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completed works, we propose to tackle zero-shot coordination with new teammates and general-
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to new partners and adversaries without extensive retraining.
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Chapter 1: Introduction

Robots are increasingly deployed in real-world applications such as warehouse automa-
tion [2], disaster response [3], and manufacturing [4]. This surge in deployment has been enabled
by significant advances in both perception and control systems. Deep learning has dramatically
improved object detection, scene understanding, and state estimation capabilities [5, 6, 7], while
control and planning have benefited from the integration of learning-based approaches with clas-
sical methods [8, 9], allowing robots to adapt to complex and dynamic environments that would
be challenging to handle with purely traditional techniques.

The learning component in robotics typically involves two main paradigms: Imitation
Learning (IL) [10, 11], where robots learn from expert demonstrations, and Reinforcement Learn-
ing (RL) [12, 13], where they learn through trial-and-error interaction with the environment. For
perception tasks, supervised learning has proven highly effective by leveraging large datasets of
labeled images and sensor data. However, for control and planning, the learning landscape is
more complex, requiring a combination of classical optimization methods and modern learning
techniques to achieve robust performance [14].

As these learning-based control and planning capabilities have matured, robotic applica-
tions have grown more sophisticated, making multi-robot systems increasingly essential for tasks

that require enhanced speed, coverage, and capability compared to single robots [15, 16, 17].



This has led to the development of Multi-Agent Reinforcement Learning (MARL) [18], which
provides a framework for training teams of robots to coordinate and collaborate effectively. How-
ever, coordinating multiple agents introduces fundamental complexities that distinguish MARL
from single-agent learning, leading to two major challenges that limit practical deployment.

The first major challenge is the substantial training effort required for effective coordi-
nation. As the number of robots increases, the state-action space grows exponentially, making
exploration extremely difficult — robots need to learn not only their individual tasks but also how
to coordinate with teammates. To address this challenge, many existing approaches rely on col-
lecting demonstrations where multiple human experts control the robots simultaneously to show
desired coordination patterns [19, 20]. However, such joint demonstrations are time-consuming
to collect and must be recollected whenever the team composition changes.

The second major challenge persists even after successful training — learned behaviors
often fail to generalize beyond training conditions. Changes in observation conditions, initial
states, or team configurations [21] can severely degrade performance. This brittleness forces
robots to either undergo constant retraining or operate only in highly controlled environments,
significantly limiting their real-world applicability.

To overcome these limitations and make multi-robot learning practical, we need systems
that can learn effectively from easier forms of human input, adapt to new scenarios without start-
ing from scratch, and transfer knowledge across tasks and teams. This dissertation explores how
to make robotic learning more efficient and generalizable, particularly in multi-robot systems.
Specifically, we ask: How can robots learn with less effort — less human supervision, fewer
demonstrations, and reduced retraining, while maintaining performance in novel environments?

We address these fundamental challenges in multi-robot learning through two complemen-

2



Less training effort Less policy retraining

Sketch-to-Skill: RSS 2025 TACTIC: AAMAS 2025
Sketch instead of high-quality teleoperated demo Generalize across different observation conditions

ego-centric state limited © extensive obs

A© =
A ° A A o N °A OA
A A A
° o °

PegMARL: TMLR 2024 = DynPegMARL COP: OOD Workshop @ CoRL 2023
Utilize both single-agent demo and multi-agent Generalize across different initial state distribution
joint demo from various team sizes . -

{f \ 4, N %\.Ao 2<:Ao }%Ao = 80% win . -
VRN R R | B
) (5} (5} ) L b #
A |[|lA A |[AOA A |lA A ||la A |:|

Figure 1.1: Overview of dissertation contributions organized around two complementary goals:
reducing initial training effort (left) and improving generalization to reduce policy retraining
(right).

tary directions: (1) Reducing initial training effort by developing methods that can learn from
simpler and more readily available forms of guidance, making demonstration collection more
practical and scalable; (2) Improving generalization to reduce retraining effort by developing
frameworks that enable learned policies to maintain coordination across varying conditions.
These advances have the potential to significantly impact real-world robotics applications.
Lower training effort means multi-robot systems become accessible to a broader range of users
and applications, not just specialized settings with abundant resources. Better generalization
capabilities allow robots to adapt to changing conditions without requiring constant retraining,

making them more practical for dynamic real-world environments.



1.1 Research Contribution

This dissertation addresses the dual challenges of training effort and generalization in
multi-robot learning through four interconnected contributions. Our approach progresses from
making individual robot learning more accessible to enabling robust multi-robot coordination,
ultimately creating systems that require less human supervision and adapt better to new condi-
tions. Figure 1.1 illustrates how these contributions are organized around two complementary
goals: reducing initial training effort (left) and improving generalization to reduce policy retrain-
ing (right).

SKETCH-TO-SKILL makes robot learning accessible to non-experts by replacing tele-
operated demonstrations with simple 2D sketches. Training robotic manipulation policies
traditionally requires numerous demonstrations and/or environmental rollouts. While recent Im-
itation Learning (IL) and Reinforcement Learning (RL) methods have reduced the number of
required demonstrations, they still rely on expert knowledge to collect high-quality data, limiting
scalability and accessibility. We propose SKETCH-TO-SKILL, a novel framework that leverages
human-drawn 2D sketch trajectories to bootstrap and guide RL for robotic manipulation. Our
approach extends beyond previous sketch-based methods, which were primarily focused on imi-
tation learning or policy conditioning, limited to specific trained tasks. SKETCH-TO-SKILL em-
ploys a Sketch-to-3D Trajectory Generator that translates 2D sketches into 3D trajectories, which
are then used to autonomously collect initial demonstrations. We utilize these sketch-generated
demonstrations in two ways: to pre-train an initial policy through behavior cloning and to refine
this policy through RL with guided exploration. Experimental results demonstrate that SKETCH-

TO-SKILL achieves ~96% of the performance of the baseline model that leverages teleoperated



demonstration data, while exceeding the performance of a pure reinforcement learning policy
by ~170%, only from sketch inputs. This makes robotic manipulation learning more accessible
and potentially broadens its applications across various domains. This work was accepted at the

Robotics: Science and Systems Proceedings (RSS) in 2025 [22].
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Figure 1.2: Overview of the SKETCH-TO-SKILL framework for learning robotic manipulation
from human-drawn 2D sketches.

PegMARL enables multi-robot coordination learning from individual demonstrations
rather than requiring joint expert control. Multi-Agent Reinforcement Learning (MARL) al-
gorithms face the challenge of efficient exploration due to the exponential increase in the size of
the joint state-action space. While demonstration-guided learning has proven beneficial in single-
agent settings, its direct applicability to MARL is hindered by the practical difficulty of obtaining
Jjoint expert demonstrations. In this work, we introduce a novel concept of personalized expert
demonstrations, tailored for each individual agent or, more broadly, each individual fype of agent
within a heterogeneous team. These demonstrations solely pertain to single-agent behaviors and
how each agent can achieve personal goals without encompassing any cooperative elements, thus
naively imitating them will not achieve cooperation due to potential conflicts. To this end, we
propose an approach that selectively utilizes personalized expert demonstrations as guidance and
allows agents to learn to cooperate, namely personalized expert-guided MARL (PegMARL). This

algorithm utilizes two discriminators: the first provides incentives based on the alignment of indi-



vidual agent behavior with demonstrations, and the second regulates incentives based on whether
the behaviors lead to the desired outcome. We evaluate PegMARL using personalized demonstra-
tions in both discrete and continuous environments. The experimental results demonstrate that
PegMARL outperforms state-of-the-art MARL algorithms in solving coordinated tasks, achiev-
ing strong performance even when provided with suboptimal personalized demonstrations. We
also showcase PegMARL’s capability of leveraging joint demonstrations in the StarCraft sce-
nario and converging effectively even with demonstrations from non-co-trained policies. This

work was accepted at the Transactions on Machine Learning Research (TMLR) in 2024
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Figure 1.3: PegMARL enables learning cooperative behaviors from individual agent demonstra-
tions rather than requiring joint multi-robot demonstrations.

Building on PegMARL, we develop DynPegMARL, a Graph Neural Network exten-
sion that enables learning from demonstrations across different team sizes. This capability
is valuable because fundamental coordination patterns — such as collision avoidance, spatial co-
ordination, and formation behaviors — remain consistent and transferable across team scales.
While PegMARL can handle personalized and joint demonstrations of the same size effectively,
it cannot leverage demonstrations when the team size differs from the target scenario due to mis-

matched observation dimensions. We address this by developing a GNN-based encoder that pro-



cesses ally and enemy features separately in a permutation-invariant manner, enabling the same
architecture to work across different team configurations. This extension significantly improves
demonstration reusability by allowing PegMARL to learn from any available demonstration data
regardless of the original team configurations.

TACTIC addresses the generalization challenge by enabling coordination across vary-
ing observation conditions through adaptive communication. The “sight range dilemma”
in cooperative Multi-Agent Reinforcement Learning (MARL) presents a significant challenge:
limited observability hinders team coordination, while extensive sight ranges lead to distracted
attention and reduced performance. While communication can potentially address this issue,
existing methods often struggle to generalize across different sight ranges, limiting their effec-
tiveness. We propose TACTIC, Task-Agnostic Contrastive pre-Training strategy Inter-Agent
Communication. TACTIC is an adaptive communication mechanism that enhances agent coor-
dination even when the sight range during execution is vastly different from that during training.
The communication mechanism encodes messages and integrates them with local observations,
generating representations grounded in the global state using contrastive learning. By learning
to generate and interpret messages that capture important information about the whole environ-
ment, TACTIC enables agents to effectively “see” more through communication, regardless of
their sight ranges. We comprehensively evaluate TACTIC on the SMACv2 benchmark across
various scenarios with broad sight ranges. The results demonstrate that TACTIC consistently
outperforms traditional state-of-the-art MARL techniques with and without communication, in
terms of generalizing to sight ranges different from those seen in training, particularly in cases of
extremely limited or extensive observability. This work was accepted at the 24th International

Conference on Autonomous Agents and Multiagent Systems (AAMAS 2025) [24].
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Figure 1.4: TACTIC uses contrastive learning to enable agents to effectively coordinate across
different observation ranges through adaptive communication.

COP improves robustness to out-of-distribution conditions by replacing unintelligi-
ble communication with interpretable shared representations. In multi-agent systems, agents
possess only local observations of the environment. Communication between teammates be-
comes crucial for enhancing coordination. Past research has primarily focused on encoding local
information into embedding messages, which are often unintelligible to humans and can lead to
brittle policies when tested on out-of-distribution initial states. We present an approach to multi-
agent coordination using a more robust and interpretable representation: the Common Operating
Picture (COP). In our method, each agent is equipped with the capability to integrate its (history
of) observations, actions, and received messages into a COP and disseminate this representation.
This process takes into account the dynamic nature of the environment and the shared mission,
creating a more comprehensive and adaptable representation for decision-making. We conducted
experiments in the StarCraft2 environment to validate our approach. Our results demonstrate the
efficacy of COP integration as a representation method, showing that COP-based training leads to
more robust policies compared to state-of-the-art Multi-Agent Reinforcement Learning (MARL)
methods when faced with out-of-distribution initial states. This work was accepted at the First

Workshop on Out-of-Distribution Generalization in Robotics at CoRL 2023 [25].
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Figure 1.5: The Common Operating Picture (COP) approach enables robust multi-agent coordi-
nation through shared situational awareness.

1.2 Dissertation Outline

This dissertation is organized as follows:

* Chapter 2 introduces SKETCH-TO-SKILL, which uses sketch-based inputs to reduce the

cost of demonstration collection in manipulation tasks.

* Chapter 3 presents PegMARL, which leverages personalized demonstrations for efficient

coordination learning.

* Chapter 4 extends PegMARL with a Graph Neural Network architecture to enable learning

from demonstrations across different team sizes.

» Chapter 5 describes TACTIC, a pretraining framework that enables coordination across

sight range shifts.

» Chapter 6 presents COP, a method to generalize across initial states through a structured

shared state representation.

* Chapter 7 concludes with a synthesis of findings and a discussion of future directions.

This dissertation aims to contribute to the vision of robot systems that are easier to train,
more flexible to deploy, and more resilient to change.
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Chapter 2:  Efficient Policy Training with Human-Drawn Trajectory Sketches

2.1 Introduction

Robots are increasingly being deployed in dynamic environments, where they must per-
form a wide range of tasks with precision and adaptability. One of the key challenges in en-
abling robots to learn new skills lies in specifying complex, task-specific behaviors. Learning
from Demonstration (LfD) ([26]) has become a widely used approach, allowing robots to acquire
novel motions by imitating expert-provided trajectories. However, collecting demonstration data
for LfD is challenging, particularly for high degree-of-freedom (DOF) robots performing manip-
ulation.

While methods like kinesthetic teaching and teleoperation [27, 28, 29] are well-established
and effective approaches for collecting demonstrations, the robotics community continues to ex-
plore complementary methods to expand the toolkit available for robot learning. Several new
approaches have emerged, such as using manually-operated grippers instrumented with smart-
phone apps [30] and Virtual Reality (VR) based teleoperation systems [31], offering more in-
tuitive hardware interfaces for collecting demonstrations. There has also been growing interest
in leveraging an innate human ability to communicate spatial ideas and motions through simple
sketches. For example, a quick sketch of a path can easily communicate the intended movement

for navigating toward a goal location.
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Figure 2.1: Learning a new skill in the SKETCH-TO-SKILL framework. Step 1: Capture the
task scenario from two views and collect human-drawn sketches. Step 2: Convert 2D sketches
to 3D trajectories using a pretrained generator. Step 3: Execute generated trajectories to collect
experience data. Step 4: Learn manipulation policy using reinforcement learning bootstrapping
from behavior cloning and using guidance for experience data.

Researchers have begun to explore this promising direction. RT-Trajectory [32] introduced
the notion of sketches and showed how to use coarse trajectory sketches for policy conditioning in
Imitation Learning (IL). RT-Sketch [33] extended this concept to leverage hand-drawn sketches
of the entire environment for goal-conditioned IL. These methods demonstrated the potential of
utilizing sketches in robotics, but they were primarily focused on IL and biased towards tasks
they were specifically trained on. Zhi et al. [34] expanded this idea with diagrammatic teach-
ing, where users instruct robots by sketching motion trajectories directly on 2D images of the
scene. Their approach uses density estimation and ray tracing to reconstruct 3D trajectories from
the sketches, thus limiting its ability to replicate only the provided sketches and restricting its
generalization to new or unseen task setups.

Unlike prior work that used sketches only as conditioning in IL, we present a more gener-
alizable approach that learns to predict 3D trajectories from sketches in Reinforcement Learning
(RL). Specifically, we propose SKETCH-TO-SKILL (Figure 2.1), a framework that bootstraps
and guides RL using sketches. Our approach first learns to map 2D sketches to 3D trajectories,
which are then used to collect demonstrations. We utilize these sketch-generated demonstrations

in two ways: first, by pre-training an initial policy through Behavior Cloning (BC), and second,
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by refining this policy through reinforcement learning with guided exploration. Although sketch-
generated demonstrations are not as precise or high-quality as teleoperated ones, they still contain
enough useful information to aid RL and reduce learning time.

This approach capitalizes on the accessibility of sketching, allowing contributions from
non-experts without requiring specialized hardware. By treating these sketch-based trajectories
as approximate guiding signals, we demonstrate that even simple 2D sketches can enable policies
that achieve performance comparable to those trained with teleoperated demonstrations. We

summarize our contributions as follows:

(1) We identify and address a crucial gap by integrating sketches into RL, extending their

application beyond imitation learning and policy conditioning.

(2) We propose SKETCH-TO-SKILL, a framework that leverages sketches to bootstrap and

guide RL, reducing reliance on high-quality, real-world demonstrations.

(3) Through extensive experiments, we demonstrate that sketches, despite their low fidelity,
significantly accelerate learning by improving exploration and task comprehension in RL.
SKETCH-TO-SKILL achieves ~96% of the performance of the baseline model utilizing
high-quality teleoperation demonstrations, while exceeding the performance of a pure re-

inforcement learning policy by ~170% during evaluation.

2.2 Related Work

Learning from Demonstration (LfD). LfD [26] is a key method in robot learning, al-
lowing robots to acquire skills through expert demonstrations, bypassing the complexities of
action programming and cost function design [35]. Kinesthetic teaching, where an expert phys-

12



ically guides the robot while its movements are recorded, is widely used in methods like DMPs
[36, 37], Probabilistic Movement Primitives [38], and stable dynamical systems [39, 40, 41].
However, it is labor-intensive and challenging to scale. Teleoperation [42], where users control
robots remotely, offers more flexibility but can be complex and requires expertise to operate. VR
interfaces [43, 31] provide a more immersive alternative but depend on specialized hardware.
To overcome these limitations, recent research has introduced more accessible approaches, like
sketch-based demonstrations [44].

Sketches in Robotics. Sketches have become a powerful tool in computer vision, aiding
tasks like scene understanding [45] and object detection [46, 47]. RT-Sketch [33] first explored
hand-drawn sketches for goal-conditioned imitation learning (IL), using them to define tasks in-
tuitively. RT-Trajectory [32] extended this by using trajectory sketches as IL policy conditioning,
either drawn by users or generated by a Large Language Model from task descriptions. Similarly,
the Diagrammatic Teaching framework [34] uses density estimation and ray tracing to reconstruct
3D trajectories from the sketches. These methods, however, only use sketches as conditioning for
task completion, and thus do not generalize beyond the tasks where the sketches are provided.

Demonstration-Enhanced Strategies for Efficient RL. Incorporating demonstration data
in RL can improve sample efficiency, especially in environments where rewards are sparse. Meth-
ods such as Reinforcement Learning from Prior Data (RLPD) [48], Imitation Bootstrapped RL
(IBRL) [49] and NAVINACT [50] take advantage of prior demonstrations by embedding them
into the agent’s replay buffer. During training, these examples are oversampled, offering the
agent more frequent exposure to expert-guided trajectories. Such approaches significantly im-
prove learning speed and performance, particularly in continuous control tasks where learning

from scratch can be prohibitively slow and inefficient [23]. Our research expands upon these
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techniques by exploring how sketch-based trajectories can be used as an additional source of

prior data in RL.

2.3 SKETCH-TO-SKILL: Bootstrapping Robot Learning with Human Drawn

Trajectory Sketches

Our approach bootstraps robot learning from trajectory sketches, significantly lowering
the barrier to entry for robotic task specification. This section details our three-stage method:
(1) training a Sketch-to-3D Trajectory Generator, (2) obtaining 3D trajectories and execution
experiences through the Generator and open-loop servoing, (3) pre-training an initial robotic
manipulation policy through behavior cloning, and refining the policy through reinforcement
learning with guided exploration. By integrating intuitive human input with powerful learning

algorithms, our approach aims to create more accessible and adaptable robotic learning systems.

2.3.1 Sketch-to-3D Trajectory Generator

Our method begins with a Sketch-to-3D Trajectory Generator, T, that translates a pair of
2D sketch images (I, I?) obtained from different viewpoints into corresponding 3D robot trajec-
tory &,. To train this generator, we use a dataset consisting of 3D robot end-effector trajectories
along with their 2D sketches from two viewpoints. These trajectories can be obtained from var-
ious sources, such as play data where the robot executes sequences of actions. Sketches during
inference can be provided by a human on RGB images of the scene, as shown in Figure 2.4.
However, the sketches fed as input to the generator are 2D projections on blank backgrounds,

with green and red dots representing the start and end points respectively, and yellow lines for the
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Figure 2.2: The Sketch-to-3D Trajectory Generator takes dual-view 2D sketches as inputs and
predicts B-spline parameters to generate the final 3D trajectory output.

trajectory (see Figure 2.2 for an example). By focusing solely on the trajectory information with-
out additional scene complexity, our model can efficiently learn to encode the dual-view sketches
and decode them into the corresponding 3D trajectory.

The generator uses a neural network to map dual-view 2D sketches to 3D trajectories,
where we adopt a hybrid architecture combining a Variational Autoencoder (VAE) [51] and a
Multilayer Perceptron (MLP), as illustrated in Figure 2.2. The VAE encodes sketches from two
viewpoints, ideally orthogonal, to resolve depth ambiguity and capture essential trajectory fea-
tures. The MLP decoder generates B-spline [52] control points C' € R"™»*3 from the latent
representation, which we then use to interpolate smooth 3D trajectories. We adopted uniform
knots and pre-compute the B-spline parametrization matrix W € R™»*" to reduce computa-
tional complexity and facilitate efficient backpropagation. The calculation of W only depends
on the uniform knot vector u and the desired number of points 7, in the generated trajectory,
and can be pre-calculated using the Cox-de Boor recursion formula (also known as de Boor’s
algorithm [53], see Appendix 2.6.1 for details). Then the final trajectory generation is simply a
matrix multiplication: {, € R™»*3 = W . C. With the generated control point parameter C,

we can also easily generate trajectories of varying density from the same parameters, making our
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method adaptable to different task requirements.

Our training process uses a multi-component loss function L = Ly,q;+ Lsketch +Liia, Where
Lyyq; handles trajectory reconstruction, L., manages sketch reconstruction (Mean Square Er-
ror), and L4 is KL-divergence for latent space regularization (Figure 2.2). This ensures accurate
trajectory generation while preserving sketch fidelity and latent space structure. We also applied
data augmentation to both the sketch images and the trajectories to enhance the model’s robust-
ness and generalization (more details can be found in Appendix 2.6.2).

We can use the trained Sketch-to-3D Trajectory Generator, T', to generate demonstrations
{&p} for learning new tasks using sketches drawn by a human. Specifically, the human draws tra-
jectory sketches on two views of RGB images captured from the initial task state. This is similar
to how human-drawn sketches are generated in prior works [32, 34]. These paired sketch images,
{(I*, I?)}, are input into our trained generator, which produces corresponding 3D trajectories,
{&,}, serving as the basis for guiding the robot’s actions. We can also generate more than one
trajectory from the same pair of sketches by adding controlled noise to the latent representation.
Then we proceed to collect demonstrations for manipulation policy learning. We execute these
trajectories on the robotic arm using open-loop servoing, which enables precise trajectory fol-
lowing based on pre-computed motor commands. During execution, we record a demonstration
dataset {£p = {(ps, 01, a¢)}1_,} at a fixed frequency, where p; = (, v, 2); denotes the robot’s
end-effector 3D position, o; represents the robot’s observation, a; is the corresponding action,
and 7' is the total number of timesteps per demonstration. The collected demonstrations, which
do not need to be optimal, follow the intended path while capturing the robot’s actual behavior
in the target environment. They serve as an effective starting point for bootstrapping the policy

learning process, offering initial guidance grounded in the robot’s real-world performance.
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Figure 2.3: Overview of SKETCH-TO-SKILL integrating sketch-generated demonstrations with
reinforcement learning. Sketch-generated experiences train an IL policy, which bootstraps the
RL process. A discriminator guides exploration by rewarding similarity to sketch-generated tra-
jectories. The final action, combining IL. and RL policy outputs, further enhances the exploration
guidance. The asterisk after "Replay Buffer” indicates that the buffer is initialized with the open-
loop servoing demonstrations.

2.3.2 Policy Learning

We now describe the policy learning of the SKETCH-TO-SKILL algorithm (given in Al-
gorithm 1). Taking as input the demonstration data {{p} collected from our Sketch-to-3D Tra-
jectory Generator 1" and through open-loop serving (lines 4-5), our approach combines IL and
RL to effectively bootstrap and refine the policy. Specifically, we build upon the Imitation Boot-
strapped Reinforcement Learning (IBRL) framework [49], integrating our sketch-based trajecto-
ries to guide and constraint policy search space.

In IBRL we replace traditional real-world demonstrations with sketch-generated demon-
strations. Initially, these sketch-based demonstrations are used to train an IL policy (line 6),
which serves as a coarse approximation of the task. Although these sketches do not capture every
fine detail of manipulation (e.g., gripper closing/opening actions or exact force control), our hy-
pothesis posits that they still carry significant, actionable information that can effectively guide

the learning process in reinforcement learning (RL). We leverage this information in RL in two
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Algorithm 1 SKETCH-TO-SKILL. Major modifications of IBRL highlighted in blue.

1:

Hyperparameters: Number of critics £, number of critic updates GG, update frequency U,
exploration std o, noise clip ¢, number of generated trajectories m per input sketch pair,
reward weighting term \

Inputs: Pre-trained Sketch-to-3D Trajectory Generator T', sketch dataset S = {(I}, I?)}7,,
Outputs: Policy 7y, discriminator D,

Stage 1: Demonstration Generation

4: {&;}1:mn < generate m trajectories per sketch from S using T°

{€p }1:mn < generated demonstrations through open-loop servoing
Stage 2: Policy Learning

6: Train imitation policy 7;;, on demonstrations {p }1.,,,,, using the selected IL algorithm.

Initialize policy 7y, target policy 7y, and critics (), target critics (), discriminator 1), for
1=1,...,F
Initialize replay buffer B with demonstrations {£p }1..n

9: fort =1to N do

10:
11:
12:
13:
14:
15:
16:
17:
18:
19:
20:

Observe current observation o; from the environment

Compute IL action al* ~ ;1 (0;) and RL action a® = 7(0;) + €, where € ~ N (0, 0?)

Sample a set K of 2 indices from {1,2, ..., E}

Select action a; with higher Q-value from {a'™, a®*}

Execute action a;

Store transition (p;, o¢, at, ¢, Pr11, 0411) in replay buffer B

if t%U = 0 then
Perform discriminator D,, update by optimizing Equation 2.1
Perform TD3 update using minibatches from replay buffer B [54]

end if

end for

ways (as shown in Fig. 2.3):

(1) Bootstrap RL with Sketch-Generated Demos: Even though sketch-generated trajectories

are not as detailed as teleoperated demonstrations, they provide a foundational blueprint of
the task. We leverage these initial trajectories to bootstrap our RL algorithm, giving it a
preliminary direction and reducing the cold start problem common in RL scenarios. This
use of imperfect demonstrations is intended to establish an initial policy that avoids random

exploration at the outset, making subsequent training more focused and efficient.

(2) Guide Exploration During RL: As the agent progresses in its learning, the sketch-generated
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trajectories continue to serve as a guide, shaping the exploration strategy. Instead of rely-
ing on these trajectories as definitive guides, we treat them as rough outlines that suggest
areas of the task space worth exploring. This guided exploration helps concentrate the
agent’s learning efforts on potentially fruitful regions of the action space, thus optimizing

the learning speed and improving the relevance of the experiences gathered.

In both steps, the use of sketch-generated trajectories acknowledges their limitations—they
are not treated as ground truth but as valuable signals to help bootstrap RL and guide exploration
throughout the learning process. For the RL algorithm, we employ TD3 [54], an off-policy al-
gorithm known for its sample efficiency. In our approach, the replay buffer is initialized with
the sketch-generated demonstration trajectories (line 8), which provide an initial foundation for
learning and is later updated with online experiences as the agent interacts with the environment.
This combination allows the agent to refine its policy through both sketch-generated demonstra-
tion data &£p and real-world interaction (line 13).

To further enhance the learning process and maintain consistency with the sketch-generated
trajectories, we introduce a discriminator-based guided exploration mechanism [55]. This dis-
criminator, Dy, is trained to distinguish between trajectories produced by our Sketch-to-3D Tra-

jectory Generator and those generated by the current policy:

Lpw) = Epgotenyllog Dy (p, Ap, 9)] 4 Ep g, [log(1 — Dy (p, Ap, 9))], (2.1)

where p represents the end-effector location, Ap is the normalized difference between the current
and next end-effector positions, capturing local trajectory characteristics, and g is the task-specific
information (e.g., target location). This formulation allows the discriminator to assess trajectory
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similarity while accounting for task variability. We then augment the TD3 reward function with

an additional term based on the discriminator’s output (line 18):

72(Ot, at) = T(Oh at) + Alog Dw(pta Aptvg)v (2.2)

where A is a hyperparameter controlling the influence of the discriminator. This augmented
reward encourages the policy to explore state-action spaces more likely to produce trajectories
similar to those generated from human sketches, potentially leading to faster learning and better
performance.

Our overall learning process iterates between TD3 optimization and discriminator train-
ing. In each iteration: (1) We update the discriminator using the latest policy-generated tra-
jectories and the original sketch-generated trajectories (line 17). (2) We then update the policy
and Q-functions using TD3, with the augmented reward and guidance from the frozen IL policy
(line 18). This iterative process allows the policy to refine its behavior while maintaining sim-
ilarity to the initial demonstrations derived from human sketches. By combining IL, TD3, and
discriminator-based guided exploration, we create a cohesive learning framework that effectively
leverages sketch-based demonstrations to accelerate and improve the learning of complex ma-
nipulation tasks. Please see the Appendix for more implementation details and a complete list of

hyper-parameters.

2.4 Experiments

We report our evaluation of SKETCH-TO-SKILL, focusing on its main components: the

Sketch-to-3D Trajectory Generator, the Imitation-Bootstrapped RL Policy learning, and the use
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of the discriminator. Our experiments address the following key questions:

Q1 How effectively does the Sketch-to-3D Trajectory Generator convert 2D sketches into us-

able 3D robot trajectories?

Q2 Can SKETCH-TO-SKILL utilize sketch-generated demonstrations to achieve comparable

performance to traditional methods using high-quality demonstration data?

Q3 How do various design choices in SKETCH-TO-SKILL, such as the number of generated
demonstrations per sketch and the discriminator reward weighting, affect the learning and

refinement of robotic policy?

Q4 How well does our method translate to the real world?

2.4.1 Evaluation of the Sketch-to-3D Trajectory Generator

The Sketch-to-3D Trajectory Generator is a key component of SKETCH-TO-SKILL, trans-
lating 2D sketch inputs into 3D robot trajectories. To train this generator, we collect data of the
robot arm executing play trajectories. We record the 3D trajectories as well as their 2D projections
from two viewpoints. We create such a dataset in the Metaworld [56] simulation environment as
well as a separate one using actual hardware (Figure 2.11). Once the Sketch-to-3D Trajectory
Generator is trained, we can use hand-drawn sketches as input to predict 3D trajectories.

Performance on Hand-drawn Sketches. We provide an example using the ButtonPress
task to qualitatively assess the generator’s effectiveness with hand-drawn inputs (Figure 2.4). We
asked users to provide sketches for the task and also separately collected actual demonstrations
as a reference. We see that the Sketch-to-3D Trajectory Generator was able to predict trajectories

(Figure 2.4a) similar to the actual demonstrations (Figure 2.4c). We also generate more than one
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Figure 2.4: Multi-stage trajectory generation and execution. On the left, we show hand-drawn
sketches on scenario RGB images and the extracted sketches on a blank background, (a) gen-
erated trajectory from the Sketch-to-3D Trajectory Generator, and (b) executed trajectory via
open-loop serving. In (c), we visualize a teleoperated demo for the same task for reference.

trajectory from the same pair of sketches by adding controlled noise to the latent representation.
This approach allows us to produce a range of plausible trajectories for a given sketch input,
enriching the demonstration set and potentially leading to more robust and adaptable robot poli-
cies. We then execute the generated trajectories to produce demonstrations for training the policy
(Figure 2.4b). Despite the inherent variability in sketch inputs, the executed trajectory further
validates the practical applicability of our approach. This demonstrates our model’s robustness
to sketch imperfections and its ability to reliably interpret user intent, bridging the gap between
simple 2D sketches and actionable 3D robot trajectories.

Latent Space Representation and Interpolation. To further understand the generator’s
latent space, we performed linear interpolation in the latent space between different input sam-
ples. Specifically, we selected two distinct sketch pairs with different trajectories, extracted their
feature vectors, linearly interpolated between them, reconstructed the sketches, and generated
new trajectories. Figure 2.14 shows smooth transitions in both 2D sketches and 3D trajectories
across the interpolated latent space. This smoothness demonstrates that our model has learned a
continuous and semantically meaningful representation, suggesting good generalization capabil-

ity to unseen inputs that lie between known examples [51]. The coherence between interpolated
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sketches and their corresponding 3D trajectories further validates the model’s robust sketch-to-

trajectory mapping.

Figure 2.5: Latent space interpolation results showing smooth transitions between original sam-
ples (leftmost and rightmost) and reconstructed samples (middle) from two viewpoints, demon-
strating the model’s ability to generate coherent 3D trajectories from 2D sketch pairs.

Effect of VAE in Sketch-to-3D Trajectory Generator. We also conducted an ablation
study of the Sketch-to-3D Trajectory Generator to evaluate the effect of the VAE on the archi-
tecture. Using a dataset of 1000 trajectories split 80:20 for training and validation, we report
the training and validation losses in Table 2.1. We compare the performance of the model with
the VAE (shown in Figure 2.2) to a variant without the VAE, where only a CNN is used. This
CNN has the same architecture as the VAE’s encoder, but without the decoder and loss compo-

nents. Our results show that incorporating the VAE consistently improves performance across all

metrics, including reconstruction loss and trajectory loss.

Table 2.1: Performance Metrics for generator model

Metric with VAE without VAE
Training Loss 0.6019 0.6286
Validation Loss 0.9128 1.2804
Reconstruction Loss  0.0004 0.3258

KLD Loss 69.8592 107.167
Parameter MSE Loss 0.0820 0.0928
Trajectory Loss 0.770 0.1180
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2.4.2 Comparisons with Baselines

In this section, we conduct extensive experiments in Robomimic [57] and MetaWorld [56]
to answer Q2: can SKETCH-TO-SKILL utilize sketch-generated demonstrations to achieve com-
parable performance to traditional methods using high-quality demonstration data? Specifically,
we compare SKETCH-TO-SKILL with: (1) IBRL [49], a strong baseline that utilizes traditional
high-quality demonstration data (rather than sketches as what our method uses), and (2) TD3
[54], a state-of-the-art pure RL approach without using any demonstrations. We hypothesize that
although the sketches have only partial information (namely, 2D projections of 3D trajectories
and no gripper information), we can still generate good enough demonstration data to perform
comparably with the baseline that uses full demonstrations. We show that to be the case in these
experiments.

We perform evaluations on two-stage PickPlaceCan task from Robomimic and six tasks
from the MetaWorld benchmark, namely Coffeepush, Boxclose, Buttonpress, Reach,
Reachwall, and ButtonpressTopdownwall, each using sparse 0/1 task completion rewards
at the end of each episode. For each task, we collected 10 high-quality demonstrations using an
expert policy in Robomimic and 3 high-quality demonstrations in MetaWorld. These demonstra-
tions served as our baseline for traditional demonstration-based methods. For our approach, we
collected a total of three hand-drawn sketches, one on each demonstration’s initial frames (Fig-
ure 2.4). These sketches were used to generate and execute trajectories, creating a parallel set of
sketch-based demonstrations for comparison.

Figure 2.6 shows the setup where the sketch-based demonstrations provide initial positional

cues for the robot in the Robomimic environment. We ask users to draw separate sketches for
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Figure 2.6: Evaluation Scores (success rate) for the robomimic PickPlaceCan environment during
evaluation.

each stage, and then combine the trajectories during open-loop servoing. Our framework utilizes
RL to refine these initial cues, dynamically adjusting the robot’s approach to manage both the
orientation and timing necessary for successful task execution. This method proves particularly
effective as it does not rely on fully detailed trajectory information from the start; instead, it uses
sketches to guide the initial exploration phase of RL, simplifying the data collection process. Our
sketch-to-skill framework, even with limited initial data, performs admirably in this demanding
scenario. The results are on par with those from IBRL methods ~98%, which benefit from
complete and detailed human demonstrations, including explicit orientation details (as shown in
Figure 5).

Figures 2.7 show the evaluation performance across all the tasks in the MetaWorld en-
vironment. To assess the effectiveness of individual components, we also compare SKETCH-
To-SKILL’s results with variants where the BC policy guidance or the discriminator reward is
removed. We observe that SKETCH-TO-SKILL consistently outperforms pure RL across all tasks,
often by a notable margin. Both the BC policy guidance and the discriminator reward contribute

to policy learning, resulting in the most stable performance across tasks. Remarkably, SKETCH-
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Figure 2.7: Evaluation Performance of SKETCH-TO-SKILL in MetaWorld This figure shows
the success rate across six MetaWorld tasks under randomized initial gripper and object positions.
SKETCH-TO-SKILL achieves comparable performance to IBRL while surpassing pure RL.

TO-SKILL achieves performance comparable to IBRL, which relies on high-quality demonstra-
tions, even when using only sketches as input. This is particularly evident in the Cof feePush
and BoxClose tasks. These tasks require actuating the gripper — information that is not pro-
vided in the sketches. Nevertheless, SKETCH-TO-SKILL is able to bootstrap and use guidance
from the sketch generated suboptimal demonstrations to learn a policy efficiently. This provides
evidence to the claim that the sketch-generated demonstrations do not lead to much degradation
in performance while being much easier to obtain.

Behavioral Cloning Performance. SKETCH-TO-SKILL employs behavior cloning (BC)
to bootstrap policy learning, similar to IBRL. However, the key difference is that IBRL relies
on high-quality teleoperated demonstrations, whereas SKETCH-TO-SKILL uses sketch-generated
demonstrations. We compare the performance between them (Figure 2.8) and ablate the number
of generated demonstrations m per input sketch pair. Not surprisingly the BC policy with tele-
operated data performs better than the sketch generated ones. However, despite the lower perfor-
mance of the BC policy, SKETCH-TO-SKILL is still able to achieve comparable performance in

RL training (as seen in Figures 2.6 and 2.7), showing that it is not as sensitive to the quality of
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Figure 2.8: Behavioral Cloning (BC) scores using actual teleoperated data and sketch gener-
ated demonstrations. The blue bars represent the baseline BC policy trained with 3 high-quality
demonstrations, while the red bars show BC policies trained with sketch-generated demonstra-
tions, varying in the number of demonstrations m per input sketch pair (1, 3, 5, and 10). Darker
shades of red indicate an increase in the number of sketch-based demonstrations used for train-
ing. Despite poor success rate, the actual trajectories and policy learned with sketches are useful
for bootstrapping as evidenced by the training performance (Figures 2.7).

the bootstrapping policy. Increasing the number of generated demonstrations m per input sketch

pair (from 1 to 10) does not significantly improve the BC performance.

2.4.3 Ablation Studies

To understand the impact of the key components in SKETCH-TO-SKILL and answer Q3, we
conducted ablation studies focusing on two critical aspects: the number of generated trajectories
m per input sketch pair and the reward weighting scheme .

Impact of Generated Trajectories per Sketch. We investigated how the number of trajec-
tories generated from each input sketch pair affects the learning performance. Figure 2.9, shows
the learning curves for policies trained with varying numbers of generated trajectories per sketch.
We observe improved performance when generating m = 3 trajectories per sketch instead of just
one. The additional demonstrations help compensate for the lack of actual teleoperated demon-

strations. However, the benefit of increasing the number of trajectories per sketch becomes less
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Figure 2.9: This figure illustrates ablation training scores for SKETCH-TO-SKILL with varying
m, the number of demonstrations generated per sketch pair (1, 3, 5, and 10).

pronounced beyond a certain point. This approach is particularly useful for challenging tasks,
such as BoxClose and Cof feePush, which involve precise gripper actions, but has limited im-
pact on simpler tasks.
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Figure 2.10: Reward weighting term ablation
tion 2.2, where ) is the weighting parameter.
Figure 2.10 shows the learning performance across various A values: 0.005, 0.05, 0.1, and 0.5.

The model performs comparably with A values of 0.005, 0.05, and 0.1, indicating relative insen-

sitivity to this hyperparameter. However, it significantly underperforms when A is set to 0.5.
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Figure 2.11: Complete setup for the ButtonPress task in a real-world experiment. The configu-
ration includes a UR3e robot arm equipped with a Robot Hand gripper, and a RealSense D435i
camera mounted on the wrist. Two additional RealSense cameras are positioned orthogonally to
capture the trajectory from two different viewpoints.

2.4.4 Hardware Experiments

We validate SKETCH-TO-SKILL on physical robot hardware to demonstrate its effective
transfer from simulation to real-world applications.

Experimental Setup. We set up 3 real-world tasks namely Buttonpress, ToastPress and
ToastPickPlace as shown in Figure 2.12. We use a UR3e robot equipped with a Robotiq hand-e
gripper and a realsense camera mounted on the wrist. We also use two additional environmental
cameras to capture frames for humans to draw sketches on (Figure 2.11). The details of the task,
success detection, and reset mechanism are in the Appendix.

Performance. The evaluation of our approach across multiple tasks highlights the effec-
tiveness of sketch-generated demonstrations in training policies. For the ButtonPress task, the
BC policy achieved a notable success rate of 80% in a randomized environment, demonstrating
the robustness of the approach. Similarly, the Sketch-to-Skill policy, without a discriminator,
reached a high training success rate of 80% within just 30,000 samples. In the ToastPress task,

the BC policy achieved a preliminary success rate of 60% using sketch-generated demonstra-

29



=
o

cameraf : [comer] camera2 : [corner2]

0 08

<

g 0.6

So4

o

o2
0.0

5 ok 5k 10k 15k 20k 25k 30k
Steps
(a) Training curves for the real-world ButtonPress task.
camera : [corner] camera2 : [corner2]

nnnnn

(b) Training curves for the real-world ToastButtonPress task.
cameral : [corner] camera2 : [corner2]

Toast PickPlace

BC score

10000 15000 20000 25000

(c) Training curves for the real-world ToastPickPlace task.

Figure 2.12: Training curves and hardware setups for real-world robotic tasks: ButtonPress,
ToastButtonPress, and ToastPickPlace.
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tions, while the Sketch-to-Skill policy significantly improved performance, achieving approx-
imately 90% success within 10,000 interactions. Lastly, in the ToastPickPlace task, the BC
policy showed an initial success rate of 36% under dynamic conditions. However, the Sketch-
to-Skill policy demonstrated considerable improvement, achieving approximately 80% success

within 30k interactions.

2.5 Conclusions and Future Work

We present SKETCH-TO-SKILL that uses 2D sketches to improve the efficiency of learning
a manipulation skill. While prior work has shown the power of sketches in IL, we are the first to
show how to do so using RL. The key ideas are to train a 2D sketch to 3D trajectory generator
whose output is used to bootstrap learning of the RL policy and used as an extra exploration guid-
ance signal, all of which contributes to improved efficiency. There are several avenues for future
work. SKETCH-TO-SKILL currently does not include any gripper information or timing infor-
mation in the sketches. While we have shown that even without this information, we can learn
effectively, an immediate line of work would be to include this in the sketches. Fundamentally,
this does not change the Sketch-To-3D trajectory generator model which would now also have
to predict the gripper state and time parameterization of the trajectory. The second avenue for
future work is to generate the sketches from sources other than humans. For example, (author?)
[32] showed how to generate sketches using a Vision Language Model given a natural language

description of the task. We can directly incorporate such sketches into our framework.
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2.6 Appendix

2.6.1 De Boor’s Algorithm Details

The uniform knot vector for a B-spline of degree p with n + 1 control points is defined as:

1 2 —
, O R TS | 2.3)
n—p+1l'n—p+1 n—p+1 ——
p+l p+1

u=10,...,0,
——

The B-spline basis functions W, ,(t) are defined recursively using the Cox-de Boor recursion

formula:

1 ifuy; <t< Uit1
Wio(t) = (2.4)

0 otherwise

W,(t) = ——Wi,(t) + — 25 Wi, (1) (2.5)

Uitp — Us Ujgp+1 — Uit

where u; are the knot values from the knot vector .

The B-spline parametrization matrix N for m evaluation points is an m x (n + 1) matrix:

Wop(ti) Wi,t) - Wy,(t)
— Wop(ta) Wiy(ta) - Wiy,(ts) 06
WO,p (tm) Wl,p (tm) T Wn,p<tm)

where ¢; (j = 1, ...,m) are evenly spaced parameters in the interval [0, 1].
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2.6.2 Implementation Details and Hyperparameters of Sketch-to-3D Trajectory
Generator

Overview of the Model. The proposed model converts 2D image sketches into 3D mo-
tion trajectories using a Variational Autoencoder (VAE) combined with a Multi-Layer Perceptron
(MLP). The VAE encoder processes 64 x 64 pixel 2D sketches (3 channels) into a latent vector
(dy = 32), while the decoder reconstructs the sketches to retain essential features for trajectory
generation. The latent space outputs the mean (y) and variance (o), sampled using the reparam-
eterization trick. The MLP takes the latent vectors from two sketches, concatenates them, and
generates 3D control points for B-spline trajectory interpolation. The MLP takes an input of size
(dy % 2), processes it through hidden layers [1024, 512, 256], and outputs n., x 3. The generated
3D control points are then used for B-spline interpolation to produce smooth trajectories.

Initialization, Regularization, and Hyperparameters. We initialize all network parame-
ters using Xavier initialization. Regularization is done with Kullback-Leibler Divergence (KLD),
using a loss function that combines Sketch Reconstruction Loss, KLD Loss, and Trajectory Loss.
The Sketch Reconstruction Loss is the MSE loss on sketch images, the Trajectory Loss computes
the MSE between predicted and ground truth trajectories, where the ground truth trajectory is
first densely fitted and resampled to ensure uniform point spacing, and the KLD Loss applies

Kullback-Leibler Divergence for regularization. Key hyperparameters include:

* Image size: 64 x 64 pixels
¢ Latent dimension: 32

* Number of control points: 20
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B-spline degree: 3

MLP hidden layers: [1024, 512, 256]

* Learning rate: 1 x 10~ (Adam optimizer)

Batch size: 128

KLD weight: 0.0001 (with optional annealing)
* Training epochs: 200

To enhance robustness and generaliza-
tion, our training process employs two concur- /
rent data augmentation strategies. The first ap- /

7 7

plies diverse image augmentations (rotations,
scaling, affine transformations, noise) to in- j f
put sketches, used exclusively for updating < e %
Figure 2.13: Diversity in generated 3D trajec-
tories. Each subplot shows multiple generated
trajectories (colored lines) for a single input,

demonstrating variability. Scattered points rep-
resent the ground truth trajectory.

the VAE to learn robust sketch representa-
tions. The second strategy targets potential
mismatches in hand-drawn sketches by subtly
modifying both original sketches and their 3D
trajectories. This involves adding noise and minor elastic deformations to sketches, and noise
with refitting to trajectories. These augmented pairs update the entire model, preparing it for
hand-drawn input variability while maintaining sketch-trajectory consistency. This augmentation
approach enhances the model’s ability to handle diverse, imperfect sketches while ensuring ac-
curate 3D trajectory generation in real-world scenarios. To train the sketch generation network
we collect 22000 samples for simulation tasks and 85 for the real world. During the training for
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Figure 2.14: Latent space interpolation results showing smooth transitions between original sam-
ples (leftmost and rightmost) and reconstructed samples (middle) from two viewpoints, demon-
strating the model’s ability to generate coherent 3D trajectories from 2D sketch pairs.

the real-world task, we use the data collected from simulation to train the VAE part as well. We
provide additional visualizations to demonstrate the learned model’s generalizability in Figure

2.13 and 2.14.

2.6.3 Implementation Details and Hyperparameters of SKETCH-TO-SKILL Pol-
icy and baselines

This section outlines the implementation details of SKETCH-TO-SKILL and the baselines.
The behavior cloning (BC) policies utilize a ResNet-18 encoder, where the output is flattened
and processed by MLPs to produce final 4D actions. We replace the BatchNorm layers in ResNet
with GroupNorm, matching the number of groups to the input channels. To prevent overfitting,
we employ random-shift data augmentation. The hyperparameters are shown in Table 2.2.

In the Meta-World environment, we utilize a corner2-image camera setup. We use wrist
cameras to enhance generalization and sample efficiency in real-world experiments, specifically

using them for the ButtonPress task.
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Table 2.2: Hyperparameters for RL in SKETCH-TO-SKILL.

Parameter Meta-World | Real-World
Optimizer Adam Adam
Learning Rate le-4 le-4
Batch Size 256 256
Discount () 0.99 0.99
Exploration Std. (o) 0.1 0.1
Noise Clip (¢) 0.3 0.3
EMA Update Factor (p) 0.99 0.99
Update Frequency (U) 2 2
Actor Dropout 0.5 0.5
Q-Ensemble Size (F) 2 N/A
Num Critic Update (G) 1 N/A
Image Size 96x96 96x96
Use Proprio No N/A
Proprio Stack N/A N/A
State Stack N/A N/A
Action Repeat N/A N/A

2.6.4 Additional Details of Real-world Experiments

In this section, we present insights into the real-world experiments conducted using SKETCH-
To-SKILL. We utilized a UR3e robot equipped with a Robot Hand gripper, operating in an ac-
tion space with 4 dimensions: 3 for end-effector position deltas under a Cartesian impedance
controller and 1 for the absolute gripper position, with policies functioning at 7.5 Hz.

To train the Sketch-To-3D Trajectory generator, we collected approximately 85 teleop-
erated trajectories. RGB images were captured using two orthogonally positioned RealSense
cameras to enhance trajectory insight. A green marker was placed on the gripper tip to facilitate
sketch generation on the frames, enabling the model to learn 2D sketch projections onto 3D tra-
jectories. All methods maintained the same hyperparameters and network architectures as those

used in the Meta-World tasks.
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2.6.4.1 Common Implementation Details

* Reset Protocol: For all tasks, we manually reset the environment between episodes by
returning objects to their initial states and randomizing their positions. The robot is initially
set to a specific joint configuration known as the home position. Whenever the agent re-
ceives a reward or an episode ends, it resets back to the home configuration and the training
continues. The object randomization typically begins with placement at the center, remain-
ing unchanged until the agent receives its first reward. After that, the object is gradually
moved towards the boundary, circled around the workspace, returned to the center, and the

process is repeated until the training ends.

» Safety Boundaries: We have restricted the movement of the robot to the x, y, and z
directions of the end-effector. Each step that the robot takes is limited to a specific value. If
the action taken by the agent exceeds this limit, the robot will not move and will remain in
its current position. To avoid collision with the workspace surface, we have set a minimum
limit for the z direction of the robot. Even if the agent attempts to move downward beyond

this threshold, the robot will remain at the specified z position.

* Reward Structure: We used a manual method to reward the agent if it successfully
completes the task. The agent receives a reward of 1 for successfully completing the task
and a reward of O in all other cases. Each episode has a set number of timesteps, and if the
agent doesn’t succeed within that limit, it resets and starts over. The length of each episode

may be shorter than the given limit depending on how quickly the agent completes the task.
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2.6.4.2 Task-Specific Details

* Button Press Task: After training the Sketch-To-3D Trajectory generator, we created
30 sketches based on RGB frames from the two cameras. We then collected 30 sketch-
generated demonstrations, {p using openloop servoing on 3D trajectory &, produced by
the generator T'. We then train Behavior Cloning (BC) policy using the sketch-generated
demonstrations, &p, achieving a score of 0.8 and thus leading to good performance in the
SKETCH-TO-SKILL policy. The button position was randomized within a 20cm by 20cm

to 25cm trapezoidal area visible from the wrist camera.

* Toaster Press Task: The Toaster Press experiment was designed to test the robustness
of our approach in cluttered environments. We created 10 sketches based on the camera
feeds and collected 10 sketch-generated demonstrations using open-loop servoing. Each
episode featured a cluttered environment around the toaster, with objects commonly found
in household settings to simulate realistic conditions. The initial position of the gripper was
randomized in every episode to test the adaptability of the learned policy. Training a Be-
havior Cloning (BC) policy using the sketch-generated demonstrations achieved a prelimi-
nary success rate of 60%, and SKETCH-TO-SKILL training over 12k interactions achieved

~90% success rate within 10k interactions.

* Bread Pick and Place Task This task involved picking a piece of bread from a toaster
and placing it on a nearby plate, requiring precise manipulation and handling. Sketches
were specifically collected in randomly cluttered environments to reflect typical variability

in real-world scenarios. Both the environment clutter and the initial gripper positions were
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randomized in each episode, presenting a different challenge each time to test the robust-
ness of the policy. The BC policy achieved a success rate of 36% and SKETCH-TO-SKILL

trained over 30K interactions achieved ~80% success within 30K interactions.

These experiments underscore our method’s capability to handle real-world variability and
complex task execution, supporting its potential utility beyond controlled experimental setups.
The detailed results from these tasks, illustrated in Figures 16 and 17, highlight the practical ap-

plications and adaptability of our SKETCH-TO-SKILL framework in dynamic, cluttered settings.

2.6.5 Additional Details of Robomimic Experiments

2.6.5.1 Task Complexity

The PickPlaceCan task in RoboMimic is an demanding two-stage challenge. It requires the
robot to accurately locate and reach a can, then pick it up and place it into a designated bin. This
task not only tests the robot’s ability to handle objects with precision but also demands correct
orientation of the gripper throughout the process. RoboMimic, a well-established benchmark,
provides high-quality demonstrations collected via human teleoperation, which are instrumental

for training successful policies.

2.6.5.2 Implementation and Strategy

In this setup, the sketch-based demonstrations provide initial positional cues for the robot.
Our framework utilizes reinforcement learning (RL) to refine these initial cues, dynamically ad-
justing the robot’s approach to manage both the orientation and timing necessary for successful
task execution. This method proves particularly effective as it does not rely on fully detailed

39



trajectory information from the start; instead, it uses the sketches to guide the initial exploration

phase of RL, significantly simplifying the data collection process.

2.6.5.3 Results and Performance Metrics

* Performance: Our SKETCH-TO-SKILL framework, even with limited initial data, per-
forms admirably in this demanding scenario. The results are on par with those from IBRL
methods 98%, which benefit from complete and detailed human demonstrations, including

explicit orientation details (as shown in Figure 15).

* Comparison to IBRL: The comparative success illustrates the robustness and effective-
ness of our method in managing the task’s orientation and other complexities without fully
specified trajectory inputs. This is particularly notable given that RoboMimic’s Pick and
Place Can task offers a significantly higher level of difficulty than similar tasks in Meta-

World.

2.6.6 Additional Experiments in Metaworld Assembly

Figure 2.15: Left: sketches for the MetaWorld Assembly task. Right: training scores (success
rate).
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2.6.6.1 Task Complexity

The Assembly task in MetaWorld is a “hard” task [58] that requires the robot to execute
two-stage manipulations. The task involves precise movements to pick up a peg, navigate it to
a specific location, and insert it into a hole within a larger assembly fixture. This task tests the

robot’s precision, spatial awareness, and ability to handle complex sequences.

2.6.6.2 Results and Performance Metrics

* SKETCH-TO-SKILL: Demonstrated a high success rate of 93%, effectively using sketches
for coarse guidance to navigate and complete complex task sequences, even without actual

teleoperated demonstrations.

* SKETCH-TO-SKILL without Discriminator: Initially struggled with a success rate of 20%,
but extended interaction up to 100K steps improved performance dramatically, reaching a
near-perfect success rate of 98%. This underscores the potential for learning even without

discriminator guidance, given sufficient training time.

* IBRL: Achieved the highest success rates of approximately 100%, benefiting from high-
quality teleoperated demonstrations that include precise details on orientation and position-
ing.

» Standard BC: Achieves a success rate of around 60%, showing limitations in environments

where adaptive behaviors and fine-tuning through reinforcement learning are necessary.

These results highlight the effectiveness of the SKETCH-TO-SKILL approach in handling
complex, multi-stage tasks through initial coarse guidance, with the potential for significant im-
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Figure 2.16: Trajectories with time-based color gradient for Assembly Metaworld simulation
task.

provement over time. They also illustrate the advantage of incorporating discriminator feedback

to accelerate learning and enhance performance.

2.6.7 Using Color Gradients for Overlapping Trajectories

We can also incorporate time-parameterization of the trajectory in the sketches using a

color gradient, instead of a binary sketch image. This notion of color gradient in sketches was
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introduced by RT-Trajectory [32]. An example is shown in Figure 2.16. Here, the color of
the sketch changes from green (start) to red (end). This is particularly helpful when the sketch
crosses each other or overlaps. We conduct additional experiments with the generator to evaluate
the effect of incorporating gradients in the Sketch-To-3D trajectory generator.

Specifically, we use the MetaWorld Assembly task (Figure 2.15) where the sketch overlaps
in the middle as the end-effector picks up the tool and carries it to the goal position. We trained
two generators without and with color gradients. The performance of these two generators are
reported in Table 2.3. We observe that incorporating the gradient in such a case results in lower
reconstruction and trajectory losses. With lower trajectory losses we can handle more complex
trajectories that overlap with color gradients. Note that incorporating gradients also does not
require any change to the downstream architecture, and only requires minimal changes to the

generator architecture.

Table 2.3: Performance Metrics for Overlapping and Non-Overlapping Trajectories

Metric with color without color
gradient gradient
Training Loss 0.2438 0.3107
Validation Loss 0.3120 0.3585
Reconstruction Loss  0.0001 0.0003
KLD Loss 77.167 76.4683
Parameter MSE Loss 0.1028 0.1135
Trajectory loss 0.1530 0.2379

43



Chapter 3: Efficient Multi-Agent Reinforcement Learning with Personalized

Expert Guidance

3.1 Introduction

The use of expert demonstrations' has been proven effective in accelerating learning in
single-agent reinforcement learning, as evidenced by studies such as [55, 59, 60]. This approach
has since been extended to Multi-Agent Reinforcement Learning (MARL) [61, 62], which typ-
ically assumes the availability of high-quality collaborative joint demonstrations. However,
from a practical standpoint, collecting joint demonstrations can be labor-intensive, demanding
one user per agent in cooperative scenarios. Furthermore, these demonstrations are not scalable.
If we change the number of agents or introduce new types of agents, we will need to gather a new
set of demonstrations to learn from.

In contrast, it is much easier to obtain demonstrations for individual agents, or even better,
for each type of agents in a heterogeneous setting. We thus ask the following research question:
could we leverage individual-wise task demonstrations instead? In this work, we refer to such
expert demonstrations that address single-agent behaviors for personal objectives as personalized

demonstrations (see Figure 3.1). Since the personalized demonstrations will not necessarily

'In this context, the term “expert guidance” refers to demonstrations that provide meaningful, above-random
performance in complex environments, even if the demonstrations are not necessarily optimal.
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Figure 3.1: Joint demonstrations are costly to collect but offer rich information on collaborative
behaviors. Personalized demonstrations are easier to collect, but solely focus on individual agent
goals, so they lack cooperative elements.

reflect how the agents can collaborate and may even conflict with each other in the joint setting,
naively mimicking the demonstrations will not achieve cooperation. Therefore, purely imitation
learning-based approaches would not be effective. We need an approach that selectively utilizes
suitable personalized expert demonstrations as guidance and allows agents to learn to cooperate
via collecting reward signals from the environments.

To this end, we present our algorithm, Personalized Expert-Guided MARL (PegMARL),
which carries out personalized occupancy matching as a form of guidance through reward-
shaping. We implement this via two discriminators. The first, a personalized behavior discrimina-
tor, evaluates local state-action pairs, providing positive incentives for actions that align with the
demonstration and negative incentives for divergent ones. The second, a personalized transition
discriminator, assesses whether a local state-action pair induces a desired change in dynamics
similar to that observed in the demonstration, adjusting the incentive weight accordingly. We
demonstrate the effectiveness of PegMARL on both discrete gridworld and continuous multi-

agent particle environments [63, 64]. The main contributions of this work are summarized as
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follows:

(1) We propose PegMARL, the first approach that enables utilizing personalized demon-
strations for policy learning in heterogeneous MARL environments, which (i) avoids demon-
stration recollection regardless of the number and type of agents involved, and (i1) is compatible
with most MARL policy gradient methods.

(2) We demonstrate PegMARL’s effectiveness with personalized demonstrations in both
discrete and continuous environments. Our algorithm outperforms state-of-the-art decentralized
MARL algorithms, pure multi-agent imitation learning, and reward-shaping techniques in terms
of scalability and convergence speed, and achieves robust performance even when provided with
suboptimal demonstrations.

(3) We showcase PegMARL’s capability to also leverage joint demonstrations, regardless
of whether they are sampled from co-trained or non-co-trained policies’>. Experimental results
on the StarCraft environment [65] demonstrate that PegMARL converges effectively even with

demonstrations from non-co-trained policies, which include potentially conflicting behaviors.

3.2 Related Works

Imitation Learning (IL). IL methods seek to replicate an expert policy from demon-
stration data generated by that policy. Behavior Cloning (BC) is a commonly employed IL
technique [66, 67], where the expert policy is estimated through supervised learning on demon-
stration data. However, BC is susceptible to compounding errors resulting from distribution

shifts [68]. Another thread of IL research is Inverse Reinforcement Learning (IRL) [69, 70], in

2“Co-trained policies” refers to policies that have been trained together in the same environment with shared
experiences. We refer the readers to Figure 3.3 for an illustration and Section 6.2 of [19] for more information.
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which the underlying reward function is estimated from the demonstration data and then used for
policy learning. To alleviate the computational overhead of IRL, Generative Adversarial Imita-
tion Learning (GAIL) [11] was introduced, allowing direct policy learning from observed data
without intermediate IRL steps. Song et al. [20] extended this approach to introduce Multi-Agent
GAIL (MAGAIL), which adapts GAIL to high-dimensional environments featuring multiple co-
operative or competing agents. In general, IL approaches can rarely perform better than demon-
strations. Therefore, they are not directly suitable for scenarios where only personalized expert
demonstrations that do not demonstrate how to collaborate are available.

Learning from Demonstration (LfD). In contrast to IL methods, LfD aims to leverage
demonstration data to facilitate learning rather than simply mimicking expert behavior. Ex-
isting LfD works incorporate demonstration data into a replay buffer with a prioritized replay
mechanism to accelerate the learning process. Due to the off-policy nature of the demonstra-
tion data, most methods are value-based [71, 72]. There has been some recent work where the
demonstrations are used to aid exploration, especially in environments with large state-action
spaces [55, 59, 60]. For instance, POfD [55] learns an implicit reward from the demonstration
data using a discriminator and incorporates it into the original sparse reward. LOGO [60] uses
the demonstration data to directly guide the policy update: during each update iteration, the al-
gorithm seeks a policy that closely resembles the behavior policy within a trust region. However,
these approaches are primarily focused on single-agent settings.

In multi-agent settings, Qiu et al. [62] suggest using demonstrations to pretrain agents
through imitation learning as a warm start, followed by optimization of the pretrained policies
using standard MARL algorithms. Lee et al. [61] augment the experience buffer with demon-
stration trajectories and gradually decrease the mixing of demonstration samples during training
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to prevent the learned policy from being overly influenced by demonstrations. Similar to POfD,
DM? [19] enables agents to enhance their task-specific rewards by training discriminators as well.
Each agent matches toward a target distribution of concurrently sampled trajectories from a joint
expert policy to facilitate coordination. These approaches, however, require joint demonstra-
tions of the same team configurations sampled from cohesively trained policies. While effective,
this requirement can be cumbersome and limiting, especially in real-world scenarios where such
coordinated demonstrations are difficult to obtain (as mentioned in Section 3.1).

Our approach differs in that we leverage only personalized expert demonstrations to learn
a cooperative policy. Notably, PegMARL can also utilize joint demonstrations when they are
available, including those from non-co-trained policies. By accommodating these diverse and
potentially conflicting demonstrations, PegMARL can leverage a wider range of available data,

offering greater flexibility and robustness across various multi-agent applications.

3.3 Preliminaries

We start by considering a Markov Decision Process (S, A, P, r,~y) for a cooperative multi-
agent setting with N agents. Here, S denotes the global state across all the agents, which can
be decomposed as the product of N local spaces S; as S = S§; X S X --- X Sy. By noting
the local state of agent i as s; € S;, the global state is s = (s1, 2, ,sy). Similarly, we
define the global action space A as A = A; x Ay X --- X Ay, meaning that for any a € A,
we may write a = (aq,as, -+ ,ayn) with a; € A;. The transition probability from state s to
s" after taking a joint action a is denoted by P(s'|s,a) = [[. Pi(s}|s,a). All agents share a

common reward function r = R(s,a), and v € [0, 1] is the discount factor. In this work, we
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Figure 3.2: An example of utilizing personalized demonstrations to learn cooperative multi-
agent policies. To learn successful cooperation, the agents are required not only to imitate the
demonstrations to achieve personal goals but also to learn how to avoid conflicts and collabo-
rate. We visualize the state visitation frequency of the personalized demonstrations and the joint
policies learned by our algorithm and MAPPO, where a darker color means a higher value. We
observe that the demonstrations guide the agents in exploring the state space more efficiently than
in MAPPO.

focus on decentralized learning and define the global policy as my(a|s), where 6 € © are the
policy parameters. Specifically, we have § = (0,6,,--- ,0y) as the factorized global policy
parameters, and we can write 7y(a|s) = []; o, (a;|s) using policy factorization.

Personalized Tasks and MDPs. To introduce the notion of personalized demonstra-
tion, we need to extract the individual tasks of each agent from the collective tasks of multiple
agents. For example, in Figure 3.2, the green agent’s personalized task is to open the door and
the red agent’s personalized task is to reach the key without the other’s presence. We then define
Personalized Markov Decision Processes (PerMDPs) (S;, A;, Q;, r;,) for each agent or, more
generally, for each type of agents that share the same objective within a heterogeneous team.
Here, a type refers to behaviorally identical agents who share the same state and action spaces,
as well as the same reward function, using the formalism from [73], and we provide the PerMDP
definition for each agent for simplicity. We assume that the state space S; and action space A;
of the personalized task 7; are the same as the local state and action spaces of agent i from the

joint task. The transition probability from state s; to s; after taking a action a; is represented as
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Qi (s|s;, a;). By following an arbitrary policy ;(a;|s;) for this personalized task, we can collect
a set of personalized demonstrations B; = {(s!, al)}Z,, where H is the episode horizon. We’d
like to emphasize that while we assume the personalized tasks and the joint task are conducted
in the same environment map, the underlying transition dynamics are different. Additionally, the
joint reward r may not necessarily equal the summation of rewards r; for each personalized task.

Occupancy Measures. For a joint policy m = (7, 7, ..., Ty ), We can write the global

state action occupancy measure A" (s, a) as

A'(s,a) = Zf : P(st =s,a' =a
=0

W) 3.1)

and write the corresponding local cumulative state-action occupancy measure as

AT (85, a;) = Zf : IP’(S? = 55,0 = a; 7T> (3.2)
=0

for Va, € A;,s; € S;. An interesting observation to note here is that we can write the local
occupancy measure as the marginalization of the global occupancy measure with respect to all

other agents. Mathematically, it holds that

N(sia)= > > X(s,a) (3.3)

acf{a;}xA_; s€{si}xS_;

with .A_i:Hj?si.Aj and S_i:Hj?giSj.
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3.4 MARL with Personalized Expert Demonstrations

Now, we are ready to present the main problem we are interested in solving in this work.
Assume each agent 7 is associated with a personalized task 7;. We collect one set of expert
demonstrations for each agent ¢ or, equivalently, each personalized task 7;. By letting an expert
user perform each personalized task in the respective personalized MDP, we obtain a collection
of expert demonstrations denoted by {Bg,, Bg,, ..., Br, }. We assume that the underlying expert
policy associated with B, is mg, (a;|s;), and A™®i is the occupancy measure following the expert’s
policy 7, for agent ¢. Note that while we establish the problem formulation and develop our
algorithm in a fully observable setting, the experiments are conducted in both fully and partially
observable settings, encompassing both discrete and continuous environments (details in Section

3.5).

3.4.1 Formulating Personalized Expert-Guided MARL

In standard Multi-Agent Reinforcement Learning, agents aim to discover optimal joint
policies that maximize the long-term return R(mp) := (A\™,r) = + SOV (AT r). Typically, the
learning process commences with random exploration, which is often inefficient due to MARL’s
exponentially growing exploration spaces, especially when rewards are sparse. Beginning with
the intuition of leveraging personalized demonstrations as guidance for how each agent should
accomplish their personalized tasks to promote more effective exploration, akin to [55] for single-

agent cases, we can define the objective for learning from personalized demonstrations in multi-
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Figure 3.3: When joint demonstrations are sampled from co-trained policies, the agents’ behav-
iors exhibit compatibility. In contrast, personalized demonstrations solely focus on how each
agent achieves its individual goal and lack cooperative elements, potentially leading to conflicts.

agent settings as follows:

(3.4)

LS () o (| \r
sy 2 (Osr) = Bis (7 [147))

where 7 is a weighting term balancing the long-term reward and the personalized policy simi-
larity. The Jensen-Shannon (JS) Divergence terms enable individual agents to align their actions
with their respective personalized demonstrations and facilitate the achievement of their specific
objectives.

However, only imitating the personalized demonstration may not always yield favorable
outcomes and can even impede the learning process. Previous works in MARL have predom-
inantly utilized joint demonstrations as guidance. As demonstrated by DM? [19], trajectories
must be sampled from a co-trained joint expert policy for their joint action-matching objective
to converge. The crucial aspect that jointly coordinated demonstrations offer, which personalized
demonstrations lack, is compatibility. To illustrate, consider the example depicted in Figure 3.3,
where two agents aim to swap positions without entering the danger region. Two sets of optimal

joint policies exist for this task: agent a takes path 1 and agent b takes path 2, or vice versa.
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When sampling joint demonstrations from a set of co-trained policies, the agents’ behaviors will
be naturally compatible. In contrast, if personalized demonstrations were provided, agents could
indifferently choose between both paths to reach their goals, potentially resulting in conflicting
strategies through naive imitation.

Hence, we pose the following question: How can we leverage the benefits of using per-
sonalized demonstrations to enhance exploration efficiency while circumventing the imitation of
conflicting behaviors that might hinder joint-policy training?

Consider the scenario depicted in Figure 3.4,

T .
Personalized Dem@nstration

Pl

where the blue agent seeks to replicate its personalized

demonstration within a multi-agent environment. The

3 o Ly
blue agent can successfully transition to the neighboring Imitate in multigeent Env

grid on the right if it’s unoccupied; otherwise, the tran-

sition fails. Viewing the blue agent as the focal agent

and the green agent as part of the environment, suc-

cessful imitation hinges on the agent’s “local transition”
Figure 3.4: A motivating example il-
matching those of the environment where the personal- lustrating the imitation of personalized
demonstrations in a multi-agent envi-
ized demonstrations originated. We define P(s}|s;,a;) ronment. The primary technical chal-
lenge lies in the discrepancy between
as an approximation for the i-th agent’s local transi- the transition dynamics in the person-
alized MDP and the local transition
tion probability in the multi-agent environment, which dynamics for each agent in the multi-
agent environment.
is governed by the true transition dynamics P(s'|s, a)
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and the policy my. With this insight, we further refine the objective function as follows:

N
1 m AT \TE,
XN ;:1 ((Ai0>7”> — nys </\i8 [ A El)) ) (3.5)

where AT and A\™®: have the same definition as the original AT* and A\™*: but with a restricted

domain:
domjgrs = domjrs, = {(8i,a;) € S; x A;i|Dyg (Pi(sﬂsi,a,-) I Qi(sﬂsi,ai)) < e} (3.6)

where )(s}|s;, a;) represents the true transition dynamics of the personalized MDP from which
demonstrations are collected, and ¢ is a threshold parameter that theoretically controls transition
mismatch tolerance. By adjusting the learning objective in this manner, the occupancy matching
only happens on those local state-action pairs that guide us toward the desired next local state

under the current policy.

3.4.2 Solving Personalized Expert-Guided MARL

Now, we can begin the development of a practical algorithm. By adopting Theorem 2

from [55]%, we can substitute the JS divergence between occupancy measures with

Dys (A" || A7) = sp (EM log(1 — D;(s:, ai))] + Exy, [log(Di(ss, ai))]) NN

k3

3We refer the reader to [55] for the full derivation. We use the same calculations with the change of notation
pr < Al and pp < \7Fi.
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where D(s;,a;) + S; x A; — (0,1) is a discriminative classifier to discern if the (s;, a;) pair is
from the demonstration or the current policy. However, this doesn’t account for the constraint
in equation 3.6. Therefore, by introducing an indicator function 1(s;, a;) for whether (s;, a;)

belongs to the domain of ;\f@ and \"E: , we can obtain

Dy (x;fe I Vm) ~ sup (EM [L(s5, ;) - log(1 — Dy(si, @))] + Eny, [1(sia;) - log(Di(s,, ai))}) .

(3.8)
Since direct access to the transition distributions is unavailable, verifying whether each (s;, a;)
pair is within the domain is not directly feasible. To address this, we further approximate the
indicator function using another discriminative classifier D;(s;, a;,s:) : S; x A; x §; — (0, 1),
estimating the likelihood of a (s;, a;, s;) tuple being from the demonstrations. In essence, it
quantifies the likelihood that the corresponding (s;, a;) induces a desired change in local state
transition as observed in the demonstrations, effectively serving as a learned proxy for the e-
constrained domain in Equation 3.6.

After approximating the inner JS divergence term in equation 3.5 with two discriminators,
we integrate the discriminative rewards derived from these discriminators into the environmental
reward for the outer problem. Specifically, we estimate the reshaped reward 7; as 7; = r —
nDyg, (si, ai, s;)log(1 — Dy, (si, a;)), where ¢; and ¢; are parameters for the two discriminators.
The personalized behavior discriminator D, evaluates local state-action pairs, providing positive
incentives for actions that align with the demonstration and negative incentives for divergent ones,
while the personalized transition discriminator D, assesses if a local state-action pair induces a

desired transition in local state akin to that observed in the demonstration, adjusting the incentive

weight accordingly. Subsequently, policy optimization is conducted by maximizing the long-term
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Algorithm 2 Personalized Expert-Guided MARL (PegMARL)
Input: Number of agents /N; environment env; personalized expert trajectories Bg,, ..., Bg,;
batch size M; weight parameters {n"*}.
Initialize: Policies {m, }, discriminators { Dy, } and { Dy }, where i = 1,2, ..., N.
Output: Learned policies {7y, }.

1: for iteration £k = 0,1,2, ... do

2. Gather trajectories of multi-agent rollouts from env, B¥ = ROLLOUT (r, env).
3:  foragent:=0,1,..., N —1do
4
5

Sample M tuples of (s;, a;, s;) from demonstration BY and B*;
Update personalized behavior discriminator D,

max (JEBK [log(1 — Dy, (s:, a:))] + Es,, [log Dy, (s:. ai)}) . (3.9)
6: Update personalized transition discriminator D
max <E3k [log(1 — Dy, (s, a;, 5;))] + Esp, [log Dy, (s, s, sé)]) : (3.10)
7: Estimate the reshaped reward as % = r — "Dy, (s;, a;, 8}) log(1 — Dy, (s;, a;)).
8: Update agent policy 7y, .
9:  end for
10: end for

return with the reshaped reward.

Our PegMARL algorithm, detailed in Algorithm 2, is compatible with any policy gradi-
ent methods, with MAPPO ([74]) adopted in our implementation. While presented in a fully
observable setting, PegMARL can be adapted for partially observable scenarios. In such cases,
we process observations from joint environment rollouts by removing dimensions not observable
in the Personalized MDP for discriminators inputs. Notably, PegMARL can also utilize joint
demonstrations; in this case, the observation processing step is unnecessary as both demonstra-
tions and environment rollouts are derived from the same joint MDP. Compared to DM? [19],
which also uses a discriminator-based approach for multi-agent learning from demonstrations,

PegMARL introduces the personalized transition discriminator D, as a key innovation. This ad-
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ditional discriminator helps address the challenge illustrated in Figure 3.3 by evaluating whether
local state-action pairs induce desired transitions similar to those in the demonstrations, effec-
tively filtering out less desirable actions while retaining beneficial ones. This component enables
PegMARL to handle both personalized demonstrations and joint demonstrations from various
sources, including those sampled from non-co-trained policies, while DM? requires demonstra-

tions from co-trained policies to achieve convergence.

3.5 Experiments

In this section, we empirically evaluate the performance of PegMARL, focusing on the
following questions: (1) How does PegMARL, which leverages personalized demonstrations,
compare to state-of-the-art MARL techniques? (2) How does PegMARL scale with an increasing
number of agents and in the case of continuous state-action spaces? (3) How does the sub-
optimality of personalized expert demonstrations affect the performance of PegMARL? and (4)
How does PegMARL perform when trained with joint demonstrations sampled from co-trained

or non-co-trained expert policies?

ERD

easy hard

2 agents 3 agents 4 agents

(b) The door scenario: the agents are heteroge-
(a) The lava scenario: the agents are homoge-  neous, the assistant agent (green) must reach the
neous, aiming to reach corresponding diagonal green square and remain there to hold the door
positions without entering the lava. The episode open, allowing the other agent (red) to reach the
ends if any agent steps into the lava. goal.

Figure 3.5: The discrete gridworld environments. Circles indicate the starting locations of the
agents, while squares of the same color denote their respective goal locations. More details can
be found in Appendix 3.7.1.1.
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3.5.1 Main Results with Personalized Demonstrations

We evaluate PegMARL with personalized demonstrations on discrete gridworld environ-
ments (Figure 3.5) and a continuous multi-agent particle environment (MPE, Figure 3.8a). The
gridworld environment is fully observable with discrete state and action spaces, while the MPE is
partially observable with a continuous state space and discrete action space. Both environments
feature sparse reward signals, which adds to the challenge for standard MARL algorithms to learn
effectively.

Our comparison includes four strong baselines: MAPPO [74], a leading decentralized
MARL algorithm; MAGAIL [20], a state-of-the-art multi-agent imitation learning algorithm;
DM? [19], which combines distribution matching reward with environmental reward; and ATA
[75], one of the best multi-agent reward-shaping methods. Notably, MAGAIL and DM? were
not originally designed for personalized demonstrations. Hence, we have adapted them for use
in personalized demonstration settings through necessary modifications. Specifically, we pro-
cessed the observations from joint environment rollouts by removing dimensions not observable
in the Personalized MDP, similar to our approach in PegMARL. This adjustment ensures that
the inputs to their respective discriminators are compatible with the personalized demonstration
data. In this context, MAGAIL serves as an ablation of PegMARL lacking the environmental
signal and transition discriminator, while DM? represents an ablation lacking only the transition
discriminator. Details on algorithm implementation and hyperparameter choices can be found in
Appendix 3.7.3.

For each scenario, we collect two sets of personalized demonstrations for each agent: op-

timal and suboptimal, by training single-agent RL in simplified environments that focus on each
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Figure 3.6: Learning curves of PegMARL versus other baseline methods under the lava scenario.
PegMARL converges to higher rewards and generalizes better to larger numbers of agents. The
star symbols (*) in the legend indicate that suboptimal personalized demonstrations are adopted.
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Figure 3.7: Learning curves of PegMARL versus other baseline methods under the door sce-
nario. PegMARL shows better robustness in terms of convergence and generalizability.

agent’s specific tasks. The average episodic rewards of suboptimal demonstrations are approx-
imately half of their optimal counterparts (more details can be found in Appendix 3.7.2). We
execute each method in every environment with 10 distinct random initializations and plot the
mean and variance across all runs. Oracle denotes the best possible return achievable with opti-
mal policies.

How does PegMARL scale with an increasing number of agents? The lava scenario
(Figure 3.5a) contains three variations, each involving different quantities of agents and esca-
lating levels of complexity. The agents receive a positive reward only upon reaching the goal,
incur penalties for collisions, and instantly die and terminate the episodes if they step into the
lava, making learning in this environment challenging. As we observe from Figure 3.6, MAPPO

struggles to develop meaningful behavior across all scenarios due to the sparse reward structure.
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MAGAIL performs worse, primarily due to the absence of environmental reward signals. The
naive imitation of personalized agent demonstrations leads to frequent collisions among agents.
While ATA can learn suboptimal policies in the 2-agent setting, its learning efficacy declines
drastically as the number of agents increases. This underscores the challenges of training as the
complexity of the multi-agent environment increases.

In contrast, PegMARL demonstrates superior generalizability across scenarios with more
agents, maintaining stable performance despite suboptimal demonstrations. As DM? has been
adapted to accommodate personalized demonstrations, it closely resembles PegMARL but lacks
the personalized transition discriminator component. As the number of agents increases, we
would expect the space of possible interactions among agents to expand, and therefore for the
personal demonstrations to be potentially misleading. Consequently, DM? experiences a decrease
in convergence speed as the number of agents increases. This highlights the importance of the
personalized transition discriminator in PegMARL, enabling effective handling of inter-agent
interactions in personalized demonstration scenarios, thereby ensuring its efficacy across varying
agent counts.

How does PegMARL perform under the heterogeneous setting? The door scenario
(Figure 3.5b) contains two variants with varying levels of difficulty. The easy case is fairly
straightforward: success should be achievable by adhering to personalized demonstrations, which
illustrate how each agent navigates to their respective goal locations. As shown in Figure 3.7,
most algorithms, except for MAGAIL, showcase proficient performance. Notably, PegMARL
exhibits the swiftest convergence. We attribute MAGAIL’s failure in this case to its inability
to direct the green agent to remain positioned at the green square — a behavior not explicitly
demonstrated. This underscores the importance of environmental reward signals when integrating
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personalized demonstrations into multi-agent learning paradigms. The hard case necessitates a
higher degree of agent cooperation: once the red agent gains entry to the middle room, the green
agent must move aside from the green square to enable the red agent’s passage into the right
room. In this complex setting, only PegMARL and DM? demonstrate commendable convergence.
PegMARL, equipped with the personalized transition discriminator, maintains faster convergence
compared to DM2.

How does PegMARL perform in the continuous setting? We modified the cooperative
navigation task from the multi-agent particle environment ([63, 64]) to evaluate the performance
of our algorithm in a continuous environment (more details can be found in Appendix 3.7.1.2).
Figure 3.8b demonstrates the learning curves of PegMARL versus MAPPO and DM?2. This

validates the ability of PegMARL in continuous environments.
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nario: the agents need to navigate around the MAPPO and DM? under the modified cooper-
wall to occupy both landmarks. ative navigation scenario

Figure 3.8: (a) The modified cooperative navigation scenario. (b) The learning curves demon-
strate that PegMARL is effective in continuous environments.

3.5.2 Results with Joint Demonstrations

While PegMARL is primarily designed to leverage personalized demonstrations, it can also

be extended to utilize joint demonstrations. Unlike other MARL algorithms like DM? [19] that re-
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quire compatible joint demonstrations sampled from co-trained policies to achieve convergence,
PegMARL has the flexibility to utilize joint demonstrations even from non-co-trained policies,
which potentially contain conflicting behaviors. To demonstrate, we conduct comparative ex-
periments within the StarCraft Multi-Agent Challenge (SMAC) environment [65]. We adopted
DM?’s original implementation and parameters for accurate results replication. We employed
the same two tasks that were used in DM?: 5mv6m, which involves 5 Marines (allies) against 6
Marines (enemies), and 3sv4z, which features 3 Stalkers (allies) versus 4 Zealots (enemies). The

win rates of the demonstrations in both cases are approximately 30%.

—— PegMARL — DM2 — IPPO —— PegMARL — DM2 — IPPO
PegMARL(diff) DM2(diff) —— demo PegMARL(diff) DM2(diff) —— demo

5m_vs_6bm 3s_vs 4z
1.0 1.0
Q [0}
S o2
© ©
@ 0.8 x 0.8
C C
o o
= 0.6 =06
Q@ Q@
5 0.4 £ 0.4
@ Y- o Y
m o
50.2 ©0.2
[} (]
= =
0.04 0.04
0.0 0.2 0.4 0.6 0.8 1.0 0.0 0.2 0.4 0.6 0.8 1.0
Timesteps le7 Timesteps le7

Figure 3.9: Learning curves of PegMARL versus DM? in two tasks under the SMAC scenarios.
The suffix “diff” in the legend indicates that the joint demonstrations used are sampled from non-
co-trained policies. Otherwise, the demonstrations are sampled from co-trained policies.

How does PegMARL scale with joint demonstrations? Figure 3.9 presents the learning
curves of PegMARL alongside the DM? baseline in both the 5mv6m and 3sv4z configurations
within the SMAC environment. When the joint demonstrations are sampled from co-trained
policies, PegMARL achieves a comparable, and in some cases even higher, success rate compared
to DM? in both tasks.

When the joint demonstrations are sampled from policies that are non-co-trained, the suc-

cess rate of DM? exhibits a significant decline in both tasks. In the 5mv6m task, DM?’s success
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rate drops to nearly O, indicating a failure to learn. In contrast, PegMARL maintains a simi-
lar level of performance compared to results from co-trained demonstrations, with only a slight
decrease in convergence speed. These findings underscore the versatility and effectiveness of
PegMARL in scenarios requiring collaboration among diverse agents, demonstrating its applica-

bility and robustness across various multi-agent scenarios and demonstration types.

3.6 Conclusions

In this work, we introduce PegMARL, a novel approach for Multi-Agent Reinforcement
Learning, which adopts personalized expert demonstrations as guidance and allows agents to
learn to cooperate. Specifically, the algorithm utilizes two discriminators to dynamically reshape
the reward function: one provides incentives to encourage the alignment between the policy
behavior with provided demonstrations, and the other regulates incentives based on whether the
behavior leads to the desired objective. We demonstrate PegMARL’s effectiveness, scalability,
and robustness in both discrete and continuous environments, where it outperforms state-of-the-
art decentralized MARL algorithms, pure imitation learning, and reward-shaping techniques. We
observe that PegMARL can achieve near-optimal policies even with suboptimal demonstrations.
Furthermore, We showcase PegMARL’s capability to leverage joint demonstrations and converge
successfully, regardless of whether they are sampled from co-trained or non-co-trained policies.

Applicability and Limitations: PegMARL is most applicable when: a) The task allows for
some degree of independent decision-making, allowing individual agent behaviors to be isolated
and demonstrated, even if only partially. b) The environment provides feedback on cooperative

behaviors, enabling agents to learn coordination beyond individual demonstrations. For example,
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in the door scenario, agents gain exploration guidance for door operation and navigation from
personalized demonstrations. At the same time, environmental feedback on joint success drives
them to learn coordination about timing and positioning (e.g., the green agent learning to make
way for the red agent). Similarly, in the lava scenario, personalized demonstrations provide
guidance for lava-avoiding paths. Still, environmental penalties for collisions and rewards for
collective goal achievement encourage the emergence of cooperative navigation strategies.

However, PegMARL may face challenges in tasks requiring continuous, seamless collab-
oration among agents, such as cooperative object lifting and relocation by multiple agents. In
these scenarios, where constant, integrated teamwork is crucial, the reliance on personalized
demonstrations may not provide sufficient guidance for complex, ongoing coordination. Despite
this, PegMARL’s capability to utilize joint demonstrations from diverse sources, including non-
co-trained policies, suggests the potential for addressing this limitation. It would be interesting
future work to explore PegMARL’s capabilities to handle more intricate and continuously collab-
orative tasks.

Another limitation of our work is the absence of formal convergence guarantees. While
DM? establishes convergence for individual agents optimizing distribution matching objectives,
our approach introduces additional complexity through the transition discriminator’s dynamic
adjustment of demonstration influence. The interplay between the dual discriminators and multi-
agent dynamics poses challenges for theoretical analysis, particularly since the joint distribution
cannot be directly recovered from individual agent demonstrations in our setting. While our
extensive empirical results demonstrate robust convergence across diverse scenarios, establishing

theoretical convergence guarantees remains an interesting direction for future work.
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3.7 Appendix

3.7.1 Environment Details

3.7.1.1 Discrete Gridworld Environments

We use two gridworld environments with discrete state and action space: the lava scenario
and the door scenario (Figure 3.5). The agents in the lava scenario are homogeneous because
they have the same objective: navigating to their corresponding goal location. The door scenario
has heterogeneous agents: the assistant agent (green) must open the door while the other agent
(red) must reach the goal.

* The lava scenario: This environment has a 6-by-6 lava pond in the center (Figure 3.5a). We
provide three variations of this scenario, each with varying numbers of agents and increasing
levels of complexity. The main goal for the agents is to efficiently navigate to their assigned
goal locations while avoiding stepping into the lava. An episode terminates when all agents
reach their respective goals (succeed), or if any agents step into the lava or the maximum

episode length is reached (fail).

* The door scenario: This environment is adapted from [76] (see Figure 3.5b). In this scenario,
the green agent must navigate to a designated green square and maintain its presence there to
sustain the open state of the green door, thereby enabling the entry of a red agent into the right
side room. An episode ends when the red agent reaches the red goal location (succeed) or the
maximum episode length is reached (fail).

Each agent’s local state space is its {x, y} coordinates in the map. We concatenate all the

local states together to form the global state and assume all agents have access to the global state,
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which has a dimension of R™*2 (n is the agent number). The local action space includes five
actions: left, right, up, down, and stay. A sparse reward is granted when an episode succeeds,
while a small penalty will be subtracted according to the steps taken (10 — step_count/max_step).

Agents will receive a penalty of —1 if they collide with each other.

3.7.1.2 Cooperative Navigation

We modified the cooperative navigation task of multi-agent particle environment [63, 64]
to evaluate the performance of our algorithm in a continuous environment. The modified envi-
ronment consists of 2 agents, 2 goal landmarks and 1 wall between the agents and the goals. The
agents need to navigate around the wall to occupy both landmarks. Each agent has a partial ob-
servation of the environment, including its position and velocity as well as the relative positions
of other agents and landmarks. The action space is discrete, consisting of moving left, right, up,

down, and staying in place. We sparsify their original reward as follows:

r= Z min(0.3, min d(a,g)) + Z min(0.3, min d(a,g)). (3.11)

ac€A gelG

3.7.1.3 The SMAC Environment

The StarCraft Multi-Agent Challenge (SMAC) [65] is an environment specifically designed
for evaluating multi-agent reinforcement learning (MARL) algorithms. Built on the StarCraft II
game, SMAC presents a variety of challenging scenarios where multiple agents must collabo-
rate to control individual units in combat. Each agent has partial observation of its surround-

ings within a certain sight range. The action space is discrete, including move[direction], at-
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tack[enemy _id], stop, and no-op. A global reward is given at each timestep based on the total
damage dealt to the enemy units, with an additional bonus of 10 or 200 awarded for killing each
enemy unit or for winning a combat respectively. We consider the same two tasks as used in
DM2 [19]:

* Sm_vs_6m: The allied team consists of 5 Marines and the enemy team controls 6 Marines.

* 3s_vs_4z: The allied team controls 3 stalker units and faces 4 enemy Zealot units.

3.7.2 Demonstration Details

3.7.2.1 Personalized Demonstrations

We let each individual agent perform their designated task in the same environment map
without the other agents’ presence to collect personalized demonstrations. This can be imple-
mented through two main methods: a) recording expert human demonstrations for each agent
type, and b) training single-agent RL in simplified environments that focus on their specific tasks.
In our experiments, we adopted the latter option. It takes about 2 hours to train a single-agent
PPO for each personalized task.

Discrete Gridworld Environments: Figure 3.10 shows an example of personalized demon-
strations for the lava scenario, and Figure 3.2 visualizes the personalized demonstrations for the
door scenario. We summarize the details of the suboptimal demonstrations for the gridworld en-
vironment in Table 3.1, where the average episodic rewards are approximately 4.5, about half of
their optimal counterparts.

We provide visual representations of the policy and state occupancy measure corresponding

to suboptimal demonstrations in Figure 3.11 for the lava scenarios and in Figure 3.12 for the door
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Start

Figure 3.10: An example of
personalized demonstrations
for the lava scenario (we did
not visualize all the optimal
paths). There is only one agent
in the environment. The agent
may take both the left and the
right path toward the goal.

Agentld S A Samples Average Episodic Reward
1 R? 5 300 4.42
2 R? 5 440 4.79
3 R? 5 344 4.3
4 RZ 5 360 4.41
(a) The lava scenario
Case | Agent S A Samples Average Episodic Reward
casy red R?> 5 643 4.01
green R? 5 612 4.39
hard red R?> 5 607 4.34
green R? 5 593 4.36

(b) The door scenario

Table 3.1: The details of suboptimal demonstrations for the
gridworld environment.

scenario. The red square symbolizes the agent’s initial position in these visualizations, while the

green square designates its respective goal location. Arrows within the figures denote available

actions at each state, with arrow length indicating the probability associated with each action.
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Figure 3.11: Agent policies and state occupancy measures estimated from the suboptimal demon-

strations for the lava scenario.

Cooperative Navigation: For the cooperative navigation task from the multi-agent par-

ticle environment ([63, 64]), the collaborative goal is for the two agents to cover both goals,
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Figure 3.12: Agent policies and state occupancy measures estimated from the suboptimal demon-
strations for the door scenario. The top row is for the red agent, and the bottom row is for the
green agent.

regardless of which agent covers which goal. b
Therefore, we design the personalized task such
that a single agent covers either of the two goals °
([

without the other agent’s presence. An illustra-

Figure 3.13: An illustration of personalized
demonstrations for the cooperative naviga-
tion task. There is only one agent in the en-
vironment. The agent’s objective is to reach
one of the two goal locations.

tion of personalized demonstration for this task is

shown in Figure 3.13.

3.7.2.2 Joint Demonstrations

The SMAC Environment: Regarding the joint demonstrations utilized in the SMAC en-
vironment [65], we adopted the demonstrations provided by the authors of DM? [19]. For joint
demonstrations sampled from co-trained policies, they are derived from jointly trained expert
policies that achieve approximately a 30% win rate. For joint demonstrations sampled from non-
co-trained policies, they are obtained from expert policies that were trained independently in

separate teams but executed together in the same environment.
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3.7.3 Network architecture and hyperparameters

3.7.3.1 Training with Personalized Demonstrations

The algorithms are implemented based on MAPPO [74], with each agent having separate
policy and critic networks, discriminators, and optimizers. Both the policy and critic networks
are two-layer MLPs with a hidden dimension of 64 and Tanh activation. The discriminators,
including the personalized behavior discriminator and the personalized transition discriminator,
are three-layer MLPs with a hidden dimension of 64 and Tanh activation. The personalized
behavior discriminator takes (s;, a;) as input, while the personalized transition discriminator takes
(i, ai, S;) as input.

In partially observable settings, let’s assume that the agent’s observation in the multi-agent
MDP is denoted as o; € O;, while in the PerMDP, it is denoted as o, € O; . Since the PerMDP
involves a single agent and the multi-agent MDP involves multiple agents, the observation space
for each agent cannot be the same in these two settings. For experiments on cooperative naviga-
tion, we use a heuristic function to convert o; by removing the dimensions that is not within the
observation space O; before passing them to the discriminators.

All baseline algorithms, except ATA, use the same codebase we implemented. MAGAIL
is trained with the personalized behavior discriminator but does not use the environmental re-
ward. DM2 uses both the environmental reward and the personalized behavior discriminator.
PegMARL utilizes the environmental reward, the personalized behavior discriminator, and the
personalized transition discriminator. ATA’s original implementation is adopted for comparison.

We summarized the common hyperparameters used for PegMARL, DM2 and MAGAIL in Table
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3.2. The gail rew coef in DM2 is set to be 0.02 for all the gridworld scenarios and 0.1 for the
cooperative navigation task. The 7 coefficient in PegMARL is 0.05 for all the gridworld scenarios

and 0.2 for the cooperative navigation task.

epochs 4
buffer size 4096
clip 0.2

Ir 0.0001

Table 3.2: MAPPO Hyperparamters

3.7.3.2 Training with Joint Demonstrations

We implement PegMARL based on the original DM2’s codebase to conduct experiments
in the SMAC environment, augmenting it with our personalized transition discriminator. The
hyperparameters for IPPO and GAIL were set to be identical to those used in DM2, as shown in

Table 3.3 and 3.4. PegMARL adopted the same hyperparameters as DM?2.

5v6  3svdz
gail rew coef 0.3  0.05
discr epochs 120 120
buffer size 1024 1024
batch size 64 64
n exp eps 1000 1000

5v6 3sv4z
epochs 10 15
buffer size 1024 1024
gain 0.01 0.01
clip 0.05 0.2

Table 3.3: DM2’s IPPO Hyperparameters Table 3.4: DM2’s GAIL Hyperparameters

3.7.3.3 The influence of the weighting term 7,

In our experiments, we chose 7 through a grid search to optimize performance. Interest-
ingly, we found that PegMARL is relatively insensitive to 7, which we attribute to the dynamic

weighting provided by the personalized transition discriminator. This discriminator adaptively
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Figure 3.14: Ablation study over the weighting term 7 on the lava environment using optimal
personalized demonstrations.
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Figure 3.15: Ablation study over the weighting term 7 on the 5Sm_vs_6m SMAC map. Left:
results using joint demonstrations sampled from co-trained policies; Right: results using joint
demonstrations sampled from non-co-trained policies.

adjusts the influence of demonstration alignment based on the likelihood of local state-action

pairs leading to desired outcomes, thereby mitigating the impact of suboptimal 7 values.

3.7.4 Additional Visualizations

We additionally depict the state visitation frequencies of the joint policies learned by Peg-
MARL with suboptimal demonstrations and MAPPO for both the lava (Figure 3.16) and the door

scenario (Figure 3.17).
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PegMARL MAPPO PegMARL MAPPO PegMARL MAPPO
(a) 2-agent case (b) 3-agent case (c) 4-agent case
Figure 3.16: State visitation frequency of the joint policies learned by PegMARL (with subopti-

mal demonstrations) and MAPPO for the lava scenario. The darker color means a higher value.
MAPPO failed to learn any meaningful policies in all three settings.
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PegMARL MAPPO PegMARL MAPPO
(a) The easy case (b) The hard case

Figure 3.17: State visitation frequency of the joint policies learned by PegMARL (with subopti-
mal demonstrations) and MAPPO for the door scenario. The darker color means a higher value.
MAPPO converges to a suboptimal policy in the easy case, while failing to learn in the hard case.
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Chapter 4:  Efficient Multi-Agent Reinforcement Learning with Demonstrations

from Various Team Sizes

4.1 Introduction

Training multi-agent systems to collaborate effectively remains challenging due to the ex-
ponential growth of the joint state-action space. Demonstration-guided learning [55, 59, 60] has
emerged as a promising solution by offering expert behavior as guidance, but most existing meth-
ods rely on joint demonstrations [61, 62, 19], which are difficult to collect, scale, and reuse across
scenarios.

To address these challenges, our earlier work proposed PegMARL [23], a novel framework
that leverages personalized expert demonstrations, where each agent or agent type performs its
own task in isolation. When using personalized demonstrations, PegMARL processes observa-
tions from joint environment rollouts by removing dimensions not observable in the single-agent
Personalized MDP, enabling the framework to learn from individual behaviors within multi-agent
environments. To avoid blindly imitating potentially conflicting individual behaviors, PegMARL
uses two discriminators: one encouraging behavioral similarity with demonstrations, and an-
other verifying whether these behaviors lead to desirable outcomes. This setup allows agents to

extract useful exploration signals while still learning to coordinate through environmental feed-
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back. It also enables PegMARL to utilize joint demonstrations from the same team size, even
when sourced from non-co-trained policies that exhibit conflicting behaviors.

Yet there are compelling reasons to reuse demonstrations from various team sizes. While
the global strategy may vary with the number of agents, local coordination patterns — such as
collision avoidance, spatial coordination, and formation behavior — tend to be consistent and
transferable. For example, an agent’s demonstrated ability to yield at narrow corridors or avoid
interference with nearby teammates can benefit larger or smaller teams alike. These reusable
micro-patterns offer an opportunity to generalize demonstration-guided learning across diverse
team settings. Unfortunately, the original PegMARL cannot directly take advantage of such
demonstrations. When the demonstration and target scenarios differ in team size, it becomes
unclear how to align the input dimensions. Removing arbitrary ally or enemy features is not
a reliable solution, as it disrupts the structure of observations and breaks consistency between
training and execution.

To tackle this limitation, we present DynPegMARL, an architectural extension of Peg-
MARL designed to handle demonstrations from various team sizes when they are available.
Specifically, we develop a graph neural network (GNN)-based observation encoder that sepa-
rately processes ally and enemy features in a permutation-invariant fashion, which allows us to
extract these underlying patterns from demonstrations and apply them flexibly across different
configurations. We validate our approach through comprehensive experiments on SMACv2. Our
experimental results show that this extended architecture enables agents to learn effective co-
operative behaviors even when trained with demonstrations from different team configurations.
This extension preserves the benefits of PegMARL and significantly improves its adaptability in
realistic multi-agent settings.
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4.2 Method

4.2.1 Background: Dec-POMDP with Entities

We model the multi-agent environment as a Decentralized Partially Observable Markov
Decision Process (Dec-POMDP) with entities, defined by a tuple (S, A, O, P,r, £, ®), where: S
is the set of global states, A is the set of joint actions, O is the observation space, P : S x A —
A(S) is the transition function, r : § x A — R is the shared reward function, £ is the set
of entities in the environment, P is the set of entity types. Each entity e € & has a full state
representation s¢ € R%, and an observable feature vector f¢ € R%¢ that contains only the
information visible to other agents. Each entity is also associated with a type label ¢¢ € P,
indicating its category (e.g., agent, enemy, obstacle). The global state is defined as the set of all
entity states: s = {s° | e € £}.

At each timestep, agent ¢ receives a partial observation composed of its own state and
features from a subset of observable entities. We define each agent’s observation as a set: o; =
{s'} U{fi|je&} where & C &\ {i} denote the set of observable entities excluding the
agent itself. This observation structure is inherently unordered and of variable length. In many
existing MARL frameworks, such inputs are processed by imposing a fixed entity ordering and
applying zero-padding or masking to maintain a consistent input shape, making them compatible

with standard MLP-based architectures.
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4.2.2 DynPegMARL: Extending Demonstration-Guided Learning Across Team

Sizes with GNN-Based Observation Encoding

Our approach builds upon PegMARL by extending its architecture to handle demonstra-
tions from variable team sizes. PegMARL employs two discriminators to guide multi-agent learn-
ing: a behavior discriminator Dy, (s;, a;) that evaluates state-action alignment with demonstra-
tions, and a transition discriminator Dy, (s;, a;, 5;) that assesses whether transitions match demon-
stration patterns. The framework reshapes environmental rewards as 7; = r—nDg, (s;, a;, 57) log(1—
Dy, (s;,a;)), allowing agents to learn coordination through environmental feedback while being
guided by demonstration data. In practice, since agents operate under partial observability, we
replace states s; with local observations o; throughout the implementation.

PegMARL’s original architecture processes each agent’s observation o; € R? as a fixed-
length flat vector that concatenates the agent’s own full state representation s, and the features of
all allies { f7};c -y and enemies { f*} ;e ey, where the entities outside the visibility range are
represented as zero vectors. The total dimensionality of o; depends on the number of allies and

enemies in the environment, which varies across team configurations. Consequently, the input

demo
[

size of the network is tied to the specific team configuration. When demonstrations o are
collected under different team sizes than the current environment o™, their observation structures
may differ in both length and semantic layout. Such mismatches make it infeasible to directly
apply discriminators across varying team sizes without architectural changes.

To address this limitation, we adopt a Graph Neural Network (GNN)-based encoder that

processes variable-length observations in a structured and permutation-invariant manner. As
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Figure 4.1: The network structure of DynPegM ARL. Suppose there are /N agents and M enemies
in the team.

shown in Figure 4.1, the observations of each agent i is encoded as:
It = NNr(s'), 7" = GNNay ({f7};com ), B"™ = GNNeemy ({ [} regzem ), (1)
and the final encoded observation is formed by:
0; = Concat(h'f, B2V perem™). (4.2)

This design allows the same network to process inputs from environments with different numbers
of agents. The use of separate GNNs for ally and enemy sets ensures that the encoder can reason
differently about cooperative and competitive interactions, while still maintaining a fixed-size
output for downstream components.

We apply the GNN encoder to both discriminators, which operate on GNN-encoded obser-
vations, enabling consistent training and inference across scenarios with different team configu-

rations. Optionally, the policy network 7y (a;|o;) can also be replaced with a GNN-based architec-
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ture to further enhance generalization across different team configurations, although the method
remains effective even with a standard MLP policy. During training, we can sample demonstra-
tions from multiple team sizes in the same batch. Each observation is processed through the
GNN-based encoder to obtain consistent embeddings, enabling unified policy and discriminator
updates. The overall learning procedure follows PegMARL’s original reward-shaping and policy
optimization framework, now augmented with the flexibility to handle demonstration data from

diverse team configurations.

4.3 Experiments

We evaluate our approach in the SMACv2 [1] environment using three Protoss combat
scenarios with different team sizes: 5v5, 10v10, and 20v20. For each setting, we collect demon-
strations by training agents independently under that specific configuration. These trajectories
reflect coordinated multi-agent behaviors tailored to each team size.

During training, we use the combined set of demonstrations from all three team sizes,
and train separate policies under each target configuration (5v5, 10v10, or 20v20). This setup
allows us to assess whether incorporating demonstrations from different team sizes can accelerate
learning and improve performance, even when the demonstration and deployment configurations

do not match exactly.

4.3.1 Main Results

We compare the following baselines: (1) MAPPO: A standard multi-agent policy gradient

method with MLP-based observation encoders; (2) MAPPO-GNN: A variant of MAPPO where
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Figure 4.2: Training performance of MAPPO, MAPPO-GNN, DynPegMARL, and
DynPegMARL-GNN across three Protoss scenarios in SMACv2 with different team sizes: 5v5,
10v10, and 20v20. DynPegMARL-GNN consistently achieves faster convergence and higher
final performance by incorporating demonstration data and using GNN-based policy networks.
Curves show the mean and standard deviation over 5 runs.

the MLP-based policy network is replaced with the GNN encoder introduced in our method,
but without using any demonstration data; (3) DynPegMARL: Our method, which uses GNN-
based observation encoding for both discriminators and leverages demonstrations through reward
shaping; (4)DynPegMARL-GNN, which uses GNN-based observation encoding for the policy
network as well.

We report training curves under each team size setting and compare convergence speed and
final performance across methods in Figure 4.2. In all cases, DynPegM ARL-GNN demonstrates
clear improvements over the baselines. Compared to MAPPO, the addition of GNN encoding
alone (MAPPO-GNN) brings moderate performance gains, particularly in larger team settings.
This suggests that GNN-based representations help capture local agent relationships more effec-
tively than flat MLP encodings. The full PegMARL-GNN method further improves both learn-
ing speed and final win rate. The benefits are most pronounced in the 20v20 setting, where the
complexity of coordination increases substantially. Here, demonstration-guided reward shaping

significantly accelerates early learning and leads to better final performance. These results high-
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Figure 4.3: Training performances of DynPegMARL-GNN across different demonstration
sources.

light the effectiveness of our method in leveraging demonstrations from multiple team sizes to

improve multi-agent training efficiency across different coordination scales.

4.3.2 Ablation Study

We further conduct ablation studies to evaluate the robustness of DynPegMARL to varia-
tions in demonstration sources and quality.
Demonstration Sources. To assess whether DynPegMARL benefits equally from demonstra-
tions collected under different team sizes, we train the model under each Protoss environment
configuration (5v5, 10v10, 20v20) with three types of demonstration sources: (1) 5v5/ 10v10
/ 20v20: Demonstrations collected under the specified team size. (2) DIFF: Demonstrations
collected from team sizes different from the training one. For instance, in the 5v5 setting, we
use demonstrations from 10v10 and 20v20; in 10v10, we use 5v5 and 20v20; and in 20v20, we
use 5v5 and 10v10. (3) ALL: Demonstrations from all three team sizes combined. As shown
in Figure 4.3, DynPegMARL achieves comparable performance across all variants, indicating
that it effectively learns from demonstrations regardless of whether they originate from the same

team size as the target environment or not. This supports our architectural design choice of Dyn-
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Figure 4.4: Training performances of DynPegMARL-GNN across different demonstration qual-
ities.

PegMARL, which enables general-purpose reuse of demonstrations through size-invariant GNN
encoding.

Demonstration Quality. We also examine the effect of demonstration quality on the perfor-
mance of DynPegMARL. In Figure 4.4, we compare learning curves obtained with: (1) optimal
demonstrations that contain only successful runs, and (2) suboptimal demonstrations that were
collected from suboptimal policies with significantly lower win rates. It can be seen that Dyn-
PegMARL performs similarly under both settings, indicating that the framework does not rely on
high-quality demonstrations for effective learning. This is consistent with PegMARL’s original
insight that demonstrations primarily serve to guide exploration, and that agents can still learn to

coordinate via environment feedback even when the demonstration behavior is imperfect.

4.4 Conclusion

In this chapter, we presented DynPegMARL, an extension of PegMARL designed to lever-
age demonstrations from various team sizes in multi-agent reinforcement learning. By introduc-

ing a GNN-based observation encoder, our approach handles variable-length, unordered entity
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features in a size-invariant manner, enabling consistent training across different team config-
urations. Experimental results in SMACv2 demonstrate that DynPegMARL improves sample
efficiency over strong baselines and can effectively utilize demonstrations collected from both
matching and mismatched team sizes. Ablation studies further confirm the robustness of the
method to demonstration source and quality, highlighting its flexibility and practicality in real-

world multi-agent scenarios.

83



Chapter 5: Generalization across Sight Range through Task-Agnostic Contrastive

Pretraining

5.1 Introduction

Multi-agent Reinforcement Learning (MARL) provides a framework for addressing com-
plex coordination tasks across various domains such as robotics [18, 15, 77], autonomous vehi-
cles [78, 16], and network optimization [79, 17]. In MARL, agents often operate under partial
observability, where each agent’s perception is limited to a certain “sight range” around itself,
which results in a fundamental challenge known as the sight range dilemma [80]. The dilemma
lies in balancing tension between an agent’s need for local information to make decisions and the
broader context required for effective team coordination. Agents with narrow sight ranges often

struggle to coordinate effectively due to limited environmental information, while those with ex-
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Figure 5.1: TACTIC utilizes contrastive learning to align the integration of local observations o;
and messages {m;;} with the full egocentric state s, for each agent ¢, enabling agents to ’see”
beyond their limited sight ranges through communication.
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tensive sight ranges can become overwhelmed by excessive data, leading to inefficient learning
and reduced performance.

Researchers have proposed various approaches to addressing this challenge, primarily fo-
cusing on communication mechanisms that allow agents to share information. Those methods
include targeted communication strategies [81, 82, 83], attention mechanisms [84, 85, 75], or
graph-based methods [86, 87, 88]. For example, QMIX-Att [89] integrates attention into the
QMIX framework for selective communication, and TarMAC [81] uses signature-message pairs
for context-aware communication. While effective, these methods assume the same sight ranges
during training and during execution, limiting their capacity to adapt to varying visibility condi-
tions, as illustrated in Figure 5.2.

Generalizing across varying sight ranges provides considerable benefits for MARL sys-
tems. It facilitates more efficient and cost-effective deployments by enabling a single, adaptable
model to handle diverse observability conditions, eliminating the need for separate models for
each scenario. This flexibility is crucial in real-world applications, where systems must adjust
to different visibility conditions. For example, autonomous vehicles need to adapt to visibility
fluctuations due to weather or time of day, while search and rescue robots may encounter visual
obstructions from debris or smoke. In this work, we are particularly interested in the cases where
the sight range during execution is fixed but different from that seen during training.

We hypothesize that agents can better generalize across different sight ranges if they can
communicate in a way that leads to a more comprehensive understanding of the global environ-
ment. Based on this hypothesis, we propose a novel approach that aligns the integrated local
observations and messages with each agent’s egocentric (global) state, as illustrated in Figure

5.1. The egocentric state serves as an ideal alignment target, providing a comprehensive yet
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Figure 5.2: QMIX-ATT and TACTIC’s performances on Protoss 10v10 from SMACv2 [1] with
varying sight ranges (SRs). Different SRs are achieved by applying different sight-range ra-
tios (SRRs) to the agents’ original SRs in the implementation. Policies trained at SRR=0.2, 1,
and 5 are tested across a broader set of SRRs. QMIX-ATT Struggles to generalize to unseen SRs,
while TACTIC generalizes much better.

agent-specific view of the environment during training. We use contrastive learning to achieve
this alignment, encouraging agents to develop a communication protocol that bridges the gap
between limited local observations and the broader environmental context. This process enables
agents to effectively “see” more through communication, regardless of their actual sight ranges.
In addition to the contrastive learning objective, we introduce two auxiliary losses: a re-
construction loss and a dynamics loss. The reconstruction loss helps ensure that the learned
representations retain essential information from the original observations, while the dynamics
loss encourages the model to capture the temporal relationships in the environment. Crucially,
our method is task-agnostic in nature, as it does not rely on task-specific reward information when
learning to communicate, solely focusing on capturing the underlying environment information,
which further enhances the flexibility and adaptability of our method across diverse scenarios.
To this end, we introduce TACTIC (Task-Agnostic Contrastive pre-Training for Inter-
Agent Communication), a novel strategy designed to enhance generalization across varying sight
ranges in cooperative MARL. TACTIC operates through two key stages: (1) Offline contrastive

pretraining, where we use contrastive learning on an offline dataset to pretrain two key com-
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munication modules: a message generator and a message-observation integrator. (2) Online
policy integration, where the pre-trained communication modules are frozen and incorporated
into agents’ online policy learning, enabling dynamic communication adaptation during task ex-
ecution while preserving the learned task-agnostic properties.

‘We summarize the main contributions of this work as follows:

* A task-agnostic communication mechanism that enables adaptive message generation and

interpretation;

* A cooperative MARL framework with communication called TACTIC that alleviates the

sight range dilemma;

* A comprehensive evaluation of TACTIC in the SMACV2 environment showing TACTIC’s

superior performance regarding generalizability across sight ranges and training efficiency.

Our experimental results on the SMACv2 (StarCraft Multi-Agent Challenge) benchmark show
that TACTIC outperforms existing state-of-the-art MARL with communication techniques. Our
method demonstrates robust generalization capabilities, enabling effective coordination across

various sight ranges (Figure 5.2).

5.2 Related Work

Communication in MARL. In cooperative MARL, communication is a critical compo-
nent for addressing partial observability and improving agent coordination [90, 91]. Learning
effective communication in this context involves several challenges, including determining who

communicates, how messages are conveyed, and what information is transmitted under band-
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width or sight-range constraints.

Several approaches have been proposed to address these challenges. Targeted communica-
tion methods focus on identifying specific agents for message exchange, while graph-based and
attention-based models structure communication based on relational dynamics between agents.
Graph-based methods, such as the graph-attention network proposed by Niu et al. [84], en-
able agents to dynamically adjust communication based on relevance, improving scalability in
complex environments. Techniques that manage bandwidth limitations address the need to op-
timize when and what information should be shared. For example, attention-based methods
such as TarMAC [81] leverage signature-message pairs and attention mechanisms to enable dy-
namic, context-aware communication between agents. Information-theoretic approaches, such as
NDQ [92], introduce regularization to minimize communication overhead while maximizing the
informativeness of messages.

Recent advancements also aim to make multi-agent communication more interpretable and
flexible. Lin et al. [93] proposed grounding communication by autoencoding raw observations
into messages, allowing agents to develop a shared understanding of communication symbols.
Similarly, MASIA [94] aggregates raw observations into latent representations that can be used
to reconstruct the global state, providing agents with a more holistic view of the environment.
Du et al. [95] introduced methods to learn correlated communication topologies, which reduce
redundancy and optimize coordination among agents by refining communication pathways. In
parallel, Zhang et al. [96] introduced Temporal Message Control (TMC), a technique that applies
temporal smoothing to reduce the number of inter-agent messages, achieving robust and efficient
communication in resource-constrained environments without sacrificing performance.

Our work builds on these advancements by addressing adaptive communication under
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sight-range limitations, proposing a novel approach that optimizes communication frequency and
content based on changing agent observations. This differs from previous works by integrating
bandwidth and perceptual constraints into a unified framework, enabling efficient communication
without reliance on pre-defined structures.

Contrastive Learning in MARL. Contrastive learning is a representation learning tech-
nique that aims to bring similar (positive) samples closer together in the learned feature space
while pushing dissimilar (negative) samples farther apart. This is typically achieved using a
contrastive loss function. Methods such as Contrastive Predictive Coding (CPC) by Oord et al.
[97] laid the groundwork for learning predictive representations by contrasting positive and neg-
ative samples. Building on this, TACO [98] adapts contrastive learning to RL by learning useful
representations through temporal abstraction. More recently, the use of supervised contrastive
loss [99], which incorporates multiple positive and negative samples per anchor point, has been
explored. This extension enables richer representation learning by capturing a broader set of rel-
evant relationships, which is particularly valuable in RL tasks with multiple favorable outcomes.

In the multi-agent domain, contrastive learning has seen adaptation for both non-communicative
and communicative settings. For MARL without communication, methods like COLA [100] have
demonstrated the ability to improve coordination among agents by using contrastive objectives to
refine agent policies based on shared goals. This approach emphasizes the utility of contrastive
learning in situations where direct agent-to-agent communication is absent or limited. In con-
trast, for settings where agent communication is possible, contrastive learning has been utilized
to optimize communication strategies between agents. Lo et al. [91] apply contrastive learn-
ing to improve multi-agent communication, enabling agents to develop more efficient commu-
nication protocols that reduce unnecessary message exchanges while maintaining performance.
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Additionally, methods such as the one proposed by Singh et al. [101] focus on learning when
to communicate, which is crucial in reducing communication overhead in resource-constrained
environments. Zhang et al. [102] further refine this by incorporating variance-based control
mechanisms, allowing agents to communicate only when necessary, improving overall system
efficiency.

Our work extends these ideas by integrating contrastive learning into multi-agent commu-
nication under sight range limitations. This approach differs from previous work in that we train

the communication module offline specifically with the goal of generalizing across sight ranges.

5.3 Preliminaries

Dec-POMDP with Communication. We consider the fully cooperative MARL problem
with communication, which can be modeled as Decentralized Partially Observable Markov De-
cision Process (Dec-POMDP) [103] and formulated as a tuple (N, S, A, P,Q, 0, R,~,C). The
sets V' = {1, ..., n} denotes the indexing of the agents, S is the state space, A is the action space,
2 is observation space, and C denotes all possible communication messages. Each agent i € N/
acquires an observation o; = O(s,i) € €, where O is the observation function and s € S. A
joint action @ = (a, ..., a,) leads to the next state s' ~ P(s|s,a) and a shared global reward
r = R(s,a) where R is the reward function.

Each agent selects actions based on the observation-action history 7; € 7 = (2 x A)* !
using a policy 7 (a;|7;, m;) where m; = [m;; € C,j € N denotes the incoming messages for
agent ¢ and m; is the message sent from agent j to agent 7. The policy is shared across agents

during training.

1* denotes the product over time
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The overall objective is to find a joint policy 7 (7, a) to maximize the global value function

[e.e]

Q7 (T,a) =E;q nytR(s, a)l|so=sa=a,m|, (5.1

t=0

where T is the joint observation-action history of all agents and v € [0, 1) is the discount factor.
We follow the Centralized Training and Decentralized Execution (CTDE) paradigm and adopt
the architecture of QMIX [104] to form our algorithm 2.

Contrastive Learning. Contrastive learning is a powerful paradigm in representation
learning, particularly in the context of deep learning, where it aims to learn embeddings by con-
trasting positive and negative samples. The fundamental idea is to pull together representations
of similar instances (positives) while pushing apart those of dissimilar instances (negatives). In
the supervised setting, the SupCon (Supervised Contrastive) loss [99] extends this framework
by allowing for multiple positive samples per anchor, thereby leveraging label information more

effectively. The loss objective can be mathematically expressed as:

B -1 5 exp(z; - 2,/v)
Lo = 3 1py] 2 108 (Z ) >y

¢ peP(i) a€A(i) exp(2; - 24/ V)

where z; denotes the normalized embedding of the anchor sample, P(7) is the set of positive
samples corresponding to the anchor, A(7) is the set of all samples in the batch excluding the
anchor, and v is a temperature parameter that controls the sharpness of the distribution. This
formulation enhances the clustering of similar instances in the embedding space and improves

robustness against natural corruptions.

%For clarity, we drop the time superscripts for states and actions
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5.4 TACTIC: Towards task-agnostic adaptive communication in MARL

In this section, we introduce our algorithm TACTIC. TACTIC consists of two stages:
(1) an offline training of a communication mechanism that works well with varied sight ranges,
and (2) an online training of the agent coordination policy. The task-agnostic offline training
stage solely utilizes the environment states and local observations of agents and doesn’t rely on
environmental reward signals or any policy. The online policy training stage learns a task-specific
policy with the communication module from the first stage frozen. We explain the offline stage

in Section 5.4.1 and the online stage in Section 5.4.2 in detail.

5.4.1 Offline Training of Communication Mechanism

One main challenge in Multi-Agent Reinforcement Learning (MARL) is to develop effec-
tive joint policies when each agent has only a partial observation of the environment. By learning
to communicate more effectively, agents are expected to overcome their limited observability
and achieve better coordination. Furthermore, the mechanism used to generate and use messages
between agents should be flexible enough to handle different sight ranges.

To this end, we present an approach where, in an offline training stage, we use contrastive
learning on a pre-collected dataset to develop a communication mechanism that can adapt to
different observation ranges. The rationale is that, by learning to create and integrate messages
that capture important information about the whole environment, agents can effectively “see”
more through communication, regardless of their current sight range.

The offline dataset D consists of a set of trajectories, where each trajectory 7 = {(s', 0!, al, )}L,

represents a sequence of 7' timesteps for n agents. The dataset can be collected through random
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Figure 5.3: The offline training pipeline of the adaptive communication mecha-
nism(Section 5.4.1). It includes three key components: an egocentric state encoder, an adaptive
message generator, and a message-observation integrator. The training pipeline consists of two
contrastive learning processes: Global Information Alignment (GIA) for aligning the features
generated from the egocentric state encoder across all agents and timesteps, and Feature Inte-
gration Alignment (FIA) for aligning features from the message-observation integrator and the
egocentric state encoder on an individual agent. Two auxiliary loss functions are introduced in
the total loss function to enhance training: a deconstruction loss for learning to recover the ego-
centric states and a dynamic loss for learning temporally coherent representations.

exploration of the environment (details in Section 5.5.3).
The overall offline training pipeline for the adaptive communication mechanism is illus-
trated in Figure 5.3, where three key components are present: an egocentric state encoder, an

adaptive message generator, and a message-observation integrator:

1. The egocentric state encoder takes an egocentric state $; and generates its corresponding
feature embedding Z;, where the §; are obtained from the global state s, which preserves all

information from s but represents from the perspective of agent ¢

2. The adaptive message generator takes the partial observation o] of an agent with varying
sight ranges and outputs the message {m;;}}_, it communicates to other agents. We ob-
tain o] by randomly sampling a sight range r and applying a masking operation over the

egocentric state $;, denoted as P(S;, 7).
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3. The message-observation integrator takes an agent’s partial observation o] and all the mes-

sages {my; }7_, it receives from other agents, integrating them into a feature embedding z;.

With the three components at hand, the offline training consists of two contrastive learning

processes:

1. Global Information Alignment (GIA): a supervised contrastive (SupCon) loss for aligning
the feature embeddings Z; generated from the egocentric state encoder across all agents,
ensuring that the egocentric state encoder captures consistent and relevant information from

agents about the whole environment;

2. Feature Integration Alignment (FIA): a supervised contrastive (SupCon) loss for aligning
the integrated feature z; calculated by the message-observation integrator with the gener-
ated feature 2; from the egocentric state encoder for each specific agent, pushing the adap-
tive message generator to learn to synthesize the most informative messages to commu-
nicate and allowing the message-observation integrator to reflect a more complete picture
of the environment (i.e., the agent’s egocentric state) given the agent’s limited observation

and the messages they receive.

In FIA, the function P($;, ) applies augmentation by randomly varying the sight range r (re-
sulting in o}). This process exposes the adaptive message generator to diverse scenarios with
changing sight ranges, rather than fixed ones, thereby enhancing its generalizability. For con-
trastive learning in both GIA and FIA, we define positive and negative pairs based on the offline
dataset D. Features from agents within the same episode (i.e., from the same trajectory) and

within a timestep window of length I¥/,,,; form positive pairs. Conversely, features from agents in
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different episodes or separated by more than W,,., timesteps constitute negative pairs. Note that
both GIA and FIA are task-agnostic as they don’t interact with any environmental reward signals.

To further improve the learned representations, we incorporate two additional auxiliary
learning objectives: (1) a reconstruction 10ss (L;ccon): a decoder network learns to recover the
egocentric state S; from the feature embeddings produced by either the egocentric state encoder or

the message-observation integrator; and (2) a dynamic loss (Lgy,,): this includes both forward and

st+1

inverse dynamics predictions using MLP networks. The forward model predicts 2/ (or 2/*1)

7
given Z! (or z}) and a', while the inverse model predicts a} given consecutive feature embeddings

(2, 5+

7 (2

t+1

:71). These auxiliary objectives promote comprehensive, temporally coherent

)or (z;, =
representations that better support adaptive communication in multi-agent scenarios.
The final loss for the overall offline training is a weighted sum of the contrastive losses and

the auxiliary losses:

Ltotal - LGIA + LFIA + O-/Lrecon + BLdyn (53)

supcon supcon

where « and [ are weighting factors.

5.4.2  Online Training of Agent Policy

After offline pretraining, we integrate the adaptive message generator and message-observation
integrator into the QMIX [104] framework for online policy training (illustrated in Figure 5.4).
In this stage, each agent ¢ processes its observation and receives messages (synthesized with the
adaptive message generator from other agents) to generate an integrated representation z; using
the message-observation integrator. This representation z;, together with the agent’s last action,

informs the agent’s action selection via a GRU-based Q-network. The QMIX architecture then
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Figure 5.4: Online policy training pipeline of TACTIC, illustrating the integration of QMIX
architecture with pre-trained communication components. The pre-trained message generator
(Mess Gen) and message-observation integrator (Mess-obs Integrator) remain fixed during the

policy training.

combines individual agents’ Q-values through a mixing network conditioned on the global state
to produce a centralized Q-value, which is used to compute the loss for training agent policies and
the mixing network. Importantly, the parameters of the pre-trained adaptive message generator

and message-observation integrator remain fixed during this online training phase and are not

updated.

In the remaining sections, we present the experimental setup and results that evaluate the

effectiveness of our methodology.

5.5 [Experiments

In this section, we report our evaluation of TACTIC. Our experiments aim to address the

following key questions:

Q1. Can the policy trained with the adaptive communication mechanism generalize across dif-
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ferent sight ranges?

Q2. Does the offline-trained communication mechanism enhance the efficiency of online policy

training?

Q3. How do data quality and varying loss terms impact the performance of training effective-

ness and generalization?

5.5.1 Experimental Setup

Our experiments are conducted in the SMACv2 environment [1]. Compared to the origi-
nal SMAC environment [65], SMACv2 incorporates increased stochasticity and meaningful par-
tial observability, necessitating the development of complex closed-loop policies for effective
agent coordination. We use three maps from SMACv2 for our experiments: Terran, Protoss, and
Zerg. Each map features distinct unit types, with Terran units including Marines, Marauders,
and Medivacs; Protoss units comprising Stalkers, Zealots, and Colossi; and Zerg units consist-
ing of Zerglings, Hydralisks, and Banelings. Agents are generated procedurally, with varying
numbers ranging from 5 to 20, and are assigned specific sight and attack ranges that enhance the
complexity of the scenarios.

For each map, we consider three agent number configurations (5, 10, and 20 agents) and
three sight-range ratios (0.2, 1, and 5). The sight-range ratios are applied by multiplying the
agents’ original sight ranges, which vary among different agents, to adjust their visibility accord-
ingly. This allows us to assess the adaptability of the proposed communication mechanism under
varying observability conditions.

For each environment setup specified by a combination of the map and the agent number
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configuration, we pre-train an offline communication mechanism (Section 5.4.1). This commu-
nication mechanism is then used for online policy training (Section 5.4.2) with a team of agents
with fixed sight ranges. The learned policy is further evaluated on a variety of sight ranges (the
sight range ratios are between 0.2 and 5) on the same environment setup.

To valid the effectiveness of TACTIC, the performance regarding the generalization across
various sight ranges and the online training efficiency is compared to four baselines: QMIX [104],
QMIX-Att [89], NDQ [92], and TarMAC [81]. QMIX is one of the more commonly used CTDE
MARL algorithms that does not use communication during execution. The others are three vari-
ants of QMIX with different communication mechanisms. We adopted the hyperparameters from
the original implementations of the baselines and reused the hyperparameters of QMIX for TAC-
TIC. All results in the following sections are from five independent runs with different random

seeds.

5.5.2 Policy Generalization Across Sight Ranges

To answer Q1, in this section, we report the generalization capability of our trained poli-
cies across various sight ranges. As introduced in Section 5.5.1, our policies are learned based
on a pre-trained communication mechanism under the same environment setup with fixed sight
ranges; they are then tested on a broader set of sight-range ratios valued from 0.2 to 5. Their per-
formances (i.e., mean battle won rate) in all scenarios are recorded and visualized with heatmaps
as shown in Figure 5.5, 5.6 and 5.7.

It can be clearly seen that our method TACTIC produces policies that demonstrate more

robust performances in all the environment settings and across various sight-range ratios that
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Figure 5.5: Performance of TACTIC and baseline models on policy generalizability across vari-
ous sight ranges in the Protoss map.
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Figure 5.6: Performance of TACTIC and baseline models on policy generalizability across vari-
ous sight ranges in the Terran map.
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Figure 5.7: Performance of TACTIC and baseline models on policy generalizability across vari-
ous sight ranges in the Zerg map.

were not seen during policy training. The four baselines can have reasonable performances only

when the test and train sight ranges are close (referring to the diagonal cells of the heatmaps for

the baselines), while policies learned by TACTIC are capable of maintaining satisfying perfor-

mances even when the train and test sight ranges are different by large. For example, on the map

Terran with 5 agents, policy trained with sight-range ratio 0.2 by TACTIC has a 0.41 mean battle

won rate when tested with sight-range ratio 5, while the corresponding results for the four base-

lines are all under 0.10; it is also true if exchanging the train and test sight-range ratios or in other

maps. With more agents introduced into the environment, baseline models become more strict on

the difference between train and test sight ranges (i.e., their heatmaps become more sparse with

more zero values), while our method TACTIC still generalizes well.

The observed phenomenon suggests that our adaptive communication mechanism that is

learned offline helps agents better generate and interpret messages and develop flexible strategies
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Figure 5.8: Training curves of the online policy learning stage in TACTIC and baseline models
under different environment setups.

to take actions to adapt to changing observability conditions, leading to reusable policies in
environments with unseen sight ranges. However, for the four baseline approaches, one needs to

re-train the model to get a usable policy if the observation conditions change.

5.5.3 Online Policy Training Efficiency

To answer Q2, we compare the online policy training efficiency of our method TACTIC
against the four baselines. Figure 5.8 presents the learning curves (mean battle won rate versus
timesteps) of all five algorithms on every combination of map type, number of agents, and the
sight-range ratio.

It can be observed that in every environment setup, the convergence speed of TACTIC is
superior to or at the same level as that of QMIX or QMIX-Att, and is always better than that
of NDQ and TarMAC. Notably, when the sight-range ratio used during online policy training is
small (i.e., 0.2), TACTIC demonstrates significantly better convergence speed compared to the

baselines.
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Figure 5.9: Performance of TACTIC on policy generalizability across various sight ranges under
5 different offline training schemas. The environment setup is the Terran map with a 5v5 agent
configuration. (a) Offline training with a Exploratory dataset; (b) Offline training with a
Random dataset; (c) Offline training without L, .., ; (d) Offline training without L ,,; (e) Offline
training without L,ccon, and Lgy,,.

The results indicate that the offline-trained communication mechanism contributes posi-
tively to the training efficiency of online policy learning, especially in scenarios where the num-

ber of agents is large or the sight ranges of agents are small.

5.5.4 Ablation Study

In this section, we investigate Q3 by conducting ablation studies on the quality of the offline
dataset D for training the communication mechanism and the impact of different loss terms in
our objective function (Eq. 5.3). For this section, we focus on the Terran map and 5-agent setting.
Data quality. To examine the influence of data quality of D on the learned online policy, we train

the communication mechanism twice on two types of offline datasets.

* Exploratory: Trajectories generated in the exploratory stage of QMIX training, with

6000 episodes per task.

* Random: Trajectories generated from random environment interactions (where actions are

chosen uniformly at random for each agent), with 6000 episodes per task.

We then perform online policy learning twice using the two pre-trained communication
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mechanisms, obtaining two policies. They are evaluated in the same way as in Section 5.5.2. The
performance is shown in Figure 5.9(a-b). It can be seen that there is a very slight performance
decay when you use the RANDOM dataset compared to the EXPLORATORY dataset, indicating
that the offline training stage for the communication mechanism can still learn meaningful and
informative representations given low-quality data.

Loss terms. We further examine the influence of the two auxiliary loss objectives, the reconstruc-
tion 10Ss L;ccon and the dynamic loss Lgy,, by training three communication mechanisms with
the weighing factors settoa = 0,5 =1,a =1, = 0,and a = 0, 5 = 0 in Eq. 5.3, respectively.
The online policy learning and evaluation remain the same as the data-quality ablation study. The
results are shown in Figure 5.9(c-e).

In the first two cases where either the L, ..., or Lg,, is dropped, there are no significant
performance decays. Specifically, both terms can help the offline stage learn informative rep-
resentations individually, while L, ..., contributes slightly more to the overall performance than
Lg4,n. However, when both terms are dropped, a significant performance decay is observed as
shown in Figure 5.9(e). This demonstrates the necessity of adopting at least one of the auxiliary
loss objectives, and the combination of the two leads to the most effective representation learning

in the offline stage.

5.6 Conclusion

In this work, we introduce TACTIC, a communication mechanism for improving the gen-
eralizability of MARL systems. Specifically, we focus on generalizing the policy to scenarios

where the sight range of the agents during execution may not be the same as that during training.
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The communication mechanism in TACTIC is trained offline and is task-agnostic. Utilizing con-
trastive loss allows agents to effectively align the integration of local observation and incoming
messages with the egocentric state, leading to better situational awareness and improved coordi-
nation.

We show that standard benchmark MARL techniques with and without inter-agent com-
munication generalize poorly when the sight range changes. In contrast, we show TACTIC
generalizes better across sight ranges. Notably, we find that even random exploration trajectories
can be leveraged to learn an effective communication strategy. Our findings suggest that TAC-
TIC provides a robust framework to enhance inter-agent communication, leading towards more

adaptive MARL systems.
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Chapter 6: Generalization across Initial States through Common Operating Pic-

ture Integration

6.1 Introduction

Multi-agent tasks often require collaboration to accomplish shared missions. While Multi-
Agent Reinforcement Learning (MARL) algorithms can learn decentralized policies based on
local observations, effective information sharing remains crucial for optimal decision-making.
This work introduces a novel approach to multi-agent coordination using a unified, grounded
representation: the Common Operating Picture (COP) [105].

Our method equips each agent with the ability to integrate its observation history, actions,
and received messages into a COP, which serves as a comprehensive representation of the envi-
ronment. In this work, we consider the state of the underlying DecPOMDP as the COP, encom-
passing the positions and attributes of all agents. This representation offers two key advantages:
it is interpretable by human operators, facilitating potential human involvement, and it improves
policy learning by essentially reducing the problem to single-agent RL.

We hypothesize that the COP-based representation enhances situational awareness and
leads to improved out-of-distribution (OOD) generalization. However, building a COP in a de-

centralized fashion presents several challenges. When agents operate in egocentric frames of
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Possible COPs:

s550-8Je%®

Figure 6.1: The purple and blue agents observe each other, the orange agent is beyond visual
range. This leads to multiple potential COPs.

reference, aligning and integrating local observations becomes difficult (Figure 6.1). Limited
communication range introduces uncertainty into the COP-building process, potentially hinder-
ing the transmission of critical information. Additionally, communicating raw observations is
often impractical or unsafe. When agents communicate encoded COPs, the decoding process
may introduce errors, leading to potential hallucinations or misinterpretation.

To motivate the benefit of inferring such a COP, we conducted preliminary experiments
within the Starcraft2 multi-agent challenge (SMAC) [106]. We tested QMIX [104] and NDQ
[92] on initial states different from those used in training (details in Figure 6.11a). The results
shown in Figure 6.2 revealed the brittleness of these algorithms in OOD scenarios. However,
when QMIX was given access to the global state, its learned policy demonstrated improved ro-
bustness. This observation suggests that transmitting messages that help infer the global state
could enhance generalization in OOD scenarios. Consequently, we present a MARL method
that grounds learned communication in the state, using the COP as a central representation. Our
approach aims to address the limitations of existing methods by providing a more robust and

interpretable framework for multi-agent coordination.
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Figure 6.2: Motivating COPs in MARL.

6.2 Related Works

Communication plays a vital role in multi-agent reinforcement learning (MARL) systems
[107], enabling agents to coordinate and share information. A central challenge is determining
what information should be communicated and how to effectively utilize these messages.

Various approaches have been developed to address this challenge. Attention-based meth-
ods, such as TarMAC [81], use signature-message pairs and attention mechanisms for dynamic,
context-dependent communication. Information-theoretic approaches like NDQ [92] optimize
communication efficiency and effectiveness through regularizers, minimizing overall communi-
cation while maximizing message information content.

Recent works focus on developing more interpretable communications. [93] aims to es-
tablish a common understanding of communication symbols by autoencoding raw observations
as messages, grounding communication in directly observable features. MASIA [94] takes this
further by communicating raw observations and aggregating them into a latent representation to
reconstruct the global state, providing a more holistic view of the environment.

These approaches represent a progression towards more sophisticated and interpretable rep-
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resentations in MARL communication. Our work builds on this trend by introducing the Com-
mon Operating Picture (COP) as a comprehensive, interpretable representation. The COP aims
to enhance both agent coordination and out-of-distribution generalization, addressing limitations
in existing methods and potentially improving the robustness of MARL systems in dynamic en-

vironments.

6.3 Preliminaries

We consider the fully cooperative MARL problem with communication, which can be mod-
eled as Decentralized Partially Observable Markov Decision Process (Dec-POMDP) [103] and
formulated as a tuple (N, S, A, P,Q, 0, R,~,C). The sets N' = {1,...,n} denotes the agents,
S are the states, A are the actions, €2 are all observations, and C are all possible communication
messages. Each agent i € N acquires an observation o; € 2,0, = O(s,1),s € S. A joint action
a = {(ay, ..., a,) leads to the next state s’ ~ P(s|s, a) and a shared global reward r = R(s, a).

Each agent selects action based on observation-action history 7; € T = (2 x A)* using a
policy 7(a;|7;, ™). The policy is shared across agents during training. Incoming communication
for agent i, ¢* = [¢}*" € Cifd(i,j) < p| is determined by the communication range p and
distance between agents d(i, j). The overall objective is to find a joint policy (7, @) to maxi-
mize the global value function Q7 (7,a) = E,q [> ;207" R(s,a) | so = s,a0 = a, 7], where
T is the joint observation-action history and v € [0, 1) is the discount factor. We follow the

Centralized Training and Decentralized Execution (CTDE) paradigm and adopt QMIX’s [104]

architecture to build our algorithm.
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Figure 6.3: The pipeline of our method. (a) The overall architecture. (b) Information integration
and policy learning. (c) COP formation module.

6.4 Enhancing Multi-Agent Coordination through COP Integration

Our approach enhances multi-agent coordination by tracking and updating a Common Op-
erating Picture (COP) based on the initial state, observation-action history, and incoming com-
munications. We assume that agents have access to the initial state sy. The COP is maintained as
a transformation of this initial state, informed by subsequent observations, actions, and commu-
nications.

As illustrated in Figure 6.3, the COP Formation module utilizes two parallel threads: the
Local Operating Picture (LOP) thread and the Common Operating Picture (COP) thread. In the
LOP thread, we encode the local observation o into an embedding z;,,, which is then decoded
to reconstruct observation o’. The COP thread encodes all received communication messages
using a Self-Attention network, producing embedding z..,. This embedding feeds into a GRU,

which tracks state evolution with hidden state /.,,. The GRU updates h.,, using z.,, at each step,
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integrating new information from other agents. Finally, h.,, is decoded to produce the current
state estimate §’, maintaining an up-to-date representation of the environment.
Note that §¢ represents egocentric state centered on

agent i at time step t. We use & to initialize the GRU such

that it tracks an egocentric representation. The final COP

is produced by combining the decoded LOP o' and the esti-

mated state § as follows: §f = & x 1,, + o x (1 —1,,),
-m +m

where 1,, is a mask based on the visual range of agent 4, as Figure 6.4: Masking in the forma-

tion of egocentric COP. v is the vi-
sual range of the agent and m is

) o ) ] the map size.
We employ a Centralized Training with Decentralized

illustrated in Figure 6.4.

Execution (CTDE) approach. Our training objective consists of three components:

L= £RL + ['lop + Ecop-

Here, Lpy, is the Temporal Difference (TD)-based loss of QMIX, L;,, = Lysc(0', 0) is the local
observation reconstruction loss averaged over agents and time, and L., = Linse(8',8) is the
egocentric state reconstruction loss averaged over agents and time. It is worth noting that COP
formation can also be trained under a fixed policy. By producing an egocentric COP, the agent
does not depend on knowledge of its own location in global frame. We produce an egocentric
COP for each agent, and by comparing COPs across agents one could quantify uncertainty across
agents.

To summarize, the communication strategy in our method involves agents exchanging two

types of embeddings: local observation-action embeddings and embeddings describing state evo-
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lution. This approach allows for efficient information sharing while maintaining the ability to

reconstruct a comprehensive view of the environment.

6.5 Experiments

Methods: We compare OOD generalization of our method against: (1) MASIA [94] pre-
dicts the state from other agents’ observations within a QMIX method, (2) NDQ [92] and Tar-
MAC [81] are prior work on MARL where the learned communication is not grounded on state
prediction, (3) QMIX [104] and QMIX-based baselines QMIX_wState and QMIX-Att where each
agent has access to the state and other agents’ observation, respectively. QMIX_wState uses the
state vector in addition to the agents’ observation, a strong baseline for our method that assumes
known initial state sg. QMIX-Att uses an attention network to integrate others’ observations,
baseline for the self-attention architecture. Baseline architectures are shown in the appendix.

Scenarios: We evaluate these methods on three maps from the Starcraft Multi-Agent Chal-
lenge [106] namely 10_10b_vs_1r, lo_2r_vs_4r, and 3s_vs_bz. The first two maps involve an
aerial agent to track and communicate the location of an enemy agent to other friendly agents.
The third map is a micromanagement task. For each map, we created OOD initial states that are
different than the training initial states. The OOD states are shown in the appendix (see Figure
6.11). The methods are trained on the training map and evaluated in terms of win rate using
episodes with the OOD initial states.

Improved Generalization: As shown in Figure 6.5, our method achieves significantly
higher win rates on all three maps and in 8 out of 9 OOD states tested, compared to QMIX

baselines and the prior MARL work. Compared to QMIX_wState, the prior work MASIA, NDQ
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Figure 6.5: Comparison of methods on OOD initial states
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Figure 6.6: Training curves of various methods

and TarMAC shows brittleness. Our method performs even better than QMIX_wState, possibly
due to training embeddings that produce both winning policies and accurate state prediction.

Sample Complexity: We observe (Figure 6.6) that our method has significantly lower
sample complexity and faster convergence on the maps that require communication beyond visual
range (1lo_10b_vs_1r and lo_2r_vs_4r). Obviously, the performance of QMIX plateaus due to
lack of communication, and MASIA and NDQ converge at a slower rate. These plots indicate
that state prediction as in our COP-based training is an effective bias for quickly converging to
robust policies.

Compression: To understand the success of our method further, we reduce the embedding
size from 32 to 16, 8, then 4 (Figure 6.7). At lower message length, the win rate on OOD maps is
surprisingly only a bit lower. Even at message length of 4, our method produces a significantly

higher win rate than all the comparison methods. In the Appendix, we further ablate the impact
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of communication by dropping all messages in test episodes.

Evaluation of COPs: Figure 6.8 shows the average MSE of the produced COPs on training
and OOD maps. We find that the COPs are highly accurate on training and the first two OOD
maps (an MSE of 0.05 is roughly only 6 pixels in a field of view of 9 pixels). We see clearly
that the accuracy of the MSE (in our method) is directly correlated and predictive of win rate
on OOD states. Beyond OOD generalization, our method produces human-interpretable COPs.

Figure 6.9 shows an example COP where the location of the enemy is correctly predicted despite

OOD initial state.

state decoded
28

—e— Training
Test 1 &

14 14 .

Test 2 \ =

—4— Test 3 ! H
A§ TEL

¥y
ey © ot T

@
S

o
=)

Test Win Rate %

(20,000 episodes)
s
S

Test Win Rate %

20

2

A

A

-28
-28

-14

o

1

28
8 -

Enemy in a new location than trained

Figure 6.9: An exam-
ple of reconstructed COP
(1o_10b_vs_17).

000 005 010 015 020 0.25
MSE Loss in Produced COP

Training

Test 1 Test 2 Test 3

Figure 6.7: Varying message Figure 6.8: MSE vs win rate
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6.6 Appendix

6.6.1 Motivating Example in Details

Since the COP leads to better situational-awareness, we hypothesize that it also leads to
improved out-of-distribution generalizations. We illustrate this with the following example. We
use the 10_10b_vs_1r map from the Starcraft game [106]. This map comprises a team consisting
of 1 flying unit (Overseer) and 10 ground units (Banelings), with the collective objective of elim-

inating a single enemy unit (Roach). The flying and enemy units are initialized simultaneously at
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one of the four map corners. The ten ground units are distributed randomly across the map.

To introduce diversity and challenge, we have modified the initial distribution of the flying
and enemy units and incorporated three out-of-distribution scenarios for this map, as shown in
Figure 6.11a. In Test 1, the setup closely resembles the training scenario. After selecting one
corner to generate the enemy unit, we randomly position the flying unit within the nearby circle
corresponding to that corner. Test 2 and Test 3 present greater challenges with notably different
initial state distributions. In Test 2, flying and enemy units are generated together across the
entire map, introducing a more complex spatial arrangement. In Test 3, the flying unit is generated
inside the middle circle, considerably distant from the enemy unit, creating a scenario demanding
different strategic considerations.

We want to answer the following question: Will policies exhibit improved generalization on
out-of-distribution (OOD) laydowns when agents possess a higher degree of situational aware-
ness? We employed two strong baseline algorithms to explore this question: QMIX [104] (with-
out communication) and NDQ [92] (with inter-agent communication). Additionally, we imple-
mented QMIX-wstate, which does not utilize communication but assumes that each agent has
access to both its own partial observation and the global state. As shown in Figure 6.2, our
findings indicate that QMIX-wstate outperforms the other algorithms across all OOD laydown
scenarios. This observation strongly suggests that using the global state, i.e., COP, is advanta-

geous for enhancing generalization in OOD scenarios.
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6.6.2 Pipelines of QMIX-based Baselines
The pipelines of QMIX-based baselines are visualized in Figure 6.10.
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(b) QMIX-Att: the agents receives all other agents’ observation and action as communication messages.

Figure 6.10: Pipelines of QMIX-based baseline algorithms.

6.6.3 Visualization of OOD Laydowns

We visualize the OOD laydowns in Figure 6.11.
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Figure 6.11: Illustration of modified initial distributions for 1o_100_vs_1r, 1lo_2r_vs_4r and
3s_vs_5z. In this figure, "at” means that all indicated agents are generated at the same point
P, while ”in” denotes that all indicated agents are randomly generated at distinct locations within

the region R.
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6.6.4 Evaluate Message Dropping

To assess the significance of communication, we conducted experiments in which all mes-
sages were disabled during test episodes. We observe from 3s_vs_5z test 2 that the performance
drops approximately 20% in terms of win rate without communication. In other maps, the enemy
is mostly stationary, so the information is primarily conveyed through the initial state and our
approach effectively integrates this initial state information. However, even in such scenarios,
we observed that the performance with communication was either equal to or superior to the per-
formance without communication. This suggests that communication offers benefits beyond the

initial state information, enhancing overall system performance.
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Figure 6.12: Evaluation results of our algorithm with and without communication.

6.6.5 QMIX with Varying Observation Sight Ranges

Previous works [94, 80] discussed the dilemma in sight ranges: agents with small sight
ranges can only observe limited information, making it challenging for them to engage in effec-
tive cooperation with their teammates. Conversely, agents with extensive sight ranges are more
susceptible to distractions, degrading the cooperation quality. However, they only draw conclu-

117



sions from the traffic junction and collaborative resource collection environments.

We conduct similar experiments on the 10-100_vs_1r map by running QMIX with vary-
ing observation sight ranges. Interestingly, we have observed that a larger sight range results in
quicker convergence, an increased win rate, and improved generalization to out-of-distribution
(OOD) scenarios (see Figure 6.13, and more details in Table 6.1). We posit that this phenomenon
is intertwined with the characteristics of the SMAC environment. In this context, effective coop-
eration among allies is critical for locating and attacking enemies to secure victory, and having a

broader perspective on the overall situation is essential for accomplishing these complex tasks.
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Figure 6.13: Training and evaluation results of QMIX with different sight ranges on
lo_10b_vs_1r. A larger sight range gives us faster convergence speed and a higher win rate,

which indicates that the agent can make wiser decisions if it is more aware of the global state
under SMAC scenarios.

6.6.6 Hallucination

We also investigate the occurrence of false positives (hallucinations) at different time steps
in the “lo_10b_vs_1r" scenario. By employing the disentangle loss to enforce local consistency,
we have observed a noteworthy outcome: no hallucinations transpire within the agents’ field of

view. The instances of hallucinations that do occur outside the field of view can be primarily
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attributed to agents that are no longer active or are considered “dead”. These hallucinations tend

to persist for a few time steps before fading away.

<v <v
oA — >v | O AT — >v

0 10 20 30 40 50 0 10 20 30 40 50
timestep timestep

(c) Test 2 (d) Test 3

(a) Training

(b) Test 1

Figure 6.14: False positives across timesteps. < v means within the field of view, and > v means
outside the field of view.

Sight Range Training Test 1 Test 2 Test 3

5 Win Rate | 39.30% 38.10% 24.50% 31.80%
Return 9.74 877 ] 952+£873 | 7.45£7.61 | 8.65+8.30

10 Win Rate | 63.00% 64.30% 45.10% 51.20%
Return 1412+ 842 | 1440 £8.30 | 11.13 £ 8.62 | 12.34 + 8.51

15 Win Rate | 66.70% 61.10% 51.70% 35.10%
Return 1550 £ 7.17 | 1473 £7.30 | 13.38 £7.46 | 9.86 £ 8.02

20 Win Rate | 72.20% 70.70% 51.90% 9.00%
Return 16.59 £6.28 | 16.37 £6.40 | 13.78 = 7.00 | 6.53 £4.77

25 Win Rate | 95.10% 91.50% 52.90% 20.70%
Return 19.74 +2.84 | 19.26 £ 3.66 | 13.86 +6.95 | 8.55 £ 6.32

30 Win Rate | 98.90% 94.30% 67.70% 48.50%
Return 20.21 +1.32 | 19.62 +£3.01 | 16.04 £6.25 | 13.28 =6.99

Table 6.1: Evaluations results on 1o_10b_vs_1r over 20,000 episodes.

6.6.7 Additional Evaluation Details

Additional evaluation details can be found in Table 2-5.
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Embedding

Size Training Test 1 Test 2 Test 3
4 Win Rate | 99.20% 95.40% 62.30% 63.30%
Return 20.26 £1.14 | 19.77+£2.73 | 14.85 £ 7.22 | 15.21 +6.92
3 Win Rate | 97.50% 96.20% 66.30% 69.10%
Return 20.04 +£1.98 | 19.87+2.43 | 15.48 £6.93 | 16.25 +6.23
16 Win Rate | 97.00% 96.20% 60.90% 73.30%
Return 1998 £2.19 | 19.89 £2.44 | 14.54 £7.40 | 16.74 £6.12
3 Win Rate | 98.10% 96.70% 70.00% 70.70%
Return 20.10 £ 1.75 | 19.93 £2.27 | 16.11 = 6.56 | 16.47 &= 6.14

Table 6.2: Comparison of our algorithm with different embedding sizes on 1o_10b_vs_1r over

20,000 episodes.
Training Test 1 Test 2 Test 3
QMIX Win Rate | 62.60% 60.40% 37.90% 27.80%
Return 13.88 + 8.64 13.59 £8.63 | 9.78 +8.52 8.73 £ 7.62
Win Rate | 94.80% 73.80% 35.20% 43.20%
QMIX-Attn Return 19.69 + 2.93 16.23 £7.10 | 9.63+8.15 11.19 + 8.28
Win Rate | 96.60% 94.20% 55.80% 60.20%
QMIX-wState Return 19.92 £ 2.39 19.60 £ 3.12 13.31 £8.11 14.61 £7.27
MASIA Win Rate | 86.16% 68.93% 36.15% 16.46%
Return 18.56 + 4.56 1559 +£7.34 | 9.86 +8.16 6.7798 £ 6.50
Win Rate | 90.95% 78.31% 31.13% 18.57%
TarMAC
Return 19.25 £ 3.81 1714 £6.42 | 893+ 7.97 6.63 £ 7.00
NDQ Win Rate | 88.94% 68.54% 19.29% 0.32%
Return 18.93 £ 4.18 15.74 £7.01 6.96 £+ 6.99 1.68 4+ 2.22
Our Method Win Rate | 98.00% 95.60 % 68.60 % 71.40%
Return 20.11 £+£1.77 | 19.81 +£2.63 | 15.79 +6.90 | 16.42 £+ 6.37

Table 6.3: Evaluation results of various algorithms on 1o_10b_vs_1r over 20,000 episodes.
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Training Test 1 Test 2 Test 3
ovix | Win Rate | 50.60% 16.50% 23.00% 12.10%
Return | 1075 2958 | 9.86 £9.65 | 774 £ 746 | 780 £5.15
Win Rate | 85.60% 46.20% 18.40% 8.40%
QMIX-Attn B 1827 L4285 |981£964 | 7.00£691 | 7.10 £ 4.68
Win Rate | 87.30% 78.20% 49.30% 15.50%
QMIX-wState | 11851 £3.06 | 16.82 £6.28 | 1318 £7.01 | 8.78 £5.30
VASIA | WinRate | 8281% 45.41% 2221% 12.53%
Return | 17.93 £4.64 | 9512073 | 710L751 | 7.39 £543
TaMAC | Win Rate | 76.28% 49.20% 20.82% 1.02%
Return | 16.60 2634 | 1056 £ 953 | 711 £7.20 | 579 £ 3.96
NDO Win Rate | 79.86% 43.20% 22.43% 8.95%
Return | 17.56 £4.97 | 9281957 | 736L7.46 | 6.72L4.95
Our Method | Win Rate | 87.60% 78.00% 61.20% 19.90%
Return | 18.61 £3.75 | 16.71 £ 6,50 | 14.92 £ 6.70 | 9.61 £ 5.54

Table 6.4: Evaluation results of various algorithms on 1o_2r_vs_4r over 20,000 episodes.

Training Test 1 Test 2 Test 3
OMIX Win Rate | 99.80% 63.00% 94.40% 88.90%
Return | 21.17 £ 0.62 | 20.03 £ 4.05 | 21.66 = 1.54 | 20.86 £ 2.50
Win Rate | 99.90% 0.00% 97.30% 80.00%
QMIX-Attn - [ 22.62 044 001 £023 | 22.43 £1.30 | 20.94 £ 3.67
Win Rate | 100.00% 16.20% 74.80% 51.80%
QMIX-wState - 0 1 25.26 £ 1.13 | 18.00 L 7.63 | 24.80 £357 | 17.39 £ 0.6
MASIA | Win Rate | 0.00% 0.00% 0.00% 0.01%
Return | 9.81£039 | 591 £208 | 528+1.74 | 7.73+1.41
TarMAC | Win Rate | 94.59% 0.00% 24.37% 51.22%
Return | 21.67£1.29 | 0.00 £0.11 | 1884+ 4.14 | 19.30 + 4.60
NDQ Win Rate | 94.25% 0.13% 80.53% 19.37%
Return | 22.08 £ 1.50 | 6.10 £2.59 | 21.72 £2.89 | 14.99 + 5.23
Our Methoq | Win Rate | 99.70% 12.90% 96.00% 80.50%
Return | 20.95+0.60 | 12.37 £7.28 | 21.22+1.35 | 20.52 + 3.26

Table 6.5: Evaluation results of various algorithms on 3s_vs_5z over 20,000 episodes.
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Chapter 7: Conclusion and Future Work

7.1  Summary of Contribution

This dissertation investigated the problem of learning with less effort in (multi-)robot sys-
tems, with a particular focus on reducing the burden of training and improving the generalization
ability of learned policies. The research presented spans four core contributions, each addressing
a key challenge in the broader goal of scalable and robust robot learning.

First, SKETCH-TO-SKILL demonstrated that human-drawn 2D sketches can serve as a
lightweight and accessible form of supervision. By converting sketches into 3D trajectories, we
enabled robots to bootstrap policy learning with minimal human effort. This approach reduced
the need for teleoperated demonstrations while achieving strong task performance in both simu-
lation and real-world settings.

Second, PegMARL introduced a framework for efficient multi-agent reinforcement learn-
ing using personalized demonstrations. By shaping learning through both behavior and transition
discriminators, PegMARL avoided the need for joint demonstrations, offering a scalable alterna-
tive for training large teams with diverse agent roles.

Building on PegMARL, we developed DynPegMARL, a Graph Neural Network exten-
sion that enables learning from demonstrations across different team sizes. This architectural
enhancement processes ally and enemy features separately in a permutation-invariant manner,
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dramatically improving demonstration reusability by allowing the same framework to leverage
any available demonstration data regardless of the original team configuration.

Third, TACTIC addressed generalization across observation conditions. Through task-
agnostic contrastive pretraining, it enabled agents to communicate effectively and coordinate
robustly, even under mismatched training and execution sight ranges. This approach showed
consistent gains across a wide range of vision-limited scenarios.

Fourth, COP tackled the problem of generalization under state distribution shifts by learn-
ing structured shared representations that support distributed decision-making. By integrating
historical and local information into a common operating picture, agents achieved better coordi-
nation and adaptability in out-of-distribution settings.

Together, these contributions form a cohesive set of tools and frameworks for reducing hu-
man and computational effort in training, while promoting generalization across heterogeneous
and dynamic conditions. The overarching insight is that more efficient learning does not neces-
sarily require more data or computation — but rather better structuring of inputs, demonstrations,

and information sharing.

7.2 Limitations and Areas for Improvement

While our approaches have shown promise, several limitations suggest directions for con-
tinued research. Current methods still require some form of human guidance, whether through
sketches, demonstrations, or initial training data. The sketch-based approach, while more acces-
sible than teleoperation, is primarily demonstrated on manipulation tasks and may not readily

extend to other domains, such as contact-rich manipulation requiring precise force control or
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multi-agent coordination tasks where temporal synchronization between agents is critical. Simi-
larly, our demonstration-guided methods assume the availability of at least some relevant demon-
stration data, which may not always be feasible in novel or safety-critical scenarios.

The generalization improvements, while promising, are demonstrated primarily in specific
domains and may not transfer broadly across all types of environmental changes. For instance,
TACTIC addresses sight range variations but may not handle other forms of observation changes,
such as sensor modality differences or completely new environmental features.

Furthermore, most of our work operates within the paradigm of centralized training with
decentralized execution, which may not scale to very large teams or handle scenarios where state
is not available. In fully decentralized or ad hoc settings, agents often lack access to global
information during training, and must learn independently and asynchronously. Adapting our

methods to such settings remains an open challenge.

7.3 Future Research Directions

Several promising directions emerge from this work that could further advance the field of
practical multi-robot learning.

Zero-Shot Coordination with Novel Teammates. One of the most exciting opportuni-
ties lies in developing capabilities for zero-shot coordination — enabling robots to immediately
collaborate with previously unseen teammates without any additional training. This could build
on our demonstration reuse work by developing more sophisticated reasoning about teammate
capabilities and intentions. Future research might explore how large language models could help

robots understand and adapt to new teammate behaviors through natural language descriptions
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or brief observations, potentially eliminating the need for demonstration data entirely in some
scenarios.

Cross-Domain Transfer and Meta-Learning. Our current approaches focus primarily
on generalization within specific domains. Future work could explore how learned coordina-
tion principles transfer across fundamentally different tasks and environments. Meta-learning
approaches might enable robots to quickly adapt their coordination strategies when moving from
warehouse operations to disaster response, or from ground-based to aerial platforms. This could
significantly reduce the training effort for new applications by leveraging coordination patterns
learned in previous domains.

Integration with Foundation Models. The rapid advancement of foundation models
presents opportunities to enhance multi-robot learning with pre-trained knowledge about the
world, common tasks, and coordination principles. Future research might explore how to ef-
fectively combine our demonstration-guided approaches with foundation models to achieve even

more sample-efficient learning and better zero-shot generalization.
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