth. Component 14, marked by a vertical black line, is positive for the adult words
and negative for the youth words.
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Figure 8.12: Words plotted in 3D semantic space. Male words appear in the positive (left) half of
the x-axis; female words in the negative (right) half. Adult words are in the positive (top) half of
the y-axis; youth words in the negative (bottom) half.

Figure 8.13: A rotated view of the scatter plot showing distance along the third, residual dimen-
sion, which is labeled Genderless/Ageless. The contrast pair words, which define the residual
dimension, have residuals close to zero. “Refrigerator”, which is semantically unrelated to the
contrast words, is located a substantial distance from them (high residual).
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Figure 8.14: Hovering over a point in the scatter plot produces a display of the word and its 10
nearest neighbors.

Figure 8.15: Layout of the developed interactive embedding visualization demo. On the leftside
is a zoomable and rotatable 3D scatter plot. On the right is a display of selected embedding
vectors. The text box at the bottom allows entry of new words.
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when the demo is loaded.

Continuing the theme of providing a low threshold for informative interactions, simply

moving the mouse pointer over a point in the scatter plot produces a pop-up window displaying

that word and its 10 closest neighbors (Figure 8.14), measured by 100-dimensional Euclidean dis-

tance. Exploring the neighbors illustrates how dependent the vectors are on the choice of training

corpus. For the vectors that have been used, which were trained on Wikipedia articles, the closest

neighbors of “apple” after ”macintosh” are computer terms such as ”amiga” and “microsoft”, not

fruits.

Displaying the word vectors as a heat map in the right half of the window facilitates visual

comparisons, but transparent about the values is also a major user requirement. Moving the

mouse pointer over an element of the word vector display produces a pop-up showing the word,

the position of the element in the vector (0 to 99), and the value of that element, which typically

ranges from -0.35 to 0.35.

Clicking and dragging on whitespace in the 3D plot rotates the view, while the scroll wheel

can be used to zoom in or out. This gives the user a better sense of words as points in a “space”,

with relative motion of points providing a helpful cue for depth.

Clicking on a word causes it to become “active”, and its dot turns red. Only one word can

be active at a time. When a word is active, clicking on a row of the vector display in the right half

of the window causes that word’s vector to be copied into that row. In this way, the six words

initially shown in the vector display can be replaced with words of the user’s choice. This makes

it easy to visually compare vectors of related or contrasting words, as shown in Figures 8.10 and

8.11.

New words can be added to the scatter plot by typing them into a text box at the bottom
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of the window. When a word is entered, it is made the active word; the red dot helps the user to

locate it in the display. A previously-added word can also be entered in the text box to make it

active again if the user needs help finding it.

8.3.3 Conclusion & Takeaways to Visualize XAI Outputs

The visualization research to explore and learn word embeddings is relevant to the domain

of XAI, specially focusing on explaining text based or multimodal AI models. Current research

in XAI is mostly reliant on visualizations to understand the importance of features post-hoc after

training, be it for the SHAP, LIME, Integrated Gradients or other XAI methods. While recom-

mending XAI outputs is an important research goal to build trustworthy AI, it is also a big focus

to improve the XAI visualizations with better representations of underlying features along with

providing explainable visualizations that can be projected across semantic dimensions based on

the needs of AI users. There is flexibility for the users to define their own semantic dimensions.

8.4 Target Representations in Multi-Agent Reinforcement

Learning

Multi-Agent Reinforcement Learning (MARL) algorithms have been successfully applied

to real world situations like illegal smuggling, poaching, deforestation, climate change, airport

security, etc. These scenarios can be framed as Stackelberg security games (SSGs) where defend-

ers and attackers compete to control target resources. The algorithm’s competency is assessed by

which agent is controlling the targets. I have investigated the modeling of SSGs in MARL with
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a focus on possible improvements of target representations in RL algorithms [25]. The objective

is to have interpretable target representations which can be easily explained to end-users of AI in

order to build trust in AI models.

8.4.1 Introduction

Multi-Agent Reinforcement Learning (MARL) is useful to solve real world problems

whose models are inspired by game theory (GT). Stackelberg security games (SSGs) in GT for-

mulate real world agents competing to control targets in domains like protecting infrastructure

such as airports, trains, traffic, etc. [278], preventing drug smuggling, combating illegal fishing

and animal poaching, mitigating illegal logging, and other climate change problems [68]. Here

is an investigation into how MARL algorithms model SSGs with a focus on understanding target

representations to get efficient and explainable solutions. Successful automated assessment of

RL algorithms for SSGs require well-defined and interpretable target (secure resources) repre-

sentations. Targets (secure resources) over which attacker and defender agents are competing

have to be represented and understood properly to assess the success of policies in autonomous

systems. To make the automated assessment concrete on the basis of targets, the definition and

representation of targets have to be clearly understood.

8.4.2 Stackelberg Security Games

Stackelberg security games (SSGs) are two-player games with one defender and one at-

tacker. The defender aims to protect a set of targets T by allocating limited resources to protect

up to b targets, where b ⊂ T . The payoff functions for the defender and attacker are Ud(t)
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and Ua(t) respectively for t ∈ T . pt is the probability of target t to be protected by the de-

fender and qt(p, ξ) is the probability of target t being attacked by the attacker with feature ξ.

[316]. The two-player SSG has been extended to a coalitional security game [124] or single

leader multiple follower SSG by using a cardinal function of agent utilities [68]. For a single

leader, multiple follower Stackelberg security game, the utility function for the leader (defender)

is Ul : Ωl ×Ωf → R. The utility function for a follower (attacker) is Ui : Ωl × Ωi → R, where

Ωl is the strategy set for the leader, Ωi is the strategy set for the follower, and Ωf is the combined

strategy sets for all followers [68].

8.4.3 Targets for Competency Self-assessment

Traditionally, the performance of the autonomous agents in MARL can be evaluated using

reward signal such as Bellman equation [306]. [163] proposes a novel technique for testing the

robustness of MARL agents where “unit tests" are designed to gauge the agents’ abilities to solve

specific tasks. A Strong Stackelberg Equilibrium (SSE), where the attacker breaks ties in the

best response set in favor of the defender, is the standard solution concept for SSGs [312] due

to no guarantees about the existence of a Weak Stackelberg Equilibrium (WSE) [78]. Even the

SSE may not be applicable for security games, as the defender may not induce the attacker to

select a preferred action with an infinitesimal change in their policy due to resource assignment

constraints. [125] proposes the inducible Stackelberg equilibrium (ISE), defining an inducible

target that serves as the lower bound of the defender’s utility guarantees. SSGs involve targets

that the attackers attempt to gain control over and the defenders protect from the attackers [158,

279, 316]. The control of targets determines the winner, consequently determining the success of
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policies in autonomous systems that help defenders to win. This motivates future work to develop

a solution concept for SSGs with the notion of targets that can be applied to RL since control of

targets by the attacker implies that the game is lost while the opposite implies a defender’s win.

8.4.4 Modeling SSGs in Reinforcement Learning

Markov Decision Process

Markov Decision Processes (MDPs) are described by a tuple of (S,A, P,R) where S is the

set of states, A is the set of actions, P : S × A → Π(S) is the state-transition function where

P (s′|s, a) is the probability of transitioning from state s to s′ given action a, and R : S×A→ R

is the reward function where R(s, a) is the reward of action a in state s [29].

For a sequential stochastic SSG with one leader (defender) and one follower (attacker),

[214] proposes the Markov Perfect Stackelberg Equilibrium (MPSE), which computes a Markov

equilibrium in linear time from a Stackelberg equilibrium in double exponential time using se-

quential decomposition, and applies it to a MDP. A model-free RL algorithm motivated by Ex-

pected Sarsa computes the optimal MPSE strategies for the defender and the attacker, where the

defender maximizes its returns based on the knowledge that the attacker is strategizing to play

the best response to the defender’s strategy.

Uncertainty in MDPs The transition probabilities in MDPs can be uncertain due to a lack of

knowledge about true transition leading to uncertain rewards as formulated in Uncertain Markov

Decision Process(UMDP) [62, 251]. [334] models SSGs as UMDPs using double oracle and

deep deterministic policy gradient (DDPG) to find optimal defense strategy against poachers

while maximizing regret.
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[214] applies the idea of computing Markov equilibrium in linear time from Stackelberg

equilibrium in double exponential time to a Markov Decision Process referred to as the Markov

Perfect Stackelberg Equilibrium (MPSE). [161] applies MDP to a 2D grid game with 2 non-

cooperative players. [278] looks into real-life problem of airport passenger screening.

Uncertain Markov Decision Processes (UMDPs) capture the uncertainty caused by the tran-

sition probabilities. It is defined as a set of tuple (S, s0, A, T,R) where S is the set of state, s0 is

the initial state, A is the set of actions, T = T1, ...T|ξ| is the set of uncertain transition functions

and R = R1, ...R|ξ| is the set of uncertain reward functions. A sample of model uncertainty is

defined as ξq = (Tq, Rq) where Tq ∈ T and Rq ∈ R[62, 251].

Existing papers model SSGs as UMDPs by introducing uncertainty in observations. [334]

uses a double oracle and a deep deterministic policy gradient (DDPG) to find the optimal strategy

to defend against poachers while maximizing regret.

Partially Observable Markov Decision Process

Partially Observable Markov Decision Processes (POMDPs) extend the MDP’s definition

to (S,A, P,R,Ω, O) where Ω is the set of observations andO : S×A→ Π(Ω) is the observation

function whereO(o|s′, a) is the probability of the agent observing o after action a landing in state

s′ [152].

[7] models SSGs as POMDPs where agents cannot access the full information regarding

the state. [273] finds the optimal defender policies with policy gradient in a partially observable

cooperative RL framework. [311] uses Double Deep Q Learning (DDQN) to compute allocation

and patrolling strategies with drones for SSGs with partial observability.
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Dec-Partially Observable Markov Decision Process

Decentralized Partially Observable Markov Decision Processes (Dec-POMDPs) generalize

POMDPs as ([N ], S, Ai∈[N ], P, R,Ωi∈[N ], Oi∈[N ])). Considering an m-sized subset of N agents

who can only partially observe the states, Dec-POMDPs update the set of actions Ai for agent i,

the transition probabilities P (s′|s, a1, ..., am) with [1,m] ⊂ [N ], the joint rewardR(s, a1, ..., am),

the set of observations Ωi for agent i, the observation function Oi : S × Ai → Π(Ωi) with

observation probabilities O(o1, ..., om|a1, ..., am, s′) that denotes the set of agents i = 1...m ob-

serving (o1, ..., om) after a tuple of actions (a1, ..., am) landing in s′. Dec-POMDPs formulate

SSGs in Multi-Agent RL by modeling decentralized control over agents [31] by considering

an m-sized subset of N agents who can only partially observe the states. It is parameterized

by the set of agents [N ], the set of state S, the transition probabilities P (s′|s, a1, ..., am) with

[1,m] ⊂ [N ], the rewards R(s, a1, ..., am), the set of observation Ωi for agent i, the observation

function O : S × Ai → Π(Ωi) with observation probabilities O(o1, ..., om|a1, ..., am, s′) that

denotes the of agents i = 1...m observing (o1, ..., om) after a tuple of actions (a1, ..., am) land-

ing in s′. Dec-POMDPs are useful to formulate SSGs in Multi-Agent RL with the concept of

decentralized control over agents [31].

Partially Observable Stochastic Games

Partially Observable Stochastic Games (POSGs) generalize from Dec-POMDPs to

([N ], S, Ai∈[N ], P, Ri∈[N ],Ωi∈[N ], Oi∈[N ]). Its transition function is updated as P : S×
∏

i∈[N ]Ai×

S → [0, 1]; It defines reward functions for each agent i as Ri : S ×
∏

i∈[N ]Ai → R. and obser-

vation function as Oi : Ai× S ×Ωi → [0, 1]. POSGs formulate the Multi-Agent environment by
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simultaneous stepping where all agents step, observe, and are rewarded together [299].

8.4.5 Target Representation to Assess RL for SSGs

Targets are important in SSGs, signifying the essential component of security: Attackers try

to gain control from defenders while defenders protect targets from attackers. The ways targets

are modeled in RL literature for SSGs are analyzed.

Targets as a Part of State

[273] defines targets to be a part of the state, while the objectives for the defenders and

attackers are to protect and attack the targets respectively given a state. However, targets can be

moved from one state to another [316], either as a result of agent actions or due to stochasticity.

Existing research work applying repeated SSGs with imperfect information in RL [7] consid-

ers the targets to satisfy Markov and complex physical constraints where the games’ strategies

evolve around patrolling the targets which are fixed locations on a map. Likewise, the learning

algorithms to solve security games consider the targets to be nodes or cells in a grid-world state

space where vulnerable resources are located [161, 311, 321, 342]. [113] considers the targets to

be a tuple of the location and time of the patrols protecting resources. These proposed algorithms

do not define targets explicitly, which should be done for the solution of ISE to hold as defined

before. [311] considers targets in SSGs as cells in the grid world environment with partial ob-

servability representing density of animals and computes allocation and patrolling strategies with

drones and patrols using Double Deep Q Learning (DDQN).
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Targets as a Part of Strategy

[74] takes a different approach to define the set of full strategy profiles as X × Y =

(x1, ..., xn, yn+1, ..., ym). The defenders choose a strategy xδ ∈ X and attackers choose a strategy

yα ∈ Y after observing x, implying targets as a part of the strategy. This approach relies on the

definition that the defender strategy is a probability distribution over a set of actions that protect

a limited number of targets and the attacker strategy is a probability distribution over a set of

actions that attack a limited number of targets. However, targets are not necessarily associated

with agent strategies as they are resources in SSGs.

[125] proposes the inducible Stackelberg equilibrium (ISE) based on the idea of an in-

ducible target that serves as the lower bound of the defender’s utility guarantees. Stackelberg

security games and security games in general involve the idea of targets which are resources that

the attackers tries to gain control from the defender and the defender protects from the attacker

[158, 279, 316]. This motivates future work to develop a solution concept for stackelberg security

games with the notion of targets in the domain of reinforcement learning as control of targets by

the attacker implies that the game is lost while the opposite implies a defender’s win.

Targets as a Separated Set

There are RL algorithms adapted for application in SSGs where the targets are considered

separately as an input [154]. However these algorithms can only strategize for the defender’s

policies and will need to be extended to Multi-Agent RL for understanding optimal attacker

policies also. [278] describes targets as a separated set, N , and an action s is an allocation of

resources K over the set of targets N .

265



This form of definition most accurately reflects the proper definition of targets in SSG.

However, targets as a separated set contradicts the existing modeling of SSG with MDP, POMDP,

Dec-POMDP, and POSG where the tuple of sets do not leave room for definition of targets. If

targets were to be modeled with a independent set, a new modeling of SSG is needed.

Challenge of No Explicit Definition of Targets

Existing literature in RL for SSGs has not modeled targets separately. Some papers mod-

eling SSG as MDP [161, 214] or POMDP [7] lack an explicit definition of targets. [75, 302, 303]

model SSGs as controllable Markov chains without considering target resources while adapt-

ing strategies against dynamic behavioral models of attackers. Given the significance of targets,

not including its explicit definition introduces obscurity in modeling the payoff function which

subsequently leads to ambiguity in the RL reward function.

For a sequential stochastic Stackelberg security game with one leader (defender) and one

follower (attacker), [214] applies the idea of computing Markov equilibrium in linear time from

Stackelberg equilibrium in double exponential time to a Markov Decision Process referred to as

the Markov Perfect Stackelberg Equilibrium (MPSE). A model-free RL algorithm motivated from

Expected Sarsa computes the optimal MPSE strategies for the defender and the attacker with the

defender maximizing its own returns based on the knowledge that the attacker is strategizing to

play the best response to the defender’s strategy.

However, Strong Stackelberg Equilibrium (SSE), where the attacker (follower) breaks ties

in the best response set by selecting the best response to the defender, is considered as the standard

solution concept for Stackelberg security games [312] due to no guarantees about the existence

of Weak Stackelberg Equilibrium (WSE) [78] which has not been addressed in [214].
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Even the SSE may not be applicable for security games as the defender (leader) may not

induce the attacker (follower) to select a preferred action with an infinitesimal change in their pol-

icy due to resource assignment constraints. [125] proposes the inducible Stackelberg equilibrium

(ISE) based on the idea of an inducible target that serves as the lower bound of the defender’s

utility guarantees. Stackelberg security games and security games in general involve the idea

of targets which are resources that the attackers tries to gain control from the defender and the

defender protects from the attacker [158, 279, 316]. This motivates future work to develop a

solution concept for stackelberg security games with the notion of targets in the domain of re-

inforcement learning. Control of targets by the attacker implies that the game is lost while the

opposite implies a defender’s win.

Existing research work applying repeated stackelberg security games with imperfect infor-

mation in reinforcement learning [7] consider the targets to satisfy Markov and complex physical

constraints where the games’ strategies evolve around patrolling the targets. Likewise the learn-

ing algorithms to solve security games consider the targets to be nodes in the state space [161].

The algorithms proposed do not define targets explicitly which should be done for the solution of

ISE to hold here as defined before. Targets can be moved from one state to another by attackers

[316] demonstrating the control of agents on targets which is not captured in this modeling.

There are reinforcement learning algorithms adapted for application in Stackelberg security

games where the targets are considered separately as an input [154]. However these algorithms

can only strategize for the defender’s policies and will need to be extended to Multi-Agent RL

for understanding optimal attacker policies also.
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8.4.6 Abstracting Targets

In practice, RL algorithms choose a policy that maximizes expected rewards over a highly

randomized one. If the embedded SSGs can be modeled with targets set, resource constraints,

and utilities, the game can be solved prior to learning policies to implement the winning strategy.

Moreover, low-level decision control in MARL setting need not be confined to GT, SSGs can be

solved with better time and sample complexity by abstracting the control problem.

8.4.7 Conclusion

Current literature in Multi-Agent Reinforcement Learning (MARL) to solve Stackelberg

security games either ignores targets or considers them to be a state or strategy which does not

reflect the solution concept of these games. Given the limitations, it may be beneficial to define

the set of targets independent of existing parameters to learn better policies in RL. There are RL

algorithms adapted for application in Stackelberg security games where the targets are considered

separately as an input [154] to strategize for the defender’s policies. These algorithms are being

extended to MARL for understanding optimal attacker policies as well.
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Chapter 9: Speedup and Scalability for Efficient Multi-Agent AI

9.1 JAXMARL: Multi-Agent RL Environments and Algo-

rithms in JAX

The nascent emergence of AI Agents has made benchmarks an important component, espe-

cially in Reinforcement Learning (RL), where CPU-bound environments often become a bottle-

neck for large-scale AI training. JAX’s hardware acceleration capabilities enable massively paral-

lelized RL environment rollouts, mitigating this limitation. Multi-Agent Reinforcement Learning

(MARL), a primary algorithmic paradigm to train AI Agents, has much to gain from this, where

multiple agents interact at each step, putting more pressure on the computational overhead and

sample complexity.

JAXMARL library enables training of Multi-Agent AI that combines ease-of-use in cod-

ing with parallel processing on GPUs, supporting widely used MARL environments that can be

trained with the state-of-the-art baseline algorithms. This is one of the first open-source collabo-

rative Multi-Agent AI code base that is aimed at creating major research infrastructure to unlock

new research ideas, driven by the extremely fast training speeds which help to determine the

success and/or quick adaptation of different Multi-Agent AI training methodologies.

JAXMARL offers up to a 12, 500× speedup on common MARL environments and algo-
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rithms compared to CPU-based implementations when considering wall clock time. I initiated

and developed JAXMARL, contributing the vectorized environment rollouts and co-located agent

updates on hardware accelerators with auto-vectorization, auto-differentiation, and Just-in-Time

(JIT) compilation. This research library enables efficient and thorough evaluations, with the ob-

jective of alleviating the evaluation crisis in the field of AI Agents. The code base is open-source

on Github.

9.2 Introduction

Benchmarks enable comparisons between different Multi-Agent Reinforcement Learning

(MARL) algorithms by defining agentic problems, playing a pivotal role in the scientific process.

Take Chess and Go as prime examples. These games serve as benchmarks, driving the develop-

ment of MuZero [264]. In MARL decentralized StarCraft Micromanagement [104] and then the

StarCraft Multi-Agent Challenge [SMAC, 261] led to the development of QMIX [249], a very

popular MARL training algorithm.

A crucial bottleneck for simulation speed while training AI Agents, arises due to slow data

transfer between the CPU and GPU that has to be done to evaluate the agents on GPU post sim-

ulation on CPU. Simulation speed plays a major role to ensure fast progress in Reinforcement

Learning (RL). This is because a large number of environment interactions are needed to deter-

mine if an RL algorithm is improving the reward signal or learning how to make good decisions.

This makes simulation speed a significant bottleneck. Non-stationarity and decentralized partial

observability in MARL significantly worsen the sample complexity in MARL problems [30].

The latest acceleration in hardware and parallelization techniques for AI training are not provided
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Figure 9.1: JAXMARL was built with the purpose of being an easy-to-use MARL library that
does not compromise on efficiency and variety.

in Python, which limits the ability of machine learning researchers to train faster [269, 328]. The

extremely efficient Hanabi library [137] created by the Meta-AI research team is written in C++,

not Python, and as a result is less used by the MARL community than it otherwise might have

been. JAX [40] enables direct use of Pythonic code with accelerated hardware (e.g. GPUs,

TPUs), allowing for wider use of massively parallel RL environments and training algorithms.

JAX [40] provides function transformations that are composable. This allows for easy de-

vice parallelization, vectorization, autodiff and just-in-time (JIT) compilation with XLA [257]

for optimization that works regardless of device. The environment rollouts and model training

are both executed on a hardware accelerator (such as a GPU or TPU), using JAX. It removes

the cost of data transfer between CPU and GPU devices which in return allows significant par-

allelization. Recently, the success of this end-to-end JAX-based approach has been observed in

the PureJaxRL [192, 195] library. The model and the environment are both hosted on the GPU,

yielding a 4, 000× speedup compared to a more “traditional” pipeline where the policy would be
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(a) MPE (b) OverCooked (c) Multi-Agent Brax (d) STORM

(e) Hanabi (f) Switch Riddle (g) Coin Game (h) SMAX

Figure 9.2: JAXMARL environments. Vectorized implementations of a wide range of environ-
ments are provided from different MARL settings.

evaluated on a GPU only after being simulated on the CPU.

These advances accelerate MARL and broader RL research significantly by making the

testing and iteration of ideas with a real-world impact much faster. This is crucial for the devel-

opment of decentralized AI Agents, which can be hosted on the edge with smartphones, Aug-

mented Reality devices, and more. JAXMARL also lowers computational hurdles for extensive

MARL research, meaning researchers can now use billions of frames and reach greater levels of

performance than were feasible before.

Challenges with the evaluation standards across benchmarks in the MARL community are

becoming prominent. MARL papers in particular usually only evaluate on a few domains. Ac-

cording to [118], only one evaluation environment is used in 50% of seventy-five recent MARL

works. A further 30% of works only used two. While the extremely popular SMAC and
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MPE [191] environments have different tasks or maps, the risk of biased comparisons and in-

correct conclusions increases due to the lack of standardization. This leads to environment over-

fitting and unclear progress markers. Adding to the confusion is the lack of a unified codebase

and a severe computational burden posed by comprehensive evaluations.

JAXMARL is presented in this section. It is a library that unifies JAX implementations of

eight common MARL environments under one AP for the first time, along with supporting JAX

implementations of four state-of-the-art MARL algorithms. Similarly to PureJaxRL, this allows

for end-to-end training pipelines built in JAX. As outlined in Figure 9.1, the JAXMARL library

is presented with end-to-end hardware-accelerated training, simple Python implementations, and

a broad range of MARL environments. Rapid evaluation of novel methods across a broad set

of domains are allowed in JAXMARLwhich addresses MARL’s evaluation crisis. Specifically,

JAXMARL achieves over 12, 500× speedup compared to “conventional” Multi-Agent AI ap-

proaches, including using PyTorch for major Multi-Agent AI environments.

The most popular environments from several MARL settings are included in the JAXMAR-

Llibrary. The Multi-Agent Particle Environments (MPE) [191], and Multi-Agent Brax (MABrax)

are included under the centralized training with decentralized execution (CTDE) setting. Hanabi

and Overcooked are included to cover zero-shot coordination (ZSC) and ad-hoc teamplay settings

respectively. Also, CoinGame and Spatial-Temporal Representations of Matrix Games (STORM)

are environments to support the setting of genera-sum games. STORM provides a representation

of matrix games as grid-world scenarios with temporally extended actions. These environments

were not supported before by JAX, thereby allowing faster research with JAXMARL.

The JAX implementations of the four mostly commonly used MARL training algo-

rithms, Independent PPO (IPPO) [85, 265], QMIX, VDN [294] and Independent Q-Learning
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(IQL) [216], are provided in JAXMARL, allowing new techniques to be easily evaluated with

baselines. The JAXMARL library also supports the popular MAPPO [341] algorithm which is

helpful to finetune many Generative AI tasks because of its stability.

9.3 Background

9.3.1 Hardware Accelerated Environments

The usage of Python code with any hardware accelerator is allowed by JAX. It allows

researchers to write hardware-accelerated code easily. Writing environment code in JAX has

gained recent popularity, supported by useful research code like JAXMARL. This ensures two

main advantages: firstly, JAX’s vmap operation, which vectorizes functions across an input di-

mension, can ensure parallelization of environment runs, and secondly a JAX-coded environment

allows it to be co-located with agent evaluations on the GPU, thereby removing the time taken

to copy between CPU and GPU memory. Combining these factors increases training speed, with

PureJaxRL [192] achieving a 4000x speedup over traditional training in single-agent settings.

9.4 JAXMARL

JAXMARL, an open-source Multi-Agent AI library, contains simple and accessible JAX

implementations of popular MARL environments and algorithms, enabling significant accelera-

tion and parallelization over existing baselines. A wide range of MARL environments and algo-

rithms are provided in JAXMARL , one of the first open-source JAX-based Multi-Agent libraries,

which is easy-to-use and accelerates training of Multi-Agent AI.
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import j a x
from JAXMARL import make

key = j a x . random . PRNGKey ( 0 )
key , k e y _ r e s e t , key_ac t , k e y _ s t e p = j a x . random . s p l i t ( key , 4 )

# I n i t i a l i z e and r e s e t t h e e n v i r o n m e n t .
env = make ( ’ MPE_simple_world_comm_v3 ’ )
obs , s t a t e = env . r e s e t ( k e y _ r e s e t )

# Sample random a c t i o n s .
k e y _ a c t = j a x . random . s p l i t ( key_ac t , env . num_agents )
a c t i o n s = { a g e n t : env . a c t i o n _ s p a c e ( a g e n t ) . sample ( k e y _ a c t [ i ] ) \

f o r i , a g e n t in enumerate ( env . a g e n t s ) }

# Per form t h e s t e p t r a n s i t i o n .
obs , s t a t e , reward , done , i n f o s = env . s t e p ( key_s t ep , s t a t e , a c t i o n s )

Figure 9.3: An example use of JAXMARL’s adaptable and intuitive API.

9.4.1 API

PettingZoo [299] and Gymnax has inspired the visualization interface of The interface of

JAXMARL . This was designed to be a simple and easy-to-use interface for a wide-range of

MARL problems. Figure 9.3 showcases an example to instantiate an environment from JAX-

MARL’s registry and to run one transition.

The step method has two additional inputs compared to PettingZoo’s, due to the support

of pure scientific computing functions by JAX’s JII compilation. The state object stores the

environment’s internal state which is updated with each call to step, before being passed to

subsequent calls. Meanwhile, the key_step key is consumed by JAX functions that require

stochasticity. This key is separated from the internal state to ensure clarity.

The remaining inputs and outputs are dictionaries keyed by agent names, similar to Petting-
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Zoo, which allows differing action and observation spaces. However, the total number of agents

in an environment cannot change during an episode as JAX’s JIT compilation requires arrays to

have static shapes. Thus, the agent iterator in PettingZoo is not used. Instead, the maximum

number of agents is limited during environment initialization. Any agents that terminate before

the end of an episode pass dummy actions thereafter. The end of an episode is signaled using a

special "__all__" key within done due to the possibility of asynchronous termination. The

same dummy action approach is taken for environments where agents act asynchronously (e.g.

turn-based games).

Strict registration of environments is provided as a feature with suffixed version numbers,

to ensure clear and responsible coding, e.g. “MPE Simple Spread V3”. The version numbers

match whenever JAXMARL environments correspond to existing CPU-based implementations.

9.4.2 Environments

JAXMARL contains diverse Agentic environments, all implemented in JAX. SMAX 2s3z

and 27m30m, SMAC-like environments for 2 stalkers vs 3 zealots and 27 marines vs 30 marines

(stalkers, zealots, and marines are StarCraft characters with different capabilities) are imple-

mented entirely in JAX. Full details are provided in [256]. This section provides details on how

to implement the other provided environments in JAX.

Overcooked Overcooked is commonly used for assessing fully cooperative and fully observ-

able Human-AI task performance. The goal is to quickly prepare and deliver soup by putting three

onions in a pot, cooking the soup, and serving it into bowls. In order to maximize their shared

reward signal, two agents, or cooks, must coordinate to effectively divide the tasks. The imple-

276



mentation follows the original from Overcooked-AI [53], including all five original layouts and a

simple method for creating additional ones. Discussion on the limitations of the Overcooked-AI

environment can be seen in [171].

Hanabi Hanabi is a fully cooperative partially observable multiplayer card game. The play-

ers can observe other players’ cards but not their own. The team must play a series of cards in a

specific order to win while sharing only a limited amount of information between players. Since

reasoning about the beliefs and intentions of other agents is paramount to performance, it is a

common benchmark for research on ZSC and ad-hoc teamplay. The Hanabi Learning Environ-

ment [27] has inspired the JAXMARL implementation which includes custom configurations for

varying game settings, such as the number of colors/ranks, number of players, and number of hint

tokens. While the Hanabi Learning Environment is written in C++ and split over dozens of files,

the JAXMARL implementation is a single easy-to-read Python file, simplifying interactions with

the library and running experiments.

Multi-Agent Particle Environments (MPE) A 2D world model with simple physics is fea-

tured in the multi-particle environments (MPE) in which particle agents can move, communicate,

and interact with fixed landmarks. The format of the world and the agents’ abilities varies in

each environment, creating a diverse set of tasks that include both competitive and cooperative

settings. All the MPE scenarios featured in the PettingZoo library are implemented, with the JAX

implementation’s transition logic matching that of the PyTorch based PettingZoo. Additionally

a fully cooperative predator-prey variant of simple tag has been included as presented in [235].

The structured code allows for straightforward extensions, enabling further tasks to be added.
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Multi-Agent Brax (MABrax) MABrax is derived from Multi-Agent MuJoCo [235], an ex-

tension of the MuJoCo Gym environment [300], commonly used for benchmarking continu-

ous Multi-Agent robotic control. The underlying physics engine, provided in JAXMARL ’s

Brax[106], includes five of Multi-Agent MuJoCo’s Multi-Agent factorisation tasks in which each

agent controls a subset of the joints and only observes the local state. The included tasks, illus-

trated in Figure 9.2, are: ant_4x2, halfcheetah_6x1, hopper_3x1, humanoid_9|8,

and walker2d_2x3. The task descriptions mirror those from Gymnasium-Robotics [84].

Table 9.1: Benchmark results for JAX-based MARL environments (steps-per-second) when tak-
ing random actions. All environments are significantly faster than existing CPU implementa-
tions. [256]

Environment Original, 1 Env Jax, 1 Env Jax, 100 Envs Jax, 10k Envs Maximum Speedup
MPE Simple Spread 8.34× 104 5.48× 103 5.24× 105 3.99× 107 4.78× 102

MPE Simple Reference 1.46× 105 5.24× 103 4.85× 105 3.35× 107 2.29× 102

Switch Riddle 2.69× 104 6.24× 103 7.92× 105 6.68× 107 2.48× 103

Hanabi 2.10× 103 1.36× 103 1.05× 105 5.02× 106 2.39× 103

Overcooked 1.91× 103 3.59× 103 3.04× 105 1.69× 107 8.85× 103

MABrax Ant 4x2 1.77× 103 2.70× 102 1.81× 104 7.62× 105 4.31× 102

Starcraft 2s3z 8.31× 101 5.37× 102 4.53× 104 2.71× 106 3.26× 104

Starcraft 27m vs 30m 2.73× 101 1.45× 102 1.12× 104 1.90× 105 6.96× 103

STORM – 2.48× 103 1.75× 105 1.46× 107 –
Coin Game 1.97× 104 4.67× 103 4.06× 105 4.03× 107 2.05× 103

Coin Game Coin Game, a two-player grid-world environment, emulates social dilemmas,

e.g. the iterated prisoner’s dilemma [280]. It expands on simpler general-sum social dilemmas

by adding a high-dimensional state. Two players, ‘red’ and ‘blue’ move in a grid world and are

each awarded 1 point for collecting any coin. The ‘red’ player loses 2 points if ‘blue’ collects a

red coin and vice versa. Thus, the expected reward of both players is 0 if they ignore the coin

color while collecting them. Further details are provided in Appendix 9.9.1.
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Spatial-Temporal Representations of Matrix Games (STORM) The “in the Matrix” games

in Melting Pot 2.0 [4] environment suite inspire the STORM [156] environment which expands on

matrix games by representing them as grid-world scenarios. Resources are collected by agents

which determine their strategy during interactions. Training of these strategies follow a pre-

specified payoff matrix reward. This allows for the embedding of fully cooperative, competitive

or general-sum games, such as the prisoner’s dilemma [280]. Thus, STORM can be used for

studying paradigms such as opponent shaping, where agents act with the intent to change the

learning dynamics of other agents’ that lead to more prosocial outcomes [103, 156, 194, 354]. A

variety of new challenges such as partial observability, multi-step agent interactions, temporally-

extended actions, and longer time horizons are provided in the grid-world setting in comparison

to the Coin game or matrix games. STORM also includes stochastic features Unlike the “in the

Matrix” games from Melting Pot, increasing the difficulty [93]. A further environment specifica-

tion is provided in Appendix 9.9.2.

Switch Riddle Initially motivated to demonstrate the Differentiable Inter-Agent Learning

algorithm [102], Switch Riddle serves as debugging tool and is thereby provided as a simple

cooperative communication environment. n prisoners held by a warden can secure their release

by collectively ensuring that each has passed through a room with a light bulb and a switch. Each

day, a prisoner is selected at random to enter this room. They have three choices: do nothing,

signal to the next prisoner by toggling the light, or inform the warden that they think all prisoners

have been in the room. The game ends the moment when a prisoner informs the warden or the

initialized maximum time steps elapses. The rewards are +1 if the prisoner informs the warden,

with all prisoners being in the room, -1 if the prisoner informs the warden before all prisoners
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have taken their turn, and 0 otherwise, including when the maximum time steps are reached. This

implementation has been benchmarked from [350].

In this scenario, there are n prisoners held by a warden. To secure their release, the prison-

ers must collectively ensure that each has been in a room with a light bulb and switch. Each day,

a prisoner is chosen at random to enter this room. They have three choices: do nothing, signal to

the next prisoner by toggling the light, or inform the warden about their collective history.

9.4.3 Algorithms

In this subsection, JAX-based reimplementations of four well-known MARL baseline al-

gorithms are provided. The primary objective of these baselines is to provide a structured frame-

work for developing on-policy and off-policy MARL algorithms leveraging the advantages of

these fast JAXMARL environments. All the training pipelines are fully compatible with JAX’s

JIT and VMAP functions, resulting in a significant acceleration of both the training and metric

evaluation processes. This ensures parallelization of training with various seeds and hyperpa-

rameters on a single machine. The CleanRL philosophy has been followed in JAXMARL by

providing clear, single-file implementations [141].

IPPO The PureJaxRL implementation of Independent PPO (IPPO) serves as the reference for

the JAXMARL version. Homogenous agents share parameters. Two variants exist, one with a

RNN and another with a feed-forward network.

Q-learning Methods The Q-learning Methods from PyMARL serve as the basis for the

JAXMARL implementation of several baselines, including QMIX [248], Value Decomposition
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Networks (VDN) [294] and Independent Q-Learning (IQL) [296]. This way, evaluations are

consistent with published results and direct comparisons can be made between PyTorch imple-

mentations and the JAX version. Batched environments with aggregate trajectories are natively

supported, simplifying parallelization as environments do not need to be run on seperate threads

and aggregated afterwards, as in PyMARL. A brief overview of the implemented baselines has

been provided in the Appendix 9.9.

9.5 Results

The results aim to demonstrate the speed and correctness of environments and algorithms

in JAXMARL. In several cases, minor changes to the environments signify that the environments

do not exactly match the originals on a step-by-step level. Therefore, correctness for every envi-

ronment is demonstrated in different ways which has been discussed separately. By combining

this evidence, it can be seen that overall correct and extremely faster baselines are provided by the

JAXMARL library on a wide range of sufficiently correct and easily-modifiable environments.
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Figure 9.4: JAXMARL provides a considerable speedup compared to CPU-based environments as shown
in these four examples [256].
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Figure 9.5: Speed and Performance (Return, abbreviated as Ret.) in JAXMARL compared to MARLLIB
and PyMARL in MPE. Return results were averaged across 3 seeds. Performance results show 1 seed
collected on the hardware described in Section 9.5.1.

9.5.1 Environment Speed

The performance of the JAX environments is measured in steps per second when using

random actions and is compared with the original environments in Table 9.1 and Figure 9.4. All

results are reported from one NVIDIA A100 GPU and AMD EPYC 7763 64-core processor.

Environments roll-outs happen for 1000 sequential steps. Single environments have comparable

performance to JAXMARL . But the ease of parallelization with JAX allows for more efficient

and faster scaling compared to CPU-based environments. For example, MPE Simple Spread’s

JAX implementation is ∼20x slower than the original when comparing a single environment,

but even when only running 100 environments in parallel, the JAX environment is already over

6x faster. When considering 10000 environments, the JAX versions are much faster, achieving

speedups of up to 8500x over the single-threaded environment (in the case of Overcooked). Run-

ning these many environments in parallel using CPU environments would have required a large

CPU cluster and sophisticated communication mechanisms. This engineering is typically be-

yond the resources of academic labs and open-source researcher. Therefore JAXMARL helps to
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unlock new research avenues for such institutions.

9.5.2 Algorithm Speed

An investigation of the speed of the trained IPPO algorithm’s JAX implementation is pro-

vided in Figure 9.5. By vectorizing over agents, a large population of agents can be trained in a

fraction of the time it takes to train a single agent without hardware acceleration. For MPE, 1024

teams can be trained in 198.4 seconds, which is less than 0.2 seconds per team of agents. A single

run of MARLLIB’s IPPO implementation on the same hardware takes around 2435.7 seconds on

average. This represents a speedup of over 12, 500×.

Significant speed advantages are also offered by the JAX-based Q-learning algorithms. In

Figure 9.6a, training a single IQL, VDN, or QMIX policy in MPE takes ∼ 130 seconds while

the corresponding run with existing PyMARL library takes over an hour. Training 1024 QMIX

learners in a batch requires 1670 seconds, translating to 1.6 seconds per learner, which indicates

a 2700x speedup. This speedup is not as large as for IPPO because Q-learning baselines are

typically trained with fewer parallel environments. In the experiments, 8 parallel environments

have been used for Q-learning compared to the 25 or 64 used for PPO. This is due to Q-learners

benefiting more from a buffer with trajectories collected by different policies, resulting in a more

frequent policy update, rather than collecting many trajectories with the same policy in parallel.

Speed-up results for the vectorized IPPO baseline with MAPPO [290] are compared for

SMAX, the details of which are in [256]. 512 SMAX teams are trained on 2s3z in under 33

minutes, while it takes 44 hours on average for a single training run of PyTorch IPPO implemen-

tation. JAXMARL gives roughly a 40000x speedup.

283



101 102 103

Seconds (Log Scale)
120

100

80

60

40
Te

st
 R

et
ur

n

MPE Simple Spread V3

JaxMARL IQL
JaxMARL QMIX
JaxMARL VDN
PyMARL IQL
PyMARL QMIX
PyMARL VDN

(a) Simple Spread
Training Time

0.00 0.25 0.50 0.75 1.00 1.25 1.50 1.75 2.00
Timesteps 1e6

180

160

140

120

100

80

60

40

Te
st

 R
et

ur
ns

Test returns in MPE Simple Spread V3

JaxMARL IQL
JaxMARL QMIX
JaxMARL VDN
PyMARL IQL
PyMARL QMIX
PyMARL VDN

(b) Simple Spread Re-
turns

0.00 0.25 0.50 0.75 1.00 1.25 1.50 1.75 2.00
Timesteps 1e6

300

250

200

150

100

50

0

Te
st

 R
et

ur
ns

Test returns in MPE Simple Speaker Listener V4

JaxMARL IQL
JaxMARL QMIX
JaxMARL VDN
PyMARL IQL
PyMARL QMIX
PyMARL VDN

(c) Speaker-Listener
Returns

102 103 104

Seconds (Log Scale)

0

200

400

600

800

1000

N
um

be
r 

of
 In

de
pe

nd
en

t 
Tr

ai
ni

ng
 R

un
s

Total Vectorised Training Time for MPE Simple Spread V3
Single Pymarl QMIX
JaxMARL QMIX

(d) QMIX Training
Speed

Figure 9.6: Performance and speed of JAXMARL Q-Learning baselines compared to PyMARL
on MPE. These implementations match PyMARL’s returns, while being over 2000x faster to train

9.5.3 Algorithm Correctness

A comparative analysis of baselines from other libraries on the MPE Simple Spread and

Simple Speaker Listener environments provide insights on the correctness of the algorithmic

implementations in JAXMARL . For IPPO, the results consider the mean return across 3 seeds in

Figure 9.5b. Results were collected on the same hardware as listed in Section 9.5.1. The IPPO

implementation shows the same performance as MARLLIB and runs 250x quicker, taking only

ten seconds to train.

For the Q-learning algorithms, the correctness is verified by comparing with PyMARL im-

plementations of the same algorithms on the MPE Simple Spread and Simple Speaker Listener

environments. IQL, VDN and QMIX obtain the same or better results than their PyMARL coun-

terparts. The returns are from greedy policies and averaged across 8 runs. The hyperparameters

used are from the PyMARL library.
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9.5.4 Environment Correctness

MPE The MPE environment corresponds exactly to the PettingZoo implementation. This is

validated for each environment using a uniform-random policy on 1000 rollouts. It ensures that

all observations and rewards are within a tolerance of 1 × 10−4 at each transition. This toler-

ance accounts for non-determinism due to running floating point computation on the GPU. The

performance of IPPO in Figure 9.5b and the Q-learning algorithms in Figures 9.6b and 9.6c re-

spectively show this correspondence. The performance of these algorithms is inline with existing

baselines [341]. Appendix 9.11.2 provides detailed training performance of IQL on the remaining

MPE environments.

Overcooked The transition dynamics of the Overcooked implementation match those of

the Overcooked-AI implementation. This is demonstrated by training an IPPO policy on the

JAXMARL implementation and evaluating the policy on both the Overcooked implementation

and the original at regular intervals. Results are illustrated in Figure 9.7a and performance is

similar, demonstrating their equivalence.

MABrax As Brax differs subtly from MuJoCo, MABrax does not correspond to MAMuJoCo

but the learning dynamics are qualitatively similar. To demonstrate this, mean training return is

reported across 10 seeds for IPPO on ant_4x2 in Figure 9.7b, and the results are in line with the

performance of TRPO reported in [166]. The performance of IPPO on HalfCheetah and Walker

is reported in Appendix 9.11.1, the results are also in line with TRPO.
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Figure 9.7: JAXMARL IPPO baseline results. These results correspond to similar baselines and
therefore demonstrate the correctness of JAXMARL implementations.

Table 9.2: Recommended Minimal Environment Evaluations for different research settings

Setting Recommended Environments

CTDE SMAX (all scenarios), Hanabi (2-5 players), Overcooked
Zero-shot Coordination Hanabi (2 players), Overcooked (5 basic scenarios)
General-Sum STORM (iterated prisoner’s dilemma), STORM (matching pennies)
Cooperative Continuous Actions MABrax

Hanabi The JAXMARL implementation of Hanabi does not correspond exactly to the Han-

abi Learning Environment with a subtle difference in the observation space. The reasoning is

provided in Appendix 9.9.3. To demonstrate qualitative similarity, IPPO is trained on Hanabi in

self-play with 2 players, with the mean test return across 3 seeds reported in Figure 9.7c.

STORM, Coin Game & Switch Riddle STORM differs from Melting Pot 2.0 significantly,

making direct comparisons challenging, with differences discussed in Appendix 9.9.2. Further-

more, STORM and Coin Game are general-sum games, so the environment returns of IPPO in

self-play would not be a good indicator of performance. Switch Riddle is a simple diagnostic

environment, however, it is not used for thorough evaluations.
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9.6 Evaluation Recommendations

Existing research [118] highlights different evaluation practices between MARL algorithm

research. The four main research areas that can benefit from the JAXMARL library are

1. cooperative centralized training with decentralized execution (CTDE) [102],

2. zero-shot coordination [138],

3. general-sum games,

4. and cooperative continuous action methods.

To aid comparisons between methods, it is recommended to use standard minimal sets of

evaluation environments for each of these settings in Table 9.2. It’s important to note that these

are minimal and it is encouraged to evaluate as broadly as possible. For example, in the zero-shot

coordination setting, all methods should be able to evaluate on Hanabi and Overcooked. For

some settings, such as continuous action environments and general-sum games, there is only one

difficult environment. Further development of JAX-based environments in these settings can help

to improve the quality of evaluation.

9.7 Related Work

Several open-source libraries exist for both MARL algorithms and environments. The pop-

ular library PyMARL [261] provides PyTorch implementations of QMIX, VDN and IQL and in-

tegrates easily with SMAC. E-PyMARL [234] extends this by adding the actor-critic algorithms

MADDPG [191], MAA2C [215], IA2C [215], and MAPPO, and supports the SMAC, Gym [42],
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Robot Warehouse [71], Level-Based Foraging [71], and MPE environments. Recently released

MARLLib [140] is instead based on the open-source RL library RLLib [180] and combines a

wide range of competitive, cooperative and mixed environments with a broad set of baseline al-

gorithms. Meanwhile, MALib [359] focuses on population-based MARL across a wide range of

environments. However, none of these frameworks feature hardware-accelerated environments

and thus lack the associated performance benefits.

There has also been a recent proliferation of hardware-accelerated and JAX-based RL en-

vironments. Isaac gym [201] provides a GPU-accelerated simulator for a range of robotics plat-

forms and CuLE [81] is a CUDA reimplementation of the Atari Learning Environment [28]. Both

of these environments are GPU-specific and cannot be extended to other hardware accelerators.

Madrona [269] is an extensible game-engine written in C++ that allows for GPU acceleration and

parallelization across environments. However, it requires environment code to be written in C++,

limiting its accessibility. VMAS [32] provides a vectorized 2D physics engine written in PyTorch

and a set of challenging multi-robot scenarios, including those from the MPE environment. For

RL environments implemented in JAX, Jumanji [36] features mostly single-agent environments

with a strong focus on combinatorial problems. The authors also provide an actor-critic baseline

in addition to random actions. PGX [165] includes several board-game environments written in

JAX. Gymnax [170] provides JAX implementations of the BSuite [231], classic continuous con-

trol, MinAtar [340] and other assorted environments. Gymnax’s sister-library, gymnax-baselines,

provides PPO and ES baselines. Further extensions to Gymnax [193] also include POPGym en-

vironments [219]. Brax [106] reimplements the MuJoCo simulator in JAX and also provides a

PPO implementation as a baseline. Jax-LOB [108] implements a vectorized limit order book as

an RL environment that runs on the accelerator. Perhaps the most similar to the JAXMARL work
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is Mava [241], which provides a MAPPO baseline, as well as integration with the Robot Ware-

house environment. However, none of these libraries combine a range of JAX-based MARL

environments with both value-based and actor-critic baselines. Broadly, no other work provides

implementations of a wide range of hardware-accelerated MARL environments, while also im-

plementing value-based and actor-critic baselines.

9.8 Conclusion

Hardware acceleration offers important opportunities for MARL research by lowering com-

putational barriers, increasing the speed at which ideas can be iterated, and allowing for more

thorough evaluation. JAXMARL, has been presented as an open-source library of popular MARL

environments and baseline algorithms implemented in JAX. Ease of use is combined with hard-

ware accelerator enabled efficiency to give significant speed-ups compared to traditional CPU-

based implementations. Furthermore, by bringing together a wide range of MARL environments

under one codebase, there is a potential to help alleviate issues with MARL’s evaluation stan-

dards. JAXMARL will help advance MARL by improving the ability of academic labs to conduct

research with thorough, fast, and effective evaluations.

289



9.9 Appendix A: Further Details on Multi-Agent Environ-

ments

9.9.1 Coin Game

Two agents, ‘red’ and ‘blue’, move in a wrap-around grid and collect red and blue colored

coins. An agent receives a reward of 1 when an agent collects any coin. However, ‘blue’ receives

a reward of −2 when ‘red’ collects a blue coin and vice versa. Once a coin is collected, a new

coin of the same color appears at a random location within the grid. If a coin is collected by

both agents simultaneously, the coin is duplicated and both agents collect it. Episodes are of a set

length.

9.9.2 Spatial-Temporal Representations of Matrix Games (STORM)

Directional agents are featured in this environment within an 8x8 grid-world with a re-

stricted field of view. Agents cannot move backwards or share the same location. Collisions are

resolved by either giving priority to the stationary agent or randomly if both are moving. Wwo

unique resources: cooperate and defect coins are collected by agents. Once an agent picks up

any coin, the agent’s color shifts, indicating its readiness to interact. The agents can then release

an interact beam directly ahead; when this beam intersects with another ready agent, both are

rewarded based on the specific matrix game payoff matrix. The agents’ coin collections deter-

mine their strategies. For instance, if an agent has 1 cooperate coin and 3 defect coins, there’s

a 25% likelihood of the agent choosing to cooperate. After an interaction, the two agents in-
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volved are frozen for five steps, revealing their coin collections to surrounding agents. After five

steps, they respawn in a new location, with their coin count set back to zero. Once an episode

concludes, the coin placements are shuffled. This grid-based approach to matrix games can be

adapted for n-player versions. While STORM is inspired by MeltingPot 2.0, there are noteworthy

differences:

• Meltingpot uses pixel-based observations while JAXMARL allows for direct grid access.

• Meltingpot’s grid size is typically 23x15, while ours is 8x8.

• Meltingpot features walls within its layout, ours does not.

• The JAXMARL environment introduces stochasticity by shuffling the coin placements,

which remain static in Meltingpot.

• The agents begin with an empty coin inventory, making it easier for them to adopt pure

cooperate or defect tactics, unlike in Meltingpot where they start with one of each coin.

• Existing MeltingPot is implemented in Lua [145] while we support it in JAX.

The coin shuffling is considered to be especially crucial because even large environments rep-

resenting POMDPs, such as SMAC, can be solved without the need for memory if they lack

sufficient randomness [93].

9.9.3 Hanabi

There are a few differences between the Hanabi implementation and the original Hanabi

Learning Environment (HLE). The most notable of these is how card knowledge information is
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represented in the agents’ observation. In the HLE, card knowledge is observed as a color/rank

if there has been an explicit hint about a given card. Implicit card knowledge is represented as

a separate feature with possible colors/ranks if there has not been an explicit hint that indicates

a given card is not that color/rank. We, on the other hand, combine implicit and explicit card

knowledge, by only maintaining a representation of implicit card knowledge, which reduces to

explicit card knowledge in the event an explicit hint is given about a card. This is because all

possible colors/ranks are represented as 1s, whilst all ruled out colors/ranks are represented as 0s.

By giving an explicit hint, all but one color/rank are ruled out, leaving a one-hot encoding of the

explicit card knowledge. The card knowledge is implemented this way as knowledge updates are

implemented via tensor calculus using JAX Numpy arrays of fixed shape and data type.

9.10 Appendix B: Value-Based MARL Methods and Imple-

mentation details

Key features of the JAXMARL framework include parameter sharing, a recurrent neural

network (RNN) for agents, an epsilon-greedy exploration strategy with linear decay, a uniform

experience replay buffer, and the incorporation of Double Deep Q-Learning (DDQN) [308] tech-

niques to enhance training stability.

Unlike PyMARL, the Adam optimizer is used as the default optimization algorithm. Below

is an introduction to common value-based MARL methods.

IQL (Independent Q-Learners) is a straightforward adaptation of Deep Q-Learning to

multi-agent scenarios. It features multiple Q-Learner agents that operate independently, opti-
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mizing their individual returns. This approach follows a decentralized learning and decentralized

execution pipeline.

VDN (Value Decomposition Networks) extends Q-Learning to multi-agent scenarios with

a centralized-learning-decentralized-execution framework. Individual agents approximate their

own action’s Q-Value, which is then summed during training to compute a joint Qtot for the

global state-action pair. Back-propagation of the global DDQN loss in respect to a global team

reward optimizes the factorization of the joint Q-Value.

QMIX improves upon VDN by relaxing the full factorization requirement. It ensures that

a global argmax operation on the total Q-Value (Qtot) is equivalent to individual argmax opera-

tions on each agent’s Q-Value. This is achieved using a feed-forward neural network as the mix-

ing network, which combines agent network outputs to produce Qtot values. The global DDQN

loss is computed using a single shared reward function and is back-propagated through the mixer

network to the agents’ parameters. Hypernetworks generate the mixing network’s weights and

biases, ensuring non-negativity using an absolute activation function. These hypernetworks are

two-layered multi-layer perceptrons with ReLU non-linearity.

9.11 Appendix C: Training Results

9.11.1 MABrax

The performance of IPPO on HalfCheetah and Walker is reported in Figure 9.8, with hy-

perparameters reported in Table 9.3.
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Figure 9.8: Performance of IPPO on MABrax Tasks [256]
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Figure 9.9: Q-Learning Baselines in all MPE scenarios. Where no algorithm names are given,
the results represent IQL. [256]

9.11.2 MPE

Performance of Q-Learning baselines in all the MPE scenarios are reported in Figure 9.9.

The upper row represents cooperative scenarios, with results for all the Q-learning baselines

reported. The bottom row refers to competitive scenarios, and results for IQL are divided by

agent types. Hyperparameters are given in Table 9.7
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9.12 Appendix D: Hyperparameters

Value Ant HalfCheetah Walker
VF_COEF 4.5 0.14 1.9

ENT_COEF 2× 10−6 4.5× 10−3 1× 10−3

LR 1× 10−3 6× 10−4 7× 10−3

NUM_ENVS 64 – –
NUM_STEPS 300 – –

TOTAL_TIMESTEPS 1× 108 – –
NUM_MINIBATCHES 4 – –

GAMMA 0.99 – –
GAE_LAMBDA 1.0 – –

CLIP_EPS 0.2 – –
MAX_GRAD_NORM 0.5 – –

ACTIVATION tanh – –
ANNEAL_LR True – –

Table 9.3: MABrax Hyperparameters, where – indicates repeated parameters [256]
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Hyperparameter Value
LR 0.0005

NUM_ENVS 25
NUM_STEPS 128

TOTAL_TIMESTEPS 1× 106

UPDATE_EPOCHS 5
NUM_MINIBATCHES 2

GAMMA 0.99
GAE_LAMBDA 1.0

CLIP_EPS 0.3
ENT_COEF 0.01
VF_COEF 1.0

MAX_GRAD_NORM 0.5
ACTIVATION tanh
ANNEAL_LR True

Table 9.4: Hyperparameters for MPE IPPO

Hyperparameter Value
LR 5× 10−4

NUM_ENVS 1024
NUM_STEPS 128

TOTAL_TIMESTEPS 1× 1010

UPDATE_EPOCHS 4
NUM_MINIBATCHES 4

GAMMA 0.99
GAE_LAMBDA 0.95

CLIP_EPS 0.2
ENT_COEF 0.01
VF_COEF 0.5

MAX_GRAD_NORM 0.5
ACTIVATION relu
ANNEAL_LR True

NUM_FC_LAYERS 2
LAYER_WIDTH 512

Table 9.5: Hyperparameters for Hanabi
IPPO [256]

Hyperparameter Value
LR 2.5× 10−4

NUM_ENVS 16
NUM_STEPS 128

TOTAL_TIMESTEPS 5× 106

UPDATE_EPOCHS 4
NUM_MINIBATCHES 4

GAMMA 0.99
GAE_LAMBDA 0.95

CLIP_EPS 0.2
ENT_COEF 0.01
VF_COEF 0.5

MAX_GRAD_NORM 0.5
ACTIVATION tanh
ANNEAL_LR True
NUM_EVALS 16

Table 9.6: Hyperparameters for Overcooked
IPPO

Hyperparameter Value
NUM_ENVS 8
NUM_STEPS 25

BUFFER_SIZE 5000
BUFFER_BATCH_SIZE 32

TOTAL_TIMESTEPS 2× 106

AGENT_HIDDEN_DIM 64
AGENT_INIT_SCALE 2.0

EPSILON_START 1.0
EPSILON_FINISH 0.05

EPSILON_ANNEAL_TIME 100000
MIXER_EMBEDDING_DIM* 32

MIXER_HYPERNET_HIDDEN_DIM* 64
MIXER_INIT_SCALE* 0.00001
MAX_GRAD_NORM 25

TARGET_UPDATE_INTERVAL 200
LR 0.005

EPS_ADAM 0.001
WEIGHT_DECAY_ADAM 0.00001

GAMMA 0.9
NUM_TEST_EPISODES 32

TEST_INTERVAL 50000

Table 9.7: Hyperparameters for MPE Q-
Learning Algorithms [256]

(* Parameters specific to QMix.)296
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