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In recent years, modern deep learning has made significant strides across various domains,

including natural language processing, computer vision, and speech recognition. These

advancements have been driven by innovations in scaling pre-training data, developing new

model architectures, integrating distinct modalities (e.g., vision and language, audio and

language), and employing modern engineering practices. However, despite these innovations

in building better models, progress in understanding these models to enhance their reliability

has been relatively slow. In this thesis, we lay the groundwork for interpreting modern

deep learning models—such as vision, text-to-image, and multimodal language models—by

examining them through the perspectives of data and internal model components. We

aim to unlock various capabilities, including model editing and model steering, to enhance

their reliability. First, we build on the principles of robust statistics to interpret test-time pre-

dictions by identifying important training examples using higher-order influence functions.

However, we find that influence functions can be fragile for large deep models, which limits

their practical applications. To address this, we develop optimization-based data selection

strategies to automatically generate stress-testing sets from large vision datasets, testing the



reliability of vision models within a few-shot learning framework. Overall, our investiga-

tions show that while analyzing models through the lens of data provides valuable insights

for potential improvements, it does not offer a direct method for controlling and enhancing

the reliability of these models. To this end, we investigate deep models by focusing on

their internal components. We develop causal mediation analysis methods to understand

knowledge storage in text-to-image generative models like Stable Diffusion. Based on these

insights, we create novel model editing techniques that can remove copyrighted styles and

objects from text-to-image models with minimal weight updates. We scale these methods

to edit large open-source models such as SD-XL and DeepFloyd. As a follow-up, we

then introduce innovative causal mediation analysis methods and a richly annotated probe

dataset to interpret multimodal large language models like LLaVa. Our approach allows us

to understand how these models internally retrieve relevant knowledge for factual Visual

Question Answering (VQA) tasks. Leveraging these insights, we develop a novel model

editing method that can effectively introduce rare, long-tailed knowledge or correct specific

failure modes in multimodal large language models. Using similar principles, we explore

vision models (in particular the ViT architecture), developing methods to interpret image

representations based on internal components such as attention heads, using text descrip-

tions. We apply these interpretability insights to (i) mitigate spurious correlations, (ii) enable

zero-shot segmentation, and (iii) facilitate text or image-conditioned image retrieval. We

also extend our mechanistic interpretability techniques to understand and control language

models for real-world tasks, such as context-augmented generation in question-answering

systems (i.e., extractive QA). In particular, we find that insights from mechanistic circuits

can be useful towards context-data attribution and model steering towards improved context

faithfulness. Finally, we leverage interpretability insights from multimodal models to

enhance their compositionality in image-conditioned text retrieval and text-guided image

generation. For vision-language models (VLMs) like CLIP, we propose a distillation method



that transfers compositional knowledge from diffusion models to CLIP. For diffusion models,

we introduce a lightweight fine-tuning approach that learns a linear layer on the conditioning

text encoder, improving compositional generation for attribute binding. Overall, our thesis

designs and adapts interpretable methods and leverages interpretable insights to uncover

various capabilities in pre-trained models.
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Chapter 1: Introduction

1.1 Thesis Statement

In this thesis, we develop and investigate methods for interpreting deep models through the

lens of data and internal model components. We use these insights towards developing

fast and scalable model editing methods, automatically generating difficult few-shot learning

benchmarks and mitigating spurious correlations amongst others.

1.2 Thesis Overview

In recent years, a vast array of deep learning models has been developed and implemented

in real-world applications. These models encompass unimodal types, such as those for text,

images, videos, and audio, as well as multimodal models that combine modalities like vision

and language, video and language, or audio and language. As these models have grown

rapidly in size—driven by increases in model size, the scale of pre-training data, and the

availability of advanced computing infrastructure—the research community has struggled to

fully understand how these models make specific decisions. Furthermore, it remains unclear

whether gaining a deeper understanding of these models would directly contribute to targeted

improvements or enhancements in their downstream applications. In this thesis, we establish

a framework for efficiently interpreting recently developed deep learning models, including
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both unimodal and multimodal types. We explore these models through the perspectives of

their pre-training data, internal model components, and fine-tuning algorithms.

First, we investigate how a classifier’s decision-making process can be attributed to a

group of training samples to understand the failure modes of deep models. We develop

second-order group influence functions, which can efficiently approximate leave-k-out

retraining. Through a range of experiments on synthetic data and standard image datasets,

we demonstrate that our proposed second-order influence function better approximates leave-

k-out retraining than first-order influence functions. However, for deep models involving

non-convex losses, we also find that the first-order influence function baseline is often

inaccurate when compared to ground-truth influence.

We then conduct a comprehensive large-scale empirical study to highlight the advantages

and limitations of influence functions for interpreting deep models in the context of training

data. Using datasets up to the scale of ImageNet, we identify the conditions under which

the approximation provided by influence functions is relatively error-free. Given that

influence functions are unstable for highly overparameterized models, we explore a different

algorithmic approach to understanding the failure modes of pre-trained models. Specifically,

we examine these failure modes through the lens of few-shot tasks. To understand the

worst-case failure scenarios of deep models, we design FastDiffSel, an optimization-based

algorithm that can automatically extract challenging training sets for a given test set. We

use FastDiffSel to identify difficult few-shot tasks from vision datasets, including ImageNet,

ObjectNet, and CURE-OR. Our findings reveal that pre-trained models often fail when there

is a natural distribution shift between the few-shot training set and the test examples. As a

result, we curate a challenging few-shot testing set, HardMetaDataset++, which can be used

to stress-test models.
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While analyzing deep models through the lens of data helps identify their failure modes, it

offers limited flexibility for post-training model control. To address this, we shift our focus

to a "mechanistic" investigation, examining the internal components of these models. We

first develop methodologies to understand how knowledge is stored in large-scale text-to-

image models. Based on our findings, we design scalable, efficient, and data-free model

editing techniques to remove copyrighted concepts from these models. Our empirical

experiments demonstrate the effectiveness of our model editing methods in modifying

large-scale open-source text-to-image generative models. We then extend our approach

to multimodal language models, developing MultimodalCausalTrace, a tool that identifies

crucial model components for factual Visual Question Answering (VQA) tasks. Building on

these insights, we introduce MultEdit, a method for editing multimodal language models

to insert new, rare knowledge or fix existing issues. Although our methods currently focus

on interpreting multimodal models, a significant challenge remains in understanding the

internal components of general Vision Transformers (ViTs) using human-understandable

concepts, such as text.

To tackle this, we create RepDecompose, an approach that automatically decomposes final

representations in general ViTs through a recursive process. These components are then

aligned with CLIP’s image encoder, allowing interpretation via the text encoder. Our analysis

reveals that different attention heads in ViTs encode distinct concepts, such as patterns,

colors, and locations. We leverage these insights to modify the identified attention heads,

mitigating spurious correlations and utilizing their embeddings for tasks like zero-shot

segmentation, text-conditioned image retrieval, and general image retrieval.

While our current work has laid the groundwork for interpreting and controlling vision and

multimodal models, we also focus on adapting these methods to control language models.

In particular, we enhance language models for tasks such as data attribution to context and
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mitigating hallucinations. Given the recent advancements in retrieval-augmented generation,

there are significant practical applications in context-augmented question-answering setups.

In this phase of our research, we investigate the internal circuits (e.g., sub-graphs) of

language models that are causally linked to retrieval-augmented generation tasks. By

analyzing different components of these circuits, we design zero-shot data attribution

methods.

Finally, we investigate the compositionality issues in VLMs (e.g., CLIP) and text-guided

image generation models (e.g., diffusion models). In particular, we find that diffusion

models are strong in terms of compositionality and such knowledge can be transferred to

CLIP to improve it’s compositionality. To this end, we introduce SDS-CLIP, a light-weight

fine-tuning based distillation method which can improve CLIP’s compositionality without

harming it’s zero-shot capabilities. For diffusion models, we find that the text-embedding

for compositional prompt is often sub-optimal. We show that solely fine-tuning a linear

projection layer on the CLIP’s text-embedding can improve compositional generation for a

variety of open-source text-to-image diffusion models (including SDv3).

Overall, our thesis has developed new approaches towards understanding deep models and

has shown the possibilities of practical applications of model interpretability.

1.3 Thesis Contributions

This thesis makes several research contributions towards interpreting deep learning models,

spanning both unimodal and multimodal models. In particular, we make contributions

towards developing interpreting deep learning models through the lens of data as well

as internal model components. Using our interpretability insights, we further develop

light-weight methods towards unlocking capabilities in these models such as model editing.
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Below we state our contributions:

Interpreting Test-Time Predictions Through Influence Functions

• We develop second-order group influence functions which can attribute test-time

predictions to a group of samples in the training data. Our second-order group

influence functions effectively approximates leave-k-out retraining by a second-order

taylors expansion around the optimally trained model with all the training examples.

[ICML 2020]

• We empirically investigate the limits of influence functions for deep networks. To

this end, we first analyse influence functions in a controlled experimental setup with

synthetic data. We then scale up the analysis across different pre-training data and

models upto the ImageNet scale – highlighting the fragilities of influence functions at

larger model scales. [ICLR 2021]

Automatically Designing Difficult Few-Shot Benchmarks for Model Reliability

• We design an optimized-based data selection algorithm, which can automatically

curate difficult few-shot benchmarks from large-scale vision datasets. The curated

dataset from our algorithm can be used towards stress testing deep models for reliabil-

ity. [ICLR 2023]

Mechanistically Understanding and Editing Text-to-Image Diffusion Models

• We design a causal tracing methodology which can locate internal model components

which causally store knowledge corresponding to various visual attributes such as

style, objects or facts. We then design model editing methods towards updating the

weights of the identified components in a light-weight manner. [ICLR 2024]
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• We investigate knowledge storage about visual attributes in the cross-attention layers

across various open-source text-to-image diffusion models. We then use model editing

towards updating the weights in those locations to remove copyrighted style, objects

and update the model with new facts. [ICML 2024]

Mechanistically Understanding and Editing Multimodal Language Models

• We develop MultimodalCausalTrace, which can identify causal locations for a factual

VQA task using a constrained based formulation. Along with providing salient

interpretability insights about the inner workings of multimodal language models –

we then introduce MultEdit, which can effectively introduce long-tailed knowledge

into these models. [NeurIPS 2024]

Mechanistically Understanding and Unlocking Zero-Shot Capabilities in Vision

Transformers

• We introduce RepDecompose which decomposes the final representation in Vision

Transformers as a function of internal model components such as attention heads.

We then interpret these attention heads via text, by aligning their embeddings to

CLIP’s image encoder and then using CLIP’s text-encoder to interpret them. Based

on our interpretability insights, we unlock various zero-shot capabilities in Vision

Transformers: (i) Spurious correlation mitigation; (ii) Zero-shot segmentation; (iii)

image / text conditioned image retrieval. [NeurIPS 2024]

Mechanistically Understanding and Enhancing Context-Augmented Language

Models

• Large language models are widely used for document processing and question-
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answering. In this work, we extract mechanistic circuits for context-augmented

extractive QA using causal mediation analysis on model components (e.g., attention

heads, MLPs). Our analysis reveals how models balance parametric memory and

retrieved context, identifying a small set of attention heads that reliably perform data

attribution by default. Leveraging this, we introduce ATTNATTRIB, a fast attribu-

tion algorithm achieving state-of-the-art results across QA benchmarks. We further

demonstrate that ATTNATTRIB can steer models to prioritize context over paramet-

ric memory. Beyond insights into model behavior, our work highlights practical

applications of circuits in attribution and model control. [ICML Review]

Improving Compositionality in Multimodal Models

• Image-text contrastive models like CLIP excel in zero-shot classification, retrieval, and

transfer learning but struggle with compositional visio-linguistic tasks (e.g., attribute

binding, object relationships), often performing at chance levels. To address this, we

propose SDS-CLIP, a lightweight, sample-efficient distillation method that enhances

CLIP’s compositional reasoning. Our approach fine-tunes CLIP using a distillation

objective from large text-to-image generative models like Stable Diffusion, known for

strong visio-linguistic reasoning. SDS-CLIP improves CLIP’s performance by up to

7% on Winoground and 3% on ARO, demonstrating the potential of generative model

distillation to enhance contrastive learning. [EMNLP 2024]

• Text-to-image diffusion-based generative models have the stunning ability to generate

photo-realistic images and achieve state-of-the-art low FID scores on challenging

image generation benchmarks. However, one of the primary failure modes of these

text-to-image generative models is in composing attributes, objects, and their associ-

ated relationships accurately into an image. In our paper, we investigate compositional
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attribute binding failures, where the model fails to correctly associate descriptive

attributes (such as color, shape, or texture) with the corresponding objects in the gen-

erated images, and highlight that imperfect text conditioning with CLIP text-encoder

is one of the primary reasons behind the inability of these models to generate high-

fidelity compositional scenes. In particular, we show that (i) there exists an optimal

text-embedding space that can generate highly coherent compositional scenes showing

that the output space of the CLIP text-encoder is sub-optimal, and (ii) the final token

embeddings in CLIP are erroneous as they often include attention contributions from

unrelated tokens in compositional prompts. Our main finding shows that significant

compositional improvements can be achieved (without harming the model’s FID

score) by fine-tuning only a simple and parameter-efficient linear projection on CLIP’s

representation space in Stable-Diffusion variants using a small set of compositional

image-text pairs. [ACL Submission]

1.4 Publications and Authorship

This thesis draws upon previously published manuscripts, manuscripts currently under

review, and ongoing works listed in the table underneath. While I serve as the principal

author (except for Chapter 7 and 9.2), the research presented here reflects the culmination of

collaborative efforts with my advisor, Soheil Feizi, and mentors Daniela Massiceti, Varun

Manjunatha alongside invaluable contributions from mentors and colleagues UMD, Adobe

Research and Microsoft Research. Throughout Chapters 3-9, I use the pronoun ‘we’ to

acknowledge the collective contributions of all my collaborators.
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Figure 1.1: Primary Works Directly Related to the Thesis.

Figure 1.2: Additional Relevant Works done during the Thesis.
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Chapter 2: Related Work

2.1 Interpreting Test-Time Predictions Through Influence Functions

Influence functions, a classical technique from robust statistics introduced by [50, 51] were

first used in the machine learning community for interpretability by [119] to approximate

the effect of upweighting a training point on the model parameters and test-loss for a

particular test sample. In the past few years, there has been an increase in the applications of

influence functions for a variety of machine learning tasks. [203] used influence functions to

produce confidence intervals for a prediction and to audit the reliability of predictions. [242]

used influence functions to approximate the gradient in order to recover a counterfactual

distribution and increase model fairness, while [30] used influence functions to understand

the origins of bias in word-embeddings. [117] crafted stronger data poisoning attacks

using influence functions. Influence functions can also be used to detect extrapolation

[159] in certain specific cases, validate causal inference models [7] and identify influential

pre-training points [40]. Infinitesimal jackknife or the delta method are ideas closely

related to influence functions for linear approximations of leave-one-out cross validation

[66, 107]. Recently a higher-order instance [85] of infinitesimal jackknife [107] was

used to approximate cross-validation procedures. While their setting corresponding to

approximations of leave-k-out re-training is relatively similar to our paper, our higher-

order terms preserve the empirical weight distribution of the training data in the ERM and
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are derived from influence functions, while in [85] instances of infinitesimal jackknife is

used. These differences lead to our higher-order terms being marginally different than

the one proposed in [85]. Our proposed second-order approximation for group influence

function is additionally backed by a thorough empirical study across different settings

in the case of linear models which has not yet been explored in prior works. Recently,

alternative methods to find influential samples in deep networks have been proposed. In

[258], test-time predictions are explained by a kernel function evaluated at the training

samples. Influential training examples can also be obtained by tracking the change in

loss for a test-prediction through model-checkpoints, which are stored during the training

time [189]. While these alternative methods [189, 258] work well for deep networks in

interpreting model predictions, they lack the “jackknife" like ability of influence functions

which makes it useful in multiple applications other than interpretability (e.g. uncertainty

estimation).

2.2 Automatically Designing Difficult Few-Shot Benchmarks for Model

Reliability

Difficult tasks. Previous works [2, 12, 57] have shown that state-of-the-art few-shot

classifiers generally display a wide range in performance when adapting to different test tasks.

[2] use this observation to develop a greedy search-based algorithm that can specifically

extract difficult tasks for further study. They consider only meta-learning approaches

and, due to the computational requirements of a greedy search, are limited to small-scale

datasets including mini-ImageNet and CIFAR-FS. [12] also study difficult tasks through a

correlation-based analysis. We extend on both of these works by (i) proposing a scalable

algorithm – FastDiffSel that can extract difficult tasks from any large-scale vision dataset,

and (ii) conducting a deep empirical evaluation on the robustness of a broader range of
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meta-learning and transfer learning approaches on these difficult tasks. Potentially ideas

from subset selection [114, 247] can be adapted for few-shot task extraction, but we leave it

for future work.

Few-shot classification benchmarks. Meta-Dataset [230] and Hard-Meta-Dataset++ [65]

are two of the most challenging few-shot image classification benchmarks in the current

literature. They cover a wide range of domains and primarily evaluate the ability of a few-

shot classifier to generalise to novel object classes, datasets and domains. Other few-shot

benchmarks have been introduced to specifically target adaptation to images with high

real-world variation, including ORBIT [163] and cross-domain transfer beyond natural

images, including BSCD-FSL [89]. We note, however, that unlike HardMetaDataset, none

of these benchmarks specifically target difficult tasks for few-shot classification.

2.3 Mechanistically Understanding and Editing Text-to-Image Diffusion

Models

Text-to-Image Diffusion Models. In the last year, a large number of text-to-image models

such as Stable-Diffusion [197], DALLE [193] , Imagen [201] and others [16, 38, 59, 111]

have been released. In addition, the open-source community has released DeepFloyd1 and

Midjourney2 which can generate photorealistic images given a text prompt. While most of

these models operate in the latent space of the images, they differ in the text-encoder used.

For e.g., Stable-Diffusion uses CLIP for the text-encoder, whereas Imagen uses T5. These

text-to-image diffusion models have been used as a basis for various applications such as

image-editing, semantic-segmentation, object-detection, image restoration and zero-shot

classification.
1https://www.deepfloyd.ai
2https://www.midjourney.com/
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Intepretability of Text-to-Image Models. To our knowledge, few works delve into the

mechanisms of large text-to-image models like Stable-Diffusion. DAAM [221] interprets

diffusion models by analyzing cross-attention maps between text tokens and images, em-

phasizing their semantic accuracy for interpretation. In contrast, our approach focuses on

comprehending the inner workings of diffusion models by investigating the storage of visual

knowledge related to different attributes. We explore various model layers beyond just the

cross-attention layer. [23] leverage causal tracing to understand how knowledge is stored in

text-to-image models such as Stable-Diffusion-v1.

Editing Text-to-Image Models. Understanding knowledge storage in diffusion models

has significant implications for model editing. This ability to modify a diffusion model’s

behavior without retraining from scratch were first explored in Concept-Ablation [126]

and Concept-Erasure [78]. TIME [182] is another model editing method which translates

between concepts by modifying the key and value matrices in cross-attention layers. How-

ever, the experiments in [182] do not specifically target removing or updating concepts such

as those used in [78, 126]. We also acknowledge concurrent works [79] and [10] use a

closed-form update on the cross-attention layers and text-encoder respectively to ablate

concepts. However, we note that our work focuses primarily on first understanding how

knowledge is stored in text-to-image models and subsequently using this information to

design a closed-form editing method for editing concepts.

2.4 Mechanistically Understanding and Editing Multimodal Language

Models

Multimodal Large Language Models.. We consider a MLLM to be a model that takes

an image and text as input, and generates a text output [5]. Over the last year, such
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models have made tremendous advances in tasks like VQA and image captioning, including

BLIP [139], BLIP-2 [138], Instruct-BLIP [53], LLaVA [148, 149], Flamingo [8] and multi-

modal Phi-2 (from the Bunny repo) [94]. These MLLM can broadly be categorized into

two families based on how their visual information is integrated into the language model:

(i) by embedding the vision encoder’s output into each layer of the language model with a

cross-attention layer (e.g., Flamingo, BLIP) or, (ii) by mapping the vision encoder’s output

into “visual tokens” in the language model’s input space (i.e. alongside the text tokens)

via a projection layer (e.g., LLaVA, Bunny). Both families are widely used, however, the

projection layer family has recently shown stronger performance on popular benchmark [94,

148, 149]. We, therefore, focus our study of information storage and transfer on this model

family.

Interpretability of MLLMs. A well-established arm of model interpretability examines the

relationship between a model’s performance and its internals. A range of recent works have

studied the internal mechanisms of information storage [165, 167, 243] and transfer [83, 263]

in MLLM. However, to the best of our knowledge, only a few works [217, 225] have studied

the interpretability of MLLM, with none specifically investigating the relationship between

a model’s outputs and its internal states. [217], for example, designs an interactive interface

to visualize the attention maps in an MLLM, while [225] explores the shortcomings of the

CLIP vision encoder in MLLM. Neither consider the influence of both vision and text inputs

on model internals or offer causal insights, as our work does. Our model editing approach

which targets the projection layer MLLM family, is complemented by [46], who propose

baselines for inserting information into the cross-attention layer MLLM family.
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2.5 Mechanistically Understanding and Unlocking Zero-Shot Capabilities

in Vision Transformers

Several studies attempt to elucidate model predictions by analyzing either a subset of input

example through heatmaps [157, 205, 212, 219] or a subset of training examples [120, 183,

190]. Nevertheless, empirical evidence suggests that these approaches are often unreliable in

real-world scenarios [22, 115]. These methods do not interpret model predictions in relation

to the model’s internal mechanisms, which is essential for gaining a deeper understanding

of the reliability of model outputs.

Internal Mechanisms of Vision Models: Our work is closely related to the studies by [77]

and [238], both of which analyze vanilla ViTs in terms of their components and interpret

them using either CLIP text encoders or pretrained ImageNet heads. Like these studies,

our research can be situated within the emerging field of representation engineering [271]

and mechanistic interpretability [29, 32]. Other works [24, 86, 178] focus on interpreting

individual neurons to understand vision models’ internal mechanisms. However, these

methods often fail to break down the model’s output into its subcomponents, which is crucial

for understanding model reliability. [206] examine the direct effect of model weights on

output, but do not study the fine-grained role of these components in building the final image

representation. [17] focus on expressing CNN representations as a sum of contributions

from input regions via masking.

Interpreting models using CLIP: Many recent works utilize CLIP [191] to interpret

models via text. [170] align model representations to CLIP space with a linear layer, but

it is limited to only the final representation and can not be applied to model components.

[177] annotate individual neurons in CNNs via CLIP, but their method cannot be extended
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easily to high-dimensional component vectors. Our method is related to model stitching in

which one representation space is interpreted in terms of another by training a map between

two spaces [18, 134].

2.6 Mechanistic Circuits for Extractive Question-Answering

Circuit Based Interpretability in Language Models. With the advent of language models,

a lot of recent works have focused on a mechanistic understanding of language models [87,

144, 164, 166, 232]. One of the primary benefit of transformer based language models

is that the final logit representation can be decomposed as a sum of individual model

components [68]. Based on this decomposition, one can extract task-specific causal sub-

graphs (i.e., circuits) of internal model components in language models. Early works have

extracted such circuits for indirect-object identification [244], greater-than operation [91]

and more recently for entity-tracking [188]. Recently, there has been an increasing focus

on the practical aspects of mechanistic interpretability such as refusal mediation [11, 267]

or safety in general [272]. Circuits can also be constructed as sub-graphs of neurons in

the language model, but it often comes with increased complexity of interpretation [67].

In our paper, we focus on extracting circuits where the nodes are different architectural

components such as attention-heads, layers or MLPs.

Applications in Context-Augmented Question-Answering. With the advent of retrieval-

augmented generation [81, 135] language models have been increasingly used for real-world

Question-Answering (QA) tasks. One of the primary enhancement of context-augmented

QA lies in the ability to provide reliable grounding (i.e., attribution) in the context for the

generated answer [102, 113, 137, 257]. In the recent times, there have been a large set of

works which improve LLM responses by reducing hallucinations and improving grounding

in the input context [14, 252, 257, 265]. Our paper tests the ability of the mechanistic
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insights from circuits towards performing these applications.

2.7 Improving Compositionality in Multimodal Models

2.7.1 Compositionality in CLIP

While CLIP models [191] are renowned for their robust zero-shot classification, recent

research [60, 223] has exposed their limitations in visio-linguistic reasoning. In contrast,

recent studies have demonstrated that text-to-image models [41, 49, 125, 136] outperform

CLIP in reasoning tasks. These models in fact leverage scores computed from the diffusion

objective. We note that while [187] use score-distillation sampling for text to 3D generation,

ours is the first work to adapt the formulation as a regularizer and improve compositional

abilities in CLIP.

2.7.2 Compositionality in Text-to-Image Models

Compositionality in text-to-image models refers to the ability of a model to accurately

capture the correct compositions of objects, their corresponding attributes, and the rela-

tionships between objects described in a given prompt. [103] introduced a benchmark

designed to evaluate compositionality in text-to-image models, highlighting the limitations

of models when handling compositional prompts. The benchmark employs disentangled

BLIP-Visual Question Answering (VQA) as a metric for assessing image compositional

quality. The VQA score assesses how accurately an image captures the compositional

elements described in the prompt by utilizing a vision-language model. This metrics demon-

strates a closer correlation with human judgment compared to metrics like CLIP-Score

[97]. The authors also proposed a fine-tuning baseline to enhance compositionality in these

models. Alternatively, compositionality issues can be addressed at inference by modifying
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cross-attention maps using hand-crafted loss functions and bounding boxes derived from a

language model [1, 39, 73, 143, 150, 175, 245]. However, [103] showed that data-driven

fine-tuning is more effective for improving compositionality.

18



Chapter 3: Interpreting Test-Time Predictions With Influence Func-

tions

3.1 Introduction

Recently, there has been a rapid and significant success in applying machine learning

methods to a wide range of applications including vision [220], natural language processing

[204], medicine [158], finance [147], etc. In sensitive applications such as medicine, we

would like to explain test-time model predictions to humans. An important question is : why

the model makes a certain prediction for a particular test sample. One way to address this

is to trace back model predictions to its training data. More specifically, one can ask which

training samples were the most influential ones for a given test prediction.

Influence functions [51] from robust statistics measure the dependency of optimal model

parameters on training samples. Previously [119] used first-order approximations of influ-

ence functions to estimate how much model parameters would change if a training point

was up-weighted by an infinitesimal amount. Such an approximation can be used to identify

most influential training samples in a test prediction. Moreover, this approximation is similar

to the leave-one-out re-training, thus the first-order influence function proposed in [119]

bypasses the expensive process of repeated re-training the model to find influential training

samples in a test-time prediction.
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In some applications, one may want to understand how model parameters would change

when large groups of training samples are removed from the training set. This could be useful

to identify groups of training data which drive the decision for a particular test prediction.

As shown in [118], finding influential groups can be useful in real-world applications such

as diagnosing batch effects [253], apportioning credit between different data sources [13],

understanding effects of different demographic groups [42] or in a multi-party learning

setting [92]. [118] approximates the group influence by sum of first-order individual

influences over training samples in the considered group. However, removal of a large group

from training can lead to a large perturbation to model parameters. Therefore, influence

functions based on first-order approximations may not be accurate in this setup. Moreover,

approximating the group influence by adding individual sample influences ignores possible

cross correlations that may exist among samples in the group.

In this paper, we relax the first-order approximations of current influence functions and study

how second-order approximations can be used to capture model changes when a potentially

large group of training samples is up-weighted. Considering a training set S and a group

U ⊂S , existing first-order approximations of the group influence function [118] can be

written as the sum of first-order influences of individual points. That is,

I (1)(U ) =
|U |

∑
i=1

I
(1)

i

where I (1)(U ) is the first-order group influence function and I
(1)

i is the first-order influ-

ence for the ith sample in U . On the other hand, our proposed second-order group influence

function has the following form:

I (2)(U ) = I (1)(U )+I
′
(U )
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where I
′
(U ) captures informative cross-dependencies among samples in the group and

is a function of gradient vectors and the Hessian matrix evaluated at the optimal model

parameters. We present a more precise statement of this result in Theorem 1. We note that

the proposed second-order influence function can be computed efficiently even for large

models. We discuss its computational complexity in Section 3.4.

Our analysis shows that the proposed second-order influence function captures model

changes efficiently even when the size of the groups are relatively large or the changes

to the model parameters are significant as in the case of groups with similar properties.

For example, in an MNIST classification problem using logistic regression, when 50%

of the training samples are removed, the correlation between the ground truth estimate

and second-order influence values improves by over 55% when compared to the existing

first-order influence values. We note that higher-order influence functions have been used

in statistics [108] for point and interval estimates of non-linear functionals in parameteric,

semi-parametric and non-parametric models. However, to the best of our knowledge, this is

the first time, higher-order influence functions are used for the interpretability task in the

machine learning community.

Similar to [119] and [118], our main results for the second-order influence functions hold

for linear prediction models where the underlying optimization is convex. However, we

also additionally explore effectiveness of both first-order and second-order group influence

functions in the case of deep neural networks. We observe that none of the methods provide

good estimates of the ground-truth influence across different groups 1. In summary, we

make the following contributions:

• We propose second-order group influence functions that consider cross dependencies

1Note that experiments of [119] focus only on the most influential individual training samples.
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among the samples in the considered group.

• Through several experiments over linear models, across different sizes and types of

groups, we show that the second-order influence estimates have higher correlations

with the ground truth when compared to the first-order ones, especially when the

changes to the underlying model is relatively large.

• We also show that our proposed second-order group influence function can be used to

improve the selection of the most influential training group.

3.2 Background

We consider the classical supervised learning problem setup, where the task is to learn a

function h (also called the hypothesis) mapping from the input space X to an output space

Y . We denote the input-output pair as {x,y}. We assume that our learning algorithm is

given training examples S := {zi = (xi,yi)}m
i=1 drawn i.i.d from some unknown distribution

P . Let Θ be the space of the parameters of considered hypothesis class. The goal is to

select model parameters ` to minimize the empirical risk as follows:

min
θ∈Θ

L /0(θ) :=
1
|S | ∑

z∈S
ℓ(hθ (z)), (3.1)

where |S |= m, denotes the cardinality of the training set, the subscript /0 indicates that the

whole set S is used in training and ℓ is the associated loss function. We refer to the optimal

parameters computed by the above optimization as θ ∗. Let ∇θ L /0(θ) and Hθ∗ = ∇2
θ

L /0(θ)

be the gradient and the Hessian of the loss function, respectively.

First, we discuss the case where we want to compute the effect of an individual training

sample z on optimal model parameters as well as the test predictions made by the model.

The effect or influence of a training sample on the model parameters could characterized by
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removing that particular training sample and retraining the model again as follows:

θ
∗
{z} = argmin

`∈Θ

L{z}(θ) =
1

|S |−1 ∑
zi ̸=z

ℓ(h`(zi)) (3.2)

Then, we can compute the change in model parameters as ∆` = θ ∗{z}−θ ∗, due to removal of

a training point z. However, re-training the model for every such training sample is expensive

when |S | is large. Influence functions based on first-order approximations introduced by

[50, 51] was used by [119] to approximate this change. Up-weighting a training point z

by an infinitesimal amount ε leads to a new optimal model parameters, θ ε

{z}, obtained by

solving the following optimization problem:

θ
ε

{z} = argmin
θ∈Θ

1
|S | ∑

z∈S
ℓ(hθ (zi))+ εℓ(hθ (z)) (3.3)

Removing a point z is similar to up-weighting its corresponding weight by ε =− 1
|S | . The

main idea used by [119] is to approximate θ ∗{z} by minimizing the first-order Taylor series

approximation around θ ∗. Following the classical result by [51], the change in the model

parameters θ ∗ on up-weighting z can be approximated by the influence function [119]

denoted by I :

I (z) =
dθ ε

{z}
dε
|ε=0=−H−1

θ∗ ∇θ ℓ(hθ∗(z)) (3.4)

A detailed proof can be found in [119]. Using the given formulation, we can track the change

with respect to any function of θ ∗. The change in the test loss for a particular test point zt

when a training point z is up-weighted can be approximated as a closed form expression:

I (z,zt) =−∇θ ℓ(hθ∗(zt))
T H−1

θ∗ ∇θ ℓ(hθ∗(z)) (3.5)

This result is based on the assumption [119] that the loss function L(θ) is strictly convex in
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the model parameters θ and the Hessian Hθ∗ is therefore positive-definite. This approxima-

tion is very similar to forming a quadratic approximation around the optimal parameters

θ ∗ and taking a single Newton step. However explicitly computing Hθ∗ and it’s inverse

H−1
θ∗ is not required. Using the Hessian-vector product rule [185] influence functions can be

computed efficiently.

3.3 Group Influence Function

Our goal in this section is to understand how the model parameters would change if a

particular group of samples was up-weighted from the training set. However, up-weighting

a group can lead to large perturbations to the training data distribution and therefore model

parameters, which does not follow the small perturbation assumption of the first-order

influence functions. In this section, we extend influence functions using second-order

approximations to better capture changes in model parameters due to up-weighting a group

of training samples.

The empirical risk minimization (ERM) when we remove U samples from training can be

written as:

LU (`) =
1

|S |−|U | ∑
z∈S \U

ℓ(hθ (z)) (3.6)

To approximate how optimal solution of this optimization is related to θ ∗, we study the

effect of up-weighting a group of training samples on model parameters. Note that in this

case, updated weights should still be a valid distribution, i.e. if a group of training samples

has been up-weighted, the rest of samples should be down-weighted to preserve the sum to

one constraint of weights in the ERM formulation. In the individual influence function case

(when the size of the group is one), up-weighting a sample by ε leads to down-weighting

other samples by ε/(m− 1) whose effect can be neglected similar to the formulation of
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[119]. In our formulation for the group influence function, we assume that the weights of

samples in the set U has been up-weighted all by ε and use p = |U |
|S | to denote the fraction of

up-weighted training samples. This leads to a down-weighting of the rest of training samples

by ε̃ = |U |
|S |−|U |ε , to preserve the empirical weight distributioxn of the training data. This is

also important in order to have a fair comparison with the ground-truth leave-out-retraining

estimates. Therefore, the resulting ERM can be written as:

θ
ε

U = argmin
θ

Lε

U (θ)

where

Lε

U (θ) =
1
|S |

(
∑

z∈S \U
(1− ε̃)ℓ(hθ (z)) (3.7)

+ ∑
z∈U

(1+ ε)ℓ(hθ (z))
)
.

Or equivalently In the above formulation, if ε = 0 we get the original loss function L /0(`)

(where none of the training samples are removed) and if ε =−1, we get the loss function

LU (`) (where samples are removed from training).

Let θ ε

U denote the optimal parameters for Lε

U minimization. Essentially we are concerned

about the change in the model parameters (i.e. ∆θ = θ ε

U −θ ∗) when each training sample

in a group of size |U | is upweighted by a factor of ε . The key step of the derivation is to

expand θ ε

U around θ ∗ (the minimizer of L0
U (θ), or L /0(θ)) with respect to the order of ε , the

upweighting parameter. In order to do that, we use the perturbation theory [15] to expand

`ε

U around θ ∗.

Frequently used in quantum mechanics and also in other areas of physics such as parti-
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cle physics, condensed matter and atomic physics, perturbation theory finds approximate

solution to a problem (θ ε

U ) by starting from the exact solution of a closely related and

simpler problem (θ ∗). As ε gets smaller and smaller, these higher order terms become less

significant. However, for large model perturbations (such as the case of group influence

functions), using higher-order terms can reduce approximation errors significantly. The

following perturbation series forms the core of our derivation for second-order influence

functions:

θ
ε

U −θ
∗ = O(ε)θ (1)+O(ε2)θ (2)+O(ε3)θ (3)+ · · · (3.8)

where θ (1) characterizes the first-order (in ε) perturbation vector of model parameters while

θ (2) is the second-order (in ε) model perturbation vector. We hide the dependencies of these

perturbation vectors to constants (such as |U |) with the O(.) notation.

In the case of computing influence of individual points, as shown by [119], the scaling of

θ (1) is in the order of 1/|S | while the scaling of the second-order coefficient is 1/|S |2

which is very small when S is large. Thus, in this case, the second-order term can be

ignored. In the case of computing the group influence, the second-order coefficient is in the

order of |U |2/|S |2, which can be large when the size of U is large. Thus, in our definition

of the group influence function, both θ (1) and θ (2) are taken into account.

The first-order group influence function (denoted by I (1)) when all the samples in a group

U are up-weighted by ε can be defined as:

I (1)(U ) =
∂θ ε

U

∂ε
|ε=0

=
∂ (θ ∗+O(ε)θ (1)+O(ε2)θ (2))

∂ε
|ε=0= θ

(1)
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To capture the dependency of the terms in O(ε2), on the group influence function, we define

I
′
as follows:

I
′
(U ) =

∂ 2θ ε

U

∂ε2 |ε=0

=
∂ 2(θ ∗+O(ε)θ (1)+O(ε2)θ (2))

∂ε2 |ε=0= θ
(2)

Although one can consider even higher-order terms, in this paper, we restrict our derivations

up to the second-order approximations of the group influence function. We now state our

main result in the following theorem:

Theorem 1. If the third-derivative of the loss function at θ ∗ is sufficiently small, the second-

order group influence function (denoted by I (2)(U )) when all samples in a group U are

up-weighted by ε is:

I (2)(U ) = I (1)(U )+I
′
(U ) (3.9)

where:

I (1)(U ) =− 1
1− p

1
|S |

H−1
θ∗ ∑

z∈U
∇ℓ(hθ∗(z))

and

I
′
(U ) =

p
1− p

(
I− (∇2L /0(θ

∗))−1 1
|U | ∑

z∈U
∇

2ℓ(hθ∗(z))
)

θ
(1)

This result is based on the assumption that the third-order derivatives of the loss function

at θ ∗ is small. For the quadratic loss, the third-order derivatives of the loss are zero. Our

experiments with the cross-entropy loss function indicates that this assumption approxi-

mately holds for the classification problem as well. Below, we present a concise sketch of
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Figure 3.1: Comparison of first-order and second-order group influences in case of synthetic
dataset with 10,000 samples using logistic regression for a mis-classified test point. Across
different sizes of groups which were randomly selected, it can be observed that the second-
order influence values are more correlated with the ground truth than that of the first-order
ones. The green line highlights the y = x line.

this result.

Proof Sketch. We now derive θ (1) and θ (2) to be used in the second order group influence

function I (2)(U ). As θ ε

U is the optimal parameter set for the interpolated loss function

Lε

U (θ), due to the first-order stationary condition, we have the following equality:

0 = ∇Lε

U (θ ε

U ) =∇L /0(θ
ε

U ) (3.10)

+
1
|S |

(−ε̃ ∑
z∈S \U

+ε ∑
z∈U

)∇ℓ(hθ ε
U
(z))

The main idea is to use Taylor series for expanding ∇L /0(θ
ε

U ) around θ ∗ along with the

perturbation series defined in Equation (3.8) and compare the terms of the same order in ε:

∇L /0(θ
ε

U ) = ∇L /0(θ
∗)+∇

2L /0(θ
∗)(θ ε

U −θ
∗)+ . . . (3.11)

Similarly, we expand ∇ℓ(hθ ε
U
(z)) around θ ∗ using Taylor series expansion. To derive θ (1)
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we compared terms with the coefficient of O(ε) in Equation (3.10) and for θ (2) we compared

terms with coefficient O(ε2). Based on this, θ (1) can be written in the following way:

θ
(1) =− 1

1− p
1
|S |

H−1
θ∗ ∑

z∈U
∇ℓ(hθ∗(z)) (3.12)

We expand Equation(3.10) and compare the terms with coefficient O(ε):

ε∇
2L /0(θ

∗)θ (1)

=
1
|S |

(ε̃ ∑
z∈S \U

−ε ∑
z∈U

)∇ℓ(hθ∗(z))

= ε̃∇L /0(θ
∗)− 1
|S |

(ε̃ + ε) ∑
z∈U

∇ℓ(hθ∗(z))

=− 1
|S |

(ε̃ + ε) ∑
z∈U

∇ℓ(hθ∗(z))

=− 1
|S |

1
(1− p)

ε ∑
z∈U

∇ℓ(hθ∗(z)) (3.13)

θ (1) is the first-order approximation of group influence function and can be denoted by

I (1). Note that our first-order approximation of group influence function I (1), is slightly

different from [118] with an additional 1− p in the denominator. For θ (2) we compare the

terms with coefficients of the same order of O(ε2) in Equation (3.10):

ε
2
∇

2L /0(θ
∗)θ (2)+

1
2

L
′′′
/0 (θ

∗)[εθ
(1),εθ

(1), I]

+
1
|S |

(−ε̃ ∑
S \U

+ε ∑
U

)∇2ℓ(hθ∗(z))(εθ
(1))

= 0 (3.14)

For the θ (2) term, we ignore the third-order term 1
2L
′′′
/0 (θ

∗)[εθ (1),εθ (1), I] due to it being

small. Now we substitute the value of ε̃ and equate the terms with coefficient in the order of
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O(ε2):

∇
2L /0(θ

∗)θ (2) =
|U |

|S |−|U |

( 1
|S | ∑

z∈S
∇

2ℓ(hθ∗(z)) (3.15)

− 1
|U | ∑

z∈U
∇

2ℓ(hθ∗(z))
)

θ
(1)

Rearranging the Equation (3.15), we get the same identity as I
′
in Theorem (1).

It can be observed that the additional term (I
′
) in our second-order approximation captures

cross-dependencies among the samples in U through a function of gradients and Hessians

of the loss function at the optimal model parameters. This makes the second-order group

influence function to be more informative when training samples are correlated. In Section

(3.5), we empirically show that the addition of I
′

improves correlation with the ground

truth influence as well.

For tracking the change in the test loss for a particular test point zt when a group U is

removed, we use the chain rule to compute the influence score as follows:

I (2)(U ,zt) = ∇ℓ(hθ∗(zt))
T
(
I (1)(U )+I

′
(U )

)
(3.16)

Our second-order approximation of group influence function consists of a first-order term

that is similar to the one proposed in [118] with an additional scaling term 1/(1− p). This

scaling is due to the fact that our formulation preserves the empirical weight distribution

constraint in ERM, which is essential when a large group is up-weighted. The second-order

influence function has an additional term I
′
that is directly proportional to p and captures
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Figure 3.2: Group size vs the correlation with the ground truth on MNIST for logistic
regression with random groups (left panel) and coherent groups (right panel).

large perturbations to the model parameters more effectively.

3.4 Computational Complexity

For models with a relatively large number of parameters, computing the inverse of the

Hessian H−1
θ∗ can be expensive and is of the order of O(n3). However, computing the Hessian-

vector product [185] is relatively computationally inexpensive. In our experiments similar

to [40, 118, 119], we used conjugate gradients (a second-order optimization technique)

[209] to compute the inverse Hessian-vector product which uses a Hessian-vector product

in the routine thus saving the expense for inverting the Hessian directly. The proposed

second-order group influence function can be computed similarly to the first-order group

influence functions with only an additional step of Hessian-vector product.
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3.5 Experiments

3.5.1 Setup

Our goal through the experiments is to observe if the second-order approximations of group

influence functions improve the correlation with the ground truth estimate across different

settings. We compare the computed second-order group influence score with the ground truth

influence (which is computed by leave-k-out retraining for a group with size k). Our metric

for evaluation is the Pearson correlation which measures how linearly the computed influence

and the actual ground truth estimate are related. We perform our experiments primarily

on logistic regression where the group influence function is well-defined. Additionally we

also check the accuracy of first-order and second-order group influence functions in case of

neural networks.

3.5.2 Datasets

To understand the accuracy of both first-order and second-order group influence functions on

linear models we use two datasets. In our first experiments, we use a synthetic dataset along

with logistic regression. The synthetic dataset has 10,000 points drawn from a Gaussian

distribution, consisting of 5 features and 2 classes. The details for the synthetic data can

be found in the Appendix. The second set of experiments are done with the standard

handwritten digits database MNIST [131] which consists of 10 classes of different digits.

For understanding how group influence functions behave in case of the neural networks

we use the MNIST dataset. For each of the two datasets, we pick random groups as well

coherent groups as in [118] with sizes ranging from 1.6% to 60% of the entire training

points. The computed group influence was primarily investigated for a test-point which was

misclassified by the model. A detailed description of how the groups were selected in our
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experiments is given in the Appendix. For the optimal group selection we used a synthetic

dataset consisting of 20,000 training points consisting of 5 features in the form of 4 isotropic

Gaussian blobs.

3.5.3 Observations and Analysis

Linear Models

For logistic regression, the general observation for the randomly selected groups was that

the second-order group influence function improves the correlation with the ground truth

estimates across different group sizes in both the synthetic dataset as well as MNIST. For

the synthetic dataset, in Figure (3.1), it can be observed that the approximation provided by

the second-order group influence function is fairly close to the ground truth when a large

fraction of the training data (60 %) is removed. In such cases of large group sizes, the

first-order approximation of group influence function is relatively inaccurate and far from the

ground truth influence. This observation is consistent with the small perturbation assumption

of first-order influence functions. However, in cases of smaller group sizes, although the

second-order approximation improves over existing first-order group influence function,

the gain in correlation is small. In case of MNIST, the observation was similar where the

gain in correlation was significant when the size of the considered group was large. For

e.g. it can seen in Figure (3.2), that when more than 36% of the samples were removed, the

gain in correlation is almost always more than 40%. While the improvement in correlation

for larger group sizes is consistent with our theory that the second-order approximation is

effective in the case of large changes to the model, the gain in correlation is non-monotonic

with respect to the group sizes. For groups of small size, selected uniformly at random, the

model parameters do not change significantly and the second-order approximation improves

only marginally over the existing first-order approximation. However, when a coherent

33



group (a group having training examples from the same class) of even a relatively small

size is removed, the perturbation to the model is larger (as the model parameters can change

significantly in a particular direction) than if a random group is removed. In such settings,

we observe that even for small group sizes, the second-order approximation consistently

improves the correlation with the ground-truth significantly (Figure (3.2)). For coherent

groups, across different group sizes of the MNIST dataset, we observed an improvement in

correlation when the second-order approximation was used. Across different group sizes we

observed that the gain in correlation is at least 15%. These observations (shown in Figure

(3.2)) reinforces our theory that the second-order (or rather higher-order) approximations of

influence functions are particularly effective when the perturbation or changes in the model

parameters are significantly large. The second-order approximation of the influence function

could thus be used over existing first-order approximations in practical purposes such as

understanding the behaviour of training groups with similar properties (e.g. demographic

groups) on model predictions, without the need to actually retrain the model again.

Neural Networks

In case of neural networks, the Hessian is not positive semi-definite in general, which

violates the assumptions of influence functions. Previously [119] regularized the Hessian

in the form of Hθ∗+λ I, and had shown that for the top few influential training points (not

groups) and for a given test point, the correlation with the ground truth influence is still

satisfactory, if not highly significant. However, how influence functions behave in the case

of groups, is a topic not yet well explored. For MNIST, we used a regularized Hessian

with a value of λ = 0.01 and conducted experiments for a relatively simple two hidden

layered feed-forward network with sigmoid activations for both first-order and second-order

group influence functions. The general observation was that both existing first and proposed
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second-order group influence functions underestimate the ground truth influence values

across different group sizes, leading to a non-significant correlation. The corresponding

Figure can be referred to in the Appendix. However, we observed that while the second-order

influence values still suffer from the underestimation issue, they improve the correlation

marginally across different group sizes. This observation was consistent in cases of both

random and coherent group selections.

3.6 Conclusion for Second-Order Group Influence Functions

In this paper, we proposed second-order group influence functions for approximating model

changes when a group from the training set is removed. Empirically, in the case of linear

models, across different group sizes and types, we showed that the second-order influence

has a higher correlation with ground truth values compared to the first-order ones and is more

effective than existing first-order approximations. Our observation was that the second-order

influence is significantly informative when the changes to the underlying model is relatively

large. We showed that the proposed second-order group influence function can be practically

used in conjunction with optimization techniques to select the most influential group in

the training set for a particular test prediction. For non-linear models such as deep neural

networks, we observed that both first-order and second-order influence functions lead to a

non-significant correlation with the ground truth across different group sizes (although the

correction values for the second-order method was marginally better). Developing accurate

group influence functions for neural networks or training neural networks to have improved

influence functions and also extending group influence functions to the transfer learning

setting as in [40] are among directions for future work.
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3.7 Influence Functions in Deep Learning

In machine learning, influence functions [51] can be used to estimate the change in model

parameters when the empirical weight distribution of the training samples is perturbed

infinitesimally. This approximation is cheaper to compute compared to the expensive

process of repeatedly re-training the model to retrieve the exact parameter changes. Influence

functions could thus be used to understand the effect of removing an individual training

point (or, groups of training samples) on the model predictions at the test-time. Leveraging

a first-order Taylor’s approximation of the loss function, [119] has shown that a (first-order)

influence function, computed using the gradient and the Hessian of the loss function, can be

useful to interpret machine learning models, fix mislabelled training samples and create data

poisoning attacks.

Influence functions are in general well-defined and studied for models such as logistic

regression [119], where the underlying loss-function is convex. For convex loss functions,

influence functions are also accurate even when the model perturbations are fairly large

(e.g. in the group influence case [118]). However, when the convexity assumption of

the underlying loss function is violated, which is the case in deep learning, the behaviour

of influence functions is not well understood and is still an open area of research. With

recent advances in computer vision [220], natural language processing [204], high-stakes

applications such as medicine [158], it has become particularly important to interpret deep

model predictions. This makes it critical to understand influence functions in the context of

deep learning, which is the main focus of our paper.

Despite their non-convexity, it is sometimes believed that influence functions would work

for deep networks. The excellent work of [119] successfully demonstrated one example

of influence estimation for a deep network, a small (2600 parameters), "all-convolutional"
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network. To the best of our knowledge, this is the one of the few cases for deep networks

where influence estimation has been shown to work. A question of key importance to

practitioners then arises: for what other classes of deep networks does influence estimation

work? In this work, we provide a comprehensive study of this question and find a pessimistic

answer: influence estimation is quite fragile for a variety of deep networks.

In the case of deep networks, several factors might have an impact on influence estimates: (i)

due to non-convexity of the loss function, different initializations of the perturbed model can

lead to significantly different model parameters (with approximately similar loss values);

(ii) even if the initialization of the model is fixed, the curvature values of the network (i.e.

eigenvalues of the Hessian matrix) at optimal model parameters might be very large in very

deep networks, leading to a significant Taylor’s approximation error of the loss function

and thus resulting in poor influence estimates; (iii) for large neural networks, computing the

exact inverse-Hessian Vector product, required in computation of influence estimates, can be

computationally very expensive. Thus, one needs to use approximate inverse-Hessian Vector

product techniques which might be erroneous; resulting in low quality influence estimates;

and finally (iv) different architectures can have different loss landscape geometries near the

optimal model parameters, leading to varying influence estimates.

In this paper, we study aforementioned issues of using influence functions in deep learning

through an extensive experimental study on progressively-growing complex models and

datasets. We first start our analysis with a case study of a small neural network for the Iris

dataset where the exact Hessian matrix can be computed. We then progressively increase the

complexity of the network and analyse a CNN architecture (depth of 6) trained on 10% of

MNIST dataset, similar to [119]. Next, we evaluate the accuracy of influence estimates for

more complex deep architectures (e.g. ResNets) trained on MNIST and CIFAR-10. Finally,

we compute influence estimates on the ImageNet dataset using ResNet-50.
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We make the following observations through our analysis:

• We find that the network depth and width have a strong impact on influence estimates.

In particular, we show that influence estimates are fairly accurate when the network

is shallow, while for deeper models, influence estimates are often erroneous. We

attribute this partially to the increasing curvature values of the network as the depth

increases.

• We observe that the weight decay regularization is important to obtain high quality

influence estimates in certain architectures and datasets.

• We show that the inverse-Hessian Vector product approximation techniques such as

stochastic estimation [4] are erroneous, especially when the network is deep. This can

contribute to the low quality of influence estimates in deep models.

• We observe that the choice of test-point has a significant impact on the quality of

influence estimates, across different datasets and architectures.

• In very large-scale datasets such as ImageNet, we have found that even ground-truth

influence estimates (obtained by leave-one-out re-training) can be inaccurate and

noisy partially due to the model’s training and convergence.

These results highlight sensitivity of current influence functions in deep learning and call

for developing robust influence estimators to be used in large-scale machine learning

applications.

3.8 Basics of Influence Function

Consider h to be a function parameterized by θ which maps from an input feature space

X to an output space denoted by Y . The training samples are denoted by the set S =

{zi : (xi,yi)}n
i=1, while the loss function is represented by ℓ(hθ (z)) for a particular training
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Figure 3.3: Iris dataset experimental results - (a,b) Comparison of norm of parameter
changes computed with influence function vs re-training; (a) trained with weight-decay; (b)
trained without weight-decay. (c) Spearman correlation vs. network depth. (d) Spearman
correlation vs. network width.

example z. The standard empirical risk minimization solves the following optimization

problem:

θ
∗ = argmin

θ

1
n

n

∑
i=1

ℓ(hθ (zi)). (3.17)

Up-weighting a training example z by an infinitesimal amount ε leads to a new set of model

parameters denoted by θ ε

{z}. This set of new model parameters θ ε

{z} is obtained by solving:

θ
ε

{z} = argmin
θ

1
n

n

∑
i=1

ℓ(hθ (zi))+ εℓ(hθ (z)). (3.18)

Removing a training point z is similar to up-weighting its corresponding weight by ε =−1/n

in Equation(3.18). The main idea used by [119] is to approximate θ ε

{z} by the first-order

Taylor series expansion around the optimal model parameters represented by θ ∗, which

leads to:

θ
ε

{z} ≈ θ
∗− εH−1

θ∗ ∇θ ℓ(hθ∗(z)), (3.19)

where Hθ∗ represents the Hessian with respect to model parameters θ ∗. Following the

classical result of [51], the change in the model parameters (∆θ = θ ε

{z}−θ ∗) on up-weighting

the training example z can be approximated by the influence function (I (z)) as follows:
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I (z) =
dθ ε

{z}
dε
|ε=0=−H−1

θ∗ ∇θ ℓ(hθ∗(z)) . (3.20)

The change in the loss value for a particular test point zt when a training point z is up-

weighted can be approximated as a closed form expression by the chain rule [119]:

I (z,zt) =−∇ℓ(hθ∗(zt))
T H−1

θ∗ ∇ℓ(hθ∗(z)). (3.21)

I (z,zt)/n is approximately the change in the loss for the test-sample zt when a training

sample z is removed from the training set. This result is, however, based on the assumption

that the underlying loss function is strictly convex in the model parameters θ and the Hessian

Hθ∗ is a positive-definite matrix [119]. For large models, inverting the exact Hessian Hθ∗ is

expensive. In such cases, the inverse-Hessian Vector product can be computed efficiently

with a combination of Hessian-vector product [185] and optimization techniques (see

Appendix for details).

3.9 What Can Go Wrong for Influence Functions In Deep Learning?

First-order influence functions [119] assume that the underlying loss function is convex

and the change in model parameters is small when the empirical weight distribution of

the training data is infinitesimally perturbed. In essence, this denotes the Taylor’s gap

in Equation (3.19) to be small for an accurate influence estimate. However in the case

of non-convex loss functions, this assumption is not generally true. Empirically, we find

that the Taylor’s gap is strongly affected by common hyper-parameters for deep networks.

For example, in Fig. (3.3)-(a,b), we find that for networks trained without a weight-decay

regularization on Iris, the Taylor’s gap is large resulting in low quality influence estimates.

In a similar vein, when the network depth and width is significantly large (i.e. the over-

parameterized regime), the Taylor’s gap increases and substantially degrades the quality of
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influence estimates (Fig. (3.4)). Empirically this increase in Taylor’s gap strongly correlates

with the curvature values of the loss function evaluated at the optimal model parameters as

observed in Fig. (3.4-(b)).

Further complications may arise for larger models, where influence estimations in such

settings require an additional approximation to compute the inverse-Hessian vector product.

Nonetheless, we observe in Fig. (3.4)-(a), that on Iris this approximation has only a marginal

impact on the influence estimation. These results show that that network architecture,

hyper-parameters, and loss curvatures are significant factors for proper influence estimations.

In the next section, we discuss these issues in details through controlled experiments on

datasets and models of increasing complexity.

3.10 Experiments

Datasets: We first study the behaviour of influence functions in a small Iris dataset [9],

where the exact Hessian can be computed. Further, we progressively increase the complexity

of the model and datasets: we use small MNIST [119] to evaluate the accuracy of influence

functions in a small CNN architecture with a depth of 6. Next, we study influence functions

on modern deep architectures trained on the standard MNIST [131] and CIFAR-10 [124]

datasets. Finally, to understand how influence functions scale to large datasets, we use

ImageNet [55] to compute the influence estimates.

Evaluation Metrics: We evaluate the accuracy of influence estimates at a given test point

zt using both Pearson [116] and Spearman rank-order correlation with the ground-truth

(obtained by re-training the model) across a set of training points. Most of the existing

interpretability methods desire that influential examples are ranked in the correct order of

their importance [84]. Therefore, to evaluate the accuracy of influence estimates, Spearman
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correlation is often a better choice.

3.10.1 Understanding Influence Functions when the Exact Hessian Can be

Computed

Setup: Computing influence estimates with the exact Hessian has certain advantages in

our study: a) it bypasses inverse-Hessian Vector product approximation techniques which

induce errors in computing influence estimates. Thus, we can compare influence estimates

computed with exact vs. approximate inverse-Hessian Vector products to quantify this type

of error; b) The deviation of the parameters computed with the influence function from the

exact parameters can be computed exactly. This information can be useful to further quantify

the error incurred by (first-order) influence estimates in the non-convex setup. However,

computations of the exact Hessian matrix and its inverse are only computationally feasible

for models with small number of parameters. Thus, we use the Iris dataset along with a

small feed-forward neural network to analyse the behaviour of influence function computed

with the exact Hessian in a non-convex setup. We train models to convergence for 60k

iterations with full-batch gradient descent. To obtain the ground-truth estimates, we re-train

the models for 7.5k steps, starting from the optimal model parameters. For our analysis,

we choose the test-point with the maximum loss and evaluate the accuracy of influence

estimates with the ground-truth amongst of the top 16.6% of the training points. Through

our experiments with the exact Hessian, we answer some relevant questions related to how

properties of the network such as depth, width and regularizers (e.g. weight-decay) affect

the influence estimates.

The Effect of Weight-Decay: One of the simpler and common regularization techniques

used to train neural networks is weight-decay regularization. In particular, a term λ∥θ∥2
2,

penalizing the scaled norm of the model parameters is added to the objective function,
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Figure 3.4: Iris dataset experimental results; (a) Spearman correlation of influence estimates
with the ground-truth estimates computed with stochastic estimation vs. exact inverse-
Hessian vector product. (b) Top eigenvalue of the Hessian vs. the network depth. (c)
Spearman correlation between the norm of parameter changes computed with influence
function vs. re-training.

during training, where λ is a hyperparameter which needs to be tuned. We train a simple

feed-forward network2 with and without weight-decay regularization. For the network

trained with weight-decay, we observe a Spearman correlation of 0.97 between the influence

estimates and the ground-truth estimates. In comparison, for the network trained without

a weight-decay regularization, the Spearman correlation estimates decrease to 0.508. In

this case, we notice that the Hessian matrix is singular, thus a damping factor of 0.001

is added to the Hessian matrix, to make it invertible. To further understand the reason

for this decrease in the quality of influence estimates, we compare the following metric

across all training examples: a) Norm of the model parameter changes computed by re-

training; b) Norm of the model parameter changes computed using the influence function (i.e.

∥H−1
θ∗ ∇ℓ(zi)∥2 ∀i ∈ [1,n]) (Fig. 3.3-(a,b)). We observe that when the network is trained

without weight-decay, changes in model parameters computed with the influence function

have a significantly larger deviation from those computed using re-training. This essentially

suggests that the gap in Taylor expansion, using (first-order) influence estimates is large,

when the model is trained without weight-decay. We observe similar results with smooth

activation functions such as tanh (see the Appendix for details).

2With width of 5, depth of 1 and ReLU activations
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The Effect Of Network Depth: From Fig. 3.3-(c), we see that network depth has a

dramatic effect on the quality of influence estimates. For example, when the depth of the

network is increased to 8, we notice a significant decrease in the Spearman correlation

estimates. To further our understanding about the decrease in the quality of influence

estimates when the network is deeper, we compute the gap in the approximation between the

ground-truth parameter changes (computed by re-training) and the approximate parameter

changes (computed using the influence function). To quantify the error gap, we compute

the Spearman correlation estimates between the norm of true and approximate parameter

changes across the top 16.6% of the influential examples. We find that with increasing

depth, the Spearman correlation estimates between the norm of the true and approximate

parameter changes decrease. From Fig. 3.4-(c), we see that the approximation error gap is

particularly large when the depth of the network is more than 5. We also notice a consistent

increase in the curvature of the loss function (Fig. 3.4-(b)), as the network becomes deeper.

This possibly suggests that the curvature information of the network can be an upper bound

in the approximation error gap between the true parameters and the ones computed using

the influence function. Even in case of non-smooth activation functions like ReLU, we have

a similar observation. (see the Appendix for more details).

The Effect Of Network Width: To see the effect of the network width on the quality

of influence estimates, we evaluate the influence estimates for a feed-forward network of

constant depth, by progressively increasing its width. From Fig. 3.3-(d), we observe that

with an increase in network width, the Spearman correlation decreases consistently. For

example, we find that the Spearman correlation decreases from 0.82 to 0.56, when the width

of the network is increased from 8 to 50. This observation suggests that over-parameterizing

a network by increasing its width has a strong impact in the quality of influence estimates.

The Effect of Stochastic Estimation on inverse-Hessian Vector Product: For large deep
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Figure 3.5: Experiments on small MNIST using a CNN architecture. (a) Estimation of
influence function with and without weight decay on (a) the top influential points, (b)
training points at 30th percentile of influence score distribution. (c) Correlation vs the weight
decay factor (evaluated on the top influential points).

networks, the inverse-Hessian Vector product is computed using stochastic estimation[3], as

the exact Hessian matrix cannot be computed and inverted. To understand the effectiveness

of stochastic approximation, we compute the influence estimates with both the exact Hessian

and stochastic estimation. We observe that across different network depths, the influence

estimates computed with stochastic estimation have a marginally lower Spearman correlation

when compared to the ones computed with the exact Hessian. From Fig. 3.4-(a), we find

that the error in the approximation is more, when the network is deeper.

3.10.2 Understanding Influence Functions in Shallow CNN Architectures

Setup: In this section, we perform a case study using a CNN architecture3 on the small

MNIST dataset (i.e. 10% of MNIST); a similar setup used in [119]. To assess the accuracy

of influence estimates, we select a set of test-points with high test-losses computed at the

optimal model parameters. For each of the test points, we select 100 training samples with

the highest influence scores and compute the ground-truth influence by re-training the model.

3The model has 2600 parameters and is trained for 500k iterations to reach convergence with the optimal
model parameters `∗. The ground-truth estimates are obtained by re-training the models from the optimal
parameter set `∗ for 30k iterations. When trained with a weight-decay, a regularization factor of 0.001 is used.
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We also select 100 training points with influence scores at the 30th percentile of the entire

influence score distribution. These training points have low influence scores and a lower

variance in their scores when compared to the top influential points. The model is trained

with and without weight-decay regularization.

When trained with a weight-decay and evaluated based on the top influential points, we find

that the correlation estimates are consistently significant (Fig. 3.5-(a)). This is consistent

with the results reported in [119]. However, when the evaluation is done with the set of

training samples at the 30th percentile of the influence score distribution, the correlation

estimates decrease significantly (Fig. 3.5-(b)). This shows that influence estimates of

only the top influential points are precise when compared to ground-truth re-trainings.

Furthermore, without the weight-decay regularization, influence estimates in both cases are

poor across all the test-points (Fig. 3.5-(a,b)).

To further understand the impact of weight-decay on influence estimates, we train the

network with different weight-decay regularization factors. From Fig. 3.5-(c), we see that

the selection of weight-decay factor is important in getting high-quality influence estimates.

For this specific CNN architecture, we notice that the correlations start decreasing when

the weight-decay factor is greater than 0.01. Moreover, from Fig. 3.5-(a,b), we find that

the selection of test-point also has a strong impact on the quality of influence estimates.

For example, when the network is trained with weight-decay and the influence estimates

are computed for top influential training points, we notice that the Spearman correlation

estimates range from 0.92 to 0.38 across different test-points and have a high variance.

These results show that despite some successful applications of influence functions in this

non-convex setup, as reported in [119], their performances are very sensitive to hyper-

parameters of the experiment as well as to the training procedure. In the next two sections,
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we assess the quality of influence estimates on more complex architectures and datasets

including MNIST, CIFAR-10 and ImageNet. In particular, we desire to understand, if the

insights gained from experiments on smaller networks can be generalized to more complex

networks and datasets.

3.10.3 Understanding Influence Functions in Deep Architectures

Setup: In this section, we evaluate the accuracy of influence estimates using MNIST and

CIFAR-10 datasets across different network architectures including small CNN[119], LeNet

[132], ResNets [93], and VGGNets [211]4. To compute influence estimates, we choose two

test points for each architecture: a) the test-point with the highest loss, and b) the test-point

at the 50th percentile of the losses of all test points. For each of these two test points, we

select the top 40 influential training samples and compute the correlation of their influence

estimates with the ground-truth estimates. To compute the ground-truth influence estimates,

we follow the strategy of [119], where we re-train the models from optimal parameters for

6% of the steps used for training the optimal model. When the networks are trained with a

weight-decay regularization, we use a constant weight-decay factor of 0.001 across all the

architectures (see Appendix for more details).

Results On MNIST: From Table 3.1, we observe that for the test-point with the highest loss,

the influence estimates in the small CNN and LeNet architectures (trained with the weight-

decay regularization) have high qualities. These networks have 2.6k and 44k parameters,

respectively, and are relatively smaller and less deep than the other networks used in our

experimental setup. As the depth of the network increases, we observe a consistent decrease

in quality of influence estimates. For the test-point with a loss at the 50th percentile of

test-point losses, we observe that influence estimates only in the small CNN architecture

4For CIFAR-10, evaluations on small CNN have not been performed due to the poor test accuracy.
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Dataset MNIST CIFAR-10
A
(With
Decay)

B
(With
Decay)

A
(Without
Decay)

A
(With
Decay)

B
(With
Decay)

A
(Without
Decay)

Architecture P S P S P S P S P S P S
Small CNN 0.95 0.87 0.92 0.82 0.41 0.35 - - - - - -

LeNet 0.83 0.51 0.28 0.29 0.18 0.12 0.81 0.69 0.45 0.46 0.19 0.09
VGG13 0.34 0.44 0.29 0.18 0.38 0.31 0.67 0.63 0.66 0.63 0.79 0.73
VGG14 0.32 0.26 0.28 0.22 0.21 0.11 0.61 0.59 0.49 0.41 0.75 0.64

ResNet18 0.49 0.26 0.39 0.35 0.14 0.11 0.64 0.42 0.25 0.26 0.72 0.69
ResNet50 0.24 0.22 0.29 0.19 0.08 0.13 0.46 0.36 0.24 0.09 0.32 0.14

Table 3.1: Correlation estimates on MNIST And CIFAR-10 ; A=Test-point with highest
loss; B=Test-point at the 50th percentile of test-loss spectrum; P=Pearson correlation;
S=Spearman correlation

have good qualities.

Results On CIFAR-10: For CIFAR-10, across all architectures trained with the weight-

decay regularization, we observe that the correlation estimates for the test-point with the

highest loss are highly significant. For example, the correlation estimates are above 0.6 for

a majority of the network architectures. However, for the test-point evaluated at the 50th

percentile of the loss, the correlations decrease marginally across most of the architectures.

We find that on CIFAR-10, even architectures trained without weight-decay regularization

have highly significant correlation estimates when evaluated with the test-point which incurs

the highest loss.

In case of MNIST, we have found that in shallow networks, the influence estimates are

fairly accurate while for deeper networks, the quality of influence estimates decrease. For

CIFAR-10, although the influence estimates are significant, we found that the correlations are

marginally lower in deeper networks such as ResNet-50. The improved quality of influence

estimates in CIFAR-10 can be attributed to the fact that for a similar depth, architectures

trained on CIFAR-10 are less over-parameterized compared to architectures trained on

MNIST. Note that, in Section 3.10.1, where the exact Hessian matrix can be computed,
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we observed that over-parameterization decreases the quality of influence estimates. From

Table(3.1), we also observed that the selection of test-point has a significant impact on

the quality of influence estimates. Furthermore, we noticed large variations in the quality

of influence estimates across different architectures. In general we found that influence

estimates for small CNN and LeNet are reasonably accurate, while for ResNet-50, the

quality of estimates decrease across both MNIST and CIFAR-10. Precise reasons for these

variations are difficult to establish. We hypothesize that it can be due to the following factors:

(i) Different architectures trained on different datasets have contrasting characteristics of

loss landscapes at the optimal parameters which can have an impact on influence estimates.

(ii) The weight-decay factor may need to be set differently in various architectures, to obtain

high quality influence estimates.

3.10.4 Is Scaling Influence Estimates To ImageNet Possible?

The application of influence functions to ImageNet scale models provides an appealing yet

challenging opportunity. It is appealing because, if successful, it opens a range of appli-

cations to large-scale image models, including interpretability, robustness, data poisoning,

and uncertainty estimation. It is challenging for a number of reasons. Notable among

these is the high computational cost of training and re-training, which limits the number of

ground truth evaluations. In addition, all of the previously discussed difficulties in influence

estimations still remain, including (i) non-convexity of the loss, (ii) selection of scaling and

damping hyperparameters in the stochastic estimation of the Hessian, and (iii) the lack of

convergence of the model parameters. The scale of ImageNet raises additional questions

about the feasibility of leave-one-out retraining as the ground truth estimator. Given that

there are 1.2M images in the training set, is it even possible that the removal of one image

can significantly alter the model? In other words, we question whether or not reliable ground

truth estimates may be obtained through leave-one-out re-training at this scale.
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To illustrate this, we conduct an additional influence estimation on ImageNet. After training

an initial model to 92.302% top5 test accuracy, we select two test points at random, calculate

influence over the entire training set, and then select the top 50 points by their influences as

candidates for re-training. We then use the re-training procedure suggested by [119], which

starts leave-one-out re-training from the parameter set obtained after the initial training. We

re-train for an additional 2 epochs, approximately 5% of the original training time, and

calculate the correlations. We observe that for both test points, both Pearson and Spearman

correlations are very low (less than 0.15, see details in the Appendix).

In our experiments, we observe high variability among ground-truth estimates obtained by

re-training the model (see the appendix for details). We conjecture that this may be partially

due to the fact that the original model has not be fully converged. To study this, we train the

original model with all training points for an additional 2 epochs and measure the change

in the test loss. We find that the overall top5 test accuracy has improved slightly to 92.336

% (+0.034) and the loss for one of the considered test points has decreased by relatively a

significant amount of 0.679. However, the loss for the other point has increased slightly

by 0.066. Such changes in loss values can therefore out-power the effect of leave-one-out

re-training procedure. Second, we calculate the 2-norm of the weight gradients, which

should be close to zero near an optimal point, and compare it to a standard pre-trained

ImageNet ResNet-50 model as a baseline. We find these norms to be 20.18 and and 15.89,

respectively, showing our model has similar weight gradient norm to the baseline. Although

these norms are relatively small given that there are 25.5M parameters, further re-training

the model still changes loss values for some samples significantly, making the ground-truth

estimates noisy. We suggest that one way to obtain reliable ground-truth influence estimates

in such large models can be through assessing the influence of a group of samples, rather

than a single one.
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3.11 Conclusion for Influence Functions in Deep Learning

In this paper, we present a comprehensive analysis of the successes and failures of influence

functions in deep learning. Through our experiments on datasets including Iris, MNIST,

CIFAR-10, ImageNet and architectures including LeNet, VGGNets, ResNets, we have

demonstrated that influence functions in deep learning are fragile in general. We have shown

that several factors such as the weight-decay, depth and width of the network, the network

architecture, stochastic approximation and the selection of test points, all have strong effects

in the quality of influence estimates. In general, we have observed that influence estimates

are fairly accurate in shallow architectures such as small CNN[119] and LeNet, while in

very deep and wide architectures such as ResNet-50, the estimates are often erroneous.

Additionally, we have scaled up influence computations to the ImageNet scale, where we

have observed influence estimates are highly imprecise. These results call for developing

robust influence estimators in the non-convex setups of deep learning.
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Chapter 4: Automatically Designing Difficult Few-Shot Benchmarks

for Model Reliability

4.1 Introduction

Few-shot classification is the ability to distinguish between a set of novel classes when

given only a few labelled training examples of each class [71, 129]. This holds potential

across many real-world applications – from robots that can identify new objects [195], to

drug discovery pipelines that can predict the properties of new molecules [218]. A few-shot

image classifier is given a few labelled training images of the new object classes, called

the support set. Once the classifier has adapted to this support set, it is then evaluated on

novel test images of those classes, called the query set. Together, the support and query set

is called a task.

Recent years have seen rapid progress in few-shot image classification [74, 122, 141, 192,

213, 256], however, current top-performing methods display a wide range in performance

over different tasks at test time [2, 76]. On META-DATASET (MD), a widely-used few-shot

classification benchmark [230], state-of-the-art classifiers obtain accuracies as low as 22%

on some individual tasks though their average task accuracy is >55% (see Fig 4.1). Few

works have undertaken a detailed examination of these ‘difficult’ tasks, yet they remain

critical to interrogate for both future algorithmic development and the safety and reliability
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Figure 4.1: A state-of-the-art method [100] performs consistently worse on difficult
tasks in the MD split (HARD-MD) of HARD-META-DATASET++ compared to tasks in
META-DATASET (MD) across all 10 MD sub-datasets. The method uses ViT-S initialized
with self-supervised DINO weights and is further meta-trained with ProtoNets on MD’s
ilsvrc_2012 split.

of deployed systems.

This paper aims to gain a more nuanced understanding of these ‘difficult’ tasks and the

limitations of current methods. We define a difficult task as one on which a few-shot

classifier performs poorly on the task’s query set, after being adapted to its support set.

Current methods for finding supports sets that lead to poor query performance rely on greedy

search-based algorithms [2]. These approaches, however, incur a high computational cost

when sampling for a large numbers of tasks, and for tasks with large support sets, as are

common (and best) practices in few-shot evaluation protocols. As a result, the study of

difficult tasks has been limited to small-scale datasets which lacks the challenging examples

and the setup of large benchmarks such as META-DATASET.

To address this, we develop a general and computationally efficient algorithm called FAST-

DIFFSEL to extract difficult tasks from any large-scale dataset. Given a (meta-)trained

few-shot classifier, a query set, and a search pool of support images, we formulate a con-
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strained combinatorial optimization problem which learns a selection weight for each image

in the pool such that the loss on the query set is maximised. The top-k (i.e. most difficult)

images per class are then extracted into a support set and paired with the query set to form a

difficult task. This optimization can be repeated to obtain any number of difficult tasks. In

practice, we find that FASTDIFFSEL is at least 20x faster than existing greedy search-based

algorithms [2], with greater gains as the support pools and support set sizes increase.

We leverage the scalability of FASTDIFFSEL to extract difficult tasks from a wide range

of large-scale vision datasets including META-DATASET [230], OBJECTNET [20], CURE-

OR [222] and ORBIT [163] and collect these tasks into a new testing set called HARD-META-

DATASET++ (HARD-MD++). The addition of datasets beyond META-DATASET is motivated

by their real-world nature and that they provide image annotations of quality variations (e.g.

object occluded, blurred, poorly framed) to enable future research into why a task is difficult.

We provide early insights into this question in our analyses.

We stress test an extensive suite of state-of-the-art few-shot classification methods on HARD-

MD++, cross-validating the difficulty of our extracted tasks across these top-performing

methods. In Fig 4.1, we show one such method [100] performing consistently worse on the

META-DATASET test split in HARD-MD++ than on the original MD test split across all 10

sub-datasets. In Sec. 4.5, we find that this trend holds true across a wide-range of few-shot

classification methods.

We release HARD-MD++ along with a broad set of baselines to drive future research in

methods that are robust to even the most difficult tasks. In summary, our contributions are

the following:

• FASTDIFFSEL, an efficient algorithm to extract difficult tasks from any large-scale

vision dataset.
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• HARD-META-DATASET++, a new test-only few-shot classification benchmark com-

posed of difficult tasks extracted from the widely-used few-shot classification bench-

mark META-DATASET and other large-scale real-world datasets: OBJECTNET, CURE-

OR and ORBIT.

• Extensive stress testing and novel empirical insights for a wide range of few-shot

classification methods, including transfer- and meta-learning based approaches on

HARD-MD++.

4.2 Few-Shot Classification: Preliminaries and Notations

A few-shot classification task is typically composed of (i) a support set S which contains

a few labelled examples from a set of N classes (e.g., k j examples for each class index

j ∈ [1,N]) and (ii) a query set Q which contains a disjoint set of test examples for each of

those N classes (e.g., q j examples for each class j ∈ [1,N]). Given a trained base model fθ ,

the goal in few-shot classification is to use S to adapt fθ to the task such that the model

can then make predictions on the unseen examples in Q. This is typically done for many

tasks which are randomly sampled from a given dataset D = {(xi,yi)}T
i=1 consisting of

T examples and J classes in total, where x is the input image and y is the corresponding

class label. In few-shot sampling, tasks are constructed by first sampling a set of N classes

from the larger set of J classes and subsequently sampling the support and query set. Tasks

are typically referred to as N-way, k-shot tasks if k j = k,∀ j. However, if the number of

classes N varies across tasks and the number of shots per class varies across the N classes

(k j,∀ j ∈ [1,N]), they are referred to as variable-way, variable-shot tasks. Usually the number

of query examples is kept fixed across all the classes (i.e. q j = q,∀ j ∈ [1,N]).

Base model training. The underlying model fθ is typically trained using one of two

approaches: (i) meta-learning [75, 133, 213] which involves training the model in an episodic
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manner on tasks sampled from a base training dataset, or (ii) transfer learning [44, 100, 224]

which involves first pre-training a feature extractor on a large base dataset in an supervised

or self-supervised manner, and then fine-tuning the final classification layer (or the entire

model) at test time for each new test task.

4.3 FASTDIFFSEL: An Efficient Algorithm to Select Difficult Support Sets

The first step to understanding the limitations of current few-shot classification methods

is to study the difficult tasks on which they fail or perform poorly. We define a difficult

task as one for which a given few-shot classifier, after being adapted to its support set,

performs significantly worse on its query set compared to the mean query performance over

all tasks. Finding a support set from a given search pool that leads to poor performance on a

given query set for the purposes of study, however, has combinatorial complexity. Current

solutions have therefore turned to greedy search-based algorithms [2, 76], however, the

computational cost quickly becomes infeasible for larger search pools and support set sizes,

thus limiting study to small-scale datasets (e.g. CIFAR-FS [27], mini-ImageNet [239]).

We specifically address this limitation by proposing a fast and general optimization-based

algorithm – FASTDIFFSEL which offers a speedup of at least 20-25x over greedy search-

based algorithms, allowing the extraction of difficult few-shot tasks to be scaled to a wide

array of large-scale vision datasets.

4.3.1 Proposed Method

Overview. We present FASTDIFFSEL, that can sample a difficult few-shot classification

task in a deterministic way. The key intuition of our approach is use a model’s loss on the

task’s query set (i.e. after the model has been adapted to the support set) as a proxy for the

difficulty of the task. This follows [12, 57] which show that a task’s query loss is an effective
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Algorithm 1 FASTDIFFSEL: Efficient algorithm for extracting a difficult few-shot task
Input: Q : task query set; N: number of classes (way), P : search pool for extracting task

support set; fθ : (meta-)trained base model; M: size of search pool; α: learning rate;
{k j}N

j=1: set containing number of shots per class.
w← CONCAT(w j) ∀ j ∈ [1,N] ▷ Concatenate randomly initialized vectors for each
class
for j in N do

c j← ∑
|P j|
i=1 wi

j fθ (x j)/∑
|P j|
i=1 wi

j ▷ Compute weighted class prototypes for each class
end for
c← [c1, ...,cN ] ▷ Store the weighted prototypes for each class
L← PROTO-LOSS(Q,c, fθ ) ▷ Compute prototypical loss [213]
L.BACKWARD(w) ▷ Compute gradients with respect to selection weights
w← w+α∇wL(w) ▷ Gradient ascent for updating weights
w j← PROJ(w j,k j) ∀ j ∈ [1,N] ▷ Projection step per class
s j←EXTRACT(k j,w j,P) ∀ j ∈ [1,N] ▷ Extract k j examples with the highest weights
S ← CONCAT(s j) ∀ j ∈ [1,N] ▷ Obtain the final difficult support set S

surrogate for task difficulty and is also simple to compute. Given a model, a fixed query set

and a pool of examples, we cast support set extraction as a constrained optimization problem

and learn a selection weight for each example in the pool such that the loss on the query set

is maximized. We can then construct a difficult support set by drawing the examples with

the highest selection weights. The extracted support set is then paired with the fixed query

set to form the difficult task. We can repeat this optimization for any number of query sets

to extract any number of difficult tasks.

Formally, given a dataset D , we first sample N unique classes and a query set Q. Here

Q = {(xr,yr)}N×q
r=1 , where x is the input image and y is the class label. Let D ′ ⊂D denote

a sub-dataset containing examples from only the N sampled classes and let P = D ′−Q

denote the set of examples from D ′ without the query set Q. Allowing P to be the

search pool from which the difficult support set will be extracted, the goal of the extraction

algorithm is to find a support set S ⊂P such that the loss on the query set Q is maximized

after the base model fθ has been adapted on S . To this end, we assume selection weights

w ∈ RM, where wi is associated with the ith example in P and M = |P| denotes the

cardinality of P . The optimization objective is to learn the selection weights w which result

in the maximal loss for query set Q with a sparsity constraint on the weights. Formally:
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max
w

N×q

∑
r=1

ℓ((xr,yr),P,w, fθ ) (4.1)

s.t. wi ∈ {0,1}, ∀i ∈ [1,M]

∥w j∥0≤ k j, ∀ j ∈ [1,N]

where fθ is the base model trained with either meta-learning or supervised learning, ℓ is the

loss after adapting fθ on P where each of its examples are weighted by w, and w j is the

selection weight vector corresponding to the jth class. Here w = w1⊕w2⊕ ...⊕wN and wi
j

is the selection weight for the ith example in the weight vector w j for the jth class. Note w

are the only learnable parameters. The optimization constraints ensure that each selection

weight is either 0 or 1, and that a maximum of k j examples are selected for each jth class.

Different approaches can be used to adapt fθ [45, 196]. In our work, we adopt a ProtoNets

adaptation [213] as it is highly efficient and has no learnable parameters. This approach

computes a mean embedding for each class, with the loss based on the Euclidean distance

between a query image embedding to each of the class prototypes.

We solve Eq. (4.1) in two steps: (i) first, we take 1 gradient ascent step on the selection

weights w to obtain ŵ; (ii) second, we project the selection weight vector of each class

ŵ j to the ℓ0 norm ball to obtain the final selection weights w̄ j (∀ j ∈ [1,N]). In practice,

(ii) is known to be difficult to solve as it is NP-hard and the l0 norm constraint is non-

convex [33, 34, 61, 174]. We, therefore, relax the ℓ0 norm to an ℓ1 norm to make the

constraint convex following [61] which shows that the ℓ1 norm relaxation gives effective

sparse solutions. The projection step with ℓ1 relaxation for the jth class can be formalized
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as follows:

min
w j

1
2
∥w j− ŵ j∥2

2

s.t. ∥w j∥1≤ k j (4.2)

We solve the dual form of the above projection step via Lagrange multipliers [28] to obtain

the optimal sparse weight vector w̄ j:

w̄ j = argmax
λ j≥0

min
w j

1
2
∥w j− ŵ j∥2

2+λ j(∥w j∥1−k j)︸ ︷︷ ︸
g(λ j,w j)

(4.3)

where λ j is the Lagrange multiplier corresponding to the projection step for the jth class. In

practice, we solve the projection step per class to ensure at least a few-examples per class

are selected, and we find that 1 projection step per class is sufficient to learn appropriate

selection weights. After 1 gradient ascent and 1 projection step (i.e. weight vectors have

been learned), we select the examples from P to include in the difficult support set. For

each jth class, we sort the final selection weight vector w̄ j in descending order and extract

the k j examples from P which have the highest weights.

The pseudo-code for FASTDIFFSEL is shown in Algorithm 6 and a detailed derivation of the

steps for solving the optimization along with the associated hyperparameters can be found

in Appendix.

Computational complexity. The key advantage of FASTDIFFSEL is that it does not

require an iterative exhaustive search through the search pool to select a difficult support

set. Consider selecting a task with N classes and k support examples per class from a

dataset D ′, where each class has d examples on average. The greedy algorithm in [2] runs
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Figure 4.2: FASTDIFFSEL extracts tasks with similar accuracy to those extracted by
greedy search algorithms [2] but is at least 20x faster. We extract 50 5-way 5-shot tasks
per sub-dataset using [100] as the base model (ViT-S initialized with SSL DINO weights
then meta-trained with ProtoNets on MD’s ilsvrc_2012) on an A5000 GPU (64GB RAM).

for r iterations and thus has a search time complexity of O(N.k.d.r) along with as many

adaptation steps. In comparison, our algorithm removes the need for this exhaustive search

and large number of adaptation steps, thus offering a significant speedup. In practice, we

find that our algorithm offers speedups of at least 20x when compared to a greedy algorithm

(see Fig. 4.2 and Appendix).

4.4 Difficult Support Set Extraction on META-DATASET

Since FASTDIFFSEL is general and highly efficient, we can use it to extract difficult tasks

from any large-scale vision dataset. MD is one of the most widely-used benchmarks for

few-shot classification, thus we primarily use it to validate the effectiveness of our extraction

algorithm. We include further analyses on difficult tasks extracted from further datasets

in Sec. 4.4.2.

META-DATASET (MD) [230] contains 10 image sub-datasets from a diverse set of domains.

All the sub-datasets (except mscoco and traffic_signs) are split into disjoint train/val/test

classes, whereas mscoco and traffic_sign are test only sub-datasets. During few-shot training,

variable-way variable-shot tasks are randomly sampled from the train classes of each sub-
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dataset. During few-shot testing, 600 variable-way variable-shot tasks are sampled from the

test classes of each sub-dataset with the average task classification accuracy reported for

each sub-dataset.

4.4.1 Test task samplers for META-DATASET

We compare tasks sampled from the test split of MD’s sub-datasets using 3 methods: (i)

MD’s default sampler; (ii) the greedy approach of [2] and (iii)FASTDIFFSEL(Ours). Note,

only (ii) and (iii) can be used to deterministically sample difficult tasks:

MD’s default sampler. The default task sampler in MD samples imbalanced tasks of variable-

way, variable-shots. The shot, way and size of the query set depends on the size of the

sub-dataset in MD. For more details, refer to Sec 3.2 in [230]. We note, however, that the

default sampler cannot deterministically sample difficult tasks.

Greedy search-based sampler. We use [2] to extract difficult tasks from MD. This approach

works by iteratively replacing each example in a support set of fixed size with one from a

given search pool such that the query loss is maximized. Because of the large computational

cost and time associated with searching the pool each time an example is replaced, greedy

approaches do not scale well to MD’s sampler where task ways can vary as large as 50 and

shots as large as 100. We therefore only consider fixed-way, fixed-shot tasks when sampling

via greedy search on MD.

FASTDIFFSEL. We use FASTDIFFSEL to extract difficult tasks from MD. As the trained

base model fθ , we choose a state-of-the-art method [100] on MD which employs a ViT-S

feature extractor [226] initialized with self-supervised DINO weights [36] pre-trained on

ilsvrc_2012. The extractor is then further meta-trained on the ilsvrc_2012 split from MD.

To compare against the above samplers, we consider two configurations:
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• Variable-way, variable-shot tasks. Here, we exactly match the variable way and

shots per class of each task yielded by MD’s default sampler. Specifically, we use

the default sampler to generate and save the shot and way for a fixed number of

tasks, which we then feed into our algorithm to extract difficult tasks of equivalent

specifications.

• Fixed-way, fixed-shot tasks. Here, we set the way and shots per class to be fixed for

all tasks. While less challenging, it allows us (i) to compare our algorithm to greedily

sampled difficult tasks; and (ii) to control for a task’s way being a source of difficulty.

4.4.2 Validation of difficult META-DATASET tasks

Here we compare the efficacy of the above 3 methods and their extracted tasks across the 10

test sub-datasets in MD.

FASTDIFFSEL vs. default sampler. When compared over 600 variable-way variable-shot

tasks per sub-dataset, we find that our algorithm extract tasks which are more difficult on

an average than MD’s default sampler, as shown in Fig. 4.1. This is consistent across all

10 sub-datasets. We also show that these tasks are consistently difficult for a wide range

of top-performing few-shot classification methods, as shown in Fig. 4.3 (see Sec. 4.5.3 for

details). For certain sub-datasets (e.g. quickdraw), the drop in classification accuracy can be

as large as 50% when compared to tasks sampled from MD’s default sampler.

FASTDIFFSEL vs. greedy sampler. We compare our algorithm to the greedy sampler over

50 5-way 5-shot tasks sampled per sub-dataset. For fairness, we run both methods for the

same set of query sets, and report the average task accuracy and extraction time in Fig 4.2.

Here, we see that the average task accuracy is comparably low for each sub-dataset but that

our algorithm is almost 1-2 orders of magnitude faster. This speedup is most significant

when the search pool is large (e.g. for ilsvrc_2012, quickdraw). Note that the greedy sampler

takes between 20-200 minutes per task, highlighting its impracticality for larger search
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Figure 4.3: We evaluate a wide range of top-performing methods over 200 variable-
way, variable-shot difficult tasks per sub-dataset in HARD-MD and find a consistent
20-30% drop in performance compared to MD tasks regardless of feature extractor,
pretraining method, and adaptation strategy. We evaluate on all MD sub-datasets except
ilsvrc_2012. We include performance on each sub-dataset and their 95% confidence intervals
in Appendix.

pools, support set sizes and numbers of tasks.

In all, FASTDIFFSEL is able to consistently extract difficult tasks on which state-of-the-art

methods achieve low classification accuracy, while also offering a significant speedup in

extraction time compared to existing task samplers. It can, therefore, readily be leveraged to

further the study of failure modes in few-shot classification methods.

4.5 Stress Testing With HARD-META-DATASET++

Few-shot classification benchmarks like MD [230] and VTAB+MD [65] are highly challenging

but are not specifically geared to driving performance on difficult tasks. We leverage our

extraction algorithm to fill this gap and introduce HARD-MD++, a new test-only benchmark

of exclusively difficult few-shot classification tasks extracted from 4 large-scale vision

datasets. We extensively stress test a wide range of top-performing methods on HARD-

MD++, presenting novel insights on the robustness of current methods to difficult tasks.
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4.5.1 Test datasets

HARD-MD++ is composed of difficult tasks extracted from MD [230], ORBIT [163], CURE-

OR [222] and OBJECTNET [20]. We motivate the choice of MD by the fact that it is one of the

most widely-used few-shot classification benchmarks. The remaining datasets are chosen

because they specifically curate images with real-world variations and provide corresponding

‘quality’ annotations. They can, therefore, be leveraged to derive deeper insights into the

properties of difficult tasks as we explore in Sec. 4.5.3. Together, these datasets cover a

broad range of challenging and real-world tasks.

Following Sec. 4.4, we use FASTDIFFSEL to extract 200 difficult tasks from each dataset.

We use a trained base model fθ of ViT-S [62] pre-trained using DINO [36] and further

meta-trained on MD’s ilsvrc_2012 split. For MD, we extract variable-way variable-shot

tasks to align with its existing evaluation protocol. For the remaining datasets, we extract

fixed-way fixed-shot tasks to enable controlled analysis on task properties beyond their way

and shot. Together, HARD-MD++ comes to a total of 2400 difficult test tasks extracted

across these datasets. We include further implementations details in Appendix.

META-DATASET. We extract 200 variable-way variable-shot difficult tasks from each test

sub-datasets in MD. Note, we exclude the ilsvrc_2012 subset so as not to prevent the use of

feature extractors pre-trained on it.

ORBIT contains 3822 videos of 486 objects captured by people who are blind on their mobile

phones. Each frame is annotated with 7 quality issues including blur, framing, lighting and

occlusion. We extract 200 fixed 5-way, 5-shot difficult tasks from the test split of ORBIT

which cover 1198 videos of 158 objects.

CURE-OR contains 1M test images of 100 objects captured under controlled viewpoint
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variations (e.g., front, back, side etc.) with corresponding annotations. We extract 200 fixed

5-way, 5-shot difficult tasks from CURE-OR.

OBJECTNET contains 50K test images of 313 objects captured under rotation, background,

and viewpoint variations. We extract 200 fixed-way fixed shot difficult tasks from OBJECT-

NET.

4.5.2 Metrics and training

Metrics. Model performance on HARD-MD++ should be reported as the average classifi-

cation accuracy and 95% confidence interval over the difficult tasks per sub-dataset. This

should be accompanied by performance on MD to provide a more complete characterization

of model performance.

Training. We primarily advocate for cross-domain or strong generalization [229], thus

following [100], any pre-trained checkpoint, algorithm and model architecture can be used

when evaluating on HARD-MD++. This aligns with more recent few-shot learning practices

which allow the wide range of publicly-available datasets and pre-trained models to be

leveraged.

4.5.3 Results
HARD-MD++ is a challenging benchmark of difficult tasks from a diverse range of datasets.

We stress test a wide range of top-performing few-shot classification methods on HARD-

MD++ to gauge their robustness to these tasks. We look first at MD and then ORBIT, CURE-

OR, and OBJECTNET, primarily focusing on the robustness of different model architectures

and pre-training strategies.

State-of-the-art methods. Recent works [44, 58, 64, 100, 224] show that transfer learning

with a powerful feature extractor performs extremely well on few-shot classification tasks
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Figure 4.4: We stress test a wide range of few-shot classifiers on difficult tasks from OB-
JECTNET, CURE-OR and ORBIT in HARD-MD++. We find that ViT-B (CLIP) outperforms
all the other models by a large margin for CURE-OR and OBJECTNET, while being extremely
competitive for ORBIT. Evaluation across 200 tasks per domain using Prototypical Networks
as the adaptation strategy. More results with fine-tuning in Appendix.

compared to previous meta-learning methods [75, 196]. We therefore consider a wide

range of feature extractors and pre-training paradigms: ResNets [93], Vision Transformers

(ViTs) [62, 226], self-supervised variants of ResNets and ViTs [19, 36] and the visual

encoder of zero-shot models such as CLIP [192]. We investigate two adaptation strategies

when adapting to each difficult test task in HARD-MD++: (i) computing and classifying by

mean class prototypes following Prototypical Networks [213] and (ii) fine-tuning the entire

feature extractor using strong augmentations following [100]. Further details are provided

in the Appendix.

Results on Difficult Tasks from META-DATASET

Our key finding is that state-of-the-art methods across the board consistently drop at least

20-25% in classification accuracy when adapting to difficult tasks in HARD-MD compared

with tasks randomly sampled from MD, shown in Fig. 4.3. Note, HARD-MD refers to the MD

split in HARD-MD++.

Detailed findings. We find that there is a consistent drop in classification accuracy on

HARD-MD across all state-of-the-art methods, regardless of adaptation strategy, feature

extractor and pre-training paradigm (see Fig. 4.3). This validates our proposed algorithm

in its ability to extract generally challenging tasks, but also highlights the limitations of
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current approaches. In particular, approaches that employ a fine-tuning adaptation strategy

see a more significant drop in accuracy compared to those employing a prototypical-style

adaptation. For example, fine-tuning a ViT-B feature extractor pre-trained on ImageNet-21k

(‘vit_base_21k’ in Fig. 4.3) [62] on each test task leads to a drop of ∼30% in accuracy on

HARD-MD while a prototypical-style adaptation leads to a drop of only ∼20% (note, this

approach is strongest on original MD in our implementation). This suggests that although

fully fine-tuning a model can significantly increase its accuracy on general tasks, it may

not hold for specifically difficult tasks. On the other hand, we find the visual encoder of

CLIP which also uses a ViT-B architecture (‘clip_vit_base’ in Fig. 4.3) [192] to be more

robust to difficult tasks. Despite under-performing on MD (ranks 6th), it displays strong

performance on HARD-MD across both adaptation strategies, achieving the highest accuracy

across all methods with fine-tuning. This trend is consistent for fixed-way, fixed-shot tasks

on HARD-MD (see Appendix). These early results suggest that large-scale vision-language

pre-training may offer more robustness when generalising to new difficult tasks.

Effect of meta-training on ilsvrc_2012. [100] show that a method’s performance on

MD can be improved by further meta-training its pre-trained feature extractor on MD’s

ilsvrc_2012 split. We investigate whether this can also improve performance on HARD-MD.

We further meta-train a subset of the methods on the ilsvrc_2012 split using Prototypical

Networks [213] and compare the average task classification accuracy in Appendix. We

find that despite the further meta-training, the tested methods still display a consistent drop

of 20-30% on HARD-MD. This suggests that novel algorithmic contributions, rather than

further training, may be required to improve robustness to difficult tasks.
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Results on Difficult Tasks from CURE-OR, ORBIT and OBJECTNET

Similar to Sec. 4.5.3, our key finding is that state-of-the-art methods consistently achieve

low classification accuracy on difficult tasks from CURE-OR, ORBIT and OBJECTNET, shown

in Fig. 4.4. In particular, ViT-B pre-trained with CLIP [192] outperforms all other methods

by a significant margin on both CURE-OR (by >4%) and OBJECTNET (by >15%). On

ORBIT, ViT-B pre-trained on ilsvrc_2012 [56] performs best though ViT-B with CLIP is still

competitive.

We can go beyond task classification accuracy with CURE-OR and ORBIT by leveraging

their per-image annotations to investigate the properties of difficult tasks. In particular,

we use the object viewpoint annotations in CURE-OR, and all quality issue annotations

(except object_not_present) in ORBIT. We compare difficult tasks extracted by our algorithm

for each dataset with ‘easy’ tasks for a fixed 5-way 5-shot setting. We can also extract

‘easy’ tasks by minimizing the objective support set extraction objective for the same set of

query sets. In Fig. 4.5, we compare the composition of these difficult and easy tasks by the

annotated attributes in their supports sets.

CURE-OR. We randomly sample 200 query sets containing images only showing the object

with a front or back viewpoint. The sampled query sets contain 10 examples per class.

For each query set, we use our algorithm to extract an easy and a difficult support set and

visualize the distribution of their annotations in Fig. 4.5-(Left). Here, we see that the easy

support sets have a higher proportion of images with front or back viewpoints relative to

the total size of the support set, while the difficult support sets have a significantly higher

proportion of images with side viewpoints.

ORBIT. Unlike CURE-OR, ORBIT was not collected in a controlled setting and hence its

quality issue annotations have a long-tailed distribution. We therefore randomly sample 200
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Figure 4.5: Difficult few-shot tasks have a larger mismatch between the properties of
their support and query sets compared to easy tasks. (Left): Difficult tasks in CURE-OR

have support sets with the majority of images showing the object in side view when the
query sets contain images of the object only in front/back view; (Right): Difficult tasks in
ORBIT have a larger difference in the proportion of quality issues contained in their support
versus query sets compared to easy tasks.

query sets, and for each, we use FASTDIFFSEL to extract an easy and a difficult support

set. For each quality issue, we compute the difference (gap) in the proportion of images

in the support versus query set with that particular issue. In Fig. 4.5-(Right), we report

this gap averaged over 200 tasks. Here, we observe that difficult tasks have a larger gap

(i.e. difference in support and query set) in quality issues than easier tasks. Together, these

results suggest that a mismatch between image characteristics within a support versus query

set (e.g., viewpoint, occlusion) can be a source of task difficulty. While these annotations

do not cover all possible image characteristics, they provide a starting point to explore

the robustness of few-shot classifiers to more qualitative distribution shifts. In Fig. 4.5,

we curate few-shot tasks leveraging image-level annotations from ORBIT, CURE-OR and

MS-COCO – to show that tasks with distribution shifts with respect to natural characteristics

have a lower accuracy.

4.6 Conclusion

We introduce a general and scalable algorithm – FASTDIFFSEL to extract difficult tasks for

few-shot classification. We apply FASTDIFFSEL to 4 large-scale vision datasets: META-
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DATASET, ORBIT, CURE-OR, and OBJECTNET, and introduce HARD-MD++, a new test-only

suite of 2400 difficult tasks from across these datasets. We stress test a wide range of top-

performing few-shot methods on HARD-MD and demonstrate a consistent drop of 20-25%

in classification accuracy compared to MD. We conduct additional quantitative analyses on

CURE-OR and ORBIT which show that difficult tasks typically have a distribution shift in the

characteristics between a support and query set (e.g. viewpoint, blur). We believe that the

efficiency of FASTDIFFSEL along with HARD-MD++ can drive the study of failure modes

in few-shot classification methods which is a under explored area of research.
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Chapter 5: Mechanistically Understanding and Editing Text-to-Image

Generative Models

5.1 Knowledge Localization and Model Editing in Early Stable-Diffusion

Variants

Text-to-Image generative models such as Stable-Diffusion [197], Imagen [201] and DALLE [193]

have revolutionized conditional image generation in the last few years. These models have

attracted a lot of attention due to their impressive image generation and editing capabil-

ities, obtaining state-of-the-art FID scores on common generation benchmarks such as

MS-COCO [145]. Text-to-Image generation models are generally trained on billion-scale

image-text pairs such as LAION-5B [202] which typically consist of a plethora of visual

concepts encompassing color, artistic styles, objects, and famous personalities, amongst

others. Prior works [35, 214, 215] have shown that text-to-image models such as Stable-

Diffusion memorize various aspects of the pre-training dataset. For example, given a caption

from the LAION dataset, a model can generate an exact image from the training dataset

corresponding to the caption in certain cases [35]. These observations reinforce that some

form of knowledge corresponding to visual attributes is stored in the parameter space of

text-to-image model.

When an image is generated, it possesses visual attributes such as (but not limited to) the
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presence of distinct objects with their own characteristics (such as color or texture), artistic

style or scene viewpoint. This attribute-specific information is usually specified in the

conditioning textual prompt to the UNet in text-to-image models which is used to pull

relevant knowledge from the UNet to construct and subsequently generate an image. This

leads to an important question: How and where is knowledge corresponding to various visual

attributes stored in text-to-image models? In our paper, we choose to concentrate on specific

visual attributes within a scene, including objects, style, action, and color. Additionally, in

the Appendix, we delve into aspects like count and viewpoint.

In this work, we empirically study this question towards understanding how knowledge

corresponding to different visual attributes is stored in text-to-image models, using Stable

Diffusion[197] as a representative model. In particular, we adapt Causal Mediation Anal-

ysis [184, 237] for large-scale text-to-image diffusion models to identify specific causal

components in the (i) UNet and (ii) the text-encoder where visual attribute knowledge

resides. Previously, Causal Meditation Analysis has been used for understanding where

factual knowledge is stored in LLMs. In particular, [165] find that factual knowledge is

localized and stored in the mid-MLP layers of a LLM such as GPT-J [240]. Our work,

however, paints a different picture - for multimodal text-to-image models, we specifically

find that knowledge is not localized to one particular component. Instead, there exist various

components in the UNet where knowledge is stored. However, each of these components

store attribute information with a different efficacy and often different attributes have a

distinct set of causal components where knowledge is stored. For e.g., for style – we find

that the first self-attention layer in the UNet stores style related knowledge, however it is not

causally important for other attributes such as objects, viewpoint or action. To our surprise,

we specifically find that the cross-attention layers are not causally important states and a

significant amount of knowledge is in fact stored in components such as the ResNet blocks
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and the self-attention blocks.

Remarkably, in the text-encoder, we find that knowledge corresponding to distinct attributes

is strongly localized, contrary to the UNet. However unlike generative language mod-

els [165] where the mid MLP layers are causal states, we find that the first self-attention

layer is causal in the CLIP based text-encoder of public text-to-image generative models

(e.g., Stable-Diffusion).

Identification of local causal states in a given model has a crucial benefit: it allows for

incorporating controlled edits to the model by updating only a tiny fraction of the model

parameters without any fine-tuning. Using our observation that the text-encoder hosts only

one localized causal state, we introduce a new data-free and fast model editing method -

DiffQuickFix which can edit concepts in text-to-image models effectively using a closed-

form update. In particular, we show that DiffQuickFix can (i) remove copyrighted styles, (ii)

trademarked objects as well as (iii) update stale knowledge 1000x faster than existing fine-

tuning based editing methods such as [78, 126] with comparable or even better performance

in some cases.

In summary, our contributions are as follows:

• We adapt Causal Mediation Analysis [184, 237] to large-scale text-to-image models

(with Stable-Diffusion as a representative model), and use it to trace knowledge

corresponding to various visual attributes in the UNet and text-encoder.

• We perform large-scale analysis of the identified causal components and shed light

on the knowledge flow corresponding to various visual attributes in the UNet and the

text-encoder.

• Leveraging the interpretability observations of localized causal states in the text-

encoder, we develop a light-weight method DiffQuickFix which can edit various
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Add Gaussian Noise to the token embeddings 
corresponding to the attribute of interest 
(e.g., Van Gogh in case of style)
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c = ‘Apple in Van Gogh Style’
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Option 1: Causal Tracing for UNet - Copy clean states to the corrupted model across layers in UNet
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c = ‘Apple in Van Gogh Style’

….. …..
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is faithful to 
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Generated Image 
is not faithful to 
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(a)

(b)

(c)
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Corrupted States

Figure 5.1: Causal Tracing in Text-to-Image Models for (i) UNet and (ii) Text-Encoder
shows that knowledge location matters, i.e., restoring causal layers in a corrupted
model causes the model to obey the prompt again, while restoring non-causal layers
does not. (a) Clean Model: We prompt a Stable-Diffusion model in the conventional way
and generate an image as output. (b) Corrupted Model: Token embeddings corresponding to
attribute of interest are corrupted, leading to a generated image that does not obey the prompt.
(c) Restored (Causal) Model: Causal layer activations are now copied from the clean model
to the corrupted model. We observe that the corrupted model can now generate images with
high fidelity to the original caption. (d) Restored (Non-Causal) Model: Non-causal layer
activations are copied from the clean model to the corrupted model, but we now observe
that the generated image does not obey the prompt. A single layer is copied at a time, and it
can be from either the UNet (solid violet arrow) or the text-encoder (broken black arrow).
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concepts in text-to-image models in under a second, 1000x faster than existing concept

ablating methods [78, 126].

5.2 Causal Tracing for Text-to-Image Generative Models

In this section, we first provide a brief overview of diffusion models in Sec.(5.2.1). We

then describe how causal tracing is adapted to multimodal diffusion models such as Stable-

Diffusion.

5.2.1 Background

Diffusion models are inspired by non-equilibrium thermodynamics and specifically aim to

learn to denoise data through a number of steps. Usually, noise is added to the data following

a Markov chain across multiple time-steps t ∈ [0,T ]. Starting from an initial random real

image x0, the noisy image at time-step t is defined as xt =
√

αtx0+
√

(1−αt)ε . In particular,

αt determines the strength of the random Gaussian noise and it gradually decreases as the

time-step increases such that xT ∼N (0, I). The denoising network denoted by εθ (xt ,c, t)

is pre-trained to denoise the noisy image xt to obtain xt−1. Usually, the conditional input c

to the denoising network εθ (.) is a text-embedding of a caption c through a text-encoder

c = vγ(c) which is paired with the original real image x0. The pre-training objective for

diffusion models can be defined as follows for a given image-text pair denoted by (x, c):

L (x,c) = Eε,t ||ε− εθ (xt ,c, t)||22, (5.1)

where θ is the set of learnable parameters. For better training efficiency, the noising as well

as the denoising operation occurs in a latent space defined by z = E (x) [197]. In this case,
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the pre-training objective learns to denoise in the latent space as denoted by:

L (x,c) = Eε,t ||ε− εθ (zt ,c, t)||22, (5.2)

where zt = E (xt) and E is an encoder such as VQ-VAE [233]. During inference, where

the objective is to synthesize an image given a text-condition c, a random Gaussian noise

xT ∼N (0, I) is iteratively denoised for a fixed range of time-steps in order to produce the

final image.

5.2.2 Adapting Causal Tracing For Text-to-Image Diffusion Models

Causal Mediation Analysis [184, 237] is a method from causal inference that studies the

change in a response variable following an intervention on intermediate variables of interest

(mediators). One can think of the internal model components (e.g., specific neurons or layer

activations) as mediators along a directed acyclic graph between the input and output. For

text-to-image diffusion models, we use Causal Mediation Analysis to trace the causal effects

of these internal model components within the UNet and the text-encoder which contributes

towards the generation of images with specific visual attributes (e.g., objects, style). For

example, we find the subset of model components in the text-to-image model which are

causal for generating images with specific objects, styles, viewpoints, action or color.

Where is Causal Tracing Performed? We identify the causal model components in both

the UNet εθ and the text-encoder vγ . For εθ , we perform the causal tracing at the granularity

of layers, whereas for the text-encoder, causal tracing is performed at the granularity of

hidden states of the token embeddings in c across distinct layers. The UNet εθ consists of 70

unique layers distributed amongst three types of blocks: (i) down-block; (ii) mid-block

and (iii) up-block. Each of these blocks contain varying number of cross-attention layers,
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self-attention layers and residual layers. Fig 8.1 visualizes the internal states of the UNet

and how causal tracing for knowledge attribution is performed. For the text-encoder vγ , there

are 12 blocks in total with each block consisting of a self-attention layer and a MLP layer

(see Fig 8.1). We highlight that the text-encoder in text-to-image models such as Stable-

Diffusion has a GPT-style architecture with a causal self-attention, though it’s pre-trained

without a language modeling objective. More details on the layers used in the Appendix.

Given a caption c, an image x is generated starting from some random Gaussian noise. This

image x encapsulates the visual properties embedded in the caption c. For e.g., the caption c

can contain information corresponding from objects to action etc. We specifically identify

distinct components in the UNet and the text-encoder which are causally responsible for

these properties.

Creating the Probe Captions. We primarily focus on four different visual attributes for

causal tracing: (i) objects; (ii) style; (iii) color; and (iv) action. In particular, identifying

the location of knowledge storage for objects and style can be useful to perform post-hoc

editing of diffusion models to edit concepts (e.g., delete or update certain concepts). We

provide the complete details about the probe dataset used for causal tracing in the dataset

description section in the Appendix. The probe dataset also contains additional captions for

viewpoint and count attribute. However, we do not focus on them as often the generations

from the unedited model are erroneous for these attributes (see Appendix for details).

5.2.3 Tracing Knowledge in UNet

During inference, classifier-free guidance [99] is used to regulate image-generation by

incorporating scores from the conditional and unconditional diffusion model at each of the

time-steps. In particular, at each time-step, classifier-free guidance is used in the following
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way to combine the conditional (εθ (zt ,c, t)) and unconditional score estimates (εθ (zt , t)) at

each time-step t to obtain the combined score denoted as ε̂(zt ,c, t):

ε̂θ (zt,c, t) = εθ (zt,c, t)+α(εθ (zt,c, t)− εθ (zt, t)), ∀t ∈ [T,1]. (5.3)

This combined score is used to update the latent zt using DDIM sampling [216] at each

time-step iteratively to obtain the final latent code z0.

To perform causal tracing on the UNet εθ (see Fig. 8.1 for visualization), we perform

a sequence of operations that is somewhat analogous to earlier work from [165] which

investigated knowledge-tracing in large language models. We consider three types of model

configurations: (i) a clean model εθ , where classifier-free guidance is used as default; (ii)

a corrupted model εcorr
θ

, where the word embedding of the subject (e.g., Van Gogh) of a

given attribute (e.g., style) corresponding to a caption c is corrupted with Gaussian Noise;

and, (iii) a restored model εrestored
θ

, which is similar to εcorr
θ

except that one of its layers is

restored from the clean model at each time-step of the classifier-free guidance. Given a list

of layers A , let ai ∈A denote the ith layer whose importance needs to be evaluated. Let

εθ [ai], εcorr
θ

[ai] and εrestored
θ

[ai] denote the activations of layer ai. To find the importance

of layer ai for a particular attribute embedded in a caption c, we perform the following

replacement operation on the corrupted model εcorr
θ

to obtain the restored model εrestored
θ

:

ε
restored
θ [ai] : ε

corr
θ [ai] = εθ [ai]. (5.4)

Next, we obtain the restored model by replacing the activations of layer ai of the corrupted

model with those of the clean model to get a restored layer εrestored
θ

[ai]. We run classifier-free
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guidance to obtain the combined score estimate:

ε̂
restored
θ (zt,c, t) = ε

restored
θ (zt,c, t)+α(εrestored

θ (zt,c, t)− ε
restored
θ (zt, t)), ∀t ∈ [T,1].

(5.5)

The final latent z0 is obtained with the score from Eq. (5.5) at each time-step using

DDIM [216] and passed through the VQ-VAE decoder to obtain the final image xrestored
0 .

5.2.4 Tracing Knowledge in the Text-Encoder

The text-encoder in public text-to-image models such as Stable-Diffusion is a CLIP-ViT-

L/336px text-encoder [197]. Similar to Sec.(5.2.3), we define three states of the CLIP

text-encoder: (i) Clean model denoted by vγ ; (ii) Corrupted model vcorr
γ where the word

embedding of the subject in a given caption c is corrupted; (iii) Restored model vrestored
γ

which is similar to vcorr
γ except that one of its layers is copied from vγ . Similar to Sec.(5.2.3),

to find the effect of the layer ai ∈A , where A consists of all the layers to probe in the CLIP

text-encoder:

vrestored
γ [ai] : vcorr

γ [ai] = vγ [ai], (5.6)

We then use the restored text-encoder vrestored
γ with classifier-free guidance to obtain the

final score estimate:

ε̂θ (zt,c′, t) = εθ (zt,c′, t)+α(εθ (zt,c′, t)− εθ (zt, t)), ∀t ∈ [T,1] (5.7)

where c′ = vrestored
γ [ai](c) for a given caption c. This score estimate ε̂θ (zt,c′, t) at each

time-step t is used to obtain the final latent code z0 which is then used with the VQ-VAE

decoder to obtain the final image xrestored
0 .
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5.2.5 Extracting Causal States Using CLIP-Score

In this section, we discuss details on how to retrieve causal states using automated metrics

such as CLIP-Score [98]. Let xrestored
0 (ai) be the final image generated by the diffusion

model after intervening on layer ai, x0 be the image generated by the clean diffusion

model and xcorr be the final image generated by the corrupted model. In particular, we

are interested in the average indirect effect [184, 237] which measures the difference

between the corrupted model and the restored model. Intuitively, a higher value of av-

erage indirect effect (AIE) signifies that the restored model deviates from the corrupted

model. To compute the average indirect effect with respect to causal mediation analysis

for text-to-image models such as Stable-Diffusion, we use CLIP-Score which computes

the similarity between an image embedding and a caption embedding. In particular, AIE

= (CLIPScore(xrestored
0 ,c)−CLIPScore(xcorr

0 ,c)). Given xcorr
0 is common across all the

layers, we can use CLIPScore(xrestored
0 ,c) as the AIE.

Selecting Threshold for CLIP-Score. We observe that the difference between the CLIP-

Score of generated images (after restoration) with high fidelity to the original caption and

generated images (after restoration) with low fidelity to the original caption, to be small.

Therefore to effectively find a reasonable cut-off point to automatically select causal states

(where the generated images have high-fidelity to the original caption), we use a threshold

selection mechanism. In order to determine the optimal threshold value for CLIP-Score,

we select a small validation set of 10 prompts per attribute. To this end, we establish a

concise user study interface. Through human participation, we collect binary ratings if an

image generated by restoring a particular layer is faithful to the original captions. We then

extract the common causal states across all the prompts for a given attribute and find the

average (across all the prompts) CLIP-Score for each causal state. We then use the lowest
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Figure 5.2: Causal Tracing Results for the UNet: Knowledge is Distributed. The
intensity of the bars indicate the CLIP-Score between the generated image (after causal
intervention) and the original caption. For each attribute, we find that the causal states are
distributed across the UNet and the distribution varies amongst distinct attributes. For e.g.,
self-attn in the first layer is causal for style, but not for objects, action or color. Similarly,
mid-block cross-attn is causal for action, but not for the other attributes. On the right-side,
we visualize the images generated by (i) Original model; (ii) Corrupted Model; (iii) Restored
causal states and (iv) Restored non-causal states in the UNet for style, action, object, color
attributes.

average CLIP-Score corresponding to a causal state as the threshold, which we apply on

the probe dataset to filter the causal states at scale for each attribute separately.

5.3 How is Knowledge Stored in Text-to-Image Models?

In this section, we discuss the results of tracing knowledge across various components of

the text-to-image model in details.

Tracing Results for UNet. In Fig 5.2, we illustrate the distribution of causal states across

different visual attributes within the UNet architecture using the CLIP-Score metric. This

metric evaluates the faithfulness of the image produced by the restored state xrestored
0 com-

81



pared to the original caption c. From the insights derived in Fig 5.2, it becomes evident

that causal states are spread across diverse components of the UNet. In particular, we find

that the density of the causal states are more in the up-block of the UNet when compared

to the down-block or the mid-block. Nonetheless, a notable distinction emerges in this

distribution across distinct attributes. For instance, when examining the style attribute, the

initial self-attention layer demonstrates causality, whereas this causal relationship is absent

for other attributes. Similarly, in the context of the action attribute, the cross-attention

layer within the mid-block exhibits causality, which contrasts with its non-causal behavior

concerning other visual attributes. Fig 5.2 showcases the images generated by restoring both

causal and non-causal layers within the UNet. A comprehensive qualitative enumeration of

both causal and non-causal layers for each visual attribute is provided in the Appendix. Our

findings underscore the presence of information pertaining to various visual attributes in

regions beyond the cross-attention layers. Importantly, we observe that the distribution of

information within the UNet diverges from the patterns identified in extensive generative

language models, as noted in prior research [166], where attribute-related knowledge is

confined to a few proximate layers. In Appendix, we provide additional causal tracing

results, where we add Gaussian noise to the entire text-embedding. Even in such a case,

certain causal states can restore the model close to its original configuration, highlighting

that the conditional information can be completely bypassed if certain causal states are

active.

Tracing Results for Text-Encoder. In Fig. 5.3, we illustrate the causal states in the text-

encoder for Stable-Diffusion corresponding to various visual attributes. At the text-encoder

level, we find that the causal states are localized to the first self-attention layer corresponding

to the last subject token across all the attributes. In fact, there exists only one causal state

in the text-encoder. Qualitative visualizations in Fig. 5.3 illustrate that the restoration of
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Figure 5.3: Causal Tracing in the Text-Encoder: Knowledge is Localized. In the CLIP
text-encoder used for Stable-Diffusion, we find the existence of only one causal state, which
is the first self-attention layer corresponding to the last subject token. The CLIP-Score(Left)
is computed across all the four visual attributes. Visualizations (Right) further illustrate that
restoring the sole causal state (self-attn-0) leads to image generation with high fidelity to the
original captions.

layers other than the first self-attention layer corresponding to the subject token does not

lead to images with high fidelity to the original caption. Remarkably, this observation is

distinct from generative language models where factual knowledge is primarily localized in

the proximate mid MLP layers [166].

General Takeaway. Causal components corresponding to various visual attributes

are dispersed (with a different distribution between distinct attributes) in the UNet,

whereas there exists only one causal component in the text-encoder.

The text-encoder’s strong localization of causal states for visual attributes enables controlled

knowledge manipulation in text-to-image models, facilitating updates or removal of concepts.

However, since attribute knowledge is dispersed in the UNet, targeted editing is challenging

without layer interference. While fine-tuning methods for UNet model editing exist [78, 126],

they lack scalability and don’t support simultaneous editing of multiple concepts. In the

next section, we introduce a closed-form editing method, DIFF-QUICKFIX, leveraging our

causal tracing insights to efficiently edit various concepts in text-to-image models.
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Figure 5.4: Quantitative Analysis of DIFF-QUICKFIX. (a) Editing Causal vs. Non-Causal
Layers (Averaged across Objects, Style and Facts): Lower CLIP-Score for causal layer
indicates successful edits; (b) Efficacy of DIFF-QUICKFIX when compared to other methods
– Our method leads to comparable CLIP-Scores to fine-tuning based approaches, but can
edit concepts 1000x faster; (c) DIFF-QUICKFIX can be used to effectively edit multiple
concepts at once, shown by comparable CLIP-Scores to the single-concept edited ones.

5.4 DIFF-QUICKFIX: Fast Model Editing for Text-to-Image Models

5.4.1 Editing Method

Recent works such as [78, 126] edit concepts from text-to-image diffusion models by fine-

tuning the UNet. They generate training data for fine-tuning using the pre-trained diffusion

model itself. While both methods are effective at editing concepts, fine-tuning the UNet

can be expensive due to backpropogation of gradients through the UNet. To circumvent

this issue, we design a fast, data-free model editing method leveraging our interpretability

observations in Sec. 5.3, where we find that there exists only one causal state (the very first

self-attention layer) in the text-encoder for Stable-Diffusion. Our editing method DIFF-

QUICKFIX can update text-to-image diffusion models in a targeted way in under 1s through

a closed-form update making it 1000x faster than existing fine-tuning based concept ablating

methods such as [78, 126]. The first self-attention layer in the text-encoder for Stable-

Diffusion contains four updatable weight matrices: Wk,Wq,Wv and Wout , where Wk,Wq,Wv

are the projection matrices for the key, query and value embeddings respectively. Wout is

the projection matrix before the output from the self-attn-0 layer after the attention
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operations. DIFF-QUICKFIX specifically updates this Wout matrix by collecting caption

pairs (ck,cv) where ck (key) is the original caption and cv (value) is the caption to which

ck is mapped. For e.g., to remove the style of ‘Van Gogh’, we set ck = ‘Van Gogh’ and

cv = ‘Painting’. In particular, to update Wout , we solve the following optimization problem:

min
Wout

N

∑
i=1
∥Woutki− vi∥2

2+λ∥Wout−W ′out∥2
2, (5.8)

where λ is a regularizer to not deviate significantly from the original pre-trained weights W ′out ,

N denotes the total number of caption pairs containing the last subject token embeddings

of the key and value. ki corresponds to the embedding of cki after the attention operation

using Wq,Wk and Wv for the ith caption pair. vi corresponds to the embedding of cvi after the

original pre-trained weights W
′
out acts on it.

One can observe that Eq. (5.8) has a closed-form solution due to the absence of any

non-linearities. In particular, the optimal Wout can be expressed as the following:

Wout = (λW ′out +
N

∑
i=1

vikT
i )(λ I +

N

∑
i=1

kikT
i )
−1, (5.9)

In Sec. 5.4.3, we show qualitative as well as quantitative results using DIFF-QUICKFIX for

editing various concepts in text-to-image models.

5.4.2 Experimental Setup

We validate DIFF-QUICKFIX by applying edits to a Stable-Diffusion [197] model and

quantifying the efficacy of the edit. For removing concepts such as artistic styles or objects

using DIFF-QUICKFIX, we use the prompt dataset from [126]. For updating knowledge (e.g.,

President of a country) in text-to-image models, we add newer prompts to the prompt dataset

from [126] and provide further details in the dataset description section in the Appendix.
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We compare our method with (i) Original Stable-Diffusion; (ii) Editing methods from [126]

and [78]. To validate the effectiveness of editing methods including our DIFF-QUICKFIX,

we perform evaluation using automated metrics such as CLIP-Score. In particular, we

compute the CLIP-Score between the images from the edited model and the concept

corresponding to the visual attribute which is edited. A low CLIP-Score therefore indicates

correct edits.

5.4.3 Editing Results

Editing Non-causal Layers Does Not Lead to Correct Edits. We use DIFF-QUICKFIX

with the non-causal self-attention layers in the text-encoder to ablate styles, objects and

update facts. In Fig. 5.4-(a), we compute the CLIP-Score between the generated images

and the attribute from the original captions (e.g., van gogh in the case of style). In particular,

we find that editing the non-causal layers does not lead to any intended model changes –

highlighted by the high CLIP-Scores consistently across non-causal layers (layers num-

bered 1 to 11). However, editing the sole causal layer (layer-0) leads to correct model

changes, highlighted by the lower CLIP-Score between the generated images from the

edited model and the attribute from the original captions. This shows that identifying the

causal states in the model is particularly important to perform targeted model editing for

ablating concepts. In Appendix, we show additional qualitative visualizations.

Efficacy in Removing Styles and Objects. Fig. 5.4-(b) shows the average CLIP-Score of

the generated images from the edited model computed with the relevant attributes from the

original captions. We find that the CLIP-Score from the edited model with DIFF-QUICKFIX

decreases when compared to the generations from the unedited model. We also find that

our editing method has comparable CLIP-Scores to other fine-tuning based approaches

such as Concept-Erase [78] and Concept-Ablation [126], which are more computationally
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expensive.

Fig. 5.5 shows qualitative visualizations corresponding to images generated by the text-to-

image model before and after the edit operations. Together, these quantitative and qualitative

results show that DIFF-QUICKFIX is able to effectively remove various styles and objects

from an underlying text-to-image model. In Appendix we provide additional qualitative

visualizations and we show additional results showing that our editing method does not

harm surrounding concepts (For e.g., removing the style of Van Gogh does not harm the

style of Monet).

Efficacy in Updating Stale Knowledge. The CLIP-Score between the generated images

and a caption designating the incorrect fact (e.g., Donald Trump as the President of the US)

decreases from 0.28 to 0.23 after editing with DIFF-QUICKFIX, while the CLIP-Score

with the correct fact (e.g., Joe Biden as the President of the US) increases from 0.22 to 0.29

after the relevant edit. This shows that the incorrect fact is updated with the correct fact in

the text-to-image model. Additional qualitative visualizations are provided in Fig. 5.5.

Multiple Edits using DIFF-QUICKFIX. An important feature of DIFF-QUICKFIX is

its capability to ablate multiple concepts simultaneously. In Fig. 5.4-(c), our framework

demonstrates the removal of up to 10 distinct styles and objects at once. This multi-

concept ablation results in lower CLIP-Scores compared to the original model, similar

CLIP-Scores to single concept editing.

5.5 Conclusion I

Through the lens of Causal Mediation Analysis, we present methods for understanding the

storage of knowledge corresponding to visual attributes in text-to-image models. Notably,

we find a distinct distribution of causal states across attributes in the UNet, while the text-
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Figure 5.5: Qualitative Examples with using DIFF-QUICKFIX to ablate style, objects
and update facts in text-to-image models. More qualitative examples in the Appendix.

encoder maintains a single causal state. This differs significantly from observations in

language models like GPT, where factual information is concentrated in mid-MLP layers.

In contrast, our analysis shows that public text-to-image models like Stable-Diffusion

concentrate multiple visual attributes within the first self-attention layer of the text-encoder.

Harnessing these insights, we design a fast model editing method DIFF-QUICKFIX. The

potency of DIFF-QUICKFIX is manifested through its adeptness in removing artistic styles,

objects, and updating outdated knowledge all accomplished data-free and in less than a

second, making DIFF-QUICKFIX a practical asset for real-world model editing scenarios.

5.6 Knowledge Localization and Model Editing Across Various Open-

Source Text-to-Image Models

In recent years, substantial strides in conditional image generation have been made through

diffusion-based text-to-image generative models, including notable examples like Stable-

Diffusion [197], Imagen [201], and DALLE [193]. These models have captured widespread

attention owing to their impressive image generation and editing capabilities, as evidenced

by leading FID scores on prominent benchmarks such as MS-COCO [145]. Typically trained

on extensive billion-scale image-text pairs like LAION-5B [202], these models encapsulate
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a diverse array of visual concepts, encompassing color, artistic styles, objects, and renowned

personalities.

A recent work [23] designs an interpretability framework using causal tracing [184] to trace

the location of knowledge about various styles, objects or facts in text-to-image generative

models. Essentially, causal tracing finds the indirect effects of intermediate layers [184],

by finding layers which can restore a model with corrupted inputs to its original state.

Using this framework, the authors find that knowledge about various visual attributes is

distributed in the UNet, whereas, there exists a unique causal state in the CLIP text-encoder

where knowledge is localized. This unique causal state in the text-encoder can be leveraged

to edit text-to-image models in order to remove style, objects or update facts effectively.

However, we note that their framework is restricted to early Stable-Diffusion variants such

as Stable-Diffusion-v1-5.

In our paper, we first revisit knowledge localization for text-to-image generative models,

specifically examining the effectiveness of causal tracing beyond Stable-Diffusion-v1-5.

While causal tracing successfully identifies unique localized states in the text-encoder for

Stable-Diffusion variants, including v1-5 and v2-1, it fails to do so for recent models like SD-

XL [186] and DeepFloyd1 across different visual attributes. In the UNet, causal states are

distributed across a majority of open-source text-to-image models (excluding DeepFloyd),

aligning with findings in [23]. Notably, for DeepFloyd, we observe a lack of strong causal

states corresponding to visual attributes in the UNet.

To address the universal knowledge localization framework absence across different text-to-

image models, we introduce the concept of mechanistic localization that aims to identify a

small number of layers which control the generation of distinct visual attributes, across a

1https://github.com/deep-floyd/IF
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spectrum of text-to-image models. To achieve this, we propose LOCOGEN, a method that

finds a subset of cross-attention layers in the UNet such that when the input to their key and

value matrices is changed, output generation for a given visual attribute (e.g., “style") is

modified (see Figure 8.1). This intervention in the intermediate layers has a direct effect

on the output – therefore LOCOGEN measures the direct effect of intermediate layers, as

opposed to indirect effects in causal tracing.

Leveraging LOCOGEN, we probe knowledge locations for different visual attributes across

popular open-source text-to-image models such as Stable-Diffusion-v1, Stable-Diffusion-v2,

OpenJourney2, SD-XL [186] and DeepFloyd. For all models, we find that unique locations

can be identified for visual attributes (e.g., “style", “objects", “facts"). Using these locations,

we then perform weight-space model editing to remove artistic “styles", modify trademarked

“objects" and update outdated “facts" in text-to-image models. This weight-space editing is

performed using LOCOEDIT which updates the key and value matrices using a closed-form

update in the locations identified by LOCOGEN. Moreover, for certain attributes such as

“style", we show that knowledge can be traced and edited to a subset of neurons, therefore

highlighting the possibilities of neuron-level model editing.

Contributions. In summary, our contributions include:

• We highlight the drawbacks of existing interpretability methods such as causal tracing

for localizing knowledge in latest text-to-image models.

• We introduce LOCOGEN which can universally identify layers that control for visual

attributes across a large spectrum of open-source text-to-image models.

• By examining edited models using LOCOEDIT along with LOCOGEN, we observe

that this efficient approach is successful across a majority of text-to-image models.

2https://huggingface.co/prompthero/openjourney
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Text-Encoder

Replace the embedding of original prompt with a 
target prompt (e.g., ‘a painting of a house’) for this 
layer

Low Fidelity to ’Van 
Gogh’ style

(b)

UNet layers Cross-Attn Layers which use a different 
prompt than other layers

Original Prompt: ‘A house in the style of Van Gogh’
“Mechanistic localization”

Output Modified!

Cross-Attn layers

Causal Intervention
(Prior Works)

Text-EncoderCausal Layer

Distributed Knowledge - No “Mechanistic localization”

LocoGen
(Ours)

(a)

Prompt: ‘A house in the 
style of Van Gogh’ Original Generation

Figure 5.6: LOCOGEN: Identifying UNet layers that, when given different input,
can alter visual attributes (e.g., style, objects, facts). (a) Earlier works [23] which
show distributed knowledge using causal interventions. (b) LOCOGEN where a few cross-
attention layers receive a different prompt-embedding than the original, leading to generation
of images without the particular style.

5.7 On the Effectiveness of Causal Tracing for Text-to-Image Models

In this section, we empirically observe the effectiveness of causal tracing to models beyond

Stable-Diffusion-v1-5. In particular, we find the ability of causal tracing to identify localized

control points in Stable-Diffusion-v2-1, OpenJourney, SD-XL and DeepFloyd.

Causal Tracing in UNet. In Figure 5.7, we find that knowledge across different visual

attributes is distributed in the UNet for all the text-to-image models (except for DeepFloyd),

similar to Stable-Diffusion-v1-5. However, the degree of distribution varies between dif-

ferent text-to-image models. While knowledge about various visual attributes is densely

distributed in Stable-Diffusion variants, for SD-XL we find that the distribution is extremely

sparse (e.g., only 5% of the total layers are causal). For DeepFloyd, we observe that there

are no strong causal states in the UNet. We provide more qualitative visualizations on causal

tracing across the these text-to-image models in Appendix. Overall, these results reinforce

the difficulty of editing knowledge in the UNet directly due to (i) distribution of causal states

or (ii) absence of any.
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Figure 5.7: Causal tracing for UNet. Similar to [23], we find that knowledge is causally
distributed across the UNet for text-to-image models such as SD-v2-1 and SD-XL. For
DeepFloyd we do not observe any significant causal state in the UNet.
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Figure 5.8: Causal tracing for text-encoder. Unlike SD-v1-5 and SD-v2-1, we find that a
singular causal states does not exist in the text-encoder for SD-XL and DeepFloyd.

Causal Tracing in Text-Encoder. [23] show that there exists a unique causal state in

the text-encoder for Stable-Diffusion-v1-5 and Stable-Diffusion-v2-1 which can be used to

perform fast model editing. In Figure 5.8, we find that such an unique causal state is absent in

the text-encoder for DeepFloyd and SD-XL. We note that DeepFloyd uses a T5-text encoder,

whereas SD-XL uses a a combination of CLIP-ViT-L and OpenCLIP-ViT-G [191]. Our

empirical results indicate that an unique causal state arises only when a CLIP text-encoder

is used by itself in a text-to-image model.
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Figure 5.9: Interpretability Results: Images generated by intervening on the layers
identified by LOCOGEN across various open-source text-to-image models. We compare
the original generation vs. generation by intervening on the layers identified with LOCOGEN

along with a target prompt. We find that across various text-to-image models, visual
attributes such as style, objects, facts can be manipulated by intervening only on a very small
fraction of cross-attention layers.

5.8 LOCOGEN: Towards Mechanistic Knowledge Localization

Given the lack of generalizability of knowledge localization using causal tracing as shown

in Sec. 5.7, we introduce LOCOGEN , which can identify localized control regions for visual

attributes across all text-to-image models.
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5.8.1 Knowledge Control in Cross-Attention Layers

During the inference process, the regulation of image generation involves the utilization

of classifier-free guidance, as outlined in [99] which incorporates scores from both the

conditional and unconditional diffusion models at each time-step. Specifically, the classifier-

free guidance is applied at each time-step to combine the conditional (εθ (zt ,c, t)) and

unconditional score estimates (εθ (zt , t)). The result is a combined score denoted as ε̂(zt ,c, t).

ε̂(zt ,c, t) = εθ (zt,c, t)+α (εθ (zt,c, t)− εθ (zt, t)) , ∀t ∈ [T,1] . (5.10)

This combined score is used to update the latent zt using DDIM sampling [216] at each

time-step to obtain the final latent code z0. We term the model εθ (zt ,c, t) as the Clean

Model and the final image generated as Iclean. We note that text is incorporated in the process

of generation using cross-attention layers denoted by {Cl}M
l=1 within εθ (zt ,c, t) ∀t ∈ [T,1].

These layers include key and value matrices – {W K
l ,WV

l }
M
l=1 that take text-embedding c

of the input prompt and guide the generation toward the text prompt. Generally, the text-

embedding c is same across all these layers. However, in order to localize and find control

points for different visual attributes, we replace the original text-embedding c with a target

prompt embedding c′ across a small subset of the cross-attention layers and measure its

direct effect on the generated image.

Altered Inputs

We say that a model receives altered input when a subset of cross-attention layers C′ ⊂

{Cl}M
l=1 receive a different text-embedding c′ than the other cross-attention layers that take

c as input. We name these layers as controlling layers. We denote by Ialtered the image

generated using this model and Eq. (5.10) with altered inputs when zT is given as the initial
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Figure 5.10: CLIP-Score of the generated images with original prompt for style, objects
and target prompt for facts after intervening on layers through LOCOGEN. Lower
CLIP-Score for objects, style indicate correct localization, whereas a higher CLIP-Score
indicates such for facts. (a) For SD-v1-5 (m=2), objects, facts can be controlled from Layer
6, whereas style can be controlled from Layer 8. (b) For SD-v2-1(m=3), facts are controlled
from Layer 7, style and objects from Layer 8. (c,d): For SD-XL, style (m=3), facts(m=5)
are controlled from Layer 45, whereas objects are controlled from Layer 15.

noise. We denote the model εθ (zt ,c,c′, t) with the altered inputs as the Altered Model

with the following inference procedure:

ε̂(zt ,c,c′, t) = εθ (zt,c,c′, t)+α(εθ (zt,c,c′, t)− εθ (zt, t)) .

As an example, to find the layers where style knowledge corresponding to a particular artist

is stored, {Cl}M
l=1−C′ receive text-embeddings corresponding to the prompt ‘An <object>

in the style of <artist>’, whereas the layers in C′ receive text-embeddings corresponding to

the prompt ‘An <object> in the style of painting’. If the generated image with these inputs

do not have that particular style, we realize that controlling layers C′ are responsible for

incorporating that specified style in the output (see Figure 8.1). In fact, this replacement

operation enables finding locations across different cross-attention layers where various

visual attribute knowledge is localized.
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LOCOGEN Algorithm

Our goal is to find controlling layers C′ for different visual attributes. We note that the

cardinality of the set |C′|= m is a hyper-parameter and the search space for C′ is exponential.

Given |C′|= m, there are
(M

m

)
possibilities for C′, thus, we restrict our search space to only

adjacent cross-attention layers. In fact, we consider all C′ such that C′ = {Cl} j+m−1
l= j for

j ∈ [1,M−m+1].

Selecting the hyper-parameter m. To select the cardinality of the set C′, we run an iterative

hyper-parameter search with m∈ [1,M], where M is selected based on the maximum number

of cross-attention layers in a given text-to-image generative model. At each iteration of

the hyper-parameter search, we investigate whether there exists a set of m adjacent cross-

attention layers that are responsible for the generation of the specific visual attribute. We

find minimum m that such controlling layers for the particular attribute exists.

To apply LOCOGEN for a particular attribute, we obtain a set of input prompts T = {Ti}N
i=1

that include the particular attribute and corresponding set of prompts T ′ = {T ′i }N
i=1 where

T ′i is analogous to Ti except that the particular attribute is removed/updated. These prompts

serve to create altered images and assess the presence of the specified attribute within them.

Let ci be the text-embedding of Ti and c′i be that of T ′i .

Given m, we examine all M−m+1 possible candidates for controlling layers. For each of

them, we generate N altered images where i-th image is generated by giving c′i as the input

embedding to selected m layers and ci to other ones. Then we measure the CLIP-Score [97]

of original text prompt Ti to the generated image for style, objects and target text prompt

T ′i to the generated image for facts. For style and objects, drop in CLIP-Score shows the

removal of the attribute while for facts increase in score shows similarity to the updated
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fact. We take the average of the mentioned score across all 1 ≤ i ≤ N. By doing that for

all candidates, we report the one with minimum average CLIP-Score for style, objects and

maximum average CLIP-Score for facts. These layers could be candidate layers controlling

the generation of the specific attribute. Algorithm 6 provides the pseudocode to find the best

candidate. Figure 5.10 shows CLIP-Score across different candidates.

Algorithm 2 LOCOGEN

Input: m,{Ti}N
i=1,{T ′i }N

i=1,{ci}N
i=1,{c′i}N

i=1
Output: Candidate controlling set

for j← 1, . . . ,M−m do
C′←{Cl} j+m−1

l= j
for i← 1, . . . ,N do

si← CLIP-SCORE (Ti, Ialtered)
s′i← CLIP-SCORE (T ′i , Ialtered)

end for
a j← AVERAGE

(
{si}N

i=1
)

▷ for objects, style
a j← AVERAGE

(
{s′i}N

i=1
)

▷ for facts
end for
j∗← argmin j a j ▷ for objects, style
j∗← argmax j a j ▷ for facts
return a j∗,{Cl} j∗+m−1

l= j∗

We set a threshold for average CLIP-Score and find the minimum m such that there exists

m adjacent cross-attention layers whose corresponding CLIP-Score meets the requirement.

We point the reader to Appendix for the values of m selected for different models and

thresholds.

Dataset for Prompts. We use the prompts used in [23, 126] to extract locations in the UNet

which control for various visual attributes such as objects, style and facts. More details

in Appendix.
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Figure 5.11: LOCOEDIT (Model editing) results at locations identified by LOCOGEN
across various open-source text-to-image models. We observe that locations identified by
our interpretability framework can be edited effectively to remove styles, objects and update
facts in text-to-image models. We provide more visualizations in Appendix.

Original Layer 6 Original Layer 12

‘President of United States’‘The British Monarch’Original Prompt
Original Layer 16 Original Layer 12

Original Prompt         ‘Ocean in Monet Style’  ‘Women working in garden in Van Gogh style’

Figure 5.12: Interpretability Results for DeepFloyd. We find the control points for visual
attributes to be dependent on the underlying prompts, rather than the visual attribute.
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5.8.2 Empirical Results

In this section, we provide empirical results highlighting the localized layers across various

open-source text-to-image generative models:

Stable-Diffusion Variants. Across both models, as depicted qualitatively in Figure 5.9 and

quantitatively in Figure 5.10-(a), we observe the presence of a distinctive subset of layers

that govern specific visual attributes. In the case of both SD-v1-5 and SD-v2-1, the control

for “style" is centralized at l = 8 with m = 2. In SD-v1-5, the control for “objects" and

“facts" emanates from the same locations: l = 6 and m = 2. However, in SD-v2-1, “objects"

are controlled from l = 8, while “facts" are influenced by l = 7. Despite sharing a similar

UNet architecture and undergoing training with comparable scales of pre-training data, these

models diverge in the text-encoder utilized. This discrepancy in text-encoder choice may

contribute to the variation in how they store knowledge concerning different attributes.

Open-Journey. We note that Open-Journey exhibits control locations similar to SD-v1-5

for various visual attributes. As illustrated in Figure 5.9 and Figure 5.10-(a), “objects"

and “facts" are governed from l = 6, while “style" is controlled from l = 8. Despite the

architectural resemblance between Open-Journey and SD-v1-5, it’s important to highlight

that Open-Journey undergoes fine-tuning on a subset of images generated from Mid-Journey.

This suggests that the control locations for visual attributes are more closely tied to the

underlying model architecture than to the specifics of the training or fine-tuning data.

SD-XL. Within SD-XL, our investigation reveals that both “style" and “facts" can be

effectively controlled from l = 45, with m = 3 as evidenced in Figure 5.9 and Figure 5.10-

(c). For the attribute “objects," control is situated at l = 15, albeit with a slightly larger value

of m = 5. In summary, SD-XL, consisting of a total of 70 cross-attention layers, underscores
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a significant finding: various attributes in image generation can be governed by only a

small subset of layers.

DeepFloyd. Across SD-v1-5, SD-v2-1, Open-Journey, and SD-XL, our findings indicate

that visual attributes like “style", “objects" and “facts," irrespective of the specific prompt

used, can be traced back to control points situated within a limited number of layers.

However, in the case of DeepFloyd, our observations differ. We find instead, that all

attributes display localization dependent on the specific prompt employed. To illustrate,

factual knowledge related to “The British Monarch" is governed from l = 6 with m = 3,

whereas factual knowledge tied to “The President of the United States" is controlled from

l = 12 (see Figure 5.12). This divergence in localization patterns highlights the nuanced

behavior of DeepFloyd in comparison to the other models examined. More results can be

referred in Appendix.

Human-Study Results. We run a human-study to verify that LOCOGEN can effectively

identify controlling layers for different visual attributes. In our setup, evaluators assess

132 image pairs, each comprising an image generated by Clean Model and an image

generated by Altered Model whose identified cross-attention layers takes different inputs.

Evaluators determine whether the visual attribute is changed in the image generated by

Altered Model(for instance, the artistic Van Gogh style is removed from the original

image or not). Covering 33 image pairs, generated with different prompts per model, with

five participating evaluators, our experiments reveal a 92.58% verification rate for the impact

of LOCOGEN-identified layers on visual attributes. See more details in Appendix
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5.9 LOCOEDIT : Editing to Ablate Concepts

In this section, we analyse the effectiveness of edits in the layers identified by LOCOGEN

across text-to-image models.

5.9.1 Method

Algorithm 6 extracts the exact set of cross-attention layers from which the knowledge about

a particular visual attribute (e.g., style) is controlled. We denote this set as Cloc, where

Cloc ⊂C and |Cloc|= m. This set of extracted cross-attention layers Cloc, each containing

value and key matrices is denoted as Cloc = {Ŵ K
l ,ŴV

l }
m
l=1. The objective is to modify these

weight matrices {Ŵ K
l ,ŴV

l }
m
l=1 such that they transform the original prompt (e.g., ’A house

in the style of Van Gogh’) to a target prompt (e.g., ’A house in the style of a painting’) in a

way that the visual attribute in the generation is modified. Similar to Section 5.8.1, we use a

set of input prompts Torig = {T o
i }N

i=1 consisting of prompts featuring the particular visual

attribute. Simultaneously, we create a counterpart set Ttarget = {T t
i }N

i=1 where each T t
i is

identical to T o
i but lacks the particular attribute in focus. Let co

i ∈ Rd be the text-embedding

of the last subject token in T o
i and ct

i ∈ Rd be that of T t
i . We obtain matrix Xorig ∈ RN×d by

stacking vectors co
1,c

o
2, . . . ,c

o
N and matrix Xtarget ∈ RN×d by stacking ct

1,c
t
2, . . . ,c

t
N . To learn

a mapping between the key and the value embeddings, we solve the following optimization

for each layer l ∈ [1,m] corresponding to the key matrices as:

min
W K

l

∥XorigW K
l −XtargetŴ K

l ∥2
2+λK∥W K

l −Ŵ K
l ∥2

2
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Figure 5.13: Quantitative Model Editing Results for Text-to-Image Models. We observe
a drop in CLIP-Score for “style" and "objects", while an increase in CLIP-Score for “facts"
therefore highlighting correct edits.
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where λK is the regularizer. Letting Yorig = XorigW K
l the optimal closed form solution for

the key matrix is:

W K
l = (XT

origXorig +λ1I)−1(XT
origYtarget +λKŴ K

l )

Same is applied to get optimal matrix for value embeddings.

5.9.2 Model Editing Results

Stable-Diffusion Variants, Open-Journey and SD-XL. In Figure 5.11 and Figure 5.13, it

becomes apparent that LOCOEDIT effectively integrates accurate edits into the locations

identified by LOCOGEN. Qualitatively examining the visual edits in Figure 5.11, our method

demonstrates the capability to remove artistic “styles", modify trademarked “objects," and

update outdated “facts" within a text-to-image model with accurate information. This

visual assessment is complemented by the quantitative analysis in Figure 5.13, where we

observe that the CLIP-Score of images generated by the edited model, given prompts

containing specific visual attributes, consistently registers lower than that of the clean model

for “objects" and “style." For “facts," we gauge the CLIP-Score of images from the model

with the correct facts, wherein a higher CLIP-Score indicates a correct edit, as illustrated in

Figure 5.13. Combining both qualitative and quantitative findings, these results collectively

underscore the effectiveness of LOCOEDIT across SD-v1-5, SD-v2-1, Open-Journey, and

SD-XL. However, it’s noteworthy that the efficacy of closed-form edits varies among

different text-to-image models. Specifically, in the case of “style," we observe the most

substantial drop in CLIP-Score between the edited and unedited models for SD-v1-5 and

Open-Journey, while the drop is comparatively less for SD-v2-1 and SD-XL. Conversely,

for “facts," we find that all models perform similarly in updating with new information.
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Limitations with DeepFloyd Closed-Form Edits. DeepFloyd, despite revealing dis-

tinct locations through LOCOGEN (albeit depending on the underlying prompt), exhibits

challenges in effective closed-form edits at these locations. The section on DeepFloyd

limitations in the Appendix provides qualitative visualizations illustrating this limitation.

The model employs a T5-encoder with bi-directional attention, diverging from other text-

to-image models using CLIP-variants with causal attention. Closed-form edits, relying on

mapping the last-subject token embedding to a target embedding, are typically effective in

text-embeddings generated with causal attention, where the last-subject token holds crucial

information. However, the T5-encoder presents a hurdle as tokens beyond the last subject

token contribute essential information about the target attribute. Consequently, restricting

the mapping to the last-subject token alone proves ineffective for a T5-encoder.

While LOCOGEN along with LOCOEDIT makes model editing more interpretable – we also

find that localized-model editing is better than updating all layers in the UNet as shown

in Appendix. We also compare our method with existing editing methods [23, 78, 126]

in Appendix. We find that our editing method is at par with existing baselines, with the

added advantage of generalizability to models beyond Stable-Diffusion-v1-5. In Appendix,

we also show the robustness of our method to generic prompts.

5.10 On Neuron-Level Model Editing

In this section, we explore the feasibility of effecting neuron-level modifications to eliminate

stylistic attributes from the output of text-to-image models. According to layers identified

with LOCOGEN, our objective is to ascertain whether the selective dropout of neurons at the

activation layers within the specified cross-attention layers (key and value embeddings) can

successfully eliminate stylistic elements.
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Original Image 50 Neurons Layer

A painting of rocky ocean shore under the luminous night sky in the style of Van Gogh

Painting of a grieving woman in the style of Pablo Picasso

A painting of a river in the style of Monet

100 Neurons

Figure 5.14: Neuron-Level Model Editing - Qualitative. Results when applying neuron-
level dropout on identified neurons in layers specified with LOCOGEN on Stable Diffusion
v1.5. The second and third columns display images with 50 and 100 modified neurons out
of 1280 in controlling layers. The last column shows images with a different embedding in
controlling layers.
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To accomplish this objective, we first need to identify which neurons are responsible for

the generation of particular artistic styles, e.g., Van Gogh. We examine the activations of

neurons in the embedding space of key and value matrices in identified cross-attention layers.

More specifically, we pinpoint neurons that exhibit significant variations when comparing

input prompts that include a particular style with the case that input prompts do not involve

the specified style.

To execute this process, we collect a set of N1 prompts that feature the specific style,

e.g. Van Gogh. We gather text-embeddings of the last subject token of these prompts

denoted by c1,c2, . . . ,cN1 , where ci ∈ Rd . We also obtain a set of N2 prompts without any

particular style and analogously obtain {c′1,c′2, . . . ,c′N2
}, where c′i ∈ Rd . Next, for the key or

value matrix W ∈ Rd×d′ , we consider key or value embedding of these input prompts, i.e.,

{zi}N1
i=1∪{z′i}

N2
i=1 where zi = ciW and z′i = c′iW . We note that zi,z′i ∈ Rd′ .

Subsequently, for each of these d′ neurons, we assess the statistical difference in their

activations between input prompts that include a particular style and those without it.

Specifically, we compute the z-score for each neuron within two groups of activations:

z1,z2, . . . ,zN1 and z′1,z
′
2, . . . ,z′N2

. The neurons are then ranked based on the absolute value of

their z-score, with the top neurons representing those that exhibit significant differences in

activations depending on the presence or absence of a particular concept in the input prompt.

During generation, we drop-out these neurons and see if particular style is removed or not.

As seen in Figure 5.14, neuron-level modification at inference time is effective at removing

styles. This shows that knowledge about a particular style can be even more localized to a

few neurons. It is noteworthy that the extent of style removal increases with the modification

of more neurons, albeit with a trade-off in the quality of generated images. This arises

because modified neurons may encapsulate information related to other visual attributes.

To quantify the effectiveness of this approach, we measure the drop in CLIP-Score for

106



Salvador
Dali

Van Gogh Monet Pablo
Picasso

Greg
Rutkowski

0.1

0.2

0.3 Original
30 Neurons
50 Neurons
100 Neurons
Layer

Figure 5.15: Neuron-Level Model Editing - Quantitative. Average CLIP-Score of
generated images to text prompt ’style of <artist>’. Brown bars show similarity to original
generated image; red, orange, and green bars show similarity to generated image when
30, 50, and 100 neurons are modified, respectively; and blue bars refer to images when
controlling layers receive other prompt.

modified images across various styles. Figure 5.15 presents a bar-plot illustrating these

similarity scores. Notably, drop in CLIP-Score demonstrates that neuron-level model editing

effectively removes the styles associated with different artists in the generated images. We

refer to Appendix for more details on neuron-level model editing experiments.

5.11 Conclusion II

In our paper, we comprehensively examine knowledge localization across various open-

source text-to-image models. We initially observe that while causal tracing proves effective

for early Stable-Diffusion variants, its generalizability diminishes when applied to newer text-

to-image models like DeepFloyd and SD-XL for localizing control points associated with

visual attributes. To address this limitation, we introduce LOCOGEN, capable of effectively

identifying locations within the UNet across diverse text-to-image models. Harnessing
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these identified locations within the UNet, we evaluate the efficacy of closed-form model

editing across a range of text-to-image models leveraging LOCOEDIT , uncovering intriguing

properties. Notably, for specific visual attributes such as “style", we discover that knowledge

can even be traced to a small subset of neurons and subsequently edited by applying a simple

dropout layer, thereby underscoring the possibilities of neuron-level model editing.
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Chapter 6: Mechanistically Understanding and Editing Multimodal

Language Models

6.1 Introduction

Multi-modal Large Language Models (MLLMs) trained on both text and images are rapidly

moving from research into deployment and are being used by millions of people. Yet, while

there have been some advances in understanding how llm work, much less has been done to

understand mllm. This paper begins to close this gap by studying how information is stored

and transferred in mllm. To do this through the lens of a factual Visual Question Answering

(VQA) task – a very common use case of MLLMs today [179, 180, 254].

MLLMs process factual information in two steps: information storage and information

transfer. Information storage refers to how facts from a pre-training dataset are stored in

a model’s parameters – its so-called ‘parametric’ memory. Information transfer describes

how information from input prompts are propagated through these storage locations to the

model’s final output. Understanding these mechanisms can have many benefits, including

ensuring models are factually grounded and informing better evaluation protocols. Extensive

works have explored how LLMs store and transfer factual information [112, 167, 207],

however, this has not been studied for multi-modal inputs. For example, it is suggested

that auto-regressive Transformer-based LLMs store factual information in their mid-layer
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LLaVA-7B: Multimodal LLM LLaMA (Vicuna)-7B
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Maximum Restored Prob: 0.39
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Figure 6.1: MLLMs retrieve information from earlier internal layers compared to their Large
Language Model (LLM) counterparts. We find that very early MLP layers [1-4] have high indirect
estimation effects to outputs (i.e., they are causal) in LLaVa-7B, whereas the middle MLP layers
[4-7] are causal in LLaMA (Vicuna)-7B. For LLaMA, a larger window size (e.g., 5) is also required
to find causal sites, compared to a window size of 1 for LLaVA-7B.

MLP parameters [112, 167]. However, MLLMs and LLMs are different: an MLLM

involves an additional (continuous) image input, alongside a (discrete) text prompt, and

requires additional modules to process it [53, 138, 148, 149, 179]. Typically, a vision

encoder (e.g. CLIP) is used to convert this image into either visual tokens via a projection

layer [94, 148, 149] or cross-attention layers [8, 53, 138, 260] which are then integrated into

the language encoder. These differences suggest that our existing understanding of LLM

information storage and transfer may not map directly to MLLMs.

In this work, we use a factual VQA task to study the mechanisms of multi-modal information

storage and transfer. We use a constraint-based formulation which views a visual question as

having a set of either visual or textual constraints (e.g. What movie directed by this director

has won a Golden Globe?). The information retrieved by the model should satisfy these

constraints (e.g. this director, Golden Globe) for the answer to be factually correct. This

formulation, therefore, offers a systematic way of understanding a model’s behavior. Under

this framework, we propose MULTIMODALCAUSALTRACE, which extends LLM causal

tracing [112, 184, 237] to the multi-modal setting, to understand information storage, as
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well as leverage attention contribution methodologies [68, 263] to study information transfer

in MLLMs. We also introduce VQA-Constraints, a new dataset of 9.7k factual questions an-

notated with constraints, spanning natural images (from OK-VQA [161], WikiMovies [263],

and Known [112]). With these tools, we study how a widely-used MLLM family processes

multi-modal information, specifically LLaVa [148, 149] and multi-modal Phi-2 [94]1.

Our key findings are that MLLMs, in contrast to LLMs: (i) retrieve information from earlier

MLP layers (i.e. layers 1-4 vs layers 4-7 in a LLM) (see Fig. 8.1); and (ii) use less parametric

memory (require a smaller window size to retrieve this information), when answering a

multi-modal question. We also find that information is transferred from a given image to

these early MLP blocks through a consistent subset of visual tokens (e.g. last ∼36 tokens

from LLaVa’s CLIP encoder), and that the self-attention blocks in the middle layers are

primarily responsible for shuttling this information to the last token.

Finally, we demonstrate that by editing these early causal MLPs, we can correct errors and

insert new factual information into an MLLM. Specifically, we propose a new model-editing

algorithm, MULTEDIT, which modifies the projection matrix of the early causal MLPs with

a closed-form update. We empirically show MULTEDIT’s effectiveness on questions from

VQA-Constraints and Encyclopedic VQA [168].

In summary, our contributions are:

• A novel multi-modal causal tracing methodology that can be used to study information

storage from image and text inputs in MLLMs.

• A new dataset, VQA-Constraints, of 9.7K factual visual questions about natural images

1Taken from the Bunny repository.

111

https://github.com/BAAI-DCAI/Bunny


Layers

Causal Importance of Layers

…... …

Visual Tokens

…

…... …

Visual Tokens

…

Replacement of the constraint such that 
visual tokens are ignored

Clean Model (a)

Corrupted Model (b)

Prob(Antarctica)
= 0.86

Prob(Antarctica)
= 0.003

Restored Model 
(c) Copy a layer 
from the clean to 
corrupted model

Early Layers

MLP
Self-Attention

This place: Vinson Massif

Copy Operation

P
ro

m
pt

 T
ok

en
s

Figure 6.2: We introduce MULTIMODALCAUSALTRACE, a causal tracing method to under-
stand information storage in MLLMs. A clean model is corrupted by replacing the question’s
constraint with an incorrect one for the given image (e.g. “This place” –> “Paris city" for an image
of “Vinson Massif”). The activations of windows of layers are then iteratively copied from the clean
to the corrupted model until the corrupted model restores its output probability to match the clean
model’s.

annotated with constraints to support future research in these directions.

• A suite of novel insights on the mechanisms underlying multi-modal information

storage and retrieval in MLLMs.

• A model-editing method, MULTEDIT, which we demonstrate can precisely correct

erroneous information and insert new long-tailed information in an MLLM.

6.2 A Constraint-Based Framework for Studying Information Storage and

Transfer in MLLMs

In this section, we describe the constraint-based formulation we use to study informa-

tion storage and transfer in MLLMs. Under this framing, we introduce MULTIMODAL-

CAUSALTRACE, a novel causal information tracing technique which we use to study

multi-modal information storage. We also describe how we use attention contributions [68]

to study multi-modal information transfer. Finally, we describe VQA-Constraints, a new

test-bed of visual questions annotated with constraints.
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Figure 6.3: Information to answer a visual question with a single constraint is mainly retrieved
from early MLP and self-attention layers in MLLMs. MULTIMODALCAUSALTRACE obtains
high indirect estimation effect values in LLaVa’s early MLP and self-attention blocks corresponding
to the visual constraint, across all 3 datasets in VQA-Constraints. This suggests these layers are
causally important for information storage. The causal traces emerge with a window size of 3 (see
results with a window size of 1 in Appendix.

6.2.1 A Multi-modal Constraint-based Framework

Prior works have used a constraint satisfaction framework to study LLMs [130, 154, 263] as

they offer a systematic way of studying model behavior. This framing defines a constraint

as a set of words in the question. The model must retrieve information that satisfies this

constraint from its parametric memory in order to generate the correct answer. For example,

for the question “What city is the Space Needle in?", the model must retrieve information

relevant to the constraint “Space Needle". In the multi-modal setting, we consider these

textual constraints as well as introduce visual constraints. We define a visual constraint to

be a set of words in the question which refers to an entity in the image. The model must

similarly retrieve information about this entity to generate the correct answer. For example,

given an image of Christopher Nolan and the question “Name a movie directed by this

director in 2006?”, the visual constraint is “this director” (and the text constraint is “2006”).
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We refer to a question involving both a visual and text constraint as a multi-constraint

question, and ones with only a visual constraint as a single-constraint question.

We use this framework to study the widely-used “projection layer” MLLMs family. These

models are composed of a visual encoder fθ , a large language model gφ and a projection

head pγ . The projection head pγ is responsible for mapping the output of the visual encoder

into the input space of the language model, as so-called “visual tokens”. Given an image-text

pair denoted as (x, y), the language model processes them as gφ (pγ( fθ (x)),h(t(y))), where

pγ( fθ (x)) = {vi}N
i=1 is the set of visual token embeddings and t(y) = {ti}M

i=1 is the tokenized

text inputs for the language model. These text tokens are processed by an embedding layer

h to obtain text token embeddings as {ei}M
i=1 ∈ Rd . Because we are interested in studying

the outputs of specific layers in response to specific tokens, we use gφ (.)k,ℓ to denote the

output layer embedding corresponding to the kth token position and the layer ℓ. We denote

the output of a MLP layer as gφ (.)k,ℓml p and the output of a self-attention block as gφ (.)k,ℓattn .

6.2.2 MULTIMODALCAUSALTRACE: Studying Information Storage in

MLLMs

Causal tracing, derived from the causality literature [184], can be combined with a constraint-

based framework to gain causal insights on how information propagates through a model

with respect to specific constraint tokens. This has been used to identify where information

is stored in LLMs [165, 167] and text-to-image generative models [23]. The central idea of

causal tracing is to corrupt a clean model by perturbing the input prompt. The activations of

a small subset of layers are then iteratively copied from the clean model to the corrupted

model, until the corrupted model restores its output probability to match the clean model’s.

In this way, we can identify which layers are used to retrieve information relevant to the

constraints in the prompt (i.e. causally relate the input to the output).
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In LLMs, the model is corrupted by adding a small amount of Gaussian noise to the

embeddings of the textual constraint tokens (usually less than 5) [165]. In MLLMs, however,

noise must be added to a much larger number of token embeddings – those of the visual

tokens (e.g., 576 in LLaVa and 729 in multi-modal Phi-2) from the projection head, and

the textual tokens of the visual constraint (e.g. “this director”). Our experiments show that

this large noise injection makes it difficult to revert the MLLM to a clean state and recover

relevant causal traces (see Standard Causal Tracing results in Appendix).

We, therefore, introduce MULTIMODALCAUSALTRACE (see Fig. 6.2) to address this. Rather

than adding Gaussian noise to the embeddings, we instead corrupt the visual constraint token

IDs by replacing them with token IDs from a separate word or phrase, such that the visual

information is ignored. We illustrate this through an example. (1) Clean Model: Given

an image x of the Space Needle, and the question y, “Which city is this building located

in?”, we compute the probability of the model’s output O (e.g., “Seattle”) as Pclean(O).

(2) Corrupted Model: We substitute the visual constraint with an alternative such that the

question does not require information from the image to be answered (e.g., “this building”

is replaced with “Taj Mahal”). For a multi-constraint question which also has a textual

constraint, we can either add Gaussian noise to the textual constraint tokens’ embeddings

(since there are only a few) or we can similarly replace the token IDs. After all replacements,

we ensure that the question still makes semantic sense. We then measure the probability

of original output O as Pcorr(O). With the right corruption, Pcorr(O) is expected to

be low. (3) Restored Model: We then iteratively copy layer activations gφ (.)k,ℓml p and

gφ (.)k,ℓattn ∀k ∈ [1,M +N] from the clean model to the corrupted model, for each layer

in turn. For a given layer ℓ and token position k, we denote the restored probability as

Prestored(O)k,ℓ. After a layer is copied, we observe if Prestored(O)k,ℓ is high – indicating

that layer ℓ has a strong causal association to the output O. In some cases, no layers have
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Figure 6.4: Information to answer a visual question with a visual and textual constraint is
retrieved from early and middle MLP and self-attention layers in MLLMs. This suggests that
meeting multiple constraint requires more parametric memory compared to single constraints.
We show that MULTIMODALCAUSALTRACE obtains high indirect estimation effect values in the
early and middle layers in LLaVa’s on the OK-VQA dataset in VQA-Constraints (see multi-constraint
results from the Movies dataset in Appendix.

a causal association. We note that this copy operation can be performed over a window

of layers {ℓi}Wi=1 at a time, where W is the window size. A window size of 1 copies only

one layer at a time. Similar to [165], we track the indirect estimation effect for a layer ℓ

as Prestored(O)k,ℓ−Pcorr(O) and use it as a metric to track causal states. Intuitively, this

measures the difference in the probability of O under the corrupted model and when a layer

ℓ is restored to its original clean state. A high value indicates that the copied layer/s can

restore the model to its original clean state (i.e. the layer is causal).

6.2.3 Studying Information Transfer in MLLMs with Attention Contribu-

tions

MULTIMODALCAUSALTRACE enables us to identify the specific layers a model retrieves

information from in order to answering a visual question. A second component of under-

standing how MLLMs process factual information is understanding how input prompts

are propagated through these storage locations to the model’s final output. For this, we

use attention contributions [68, 263] which compute how much one set of input tokens

influences a set of output tokens during the self-attention operation. Specifically, we use this
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to track (i) how information is transferred from the visual tokens to the causal layers, and

(ii) from these layers to the final token, where the final probabilities are computed.

Defining Attention Contributions. The attention operation in a Transformer [235] consists

of the query, value, key and output weight matrices: W ℓ
q ,W

ℓ
v ,W

ℓ
k ,W

ℓ
o . Each of these are

divided into H heads as W ℓ,h
q ,W ℓ,h

v ,W ℓ,h
k ∈ Rd×dh,W ℓ,h

o ∈ Rdh×d , where d is the dimension

of the internal token embeddings and dh is the dimensionality of the token embedding for a

particular attention head h. We define the attention contribution from a token j to token i in

layer ℓ as follows:

aℓi j =
H

∑
h=1

Al,h
i j (gφ (.) j,ℓ−1W ℓ,h

v )W ℓ,h
o (6.1)

where the attention matrix for layer ℓ and head h is defined as:

Aℓ,h = so f tmax(
(gφ (.)1:M+N,ℓ−1W ℓ,h

q )(gφ (.)1:M+N,ℓ−1W ℓ,h
k )T√

d/H
) (6.2)

where gφ (.)1:(M+N),ℓ−1 ∈R(M+N)×d and Aℓ,h ∈R(M+N)×(M+N). For understanding informa-

tion transfer from the visual tokens to the causal layers, we use j ∈ [1,M] and i = cconstraint,

where cconstraint corresponds to the last token in the visual constraint. For understanding

the information transfer to the last token, we set j = cconstraint and i = clast, where cconstraint

corresponds to visual constraint’s last token and clast corresponds to the last token in the

question.

6.2.4 VQA-Constraints: A Constraint Annotated Test-Bed for VQA

Alongside the above tools, we also introduce a new test-bed called VQA-Constraints to

enable our analyses. The test-bed consists of 9.7K natural images paired with factual ques-

tions, where each question is annotated with visual and textual constraints (see Sec. 6.2.1).

Specifically, we source image-question pairs from the following datasets i) OK-VQA [162]
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which covers general knowledge questions, ii) Movies [263] which includes questions about

movie directors and awards from Wikipedia, and iii) Known [165] which covers questions

about countries, famous people, and places. The questions from the Movies and Known

datasets are not originally multi-modal, so we modify them to refer to images which we

source from Bing. We provide more details on the dataset construction and the constraint

annotation in the dataset description in the Appendix.

We leverage GPT-4 [180] to annotate the textual and visual constraints in the visual questions

in VQA-Constraints. We first manually annotate 100 examples from each dataset with

constraints. We provide this as context to GPT-4 and prompt it (see dataset description in

Appendix) to annotate the constraints in new questions from Multimodal Known and OK-

VQA. Due to the templated prompts in Multimodal Movies (e.g., “Name a movie directed

by this director? ”), the constraints are constant (“this director”) across all examples and

does not require external annotations.

6.3 Key Findings in how MLLMs Store and Transfer Information

Using the tools presented in sec. 6.2.1, we present our key findings in how MLLMs retrieve

information from internal layers and how this information is transferred across the model.

6.3.1 Finding 1: Early MLPs and self-attention layers are causal

We find that information required to answer a visual question is mainly retrieved from

the early-layer MLP and self-attention blocks of a MLLM. This is confirmed by the high

indirect estimation effects which MULTIMODALCAUSALTRACE assigns to the early layers

in both LLaVa (see Fig. 6.3, Appendix) and multi-modal Phi-2 (see Appendix) across the

three datasets in VQA-Constraints.
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This contrasts earlier results for LLMs which have been shown to retrieve information from

mid-layer MLPs to answer factual questions [165, 167]. To obtain a fairer comparison, we

apply MULTIMODALCAUSALTRACE to LLaMA and LLaVa which use the same language

backbone. We run both on the same set of questions – LLaMA on the Known dataset [165],

and LLaVa on our multi-modal version of Known which modifies the questions to refer to an

image (see sec. 6.2.4). In Fig. 8.1, we show that the MLPs in the first 4 layers are causal for

LLaVa while the MLPs in layers 4-7 are causal for LLaMa. We also find that causal traces

can be extracted from LLaVA with a minimum window size of 1, while LLaMa requires a

minimum window size of 5 to obtain any significant causal traces.

Although we find a smaller window size of 1 to provide relevant causal traces (see more

trace results in the Appendix), we find that a slightly larger window size of 3 results in

consistent causal traces across all the questions. In Fig. 6.3, we report the results using a

window size of 3, where we find that the early MLPs as well as self-attention layers are used

to retrieve relevant knowledge to answer a visual question. We note that this observation is

consistent for all the datasets in VQA-Constraints.

For multi-constraint questions that consist of a visual and textual constraint, information

corresponding to the textual constraint is retrieved from a broader set of layers – both

the early and mid-layer MLP and self-attention blocks (see Fig. 6.4). We also find that a

larger window size (at least of 6) is required to obtain any causal traces. This suggests that

more parametric memory is required to meet both a visual and textual constraint in a given

question.
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Figure 6.5: The late visual tokens are primarily responsible for transferring information from
the image to the early causal layers, via the first self-attention layer. We visualize attention
contributions (see Eq.(6.1)) from the visual tokens to the visual constraint token averaged across the
three datasets in VQA-Constraints.

6.3.2 Finding 2: Only a subset of visual tokens are involved in transferring

information from the image to the early causal MLP layers.

We also find that the late visual tokens transfer information from the image to the early

causal MLP layers (where information is mainly stored) via the first self-attention layer. We

show this in Fig. 6.5 by visualizing the attention values in the early self-attention layers

between each visual tokens and the final token in the visual constraint using the method

described in Sec. 6.2.3. We see that the values are the highest in LLaVa’s first self-attention

layer (which occurs just before the first causal MLP layer), specifically for the last subset

of visual tokens (indexes 540-576 out of 576 in total). We hypothesize that these tokens

may be summarizing image information that is relevant to the given question before it is

transferred and then stored in the MLPs, however we leave this to future study. We note that

this pattern holds across all three datasets from VQA-Constraints.

120



6.3.3 Finding 3: Mid-layer self-attention layers are involved in transferring

information from the early causal layers to the question’s final token

Rather counter-intuitively, we find that even though information is stored in the early layers,

the self-attention blocks in the middle layers (rather than layers immediately after) are

responsible for propagating this information to the question’s final token. The model’s

answer is sampled at this point, hence the information present here likely influences the

ultimate generation. We see this in Appendix, which plots the attention contribution values

between the last visual constraint token and the last token in the question across all the layers,

using the methodology in Sec. 6.2.3. For LLaVa, the self-attention blocks in layers 16-17

are most active. This behaviour is similar in LLMs which also use mid-layer self-attention

blocks to transfer information from (mid-layer) stored locations to the last token position.

6.3.4 Finding 4: Mid-layer self-attention contributions can be used to

predict whether a MLLM will generate a correct answer, but model

confidence is a more reliable predictor

When a MLLM generates a correct answer, we observe that the self-attention contributions

in its middle layers are higher to when it generates an incorrect answer (see Appendix).

For LLaVa, this is specifically the attention contributions between the last constraint token

and the last prompt token in the 16th and 17th layer. This holds potential to detect when a

model will answer correctly without running a full inference pass, therefore enabling “early”

failure mode detection.

To investigate this, we compute the scalar average of the attention contributions from these

two layers as
a16

clast,cconstraint
+a17

clast,cconstraint
2 and find that it can classify a correctly generated
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Figure 6.6: MULTEDIT can correct error cases (left) and insert long-tailed factual knowledge
(right) by editing the early causal MLP layers in an MLLM. We use the average probability of
the correct token O∗ as the metric for Editing Efficacy and Generalization, and VQA-Accuracy for
Specificity (higher the better for all).

answer with an AUROC of 0.63 on the Known dataset in VQA-Constraints (see Appendix).

We find, however, that the model’s confidence – the probability of the generated output token

at the final layer – is a slightly stronger predictor, with an AUROC of 0.76 (see Appendix).

This parallel’s previous work in LLMs [263] which used the attention contributions from

all the LLM’s layers (via a linear model) to predict the generated answer’s correctness.

In comparison, our results suggest that a subset of MLLM’s middle layers alone can be

leveraged as a coarse “early” failure mode detector.

Takeaway. MLLMs behave differently in terms of information retrieval from their

parametric memory however quite similarly to LLMs in terms of information transfer

to the final token.

6.4 Correcting and Inserting Long-Tailed Information in MLLMs

Previous works have shown that counterfactual information can be inserted into LLMs by

editing their causal layers [165, 167]. In this section, we verify if a similar approach can be

used to edit a MLLM. Specifically, we introduce MULTEDIT, which applies a closed-form

update to the early causal MLP layers we identified in Sec. 6.3. We show that our approach

can effectively both (i) fix erroneous answers, and (ii) insert new long-tailed information in
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LLaVa in a VQA task.

6.4.1 MULTEDIT

Given an image-question (x,y), we denote a MLLM’s generated answer as O. MULTEDIT

updates a few parameters in the model such that it generates a new answer O∗. Similar

to [121, 165], we update the W ℓ
pro j matrix at specific causal MLP layers such that the

probability P(O∗) increases. Specifically, we view W ℓ
pro j as a linear-associated memory

(where the matrix’s input are treated as keys and its output as values) and uses a closed-form

update to map the original keys to new (correct) values. Below, we outline the process for

acquiring both the keys and values.

Obtaining keys. Let {vi}N
i=1 be the visual token embeddings and {ei}M

i=1 the text token

embeddings. Given a causal layer ℓ and the last token of a constraint c, we refer to the input

of the layer’s W ℓ
pro j matrix as its keys. Specifically, we define the key kc,ℓ to be the input

embedding to the W ℓ
pro j matrix corresponding to the last token of the constraint. This can be

obtained with a simple forward pass with the visual and text token embeddings.

Obtaining values. Given a causal layer ℓ, we refer to the output of the layer’s W ℓ
pro j matrix

as its values. Specifically, we define zc,ℓ as the output embedding corresponding to the last

token of the constraint. We optimize zc,ℓ such that the probability of the correct answer

P(O∗) increases as:

z∗c,ℓ = argmin
zc,ℓ

L (zc,ℓ) (6.3)

where L (zc,ℓ) is the standard next-token prediction loss used to train LLMs:

L (zc,ℓ) =− logP(O∗|v1...vNe1....eM) (6.4)
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MULTEDIT modifies the W ℓ
pro j matrix such that the old keys kc,ℓ are mapped to the new

optimized values z∗c,ℓ which increase P(O∗). We define MULTEDIT’s editing objective as:

W ℓ∗
pro j = arg min

W ℓ
pro j

∥W ℓ
pro jkc,ℓ− z∗c,ℓ∥2

2 +λ∥W ℓ
pro j−W ℓ′

pro j∥2
2 (6.5)

The second regularization term ensures that W ℓ′
pro j, the weights before the edit, do not deviate

too much from W ℓ
pro j. This helps to preserve performance on unrelated VQA pairs.

6.4.2 Experimental details

We experimentally validate MULTEDIT in two real-world model-editing applications:

Fixing incorrect answers to common questions. We test MULTEDIT on a set of ∼450

visual questions which LLaVa answers incorrectly (detected using incorrect VQA accuracy)

from the multi-modal Known dataset in VQA-Constraints. These are generally questions

about well-known places, persons and brands and companies.

Inserting long-tailed VQA knowledge. We test MULTEDIT on a set of visual questions

from the Encyclopedia-VQA dataset [168]. These query fine-grained knowledge about rare

landmarks around the world, which MLLMs have been shown to struggle on [168].

For both settings, we compare MULTEDIT to the fine-tuning baselines:(i) fine-tuning

from [165] which fine-tunes all the layers using the language modeling objective, and

(ii) fine-tuning with constraints from [270] which fine-tunes the layers in a language model

with a constraint on the weights to ensure local loss continuity.

We measure the success of each edit operation using the following metrics: (i) Editing

Efficacy, which uses P(O∗) to measure the edited model’s ability to generate the correct

answer for image-question (x,y). (ii) Generalization, which uses P(O∗) to measure
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the edited model’s ability to generate the correct answer for the question y paraphrased

using a language model (see Appendix for details), and (iii) Specificity, which uses VQA

accuracy [6] to measure the edited model’s performance on unrelated VQA questions.

We consider unrelated questions to be those from the OK-VQA and Movies datasets in

VQA-Constraints (see further details in Appendix).

6.4.3 Results

Overall, our results show that updating the projection matrix using MULTEDIT at just a

single early (causal) MLP layer can be a very effective approach for both correcting incorrect

answers and inserting new knowledge in MLLMs.

Fixing incorrect answers. In Fig. 6.6 (left), we show that MULTEDIT is able to successfully

fix the generations for all questions with wrong answers. In editing efficacy, the average

probability of the correct answer improves from 0.07 to 0.82 after the edit. We also observe

strong generalization, with a probability of 0.76 for the correct answer even when the

question is paraphrased. Although we see a small drop of 1.5% accuracy on unrelated

image-question pairs, we note that MULTEDIT outperforms fine-tuning with and without

constraints on all the metrics.

Inserting long-tailed information. In Fig. 6.6 (right), we show that MULTEDIT is able

to reliably insert new long-tailed knowledge in the model with an editing efficacy of 0.83.

We see similar strong generalization when paraphrasing questions with an efficacy of 0.79.

Similar to above, MULTEDIT incurs a small drop of 1.4% on unrelated questions but is less

affected than other methods.

In Appendix, we also provide ablations showing that editing the early causal MLP layers

leads to better editing efficacies than editing the middle or the later MLP layers.
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6.5 Conclusion

Our paper takes a closer look at how MLLMs process multi-modal information. We

contribute a novel multi-modal causing tracing methodology and test-bed, VQA-Constraints,

as well as a range of novel insights on how MLLMs retrieve and transfer information. We

also introduce a novel model-editing algorithm, MULTEDIT, which can effectively fix errors

or introduce long-tailed knowledge in MLLMs using a simple closed-form update which

targets the early causal MLPs. Overall, this work deepens our scientific understanding of

recent MLLM architectures, and enables future work in this direction.
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Chapter 7: Mechanistically Understanding and Unlocking Zero-Shot

Capabilities in Vision Transformers

7.1 Introduction

Vision transformers and their variants [37, 63, 152, 181, 227, 231] have emerged as pow-

erful image encoders, becoming the preferred architecture for modern image foundation

models. However, the mechanisms by which these models transform images into repre-

sentation vectors remain poorly understood. Recently, [77] made significant progress on

this question for CLIP-ViT models with two key insights: (i) They demonstrated that the

residual connections and attention mechanisms of CLIP-ViT enable the model output to

be mathematically represented as a sum of vectors over layers, attention heads, and tokens,

along with contributions from MLPs and the CLS token. Each vector corresponds to the

contribution of a specific token attended to by a particular attention head in a specific layer.

(ii) These contribution vectors exist within the same shared image-text representation space,

allowing the CLIP text encoder to interpret each vector individually via text.

Extending this approach to other transformer-based image encoders presents several chal-

lenges. Popular models like DeiT [227], DINO-ViT [37, 181], and Swin [152] lack a

corresponding text encoder to interpret the component contributions. Additionally, ex-

tracting the contribution vectors corresponding to these components is not straightforward,
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as they are often not explicitly computed during the forward pass of the model. Other

complications include diverse attention mechanisms such as grid attention, block attention

(in MaxViT), and windowed/shifted windowed attention (in Swin), as well as various linear

transformations like pooling, downsampling, and patch merging applied to the residual

streams between attention blocks. These differences necessitate a fresh mathematical analy-

sis for each model architecture, followed by careful application of necessary transformations

to the intermediate output of each component to determine its contribution to the final

representation. To address these challenges, we propose our framework to identify roles of

components in general ViTs.

First, we automate the decomposition of the representation by leveraging the computational

graph created during the forward pass. This results in a drop-in function, REPDECOMPOSE,

that can decompose any representation into contributions vectors from model components

simply by calling it on the representation. Since this method operates on the computational

graph, it is agnostic to the specifics of the model implementation and thus applicable to a

variety of model architectures.

Secondly, we introduce an algorithm, COMPALIGN, to map each component contribution

vector to the image representation space of a CLIP model. We train these linear maps with

regularizations so that these maps preserve the roles of the individual components while also

aligning the model’s image representation with CLIP’s image representation. This allows

us to map each contribution vector from any component to CLIP space, where they can be

interpreted through text using a CLIP text encoder.

Thirdly, we observe that there is often no straightforward one-to-one mapping between

model components and common image features such as shape, pattern, color, and texture.

Sometimes, a single component may encode multiple features, while multiple components
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may be required to fully encode a single feature. To address this, we propose a scoring

function that assigns an importance score to each component-feature pair. This allows us to

rank components based on their importance for a given feature, and rank features based on

their importance for a given component.

Using this ranking, we proceed to analyze diverse vision transformers such as DeiT, DINO,

Swin, and MaxViT, in addition to CLIP, in terms of their components and the image

features that they are responsible for encoding. We consistently find that many components

in these models encode the same feature, particularly in ImageNet pre-trained models.

Additionally, individual components in larger models MaxVit and Swin do not respond

to any image feature strongly, but can encode them effectively in combination with other

components. This diffuse and flexible nature of feature representation underscores the need

for interpreting them using a continuous scoring and ranking method as opposed to labelling

each component with a well-defined role. We are thus able to perform tasks such as image

retrieval, visualizing token contributions, and spurious correlation mitigation by carefully

selecting or ablating specific components based on their scores for a given property.
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Figure 7.1: (Left) Workflow: The first step (REPDECOMPOSE) is to decompose a rep-
resentation z into contributions from its model components ci after being transformed by
residual transformations like LayerNorm, linear projections, resampling, patch merging and
so on. The second step (COMPALIGN) aligns each contribution to CLIP space using a set
of linear maps f0, f1, . . . , fn on the corresponding contributions c0,c1, . . . ,cn. We can then
interpret these aligned contributions using the CLIP text encoder. (Right) Applications of
our method: (a) Visualizing contributions of each token through a specific component
using a joint token-component decomposition (b) Retrieving images that are close matches
of the reference image (on top) with respect to a given image feature like pattern, person, or
location

Recently, [77] decomposed zCLS, fin, the final [CLS] representation of the CLIP’s image

encoder as a sum over the contributions from its attention heads, layers and token positions,

as well as contributions from the MLPs. In particular, they observe that the last few attention

layers have a significant direct impact on the final representation. Thus, this representation
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can be decomposed as: zCLS, fin = zCLS, init +∑
L
l=1 cl,MLP +∑

L
l=1 ∑

H
h=1 ∑

N
t=1 cl,h,t , where L,

H, N correspond to the number of layers, number of attention heads and number of tokens.

Here, cl,h,t denotes the contribution of token t though attention head h in layer l, while

cl,MLP denotes the contribution from the MLP in layer l. Due to this linear decomposition,

different dimensions can be reduced by summing over them to identify the contributions of

tokens or attention heads to the final representation. While this decomposition is relatively

simple for vanilla ViTs, it cannot be directly used for general ViT architectures due to

use of self-attention variants such as window attention, grid attention, or block attention,

combined with operations such as pooling or patch merging on the residual stream. The final

representation may also not just be a single zCLS, fin but 1
N ∑

N
i=1 zi,fin or even 1

L ∑
L
i=1 zCLS,i, or

some combination of the above.

7.1.1 REPDECOMPOSE: Automated Representation Decomposition for

ViTs

We thus seek a general algorithm which can automatically decompose the representation for

general ViTs. This can be done via a recursive traversal of the computation graph. Suppose

the final representation z can be decomposed into component contributions ci,t such that

z = ∑i,t ci,t . Here each ci,t corresponds to the contribution of a particular token t through

some model component i. For convenience, let ci = ∑t ci,t . Then, if given access to the

computational graph of z, we can identify potential linear components ci,t by recursively

traversing the graph starting from the node which outputs z in reverse order till we hit a

non-linear node. The key insight here is that the output of any node which performs a

linear reduction (defined as a linear operation which results in a reduction in the number of

dimensions) is equivalent to a sum of individual tensors of the same dimension as the output.

These tensors can be collected and transformed appropriately during the graph traversal to
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obtain a list of tensors ci,t , each members of the same vector space as the representation z.

This kind of linear decomposition is possible due to the overwhelmingly linear nature of

transformers. The high-level logic of REPDECOMPOSE is detailed in Algorithm 3.

In practice, the number of components quickly explodes as there are a very large number

of potential component divisions for a given model. To make analysis and computation

tractable, we restrict it to only the attention heads and MLPs with no finer divisions. We also

constrain REPDECOMPOSE to only return the direct contributions of these components to

the output. This means that the contribution ci is the direct contribution of component i to z,

and does not include its contribution to z via a downstream component j. Additionally, the

token t in ci,t is present in the input of the component i, and not the input image. In principle,

REPDECOMPOSE could return higher order terms such as c j,i which is the contribution

of model component i via the downstream component j. A full understanding of these

higher order terms is essential to get a complete picture of the inner mechanism of a model,

however we defer this for future work.

7.2 Aligning the component representations to CLIP space

Having decomposed the representation into contributions from relevant model components,

we now aim to interpret these contributions through text using CLIP by mapping them

to CLIP space. Formally, given that we have a set of vectors {ci}N
i=1 such that ∑

N
i ci = z,

the final representation of model, we require a set of linear maps fi such that the sum of

∑i fi(ci) = zCLIP, the final representation of the CLIP model. Once we have these CLIP

aligned vectors, we can proceed to interpret them via text using CLIP’s text encoders.

However, from an interpretability standpoint, a few additional constraints on the linear maps

are desirable. Consider a component contribution ci and two directions u,v belonging to the
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Algorithm 3 REPDECOMPOSE

Input: z, the final representation output by the model and the final node in the computational
graph. z. f is the function that outputs node z

Output: A tree t consisting of component contributions c, such that components ∑c∈t c = z.
The structure of t is a nested list where each list represents a level in the tree
function REPDECOMPOSE(z)

if is_nonlinear(z. f ) then
return [z]

else if is_unary(z. f ) then ▷ Function is unary linear
z0← z.parents()
t0← REPDECOMPOSE(z0)
if is_reduction(z. f ) then

t0,u← unbind(t0) ▷ Unbinds each c ∈ t along the reduction dimension
fd ← decomp(z. f ) ▷ Returns fd such that ∑c∈t0,u fd(c) = z. f (z0)

return map( fd , t0,u) ▷ Maps each c ∈ t0,u to fd(c)
else

return map( z. f , t0) ▷ Maps each element c ∈ t to z. f (c)
end if

else ▷ z. f is binary
z0,z1← z.parents() ▷ Get the parents of z in the graph (inputs to z.function)
t0, t1← REPDECOMPOSE(z0),REPDECOMPOSE(z1)
fd,0, fd,1← decomp_binary(z. f ) ▷ Returns fd,0, fd,1 such that:
return [map( fd,0, t0), map( fd,1, t1)] ▷ ∑c∈t0 fd,0(c)+∑c∈t1 fd,1(c) = z. f (z0,z1)

end if
end function

same vector space as ci which represent two distinct features, say shape and texture. Let us

further assume that the component’s dominant role is to identify shape, and thus the variance

of the projection of ci along u is higher than that of v. We want this relative importance of

features to be maintained in fi(ci). Additionally, we also want any two linear maps fi and f j

to not change the relative norms of features in components ci and c j. We can express these

conditions formally as follows:

1. Intra-component norm rank ordering: For any two vectors u,v and a linear map fi

such that ∥u∥≤ ∥v∥, we have ∥ fi(u)∥≤ ∥ fi(v)∥

2. Inter-component norm rank ordering: For any two vectors u,v and linear maps fi, f j
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such that ∥u∥≤ ∥v∥, we have ∥ fi(u)∥≤ ∥ f j(v)∥

Theorem 2. Both of the above conditions together imply that all linear maps fi must be a

scalar multiple of an orthogonal transformation, that is for all i, f T
i fi = kI for some constant

k. Here, I is the identity transformation.

The proof is deferred to Appendix. We can now formulate a novel alignment method,

COMPALIGN, to map contributions of model components to CLIP space. COMPALIGN min-

imizes a loss function over { fi}N
i=1 to obtain a good alignment between model representation

space and CLIP space:

L({ fi}N
i=1) = E{ci}N

i=1,zCLIP

[
1− cos

(
∑

i
fi(ci),zCLIP

)]
+λ ∑

i
∥ f T

i fi− I∥F

The first term of the objective is the alignment loss, which is the average cosine distance

between the CLIP representation zCLIP and the transformed model representation ∑i fi(ci).

It quantifies the directional discrepancy between the two vectors. The second term is the

orthogonality regularizer which imposes a penalty if the linear maps fi are not orthogonal,

ensuring that the fi adhere closely to the specified conditions. We can now train fi using

the above loss function on ImageNet-1k. The training is label-free and can be done even

over unlabeled datasets. We obtain zCLIP from the CLIP image encoder and {ci}N
i=1 from

running REPDECOMPOSE on the final representation of the model.

Ablation study: We now conduct an ablation study on COMPALIGN. The first naive

alignment method is the case where all fi are the same linear map f , without constraints on

f , similar to [170]. The second method is a version of COMPALIGN with λ = 0, where all

fi are different but not trained with the orthogonality regularizer. To compare these methods,

we first get a “ground truth” description for each model component by using the TEXTSPAN
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Embedding
Source

ImageNet
pretrained

One map only COMPALIGN

(λ = 0)
COMPALIGN

TEXTSPAN’s
top 10

descriptions
of a random
component

wardrobe
medicine cabi-
net
window shade
desk
barbershop
refrigerator
library
shoji screen
bathtub
dining table

gyromitra
home theater
drumstick
Samoyed
muzzle
bookstore
dining table
medicine cabi-
net
park bench
tusker

bookcase
snorkel
red wolf
barbershop
microwave
oven
bassinet
disc brake
dining table
sink
window
screen

filing cabinet
snorkel
bakery
bathtub
dining table
red wolf
gyromitra
shoji screen
Norwich Ter-
rier
bookstore

Match rate - 0.08 0.155 0.185
Cosine

Distance
- 0.23 0.18 0.17

Table 7.1: Comparison of different methods to map the representation space of ImageNet-1k
pre-trained DeiT-B/16 to CLIP image representation space. The green colored texts are exact
matches with the top-10 descriptions obtained from the imagenet pretrained embeddings,
while the orange colored texts are approximate matches. The match rate is the average
fraction of exact matches across all components, while cosine distance is the average cosine
distance between the CLIP representations and the transformed model representations on
ImageNet

[77] algorithm on the class embedding vectors from the ImageNet pre-trained head. This

yields descriptions of each component in terms of the top 10 most dominant ImageNet

classes. We then use COMPALIGN and the two baselines to map the representations to

CLIP space, and apply TEXTSPAN on CLIP embedded ImageNet class vectors to label each

model component. We can then compare the descriptions this yields with the “ground truth”

text description for each head. The results, shown in Tab. 7.1, indicate that COMPALIGN’s

TEXTSPAN descriptions have the most matches to the ImageNet pre-trained descriptions,

followed by COMPALIGN with λ = 0 and the naive single map method. This trend is similar

in the average cosine distance between the CLIP representations and the transformed model
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Figure 7.2: Ablation results for various different image encoders. The top-1 ImageNet
accuracy is plotted as the layers of the model are increasingly ablated away, starting from
the last layer up till the first layer. The circles on the plot represent the endpoints of blocks,
the definition of which varies across model architectures. For the vanilla ViT variants, a
block is an attention MLP pair, while for SWIN, it is a pair of windowed/shifted windowed
attention and an MLP. For MaxVit, this might either be a grid/block attention-MLP pair, or
an MBConv block.

representations.

7.3 Component ablation

To identify the most relevant model layers for downstream tasks, we progressively ablate

them and measure the drop in ImageNet classification accuracy. Ablation involves setting a

layer’s contribution to its mean value over the dataset. We use the following models from

Huggingface’s timm [248] repository: (i) DeiT (ViT-B-16) [227], (ii) DINO (ViT-B-16) [37],

(iii) DINOv2 (ViT-B-14) [181], (iv) Swin Base (patch size = 4, window size = 7) [152], (v)

MaxViT Small [231], along with (vi) CLIP (ViT-B-16) [47] from open_clip [105]. DeiT,

Swin, and MaxViT are pretrained on ImageNet with a supervised classification loss, DINO

on ImageNet with a self-supervised loss, DINOv2 on LVD-142M with a self-supervised

loss, while CLIP is pretrained on a LAION-2B subset with contrastive loss.

In Fig. 7.2, we see that for models not trained on ImageNet (CLIP and DINOv2), removing
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the last few layers quickly drops the accuracy to zero. In contrast, models trained on

ImageNet experience a more gradual decline in accuracy, reaching zero only after more

than half the layers are ablated. This trend is consistent across both self-supervised (DINO)

and classification-supervised (DeiT, SWIN, MaxViT) models. This suggests that ImageNet-

trained models encode useful features redundantly across layers for the classification task.

Additionally, larger models with more layers, such as MaxVit, show significantly more

redundancy, with minimal accuracy impact from ablating the last four layers. Conversely,

the first few layers in all models contribute little to the output. Therefore, our analysis in the

subsequent sections is focused on the last few layers of each model.

7.4 Feature-based component analysis

We now analyze the final representation in terms finer components like attention heads and

MLPs, focusing on the last few significant layers. We limit decomposition to 10 layers for

DeiT, DINO, and DINOv2, but 12 layers for SWIN and 20 layers for MaxVit due to their

greater depth and redundancy across components. We accumulate contributions from the

remaining components in a single vector cinit, expressing z as cinit +∑
N
i ci, where N +1 is

the total number of components including cinit. Here, N = 65 for DeiT, DINO, and DINOv2;

N = 134 for SWIN, and N = 156 for MaxVit.

We then ask if it is possible to attribute a feature-specific role to each component using

an algorithm such as TEXTSPAN [77]. These image features may be low-level (shape,

color, pattern) or high-level (such as location, person, animal). However, such roles are

not necessarily localized to a single component, but may be distributed among multiple

components. Furthermore, each individual component by itself may not respond significantly

to a particular feature, but it may jointly contribute to identifying a feature along with other

components. Thus, rather than rigidly matching each component with a role, we aim to
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devise a scoring function which can assign a score to each component - feature pair, which

signifies of how important the component is for identifying a given image feature. A

continuous scoring function allows us to select multiple components relevant to the feature

by sorting the components according to their score.

Model Feature

order-

ing

Component

ordering

DeiT 0.531 0.684

DINO 0.714 0.723

DINOv2 0.716 0.703

SWIN 0.628 0.801

MaxVit 0.681 0.849

Table 7.2: Spearman’s rank cor-
relation between the orderings in-
duced by CLIP score and compo-
nent score averaged over a selec-
tion of common features

We devise this scoring function (described in the Ap-

pendix) by looking at the projection of each contribution

vector ci onto a vector space corresponding to a certain

feature. Suppose we have a feature, “pattern”, that we

want to attribute to the components. We first describe the

feature in terms of an example set of feature instantia-

tions, such as “spotted”, “striped”, “checkered”, and so

on. We then embed each of these texts to CLIP space,

obtaining a set of embeddings B. We also calculate the

CLIP aligned contributions fi(ci) for each component

i over an image dataset (ImageNet-1k validation split).

Then, the score is simply the correlation between pro-

jection of fi(ci) and the projection of ∑i fi(ci) onto the

vector space spanned by B. Intuitively, this measures how closely the component’s contribu-

tion correlates with the overall representation. The scores obtained for each component and

feature can be used to rank the components according to its importance for a given feature

to obtain a component ordering, or to rank the features according to its importance for a

specific component to get a feature ordering.
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7.4.1 Text based image retrieval

We can now use our framework to identify components which can retrieve images possessing

a certain feature most effectively. Using the scoring function described above, we can

identify the top k components {ci}k
i=1 which are the most responsive to a given feature p.

We can use the cosine similarity of ∑
k
i=1 fi(ci) to the CLIP embedding of an instantiation

sp of the feature p to retrieve the closest matches in ImageNet-1k validation split. In Fig.

7.3, we show the top 3 images retrieved by different components of the DeiT model for

the location instantiation “forest” and “beach” when sorted according to the component

ordering for the “location” feature. As the component score decreases, the images retrieved

by the components grow less relevant. Also note that a significant fraction of components

are capable of retrieving relevant images. This further confirms the need for a continuous

scoring function which can identify multiple components relevant to a feature.

Figure 7.3: Top-3 images retrieved by DeiT components for “forest” and “beach” ordered
according to their relevance for the attribute “location”. Each column here corresponds to
the images returned by the sum of contributions of 3 components, so column i corresponds
to components c3i,c3i+1,c3i+2. A large fraction of components which can recognize the
“location” feature are sorted correctly by the scoring function

To quantitatively verify our scoring function, we devise the following experiment. We

first choose a set of common image features such as color, pattern, shape, and location,

with a representative set of feature instantiations for each (details in Appendix). The
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Figure 7.4: Top-3 images retrieved by the most significant components for various features
relevant to the reference image (displayed on top). The models used are (from left to right)
DINO, DeiT, and SWIN. More exhaustive results can be found in Appendix.
scoring function induces a component ordering for each feature p and feature ordering for

each component i. We then compute the cosine similarity simi,sp = cos
(

fi(ci),ysp,CLIP

)
where ysp,CLIP is the CLIP text embedding of sp. We can compare this to the cosine

similarity simCLIP,sp = cos
(

zCLIP,ysp,CLIP

)
where zCLIP is the CLIP image representation.

The correlation coefficient between simi,sp and simCLIP,sp over an image dataset can be

viewed as another score which is purely a function of how well the component i can retrieve

images matching sp as judged by CLIP. Averaging this correlation coefficient over all sp

for a given p yields a “ground truth” proxy for our scoring function. We can measure the

Spearman rank correlation (which ranges from -1 to 1) between the component (or feature)

ordering induced by our scoring function and the ground truth and average it over features

(or components). In Tab. 7.2, we observe that the rank correlation is significantly high for

all models for both feature and component ordering. The individual rank correlations for

component orderings for common features can be found in Appendix.
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7.4.2 Image based image retrieval

We can also retrieve images that are similar to a reference image with respect to a specific

feature. To do this, we first choose components which are highly significant for the given

feature while being comparatively less relevant for other features. Mathematically, for a

feature p ∈ P, the set of all relevant features, we want to choose component i with score si,p

such that the quantity minp′∈P\p si,p− si,p′ is maximised. Intuitively, we want components

which have the highest gap between si,p and si,p′ where p′ can be any other feature. We

can then select a set of k such components Ck by sorting over the score gap, and sum them

to obtain a feature-specific image representation zp = ∑i∈Ck
ci . Now, we can retrieve any

image x′ similar in feature p to a reference image x by computing the cosine similarity

between z′p and zp, which are the feature-specific image representations for x′ and x. We

show a few examples for image based image retrieval in Fig. 7.4. Here, we tune k to ensure

that it is not so small that the retrieved images do not resemble the reference image at all,

and not so large that the retrieved images are overall very similar to the reference image. We

can see that the retrieved images are significantly similar to the reference image with respect

to the given feature, but not similar overall. For example, when the reference image is a

handbag with a leopard print, the “pattern” components retrieve images of leopards which

have the same pattern, while the “fabric” components return other bags which are made of

similar glossy fabric. Similarly, for the ball with a spiral pattern on it, we retrieve images

which resemble the spiral pattern in the second row, while they resemble the shape in the

third row.

Note that this experiment only involves the alignment procedure for computing the scores

and thereby selecting the component set Ck. The process of retrieving the images is based

on zp which exists in the model representation space and not CLIP space. This shows that
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Figure 7.5: Visualization of token contributions as heatmaps for two example images for
the DeiT model. The relevant feature and the head most closely associated with the feature
is displayed on the bottom of the heatmap, while the feature instantiation is displayed on
the top. The layer numbering starts from the last layer (which has index ’00’). The regions
highlighted in red contribute positively to the prediction, while blue regions contribute
negatively. More results in Appendix.

the model inherently has components which (while not constrained to a single role) are

specialized for certain properties, and this specialization is not a result of the CLIP alignment

procedure.

Model name Worst group
accuracy

Average group
accuracy

DeiT 0.733→ 0.815 0.874→ 0.913
CLIP 0.507→ 0.744 0.727→ 0.790
DINO 0.800→ 0.911 0.900→ 0.938
DINOv2 0.967→ 0.978 0.983→ 0.986
SWIN 0.834→ 0.871 0.927→ 0.944
MaxVit 0.777→ 0.814 0.875→ 0.887

Table 7.3: Worst group accuracy and average group accuracy for Waterbirds dataset before
and after intervention for various models (format is before→ after)

7.4.3 Zero-shot spurious correlation mitigation

We can also use the scoring function to mitigate spurious correlations in the Waterbirds

dataset [200] in a zero-shot manner. Waterbirds dataset is a synthesized dataset where images

of birds commonly found in water (“waterbirds”) and land (“landbirds”) are cut out and

pasted on top of images of land and water background. For this experiment, we regenerate

the Waterbirds dataset following [200] but take care to discard background images with
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birds and thus eliminate label noise. We select the top 10 components for each model which

are associated with the “location” feature but not with the “bird” class following the method

we used in Sec. 7.4.2. We then ablate these components by setting their value to their mean

over the Waterbirds dataset. In Tab. 7.3, we observe a significant increase in the worst group

accuracy for all models, accompanied with an increase in the average group accuracy as

well. The changes in all four groups can be found in Appendix.

7.5 Conclusion

In this work, we propose a ViT component interpretation framework consisting of an

automatic decomposition algorithm (REPDECOMPOSE) to break down the model’s final

representation into component contributions and a method (COMPALIGN) to map these

contributions to CLIP space for text-based interpretation. We also introduce a continuous

scoring function to rank components by their importance in encoding specific features and

to rank features within a component. We demonstrate the framework’s effectiveness in ap-

plications such as text-based and image-based retrieval, visualizing token-wise contribution

heatmaps, and mitigating spurious correlations in a zero-shot manner.

143



Chapter 8: A Mechanistic Circuit for Extractive Question-Answering

8.1 Introduction

In recent times, large language models have been used to process documents, webpages and

transcripts as context and answer questions about them. We refer to the task of answering

a question by directly extracting words from the context/document as extractive Question-

Answering (QA), in contrast to "abstractive QA" or "open-ended QA" where the words

comprising the answer may not necessarily appear in the context. In the extractive QA

case, a language model can either answer from the context, hallucinate entirely from its

parametric memory or interpolate between the two. A mechanistic understanding of such

a task with a circuit (a sub-graph of the language model’s computational graph) can not

only provide insights on the inner workings of the model for this task, but can also enable

downstream applications such as data-attribution (i.e., pointing to the source in the context

which contributes to the answer) and model steering (i.e., enabling the model to answer

from the context, rather than hallucinate from its parametric memory). Earlier works on

mechanistic circuits [26, 68] for large language models [48, 109, 228] have discovered

circuits for language tasks such as entity tracking [188], indirect object identification [244]

or simple math operations such as “greater than” [91]. While circuits are a principled way

to mechanistically understand language models, we note certain limitations within existing

works: (i) Tasks such as entity tracking or indirect object identification are inherently simple
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Figure 8.1: Extracting QA Circuits in Language Models. We use our probe dataset
along with path patching to extract circuits corresponding to (i) Context and (ii) Memory
Faithfulness. We find that a small set of components from the circuit can be used towards
performing data-attribution in one forward pass and also steering language models towards
context faithfulness.

and may not capture the complexity of real-world applications for language models and (ii)

It remains uncertain whether understanding language models through circuits will translate

into practical applications.

In our paper, we extract mechanistic circuits for a real-world extractive QA task and use

insights from the mechanistic circuit to provide two downstream applications: (i) Data attri-

bution to context and (ii) Steering the language model towards improved context faithfulness.

We focus on this task, due to the importance of retrieved-context augmented language mod-

els in recent times which unlocks various user-facing downstream applications [14, 81, 135].

We extract two kinds of circuits from language models: (i) Context-Faithfulness Circuit:

A circuit used by the language model when it solely answers from the context and (ii)

Memory-Faitfulness Circuit: A circuit used by the language model when it solely answers

from its parametric memory. To extract these circuits, we first design a probe dataset (with

minimal assumptions about it’s inherent structure such as fixed length) and use Causal

Mediation Analysis (CMA) [184, 244, 264] to find the subset of nodes and edges in the

computational graph of the language model which are causal to the model outputs. In
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particular, we observe that the circuits activated during the model’s use of context differ

significantly from those used for parametric memory. We validate different components of

the circuit by various ablations and offer insightful mechanistic understandings.

With the extracted circuit components, we then investigate their roles for the task of extractive

QA. We first find that a small set of attention heads in the circuit perform reliable data

attribution by default (i.e., where the specific input data in the context used to produce

an answer is identified), inherently obtaining data attribution in just one forward pass for

each token generation. Leveraging this observation, we introduce ATTNATTRIB, which

can reliably perform data attribution using just one attention head across various real-

world QA benchmarks (e.g., HotPotQA, Natural-Questions, NQ-Swap) and white-box

language models (Vicuna, Llama-3). In fact, through extensive empirical experiments, we

show that ATTNATTRIB can obtain state-of-the-art data-attribution results when compared

to other strong baselines for extractive QA tasks without any additional forward pass

or auxiliary model, effectively obtaining attribution for free. We also find that when

the language model answers using the parametric memory circuit, the attribution heads

still display a high attention to the answer tokens in the context. With this insight, we

design a simple model steering method for improved context-faithfulness, by using the

attributions from ATTNATTRIB as an additional source of information. Across various

empirical experiments, we find that the addition of attribution during prompting leads to

improvements upto 9% on popular extractive QA datasets.

Overall, our paper extracts mechanistic circuits in language models for a real-world task of

extractive QA. Beyond mechanistic interpretability of QA tasks, our paper highlights that

certain components of the circuit can be useful for downstream applications such as data-

attribution and also steering language models towards being more faithful to the context

(thus improving generalization). In summary, our contributions are as follows:
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• We extract mechanistic circuits (which provide a causal view) in language models for

the real-world task of extractive QA for when the model answers from the context

and from the parametric memory.

• We provide salient insights on the underlying mechanics of language models high-

lighting the interplay between parametric memory and context through the lens of

extracted circuits.

• Using the insights from the circuit mechanism, we provide two practical applications:

(i) Data-attribution to context with ATTNATTRIB and (ii) Model steering towards

context-faithfulness using the attributions from ATTNATTRIB – both reliable enhance-

ments which can ensure that the model does not hallucinate.

8.2 Related Works

Circuit Based Interpretability in Language Models. With the advent of language mod-

els, several recent works have focused on a mechanistic understanding of language mod-

els [87, 144, 164, 166, 232]. One of the primary benefit of transformer based language

models is that the final logit representation can be decomposed as a sum of individual model

components [68]. Based on this decomposition, one can extract task-specific causal sub-

graphs (i.e., circuits) of internal model components in language models. Early works have

extracted such circuits for indirect-object identification [244], greater-than operation [91]

and more recently for entity-tracking [188]. Circuits can also be constructed as sub-graphs

of neurons in the language model, but it often comes with increased complexity of inter-

pretation [67]. Recently, there has been an increasing focus on the practical aspects of

mechanistic interpretability such as refusal mediation [11, 267] or safety in general [272].

In our paper, we focus on extracting circuits for a real-world task such as extractive QA with

a particular emphasis on practical applications such as attribution and steering.
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Applications in Context-Augmented QA. With the advent of retrieval-augmented gen-

eration [81, 135] language models have been increasingly used for real-world Question-

Answering (QA) tasks. One of the primary enhancement of context-augmented QA lies in

the ability to provide reliable grounding (i.e., attribution) in the context for the generated

answer [102, 113, 137, 257]. In recent times, there have been a large set of works which

improve LLM responses by reducing hallucinations and improving grounding in the in-

put context [14, 252, 257, 265]. Beyond grounding, [160, 241, 249, 251] investigate the

interplay between model’s use of parametric vs. context knowledge.

8.3 Deciphering a Circuit for Extractive QA

Nodes and Edges in a Language Model Circuit. Recent decoder-only large language

models, denoted by gφ , such as Llama variants [70, 228], are built on the seminal trans-

former architecture [235]. A notable characteristic of these architectures is that the token

representation at any layer can be expressed as a function of internal model components,

such as multi-layer perceptrons (MLPs) and attention heads, from earlier layers [68]. As

a result, the computational graph underlying a language transformer is a directed acyclic

graph, with nodes representing components like MLPs and attention heads (or layers), and

edges representing connections formed by the residual stream.

We are particularly interested in obtaining a sub-graph of the transformer’s computational

graph which is responsible towards context-augmented language modeling. In particular,

we extract two circuits: (i) Context-Faithfulness Circuit, which is used when the underlying

language model answers from the context, and (ii) Memory-Faithfulness Circuit, which is

used when the language model solely answers from the parametric memory, ignoring the

context. To extract the respective circuits, we first design a probe dataset mimicking both

these conditions which we use with causal mediation analysis [244].
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Figure 8.2: (i) Top Row (Context Circuit Components). We find that a small set of
attention layers and attention heads are sufficient towards a high average metric score
across all the models. However we find that for Vicuna and Phi-3, patching MLPs do not
lead to a high metric score. For Llama-3-8B, we find MLP-31 to have a high direct effect,
which when greedily combined with other MLP layers obtain higher scores; (ii) Bottom
Row (Memory Circuit Components). We find that a large number of attention heads and
layers are required to obtain a high metric score. Unlike the context circuit, we find MLPs
to be important for the memory circuit.
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8.3.1 Designing the Probe Dataset

The design of a probe dataset is extremely crucial in extracting circuits for a language

model task as shown in earlier works [91, 244]. We are interested in obtaining a circuit for

context-faithfulness as well as one when the model answers from the parametric memory

while ignoring the context. To this end, we design two probe datasets Dcopy and Dmemory

respectively for them. Each example in Dcopy and Dmemory consists of factual questions

sourced from the Known dataset [166]. For each question qi in both datasets, we use

Llama-3-70B-Instruct to generate a context ci related to the subject and answer for qi. To

guarantee that for each question in Dcopy, the language model only answers from the context

(and not the memory), we replace the answer tokens in the context ci with a set of tokens

which are semantically similar to the original answer(e.g., in Fig.(8.1), we replace Seattle

with New York in the original context Space Needle is located in Seattle, where the original

answer was Seattle). In Dmemory, to force the model to answer from the parametric memory

while ignoring the context, we replace the answer token with a token which is far away in

semantic meaning from the original answer (e.g., replace Seattle with a punctuation of “–”).

In total, we curate 1000 questions (with their corresponding modified contexts) in Dcopy

and Dmemory. We note that each entry xi ∈Dcopy/memory, contains a question qi, a subject of

the question si, ground-truth answer denoted by ai, the modified context c′i and the original

context ci. Along with ci and c′i, we add a corrupted context ci,corrupted, where the subject

and the answer token in the context is replaced by unrelated tokens and qi,corrupted where

the subject in the question is replaced by a randomly sampled token. For e.g., as seen in

Fig.(8.1) the corrupted context (Big Sur is in California) is formed by replacing the subject

and the answer tokens in the modified context.

Distinctions from Other Circuit Datasets. Previous work on circuit extraction for entity
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tracking and indirect object identification relies on fixed templates for generating examples.

However, for real-world tasks like extractive QA, probe datasets cannot use templates due

to varying context lengths and unique information across examples.

8.3.2 Interventional Steps for Extracting Circuits

Our interventional method is developed on the foundational technique of causal mediation

analysis [184]. The primary idea of causal mediation analysis is to find important paths

in a causal graph, by performing an interventional operation on a small set of nodes and

measuring the change in the final output. In our use-case, we adapt this method to find

a sub-graph of internal model components such that ablating them leads to a decrease in

ability of the model to perform QA (either through extraction from the context or using

the parametric memory while ignoring the context). Below we provide the algorithmic

description:

Algorithmic Description. Given the language model gφ and its associated computational

graph G , our objective is to extract a sub-graph (i.e., a circuit) C ∈ G which is responsible

towards the QA task. We obtain the nodes and edges of the circuit C in a hierarchical manner.

First, we obtain a set of nodes and edges in hierarchy 0 denoted as (N0,E0) which have the

highest direct effect to the final logit. In the next step for hierarchy 1, we obtain a set of

nodes and edges (N1,E1), which have the highest direct effect on the nodes from hierarchy

0. For any hierarchy k, we obtain a set of nodes and edges (Nk,Ek) which have a high direct

effect on the nodes (Nk−1,Ek−1) from the previous hierarchy. For obtaining the nodes at

the kth hierarchy, we create two instantiations of the underlying language model gφ . The

first instantiation is denoted as gφ ,clean, with the original question qi and modified context c′i

as the input. The second instantiation of the language model is gφ ,corrupted, where the input

context as well as the question is corrupted as ci,corrupted and qi,corrupted respectively. With this
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Figure 8.3: We find that one attention head in the context faithfulness circuit obtains
a low entropy value in the context window. Qualitative results shows that this attention
head for Vicuna leads to peaky attention values in the context span containing the answer,
whereas other attention heads produce either diffused attentions or erroneous attentions.
Further results on Llama-3 and Phi-3 in Appendix.

corrupted input, model gφ ,corrupted assigns a low probability to the generated answer tokens

ai from gφ ,clean. Using these two model instantiations, the goal of the patching operation

is to copy the activations of a node g j ∈ G from gφ ,corrupted to gφ ,clean, while restoring the

activations of all the other nodes in gφ ,clean to its original state. We denote the patched

model as gφ ,patch and use score(i,g j) = 1−Pg j,patch(ai) to measure the importance of the

component g j for the ith example. For the component g j, we then compute the average

metric score as score(g j) = ∑
|D |
i=1 score(i,g j)/|D |. We then sort the scores of the various

components in the computational graph as score(g j) ∀ j ∈ N in decreasing order as {g j}N
j=1

and greedily select the minimum value of k, such that the average metric score of patching

multiple components together: score({g j}k
j=1)≥ δ . These selected components {g j}k

j=1

form the nodes in Nk. In our experiments, we only use the MLPs, the attention heads and

layers as the different model components which are patched. The final circuit C consists of

the nodes {Nk}K
k=1 and their associated edges, where K denotes the maximum hierarchy of

the circuit.

Circuit for Context Faithfulness. We extract the circuits using Dcopy as the probe dataset

for the patching operations. We perform the patching operation at the last residual stream
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Figure 8.4: Ablating the extracted context-faithfulness circuit leads to a large drop
in extractive QA accuracy for various datasets. We ablate the edges from the extracted
circuit and a random circuit in the language model and measure the extractive QA accuracy.

position. We selected this position because the information in the last residual stream plays

a crucial role in determining the probability distribution of the next generated token, which

is also used in recent mechanistic interpretability works [11, 232].

Circuit for Parametric-Memory Faithfulness. In this case, we use Dmemory as the probe

dataset for the patching operation. We extract the circuit at the same token positions as the

ones for context faithfulness.

Empirically, we primarily extract our circuits for both context faithfulness and memory

faithfulness corresponding to hierarchy-0 (which constitutes the first-order effects)

Circuit Validation. We validate the extracted circuit C by comparing to (i) Using a

randomly extracted circuit Crandom to measure the probability of the answer tokens; In

this case the probability of the answer tokens will be low. (ii) We also ablate the context-

faithfulness circuit (obtained using our probe dataset) across various extractive QA datasets

commonly used in the community and measure the drop in the extractive QA accuracy. A

large drop in accuracy signifies the validity of the extracted circuit.
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In the next sections, we discuss the results corresponding to the mechanics of context-

augmented language generation.

8.3.3 Insights For Extractive QA through Circuits

In this section, we discuss the extracted circuit for both context faithfulness and parametric

memory faithfulness. We first draw out their distinctions and validate the correctness of the

circuit components. We then discuss the interpretable nature of a small set of attention heads

in the circuit.

Context Faithfulness Circuit Differs from Parametric Memory Circuit

Results for attention components. We find the circuit components for context faithfulness

and memory faithfulness to differ significantly. For context faithfulness, we find that patching

a small group of 4-5 attention layers (or 10 attention heads) is sufficient to obtain a high

average metric score of more than 0.95. However, for the memory faithfulness, we find that

a significantly higher number of attention layers (e.g., >15) and attention heads (e.g., >30)

are required to obtain a relatively high metric score. This result shows that information

from a small set of attention heads (or layers) primarily drive the circuit corresponding to

context faithfulness than memory faithfulness. We also find that the top circuit components

of attention layers (or heads) have a low overlap between the two circuits – highlighting that

the underlying language model elicits different circuits when answering from the context vs.

parametric memory.

Results for MLP components. We observe an intriguing pattern with MLPs in the extracted

circuit. For context faithfulness, in Vicuna and Phi-3, MLPs appear to be less significant, as

patching them results in a very low metric score. However, in Llama-3-8B, we identify one

specific MLP (MLP-31) that individually achieves a high metric score of 0.9. This suggests
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that the type of pre-training might play a role in determining the relevant circuit components

(with respect to MLPs) for context faithfulness. For memory faithfulness, MLPs consistently

obtain higher average metric scores across all three language models compared to the top

MLPs in the context faithfulness circuit. This underscores the importance of MLPs when

the language model retrieves information from parametric memory. Interestingly, we also

find minimal overlap between the circuit components responsible for context faithfulness

and those for memory faithfulness, even among MLPs.

Validation of the Extracted Circuit

Comparison with Random Circuit. For all the language models, when using a randomly

extracted circuit (for context faithfulness), the probability of the answers from the probe

dataset D drops to 0.045 for Vicuna, 0.081 for Llama-3-8B and 0.07 for Phi-3, which shows

the relevance of our extracted circuit.

Generalizability of the Circuit to Downstream Extractive QA Datasets. To validate the

circuits, in Fig.(8.4), we ablate the context-faithfulness circuit components when answering

questions from downstream datasets such as NQ-Swap, Natural-Questions and HotPotQA

and measure the extractive QA accuracy. We compare with the extractive QA accuracy when

a random circuit is ablated from the language model. Overall, we find that ablating the direct

connections from the identified context-faithfulness circuit components, lead to the maximal

drop in extractive QA accuracy. This result validates that the extracted context-faithfulness

circuit generalizes to other commonly used extractive QA datasets. We also run additional

experiments on circuits across different knowledge partitions (e.g., country, language). In

particular, we find that the context circuits are similar (with a high overlap) amongst different

knowledge partitions.
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Figure 8.5: Attribution through one attention head in our circuit via ATTNATTRIB
obtains strong attribution results. Across various extractive QA benchmarks, we obtain
improved performances over different attribution baselines. For HotPotQA, we measure the
F1-score due to it being single-hop, whereas for other datasets, we measure the attribution
accuracy.

A Small Set of Attention Heads in the context circuit are interpretable

In Fig.(8.3), we observe that a small subset of attention heads in the extracted circuit for

context faithfulness achieves a low entropy score with respect to the normalized attention

values over the context. Upon further inspection, we find that these low-entropy attention

heads predominantly focus on the answer token spans in the context. Conversely, some other

attention heads in the circuit, while also highly attentive to the answer token spans, display

more diffused attention patterns across other tokens. These findings are consistent across all

three language models studied: Vicuna, Llama-3-8B, Phi-3 and Llama-3-70B. These results

highlight the potential of a small set of attention heads from the circuit to be used for data

attribution in language models (see more details in Sec.(8.4)) for extractive QA datasets.

One Can Switch Between Memory and Copy Faithfulness Circuits

To further validate the distinction between circuit components for Context faithfulness and

Memory faithfulness, we conduct two ablation studies. Specifically, we use Dmemory, but

force the language model to answer from the context, even when it originally retrieves
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answers from the parametric memory. We achieve this model forcing by: (i) upweighting

the attention values at the answer token span in the context by a scaling factor β in the top

attention layers of the context faithfulness circuit, and (ii) mean-ablating the top MLPs from

the memory faithfulness circuit.

Algorithm 4 ATTNATTRIB: Data Attribution via One Attention Head

Input: gφ (Language model),q(Question),C(Context),

k(Number of Spans),L(Answer Length), l(Attn Layer),

h(Attn Head),slength(span-length)

Output: Candidate attribution spans

S←{}

Atotal←{}

for j← 1, . . . ,L do

a j,A j = gφ (C,q) ▷ A j: Attention map over context, a j: answer token

Atotal.append(a j) ▷ Add the answer token

A j,relevant← A j[l,h] ▷ Extract the attention pattern for the given layer and head

s j,v j = GetMaxSpan(A j,relevant,C,slength) ▷ Extract maximal attention span and

value

S.append((s j,v j)) ▷ Add the extracted span s j to the list along with its value v j

end for

return Sort(S)[: k] ▷ Sort extracted spans wrt attention value v and use the top-k as

attributions

Our findings show that with attention upweighting, 92% of the questions from Dmemory

are correctly answered using the answer tokens from the context instead of the parametric

memory. Meanwhile, mean-ablating the MLPs results in 68% of the questions being

answered with relevant answer tokens from the context. These results further validate the
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distinction in the circuit components for memory and context faithfulness and also shows

that one can switch between the circuits by modifying a small set of components.

8.4 Application 1: Attribution for Free Via One Attention Head

Data attribution for extractive QA is crucial for language models processing external con-

texts, such as documents or personal files, not included in the pre-training corpora. For

example, in a question like “What did Sarah Miller say during the all-hands meeting?”,

the correct answer comes from a specific section of the context (e.g., meeting transcript).

Pointing to the source of the answer improves model reliability and helps users verify its

correctness, especially since LLMs are prone to hallucinations [176]. In this section, we

introduce ATTNATTRIB, an efficient data attribution algorithm, leveraging insights from our

mechanistic interpretations which outperforms existing QA baselines.

8.4.1 ATTNATTRIB: A Simple and Strong Data Attribution Method for

Extractive QA

In Sec.(8.3.3), we observe that a small set of attention heads from hierarchy 0 of the circuit

attend to the answer token in the context. Thus, these attention heads from the extracted

circuit for context faithfulness implicitly perform data attribution by default. However,

real-world contexts can be noisy and contain multiple answer tokens, raising questions about

the behavior of these attributable attention heads in practical settings. In this section, we

introduce ATTNATTRIB, which automatically generates attributions from the context during

the forward pass by leveraging only one attention head from the context faithfulness circuit.

Specifically, ATTNATTRIB uses the attention patterns from the relevant attention head to

generate a span from the context for each generated answer token. These spans are ranked

based on the maximum attention value within the span (a sentence from the context), and the
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Figure 8.6: Augmenting the prompt with the attribution from ATTNATTRIB improves
extractive QA accuracy. (a) The attribution at the perturbed token in context through our
extracted attention head, when the language model answers from the parametric memory
(Dmemory) is high. (b) Vicuna-7B and (c) Llama-3-8B: Improvement in extractive QA
accuracies for both Vicuna and Llama-3-8B when compared to baseline prompting and
Context-aware Contrastive Decoding.

top-k spans are selected for attribution. A detailed description of ATTNATTRIB is provided

in Algo. (6). Using ATTNATTRIB, we explore the potential applications of mechanistic

circuits for attribution in extractive QA. We note that we use only one attention head

identified using our probe dataset, Dcopy, and test its effectiveness on different extractive

QA benchmarks.

8.4.2 Evaluation on Extractive QA Benchmarks

Baselines. We use the following baselines: (i) Self-Attribution: In this, we prompt the

language model to generate an attribution from the context which is required to answer the

question. This prompting technique is similar in principle to [80] and [31]; (ii) Iterative

Prompting: We first generate the answer from the language model, then perform another

forward pass and prompt the language model to generate the attribution from the context for

the generated answer. (iii) Sentence Similarity. We retrieve the most similar sentence from

the context to the generated answer using an auxiliary language encoder (all-mpnet-base-v2).

This choice is motivated by findings from [31], which identified this embedding model as
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one of the best-performing retrievers. (iv) Gradient: We find the gradient of the loss for a

generated token with respect to the input context token embeddings [259]. We then use this

to select the span containing the token with the highest gradient value.

General Empirical Results. We compute the exact match score with the ground-truth

attributions across the synthetic dataset (used in our probing step), NQ-Swap [153], Natural-

Questions [127] and Single-Hop HotPotQA [255]. Across all the datasets, we find that AT-

TNATTRIB leads to improved results over strong baselines. We note that the components

(i.e., relevant attribution head) of our circuit are primarily extracted for zero-hop extractive

QA. Inspite of this, we find that our method obtains better F1 scores (≈ 20% improvement)

than the baselines for single-hop extractive QA. The simplicity of our approach enables

attribution computation in just one forward pass (during the answer generation step) there-

fore positioning itself as a tool for real-world use-case in the domain of extractive QA. We

also find ATTNATTRIB to be robust towards larger context lengths for language models

supporting long contexts (e.g., Llama-3-8B, Phi-3). For Vicuna, we observe degradation for

longer contexts as it only support 2048 tokens as the context length.

Extending to Long Extractive Answer Generations. We apply ATTNATTRIB to attribute

long extractive answer generations to specific parts of the input context. For this purpose, we

use 1000 examples each from the CNN-Dailymail [95] and NQ-Long [127]. For evaluating

the quality of attributions, we measure the change in the log probability of the responses when

the top attributed sentences in the context are ablated. A higher change in the log probability

indicates the effectiveness of the method. We also show that ATTNATTRIB consistently

obtains a high change in log probability score (when compared to other baselines) for both

the datasets, indicating that our method is scalable to long answer generations.

Scaling to Llama-3-70B. We apply the circuit extraction steps from Sec.(8.3.2) to identify
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the causal components that ensure context faithfulness in Llama-3-70B. Using the attention

head with the lowest entropy in the context, combined with ATTNATTRIB, we extract the

attributions. Overall, our method yields reliable and robust attributions for larger language

models such as Llama-3-70B which highlights the generalizability of our approach.

8.5 Application 2: Towards Improved Context Faithfulness

In the experimental setup in Section 8.3.3, we observe that when the model answers from

parametric memory, upweighting the attention at the answer tokens in the context can prompt

the model to answer from the context instead. Further investigation reveals that even when

the model retrieves answers from parametric memory, the attention maps from the attribution

head used in Section 8.4.1 still show a high focus on the perturbed answer tokens in the

context. Fig.( 8.6)-(a) illustrates the attribution accuracy concerning the perturbed context

answer tokens when the language model answers from parametric memory. Based on this

insight, we employ ATTNATTRIB to obtain attributions for language model generations

using a single forward pass. We then use these attributions in the prompt as an additional

signal to guide the language model towards greater faithfulness to the context. Below we

provide the empirical results:

Empirical Results. Across various extractive QA benchmarks including NQ-Swap, Natural-

Questions and HotPotQA, we find that using the attributions extracted with ATTNATTRIB

as an additional signal in the prompt improves the extractive QA performance by upto 9%

(see Fig.(8.6)-(b, c)). We observe consistent improvements across both the Vicuna and

Llama-3-8B family of models when compared to baseline prompting and Context-aware

decoding [210]. This highlights the benefits of incorporating attributions from ATTNATTRIB

in the prompt, for improved faithfulness to the context on real-world benchmarks.
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8.6 Conclusion

In this paper, we obtain mechanistic circuits for extractive QA, a popular real-world task.

We identify key mechanistic differences when the model uses the parametric memory

(ignoring the context) vs. when it uses the context. We then find that a small set of attention

heads in the context circuit performs data attribution by default. Using this insight, we

introduce ATTNATTRIB, an efficient data attribution algorithm which obtains strong results

on extractive QA benchmarks. We further show that the attributions from ATTNATTRIB

can be used towards improving generalization in extractive QA tasks by steering the model

towards context faithfulness. Our paper shows that mechanistic insights can be strategically

used for enhancing language models.
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Chapter 9: Improving Compositionality in Multimodal Models

9.1 Compositionality in CLIP

9.1.1 Introduction

In recent years, multimodal models like CLIP [191] have excelled in tasks such as zero-

shot classification, image-text retrieval, and image-captioning [140, 171, 173, 261]. These

models are also crucial components in various state-of-the-art pipelines for tasks like

segmentation and object detection [156, 169, 246, 268]. However, they struggle with visio-

linguistic reasoning tasks, such as determining the spatial relationships between objects in an

image [104, 262]. Notably, CLIP’s performance on the challenging Winoground [60, 223],

a benchmark designed to assess visio-linguistic reasoning, is close to random chance. This

shortcoming is attributed to CLIP’s contrastive objective which prioritizes shortcuts for

retrieval, and thus impacts its ability to understand fine-grained object details and their

positions [60, 223].

In contrast, text-to-image models like Stable Diffusion [198] excel in visio-linguistic tasks,

likely due to their text conditioning enhanceing semantic consistency in its cross-attention

maps [49, 136]. [136] recently demonstrated this on the Winoground benchmark, reliably

matching captions to images with fine-grained spatial differences using denoising diffusion

scores (see Fig. 9.1). Similar results have been shown for other text-to-image models,
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Diffusion Score

Figure 9.1: CLIP variants underperform on Winoground, a visio-linguistic reasoning
benchmark, compared to Diffusion Score from Stable Diffusion. The diffusion score
is computed from Stable Diffusion’s loss function. Note that Diffusion Score takes 18×
more time than CLIP variants for inference (using 50 samplings during diffusion score
computation).

including Imagen [49], with almost all of these methods outperforming CLIP variants on

the same tasks.

While these works have shown the potential of using generative text-to-image models for

visio-linguistic tasks, it remains computationally intensive. For instance, computing the

denoising diffusion score for image-text matching involves multiple passes through a UNet

model (approximately 892M parameters) with varying noise levels and time-steps. On

an entry-level GPU, this can take up to a minute for a single image-text matching task,

making it impractical for real-world and real-time applications. In contrast, CLIP models

can classify images up to 18 times faster (see Fig. 9.1), requiring only one pass through both

image and text encoders. A promising research direction, therefore, lies in finding methods

that combine the strong visio-linguistic capabilities of text-to-image models with the rapid

inference of CLIP.

To this end, we introduce SDS-CLIP, a lightweight and sample-efficient fine-tuning ap-

proach for CLIP which distills knowledge from Stable Diffusion, and enhances CLIP’s
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visio-reasoning capabilities. Specifically, we add a regularization term to CLIP’s stan-

dard contrastive loss based on score-distillation sampling (SDS) [187]. This regularization

encourages CLIP’s embeddings to be aligned with the denoising diffusion loss from a

text-to-image model. By fine-tuning CLIP with this regularized objective on a small paired

image-text dataset, specifically 118k image-text pairs from MS-COCO, we demonstrate

an 1.5-7% performance gain compared to vanilla CLIP on Winoground and ARO, two

highly challenging visio-linguistic reasoning benchmarks. Notably, this is achieved by only

updating CLIP’s LayerNorm parameters. Furthermore, we show that SDS-CLIP’s zero-shot

performance is not impacted on a wide range of downstream datasets.

In summary, our contributions are as follows:

• We introduce SDS-CLIP, a novel sample-efficient and parameter-efficient fine-tuning

method that integrates a distillation-based regularization term from text-to-image

models.

• We empirically validate our approach on challenging benchmarks and demonstrate

an improvement in CLIP’s visio-linguistic reasoning, without harming its zero-shot

capabilities.

9.1.2 Denoising Diffusion Score for Visio-Linguistic Reasoning

The Winoground benchmark establishes a challenging image-text matching task to measure

a model’s visio-linugistic reasoning abilities: given an image x, the model must match it

with the correct caption c∗ from a set of captions C = {ci}n
i=1, where all caption contains the

same words but each describes a different spatial arrangement of the objects, with only one

being correct. Concurrent works [49, 125, 136] to this paper have showed that it is possible

to use the denoising diffusion score from text-to-image generative models to perform such

165



Model Wino-Overall Object Relation Both 1 Main Pred 2 Main Preds ARO-Overall ARO-Relation ARO-Attribution

ViT-B/16(CLIP) 0.24 0.28 0.18 0.57 0.29 0.11 0.57 0.52 0.62
FT with LCLIP 0.23 0.27 0.19 0.56 0.30 0.11 0.56 0.51 0.62

FT with LCLIP +LSDS 0.31 0.35 0.25 0.69 0.36 0.16 0.58 0.535 0.63

ViT-B/32(CLIP) 0.30 0.35 0.22 0.80 0.34 0.18 0.55 0.50 0.61
FT with LCLIP 0.28 0.31 0.20 0.76 0.31 0.16 0.55 0.50 0.60

FT with LCLIP +LSDS 0.32 0.38 0.23 0.69 0.36 0.20 0.575 0.53 0.62

ViT-L/14(CLIP) 0.28 0.27 0.25 0.57 0.29 0.24 0.57 0.53 0.61
FT with LCLIP 0.26 0.27 0.25 0.56 0.30 0.23 0.57 0.53 0.61

FT with LCLIP +LSDS 0.295 0.32 0.25 0.53 0.32 0.18 0.595 0.55 0.64

ViT-L/14-336(CLIP) 0.27 0.32 0.21 0.57 0.30 0.19 0.57 0.53 0.61
FT with LCLIP 0.23 0.28 0.19 0.53 0.26 0.17 0.57 0.53 0.61

FT with LCLIP +LSDS 0.285 0.34 0.23 0.56 0.31 0.21 0.585 0.54 0.63

ResNet-50(CLIP) 0.25 0.29 0.19 0.5 0.27 0.18 0.58 0.53 0.63
FT with LCLIP 0.24 0.27 0.20 0.49 0.27 0.16 0.575 0.52 0.63

FT with LCLIP +LSDS 0.265 0.30 0.21 0.42 0.29 0.19 0.60 0.55 0.66

Table 9.1: Our fine-tuning method SDS-CLIP improves CLIP performance on the
Winoground benchmark by 1.5% to 7% and upto 3% for the ARO-Relation and
Attribution tasks across various CLIP variants. Specifically, we find that our method
improves on the sub-categories involving object-swap and relational understanding which
comprise of the majority of the tasks in Winoground. Note that only fine-tuning with image-
text pairs from MS-COCO without the distillation loss does not lead to any improvements.

an image-matching task. This can be formalized as follows: for an image x and caption c,

the denoising diffusion score, denoted by d(x,c), is defined as:

d(x,c) = Et∼T,ε∼N (0,I)[∥εθ (vα(x), t,c)− ε∥2] (9.1)

This denoising diffusion score can then be used to select a correct caption c∗ from C as:

c∗ = argmin
c∈C

Et∼T,ε∼N (0,I)[∥εθ (vα(x), t,c)− ε∥2] (9.2)

where t is the sampled time-step, εθ is the noise prediction UNet, vα is an encoder (e.g.,

VQ-VAE) which maps the image x to a latent code and ε is the sampled Gaussian noise.

Previous works [125] have demonstrated that by adopting this approach, text-to-image

models performing strongly on visio-linguistic reasoning benchmarks like Winoground,

outperforming contrastive models like CLIP by a significant margin (see Fig. 9.1). For ARO,

we obtain an accuracy of 0.63 with the diffusion score which is better than CLIP models.
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9.1.3 SDS-CLIP: Our Method

The core idea of our approach is to regularize the contrastive objective in CLIP with the

denoising diffusion score from Stable Diffusion (see Eq.(9.1)). Our method builds on the

recent work of [187] which maps the output of a 3D NeRF model into the input space of

Stable Diffusion’s UNet and optimizes its parameteres with the denoising diffusion loss,

also known as the score-distillation sampling (SDS). In a similar vein, we fine-tune the

parameters of CLIP using SDS. Intuitively, our set-up can be viewed as a form of knowledge

distillation where the teacher is the text-to-image model and the student is CLIP. As a result,

in inference, CLIP can benefit from the visio-linguistic reasoning capabilities that are already

learned by text-to-image diffusion models.

Formally, we map the output of CLIP’s image encoder to the input space of Stable Diffusion’s

UNet. Specifically, we pass a given image x through CLIP’s image encoder fφ and map

its <CLS> embedding through a linear map hw ∈Rd×4×64×64 into the input space of Stable

Diffusion’s UNet εθ . This can be formalized as εθ (hw( fφ (x)), t,c) where t is the time step

and c is the corresponding text caption for the given image. We then use this term in place

of εθ (vα(x), t,c) in Eq. (9.2) to arrive as a denoising diffusion loss LSDS which encourages

image-text binding with feedback from the diffusion loss:

LSDS = Et∼T,ε∼N (0,I)[∥εθ (hw( fφ (x)), t,c)− ε∥2 (9.3)

We practically implement this by adding this LSDS loss to the original contrastive objective

of CLIP such that it acts as a regularizer:

Ltotal = LCLIP +λLSDS (9.4)
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where LCLIP is contrastive loss for CLIP and λ is a hyper-parameter that can be set with a

grid search. We note that there are multiple ways to incorporate a diffusion loss into CLIP’s

objective. We found that as an additional loss term led to the best results, however, we

include the full set of design choices we considered in the Appendix.

Similar to differentiable image parameterizations [172] where a given function is optimized

by backpropogation through the image generation process, the UNet parameters θ are kept

frozen during the optimization process. Specifically, given Ltotal(φ ,γ,w,θ):

φ∗,γ∗,w∗= min
φ ,γ,w

Ltotal(φ ,γ,w,θ) (9.5)

where φ , γ , w are the learnable parameters of CLIP’s image encoder, text encoder and the

linear map between CLIP and Stable Diffusion’s UNet.

9.1.4 Experiments

In this section, we empirically validate our proposed method SDS-CLIP on two types

of tasks: i) visio-linguistic reasoning using two challenging benchmarks (Winoground,

ARO) and ii) zero-shot image classification using a suite of downstream datasets (ImageNet,

CIFAR-100, and others). Overall, we show that our method improves CLIP’s performance

significantly on Winoground and some key tasks in ARO, while also marginally improving

downstream zero-shot classification performance.

Experimental Setup

CLIP Models. We consider the following CLIP variants in our experiments: (i) CLIP

ViT-B/16; (ii) CLIP ViT-B/32; (iii) CLIP-ViT-L-14; (iv) CLIP-ViT-L-14 336px; (v) CLIP-

ResNet-50.
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Figure 9.2: Our fine-tuning method does not harm the zero-shot abilities of CLIP. In
fact for certain downstream datasets (e.g., ImageNet, CIFAR-10, MNIST, Aircraft) – we
observe an improvement in the zero-shot performance between 1%−8% for ViT-B/16. For
other CLIP models, we find no drop in zero-shot performance.

Implementation Details. Due to computational limit, we fine-tune CLIP from a publicly

available checkpoint instead of training from scratch. Notably, we only fine-tune CLIP’s

LayerNorm parameters following [21] along with the linear transformation hw – accounting

for only ≈ 8M trainable parameters. We fine-tune these parameters using image-text pairs

from MSCOCO [146]. In particular, we choose MSCOCO as it is relatively small and less

noisy than other image-text datasets such as CC-12M [208]. Both these factors make our

fine-tuning method extremely sample- and parameter-efficient.

Baselines. We compare our method with two different baselines: (i) pre-trained (vanilla)

CLIP checkpoints; and (ii) CLIP fine-tuned on MS-COCO with the standard contrastive loss

without the regularization term.

Results

Winoground. We evaluate SDS-CLIP on the challenging visio-linguistic reasoning bench-

mark, Winoground [223]. In Table (9.1), we find that our approach consistently improves

performance across all Winoground sub-categories and CLIP variants, yielding absolute

improvements ranging from 1.5% to 7%. The largest gain of 7% is observed in ViT-B/16
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(CLIP), with other CLIP variants showing consistent improvements of 1.5% to 2%. On

further inspection of the Winoground sub-categories, we find that SDS-CLIP shows con-

sistent improvements in “object-swap" and “relation". It is worth noting that the “both”

sub-category, which combines both “object-swap" and “relation" tags, makes up only 5̃% of

all tasks, thus are potentially not fully representative of all scenarios involving both object

swaps and relational understanding. We also analyse SDS-CLIP’s robustness to the number

of predicates in captions and find that overall, it enhances performance in tasks where there

are both one and two predicates.

ARO. The ARO dataset [262] comprises tasks for (i) attribute-understanding and (ii)

relational-understanding. In Table 9.1, we find that SDS-CLIP enhances performance

by 1%-3% in the "attribute-binding" and "relational understanding" tasks.

Impact on CLIP’s zero-shot performance. From Fig. 9.2, we find that SDS-CLIP’s

zero-shot classification capbilities are not impacted, relative to vanilla CLIP. In fact, we

find that ViT-B/16’s zero-shot performance improves across a range of downstream datasets

(with up to 8% improvement for MNIST).

9.1.5 Related Works

While CLIP models [191] are renowned for their robust zero-shot classification, recent

research [60, 223] has exposed their limitations in visio-linguistic reasoning. In contrast,

recent studies have demonstrated that text-to-image models [41, 49, 125, 136] outperform

CLIP in reasoning tasks. These models in fact leverage scores computed from the diffusion

objective. We note that while [187] use score-distillation sampling for text to 3D generation,

ours is the first work to adapt the formulation as a regularizer and improve compositional

abilities in CLIP.
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9.1.6 Conclusion

Our paper introduces SDS-CLIP, a novel data and parameter-efficient method that effec-

tively enhances CLIP’s visio-linguistic reasoning abilities by distilling knowledge from

text-to-image models, without compromising its zero-shot abilities.

9.2 Compositionality in Text-to-Image Diffusion Models

9.2.1 Introduction

Text-to-image diffusion-based generative models [186, 193, 199, 201] have achieved photo-

realistic image generation capabilities on user-defined text prompts. However, recent

studies [103] reveal that text-to-image models struggle with maintaining high fidelity when

handling simple compositional prompts, such as those consisting of attributes, objects, and

their associated relations (e.g., “a red book and a yellow vase”). This hinders the use of

these generative models in various creative scenarios where the end-user wants to generate

scenes that accurately reflect the composition and relationships specified in the prompt.

Existing approaches [1, 39, 73, 245] explore various strategies to enhance compositionality

in text-to-image models. These methods primarily focus on modifying cross-attention

maps by utilizing bounding box annotations and performing optimizations in the latent

space during inference. Recent advancements, such as fine-tuning the UNet [103], have

also demonstrated improvements in compositionality. However, the core reasons behind

compositionality failures remain poorly understood. Gaining insights into these root causes

is crucial for developing more effective approaches to augment these models with enhanced

compositional capabilities.

In our paper, we investigate the potential causes of compositional attribute binding failures
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in text-to-image generative models, where the model fails to correctly associate descriptive

attributes (such as color, shape, or texture) with the corresponding objects in the generated

images. We identify two key sources of error: (i) Erroneous attention contributions in CLIP

output token embeddings: We observe that output token embeddings in CLIP have significant

attention contributions from irrelevant tokens, thereby introducing errors in generation. To

explore this, we compare the internal attention contributions in CLIP for compositional

prompts with the T5 text encoder, known for its stronger compositionality. Quantitative

analysis shows that T5 exhibits fewer erroneous attention contributions than CLIP, indicating

a potential reason for its superior compositionality. (ii) Sub-optimality of CLIP output space

for compositional prompts: We find out that there exists an alternative text-embedding space

capable of generating highly coherent images from compositional prompts. This indicates

that the current CLIP output space is inherently sub-optimal. Specifically, optimizing CLIP’s

text embeddings, while keeping the Stable Diffusion UNet frozen, converges to a more

effective embedding space, enabling better compositional image generation. These findings

highlight that refining the output space of the CLIP text encoder could play a critical role in

enhancing compositionality.

Building on our observations about the deficiencies of CLIP and identifying its text-

embedding space as a core issue in compositional attribute binding, we explore augmenting

diffusion models with a lightweight module to enhance the text-encoder’s output and improve

compositionality. Remarkably, a simple linear projection achieves significant improvements,

comparable or superior to full fine-tuning of CLIP or training more complex networks on top

of it. We demonstrate that this linear projection effectively aligns the CLIP text-encoder’s

output with a more optimal embedding space, leading to significantly stronger compositional

performances.

In particular, we introduce Window-based Compositional Linear Projection (WiCLP), a
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lightweight fine-tuning method that significantly improves the model’s performance on

compositional prompts, achieving results comparable to or surpassing existing methods.

Additionally, WiCLP preserves the model’s overall performance, maintaining high fidelity

on clean prompts as evidenced by a low FID score, while offering a solution that is both

parameter efficient and speed efficient. This ensures robust compositional capabilities

without compromising the model’s general effectiveness.

In summary, our contributions are as follows:

• We perform an in-depth analysis of the reasons behind compositionality failures in

text-to-image generative models, with a particular focus on investigating the attribute

binding aspect of compositionality. We highlight two key reasons contributing to

these failures.

• Building on our observations, we propose WiCLP as an enhancement for SD v1.4, SD

v2, SDXL, SD v3, DeepFloyd, and PixArt-α . This method significantly improves

the models’ compositional attribute binding, while preserving accuracy on standard

prompts. We observe improvements of 16.18%,15.15%, and 9.51% on SD v1.4,

14.35%,11.14%, and 6% on SD v2, 20.31%,13.4%, and 5% on SDXL, and 14.16%,

9.82%, and 2.63% on PixArt-α in VQA scores across color, texture, and shape

datasets, respectively. Our method outperforms or matches existing baselines in

VQA scores, while achieving a superior FID score. It requires fewer parameters

for optimization and enables faster inference, making it both efficient and effective.

Extensive evaluations with T2I-CompBench, TIFA, and human studies validate our

method’s effectiveness.
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9.2.2 Background

Compositionality in Text-to-Image Generative Models. Compositionality in text-to-

image models refers to the ability of a model to accurately capture the correct compositions

of objects, their corresponding attributes, and the relationships between objects described in a

given prompt. [103] introduced a benchmark designed to evaluate compositionality in text-to-

image models, highlighting the limitations of models when handling compositional prompts.

The benchmark employs disentangled BLIP-Visual Question Answering (VQA) as a metric

for assessing image compositional quality. The VQA score assesses how accurately an image

captures the compositional elements described in the prompt by utilizing a vision-language

model. This metrics demonstrates a closer correlation with human judgment compared to

metrics like CLIP-Score [97]. The authors also proposed a fine-tuning baseline to enhance

compositionality in these models. Alternatively, compositionality issues can be addressed at

inference by modifying cross-attention maps using hand-crafted loss functions and bounding

boxes derived from a language model [1, 39, 73, 143, 150, 175, 245]. However, [103]

showed that data-driven fine-tuning is more effective for improving compositionality.

Text-to-image Diffusion Models In diffusion models, noise is added to the data following

a Markov chain across multiple time-steps t ∈ [0,T ]. Starting from an initial random real

image x0 along with its caption c, (x0,c) ∼ D , the noisy image at time-step t is defined

as xt =
√

αtx0 +
√

(1−αt)ffl. The denoising network denoted by εθ (xt ,c, t) is trained to

denoise the noisy image xt to obtain xt−1. For efficiency, the noising and the denoising

operations occur in a latent space defined by z = E (x), where E is an encoder such as

VQ-VAE [234]. Usually, the conditional input c to the denoising network εθ (.) is a text-

embedding of the caption c through a text-encoder c = vγ(c). The training objective for
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Figure 9.3: Overview of our analysis and proposed methods. The figure identifies two
sources of errors in Stable Diffusion’s inability to generate compositional prompts: (i)
erroneous attention contribution in CLIP (minor) and (ii) sub-optimal CLIP text embedding
(major). We propose a window-based linear projection (WiCLP), applying linear projection
to a token’s surrounding window to enhance embeddings.

diffusion models can be defined as follows:

L (θ) = E(x0,c)∼D ,ε,t

[
∥ε− εθ (zt ,c, t)∥2

2

]
,

where θ is the set of learnable parameters in the UNet εθ . During inference, given a text-

embedding c, a random Gaussian noise zT ∼N (0, I) is iteratively denoised to produce the

final image.

9.2.3 Sources of Compositionality Failures

This section conducts an in-depth analysis of compositional attribute binding failures in

text-to-image models, focusing on the CLIP text-encoder.
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Figure 9.4: The heatmap illustrates unintended attention contributions in CLIP, while
highlighting the more accurate performance of T5.

Figure 9.5: Quantitatively, we find CLIP to have significantly higher erroneous attention
contributions averaged across prompts of color and texture datasets.

Source (i) : Erroneous Attention Contributions in CLIP

In this section, we leverage attention contributions [54, 68] to analyze how the final text-

embeddings of compositional prompts are obtained by the CLIP text-encoder, a widely

adopted component in many text-to-image models. We then compare these attention contri-

bution patterns with those produced by the T5 text-encoder which is known for its stronger

compositional capabilities. Many of the compositional prompts from [103] have a decom-

posable template of the form ai o j+a j o j, where ai,a j are attributes (e.g., “black”, “matted”)

and oi,o j represent objects (e.g., “car”, “bag”).
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The attention mechanism in layer ℓ of a transformer consists of four weight matrices

Wq,Wv,Wk, and Wo [236]. Each of these matrices is divided into H heads, denoted by

W h
q ,W

h
v ,W

h
k ∈ Rd×dh,W h

o ∈ Rdh×d , where h ∈ [H]. Here, dh denotes the dimensionality of

the internal token embeddings. For simplicity, we omit ℓ, but each layer has its own attention

matrices. These matrices operate on the token embeddings produced by the previous layer

(ℓ−1), denoted as x̄ j for token j. We further denote the projections of x̄ j onto the query,

key, and value matrices of the h-th attention head in layer ℓ as qh
j , kh

j , and vh
j , respectively.

More precisely,

qh
j = x̄ jW h

q , kh
j = x̄ jW h

k , vh
j = x̄ jW h

v .

The contribution of token j to token i in layer ℓ, denoted by conti, j, is computed as follows:

conti, j =

∥∥∥∥∥ H

∑
h=1

attnh
i, j vh

j W h
o

∥∥∥∥∥
2

where attnh
i, j is the attention weight of token i to j in the h-th head of layer ℓ. Specifically,

attnh
i,. = SOFTMAX

{⟨qh
i ,k

h
j⟩√

dh

}n

j=1

 .

Notably, conti, j is a metric that quantifies the contribution of a token j to the norm of a

token i at layer ℓ. We employ this metric to identify layers in which important tokens highly

attend to unintended tokens, or lowly attend to intended ones.

Key Finding: T5 has less erroneous attention contributions than CLIP. We refer to

Figure 9.4 that visualizes attention contribution of both T5 and CLIP text-encoder in the

last layer (ℓ = 11) for the prompt “a green bench and a red car". Ideally, the attention

mechanism should guide the token “car” to focus more on “red” than “green”, but in the

last layer of the CLIP text-encoder, “car” significantly attends to “green”. In contrast, T5

shows a more consistent attention pattern, with “red” contributing more to the token “car”
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and “green” contributing more to the token “bench”.

We further conduct a comprehensive analysis focusing on specific types of compositional

prompts from the T2I-CompBench dataset [103]. This includes 780 prompts from the color

category and 582 prompts from the texture category of this dataset, each following the

structured format: “a1 o1 and a2 o2”. For each prompt, we obtain attention contributions in

all layers and count the number of layers where unintended attention contributions occur.

In the CLIP text-encoder, unintended attention occurs when o2 attends more to a1 than

a2. For T5, it occurs when o2 attends more to a1 than a2, or o1 attends more to a2 than

a1. Figure 9.5 provides a quantitative comparison of unintended attention across various

prompts between the CLIP text-encoder and T5. The T5 model demonstrates superior

performance on our metric compared to the CLIP text-encoder, reinforcing the hypothesis

that erroneous attention mechanisms in CLIP may contribute to its weaker compositional

performance in text-to-image models.

To address the attention shortcomings of the CLIP text-encoder, we explored zero-shot

reweighting of attention maps in CLIP to reduce unintended attentions while enhancing

meaningful ones. While this improved baseline performance, it fell short of our primary

method discussed in the following sections.

Source (ii) : Sub-optimality of CLIP Text-Encoder for Compositional Prompts

In this section, we investigate whether the UNet is capable of generating better compositional

scenes if provided with alternative (improved) text embeddings, rather than relying on the

output of the CLIP text-encoder. For a given input prompt p with a specific composition

(e.g., “a red book and a yellow table”), we utilize our dataset (described in Section 9.2.6)

to obtain Dp, a set of high-quality compositional images corresponding to prompt p. Next,
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Figure 9.6: Sub-optimality of CLIP Text-Encoder for Compositional Prompts. Optimizing a
learnable vector to represent an improved text embedding, while keeping the UNet frozen,
enables the generation of more compositionally accurate images.

we extract the text embedding c from the CLIP text-encoder for prompt p. Using this

embedding as the initialization, we create a learnable vector c∗ of the same dimensionality.

Keeping all other components (such as the UNet) frozen, we optimize this learnable vector

as follows:

c∗ = argmin
c

Ex0∼Dp,ε,t

[
∥ε− εθ (zt ,c, t)∥2

2

]
.

We then use the optimized text embedding c∗ to generate images with the UNet εθ . Fig-

ure 9.6 illustrates the complete pipeline.

Key Results. Utilizing Stable Diffusion v1.4, we optimize optimize c∗ for all compositional

prompts across the color, texture, and shape categories in the T2I-CompBench dataset. By

generating samples with c∗ and comparing them to those generated using c, we observe a

significant improvement in the VQA scores. As shown in Figure 9.6, CLIP text embeddings

yield VQA scores of 0.3615 for color, 0.4306 for texture, and 0.3619 for shape. In contrast,

the optimized embeddings achieve 0.7513 for color, 0.7254 for texture, and 0.5873 for

shape.
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These results indicate that CLIP text-encoder does not output the proper text-embedding

suitable for generating compositional scenes. However, the existence of an optimized

embedding space demonstrates that the UNet can generate coherent compositional outputs

when provided with appropriately improved embeddings. This finding motivates the idea

of improving the CLIP output space to mitigate compositionality issues in text-to-image

diffusion models.

9.2.4 Projection Layer for Enhancing Compositionality in the CLIP Text

Embedding Space

Building on our previous findings, we focus on improving the text embedding space utilized

in text-to-image generative models. Specifically, we propose learning a projection layer

over the CLIP output embedding space to transform its sub-optimal representation into an

enhanced space better suited for compositionality. In the following sections, we introduce

two methods, CLP and WiCLP, which implement linear projections of the CLIP output

embedding space to achieve this enhancement.

CLP: Token-wise Compositional Linear Projection

Given the text-embedding c ∈ Rn×d as the output of the text-encoder for prompt c, i.e.,

c = vγ(c), we train a linear projection CLPW,b : Rn×d → Rn×d . This projection includes a

matrix W ∈ Rd×d and a bias term b ∈ Rd , which are applied token-wise to the output text-

embeddings of the text-encoder. More formally, for c ∈ Rn×d including text-embeddings

of n tokens c1,c2, · · · ,cn ∈ Rd , CLPW,b(c) is obtained by stacking projected embeddings

c′1,c
′
2, · · · ,c′n where c′i =W T ci +b.

Finally, we solve the following optimization problem on a dataset D including image-caption
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pairs of high-quality compositional images:

W ∗,b∗ = argmin
W,b

E(x0,c)∼D ,ε,t [ΦCLP]

ΦProj =
∥∥ε− εθ

(
zt ,ProjW,b (c) , t

)∥∥2
2

We then apply CLPW ∗,b∗ on CLIP text-encoder to obtain improved embeddings.

WiCLP: Window-based Compositional Linear Projection

In this section, we propose a more advanced linear projection scheme where the new

embedding of a token is derived by applying a linear projection on that token in conjunction

with a set of its adjacent tokens within a specified window. This method not only leverages

the benefits of CLP but also incorporates the contextual information from neighboring tokens,

potentially leading to more precise text-embeddings.

More formally, we train a mapping WiCLPW,b : Rn×d → Rn×d including a parameter s

(indicating window length), matrix W ∈ R(2s+1)d×d , and a bias term b ∈ Rd . For text-

embeddings c ∈ Rn×d consisting of n token embeddings of c1,c2, · · · ,cn ∈ Rd , we obtain

WiCLPW,b by stacking projected embeddings c′1,c
′
2, · · · ,c′n where

c′i =W T CONCATENATION
((

c j
)i+s

j=i−s

)
+b

Similarly, we solve the following optimization problem to train the projection:

W ∗,b∗ = argmin
W,b

E(x0,c)∼D ,ε,t [ΦWiCLP]

In this section, we propose a more advanced linear projection scheme where the new

embedding of a token is derived by applying a linear projection on that token in conjunction

with a set of its adjacent tokens within a specified window. This method not only leverages

the benefits of CLP but also incorporates the contextual information from neighboring tokens,
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potentially leading to more precise text-embeddings.

More formally, we train a mapping WiCLPW,b : Rn×d → Rn×d including a parameter s

(indicating window length), matrix W ∈ R(2s+1)d×d , and a bias term b ∈ Rd . For text-

embeddings c ∈ Rn×d consisting of n token embeddings of c1,c2, · · · ,cn ∈ Rd , we obtain

WiCLPW,b by stacking projected embeddings c′1,c
′
2, · · · ,c′n where

c′i =W T CONCATENATION
((

c j
)i+s

j=i−s

)
+b

Similarly, we solve the following optimization problem to train the projection:

W ∗,b∗ = argmin
W,b

E(x0,c)∼D ,ε,t [ΦWiCLP]

We observe that WiCLP improves over CLP (special case of WiCLP with s = 0) by incorpo-

rating adjacent tokens along with the token itself. This approach enhances embeddings by

reinforcing the contributions of relevant adjacent tokens.

9.2.5 SWITCH-OFF: Trade-off between Compositionality and Clean Accu-

racy

Fine-tuning models or adding modules to a base model often results in a degradation of

image quality and an increase in the Fréchet Inception Distance (FID) score. To balance the

trade-off between improved compositionality and the quality of generated images for clean

prompts, nspired by [96], we adopt SWITCH-OFF, where we apply the linear projection only

during the initial steps of inference. Specifically, given a time-step threshold τ , for t ≥ τ ,

we use WiCLPW ∗,b∗(c), while for t < τ , we use the unchanged embedding c as the input to

the cross-attention layers.

Figure 9.7 illustrates the trade-off between VQA score and FID on a randomly sampled
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Figure 9.7: Trade-off between VQA and FID scores with SWITCH-OFF at different thresh-
olds.

subset of MS-COCO [145] for different choices of τ . As shown, even a large value of τ

suffices for obtaining high-quality compositional scenes as the composition of final generated

image is primarily formed at early steps. Thus, choosing a large τ preserves the model’s

improved compositionality while maintaining its clean accuracy. Setting τ = 800 offers a

competitive VQA score compared to the model where projection is applied at all time steps,

and achieves a competitive FID similar to that of the clean model. Figure 9.7 depicts a few

images generated using different choices of τ .

9.2.6 Experiments

Existing Baselines. We evaluate the performance of multiple methods alongside standard

models SD v1.4, SD v2, SDXL [186], SD v3 [69], and PixArt-α [43]. These include

Composable Diffusion [151], which addresses concept conjunction and negation in pre-

trained diffusion models; Structured Diffusion [72], which focuses on attribute binding;

Attn-Exct [39], which ensures correct attention to all subjects in the prompt using iterative
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Figure 9.8: More accurate cross-attention maps using CLP.

optimizations; GORS [103], which fine-tunes Stable Diffusion v2 using a reward function;

GLIGEN [142], which utilizes grounding inputs such as bounding boxes; RealCompo [266],

which integrates spatial-aware diffusion models; and FLUX [128].

Training Setup. All of the models are trained using the objective function of diffusion

models on color, texture, and shape datasets described in Section 9.2.6. During training,

we keep all major components frozen, including the U-Net, CLIP text-encoder, and VAE

encoder and decoder, and only the linear projections are trained.

Dataset Collection. We utilize the T2I-CompBench dataset [103], a well-recognized

dataset for compositionality, focusing on three categories: color, texture, and shape, with a

total of 1,000 prompts across both training and evaluation sets.

To generate high-quality images, we use three generative models: SD v1.4, DeepFloyd, and

SynGen [194], creating 210 samples per prompt. This ensures a wide variety of generated

images, leveraging each model’s strengths. From these, we selected the top 30 with the

highest VQA scores to ensure the final dataset consists of images that best reflect the

prompts.

Furthermore, for SDXL, SD v3, and PixArt-α , we explored training WiCLP (WiCLP* in

Table 9.2) on a higher-quality dataset generated by newer text-to-image models, such as
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Figure 9.9: Qualitative comparison of baselines and our projection method (WiCLP). Incor-
porating WiCLP significantly improves image alignment with the prompts.

SDXL and SD v3. Importantly, leveraging an appropriately curated dataset results in a

substantial improvement in VQA scores, highlighting the importance of high-quality training

data for compositional understanding.

Qualitative and Quantitative Evaluation

Qualitative Evaluation. Figure 9.9 presents images generated when applying WiCLP.

When generating compositional prompts with a baseline model, objects may be missing or

attributes are incorrectly applied. However, with WiCLP, objects and their corresponding

attributes are more accurately generated.

Figure 9.8 illustrates cross-attention maps for a sample prompt. In the base model, attention

maps are flawed, with some tokens incorrectly attending to the wrong pixels. However, with

both CLP and WiCLP, objects and attributes more accurately attend to their respective pixels.

Quantitative Evaluation. Table 9.2 presents the VQA scores for our methods, CLP and
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Model Color Texture Shape

SD
v1

.4 Baseline 0.3765 0.4156 0.3576
2-5 CLP 0.4837 0.5312 0.4307

WiCLP 0.5383 0.5671 0.4527

SD
v2

Baseline 0.5065 0.4922 0.4221
Composable 0.4063 0.3645 0.3299
Structured 0.4990 0.4900 0.4218
Attn-Exct 0.6400 0.5963 0.4517
GORS 0.6414 0.6025 0.4546

2-5 CLP 0.6075 0.5707 0.4567
WiCLP 0.6500 0.6036 0.4821

SD
X

L

Baseline 0.5770 0.5217 0.4666
2-5 WiCLP 0.6930 0.6007 0.4758

WiCLP* 0.7801 0.6557 0.5166

Pi
xA

rt
-α

Baseline5122 0.3877 0.4557 0.4094
Baseline10242 0.4156 0.4594 0.3849

2-5 WiCLP*5122 0.5293 0.5539 0.4357

SD
v3 Baseline 0.8164 0.7303 0.5852

2-5 WiCLP* 0.8213 0.7488 0.5963

O
th

er
s FLUX 0.7354 0.6016 0.4777

GLIGEN 0.4288 0.3904 0.3998
RealCompo 0.7741 0.7427 0.6032

Table 9.2: Quantitative comparison with state-of-the-art and baseline methods across differ-
ent categories of the T2I-CompBench dataset

WiCLP, alongside the baselines discussed. VQA scores of our method and other discussed

baselines are provided in Table 9.2. As shown, both CLP and WiCLP significantly improve

upon the baselines. Both methods demonstrate substantial improvements over the baselines,

with WiCLP achieving the highest VQA scores among state-of-the-art approaches that

utilize the same baseline model, while being more computationally and parameter-efficient.

Additionally, to further validate the performance gains, we evaluated our method using

additional metrics, including TIFA [101]. The results demonstrated consistent improvements

over the baselines, reinforcing the effectiveness of our approach. For analysis of WiCLP’s

robustness and generalizability—both when trained across all categories and when applied

to models using T5 text encoders.
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Notably, our methods maintain the model’s general utility, introducing only a slight increase

in the FID score; for example, experiments on MS-COCO prompts show that while our

methods slightly increase FID compared to base models, this increase is smaller than that of

other baselines—for instance, WiCLP achieves an FID score of 27.40, outperforming GORS

at 30.54.

Human Experiments. We conducted a human evaluation where participants compared

images generated by SD v1.4 and SD v1.4 + WiCLP, selecting the image that best matched

the given prompt. The results showed that in 34.625% of cases, evaluators chose the base

model; in 51.875%, they preferred the WiCLP; and in 13.50%, they rated both equally.

9.2.7 Impact of WiCLP on Subsets of Tokens

To better understand the impact of WiCLP on token embeddings, we applied the trained

WiCLP to specific subsets of tokens from a sample of dataset sentences. In particular, we

compare the following token groups: nouns only; nouns and adjectives; nouns, adjectives,

and the EOS (End of Sentence token) token; all sentence tokens; and all tokens outputted

by CLIP (sentence tokens plus padding tokens). As can be seen, applying WiCLP only to a

small number of tokens is sufficient for improving compositionality. Interestingly, applying

WiCLP to the group of nouns, adjectives, and EOS achieves even higher VQA scores than

applying WiCLP to all tokens. Despite these findings, we applied WiCLP to all tokens in our

work, leaving this targeted approach for future research.

9.2.8 Alternatives to WiCLP

We explored various fine-tuning strategies for improving CLIP, including fine-tuning the

entire CLIP, fine-tuning only the last layers of CLIP combined with WiCLP, and using WiCLP

alone. Our results show that the original baseline model (SD v1.4) achieves a VQA score

187



of 0.3765 on the color category of the dataset. Fine-tuning the entire CLIP without WiCLP

improves the score to 0.5173, fine-tuning the last layers of CLIP combined with WiCLP

achieves 0.5497, and WiCLP alone achieves 0.5383.

These findings highlight the effectiveness of WiCLP, which outperforms full fine-tuning

of CLIP while being significantly more parameter-efficient. While fine-tuning the last

layers of CLIP combined with WiCLP achieves slightly better performance than using

WiCLP alone, it requires optimizing a much larger number of parameters. Given this trade-

off, we prioritize WiCLP alone to minimize the number of parameters while achieving

substantial compositional performance improvements. Additionally, keeping the original

CLIP unchanged makes our approach more suitable for SWITCH-OFF functionality, allowing

the module to be easily enabled or disabled as needed. Additionally, we conducted an

ablation study on various projection layer architectures, ranging from simple designs to

more advanced, parameter-heavy transformer-based models.

9.2.9 Conclusion

We analyze error sources in text-to-image models for generating images from compositional

prompts, identifying (i) erroneous attention contributions in CLIP token embeddings and (ii)

the CLIP text-encoder’s sub-optimal alignment with the UNet. Based on these insights, we

propose WiCLP, a simple yet strong baseline that fine-tunes a linear projection on CLIP’s

representation space. WiCLP though inherently simple and parameter efficient, outperforms

existing methods on compositional image generation benchmarks and maintains a low FID

score on a broader range of clean prompts.
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Chapter 10: Conclusion and Future Work

In our thesis, we demonstrate that insights from model interpretability can play a crucial

role in designing lightweight methods for various downstream applications, such as model

editing, zero-shot spurious correlation mitigation, and data attribution. Overall, our work

emphasizes that model interpretability can extend beyond simple observation, providing

tangible solutions to real-world challenges.

Looking ahead, I propose to delve deeper into the concept of diffusion transformers and

apply these insights to develop more robust model editing techniques. These techniques

could enable continual model updates or edits, addressing an important gap in current

research. This work has the potential to make a significant real-world impact, as continual

model editing remains a largely unexplored area.

With the rise of reasoning-based language models, we are also investigating the faithfulness

of reasoning chains in these models. While this is primarily an evaluation project, we aim to

leverage these findings to uncover a reasoning circuit within language models. This could

have practical applications, such as reducing overthinking in language models, which may

enhance their generalization capabilities.

As large foundational models continue to evolve, I believe that model interpretability will

serve as a powerful tool for understanding these models in greater depth and refining them
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for various applications, including editing, safety, and improved generalization.

10.1 Reading List

My reading list spans three research areas: model interpretability through the lens of data,

model interpretability through lens of internal model components, and model steering or

editing.
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Chapter 11: Appendix

11.1 Interpretation of Models Through Lens of Data

11.2 Running Times

In this section, we provide computational running times for (first-order) influence function

estimations. We note that in models with a large number of parameters, the influence

computation is relatively slow. However, even in large deep models, it is still faster than

re-training the model for every training example. In our implementation, for a given test-

point ztest , we first compute c = H−1
`∗ ∇ℓ(h`∗(ztest)) once which is the most computationally

expensive step. We then compute a vector dot product i.e. cT ∇ℓ(h`∗(zi)) ∀i ∈ [1,n]. In

Table 11.1, we provide the computational running times for estimating influence functions

in different network architectures.

Figure 11.1: Top 5 influential points for the test point: 1479 (CIFAR-10). The model is
a ResNet-18 trained with a weight-decay regularization; Only 3 out of the 5 points are
semantically similar to the test-point with class "Bird".
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Architecture Influence Computation Time
(MNIST)

Influence Computation Time
(CIFAR-10)

Small CNN 141.13±0.51 N/A
LeNet 162.6±2.20 136.39±3.16

VGG13 3886.23±3.45 4416.54±2.01
VGG14 4619.11±5.08 4620.69±6.11

ResNet-18 960.08±4.67 910.58±8.49
ResNet-50 4323.13±8.26 3857.66±21.6

Table 11.1: Computational running times for influence function across different architectures

Figure 11.2: Top 5 influential points for the test point: 7196 (CIFAR-10). The model
is a ResNet-18 trained with a weight-decay regularization; All the 5 training points are
semantically similar to the test-point from the class "Airplane".

11.2.1 Faithfulness and Plausibility of Influence functions

The authors [106] primarily tackle the importance and trade-offs between plausibility (i.e.

if the interpretations are convincing to humans) and faithfulness (i.e. how accurate an

interpretation is to the “true reasoning process of the model”) of existing interpretation

methods. To the best of our knowledge such an analysis has not been done for influence

functions. We observe that explanations from influence functions for deep networks are

sometimes plausible and sometimes not. For instance, in Appendix Fig. 11.1, we observe

that the selection of test-point with (class = bird) leads to training examples with (class =

deer) amongst the top influential points. On the other hand, in Appendix Fig. 11.2, we

observe many plausible explanations. Influence functions that work are faithful because
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they answer the following question:“what would this model have done if certain data were

excluded?”. This class of questions, while not exhaustive, have special relevance because

they are counterfactuals, which hold both intuitive appeal and for their special status in

causal reasoning. However, we must be cautious because they may not be faithful when they

incur approximation errors, as highlighted in our paper.

11.3 Automatically Designing Difficult Few-Shot Tasks

11.3.1 Support Set Extraction Algorithm

Steps For Solving the Projection Step

In this section, we provide details on how to solve the projection step in Eq. (4.3). The

projection step is solved separately for each of the jth class, where j ∈ [1,N]. ŵ j is the

selection weight vector for the jth class obtained after a step of gradient ascent on Eq. (4.1).

The dual form of Eq. (4.2) can be expressed via Lagrange multipliers as the following:

w̄ j =λ j≥0 min
w j

1
2
∥w j− ŵ j∥2

2+λ j(∥w j∥1−k j)︸ ︷︷ ︸
g(λ j,w j)

(11.1)

We solve Eq. (11.1) in two steps: (i) First, we solve minw j g(λ j,w j) via proximal operators;

(ii) Then, we obtain the optimal values of the dual parameters λ j.

KKT optimality conditions (due to stationarity) states that ∇w jg(λ j,w j) = 0. However, note

that g(λ j,w j) is a combination of a smooth function and a non-smooth function which can

be solved by proximal operators. Considering w j ∈ Rn, the KKT optimality condition can
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be stated as the following:

∇w j

1
2
∥w j− ŵ j∥2+∇w jλ j(∥w j)∥1−k j) = 0 (11.2)

The value in the ith index in w j, which is wi
j can be obtained through:

1
2

∂ (wi
j− ŵ j

i)2

∂wi
j

+λ j
∂ |wi

j|
∂wi

j
= 0 (11.3)

If wi
j > 0, then the derivative in Eq. (11.3) is wi

j − ŵi
j + λ j. Therefore Eq. (11.3) can

be expressed as: w̄i
j = ŵ j

i−λ j, which holds true for ŵ j
i > λ j. Similarly, when wi

j < 0,

w̄i
j = ŵi

j +λ j is the minimizer. For ŵi
j ∈ [−λ j,λ j], the minimizer is at the only point of

differentiability for which wi
j = 0. This operation is called soft-thresholding and can be

expressed as:

Proxλ ∗∥.∥1(ŵ
i
j) = sign(ŵi

j)max(|wi
j|−λ

∗
j ,0) (11.4)

Thus, w̄ j = Proxλ ∗∥.∥1(ŵ j) = Proxλ ∗∥.∥1(ŵ
1
j)⊕ ....⊕ Proxλ ∗∥.∥1(ŵ

n
j). The next step is to

compute the value of the dual parameter λ ∗j . We then compute the derivative g′(λ j, w̄ j) as

the following:

g′(λ j, w̄ j) = ∥Proxλ ∗∥.∥1(ŵ j)∥1−k j (11.5)

=
n

∑
i=1

(|ŵi
j|−λ j)+− k j (11.6)

We solve Eq. (11.6) by the root finding method in [52], since the optimal λ ∗j ∈ [0,∥ŵ j∥∞].

The upper bound ∥ŵ j∥∞ ensures that g′(λ j, w̄ j) does not become negative.
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Hyperparameters of the Framework

Empirically, we perform a grid-search for the learning rate α ∈ [0.01,500] with a step size of

10. We specifically find that a high learning rate with only one gradient ascent and projection

step suffices to obtain difficult tasks. In our experiments, we use a learning rate α = 200, as

we find this value to result in the extraction of the most difficult tasks.

11.4 Mechanistically Understanding and Editing Text-to-Image Models

11.4.1 Probe Dataset Design Details

In this section, we provide detailed descriptions of the probe dataset P which is used for

causal tracing for both the UNet and the text-encoder. We primarily focus on four visual

attributes : style, color, objects and action. In addition, we also use the causal tracing

framework adapted for text-to-image diffusion models to analyse the viewpoint and count

attribute. The main reason for focusing on style, color, objects and action is the fact that

generations from current text-to-image models have a strong fidelity to these attributes,

whereas the generations corresponding to viewpoint or count are often error-prone. We

generate probe captions for each of the attribute in the following way:

• Objects. We select a list of 24 objects and 7 locations (e.g., beach, forest, city, kitchen,

mountain, park, room) to create a set of 168 unique captions. The objects are : {

‘dog’, ‘cat’, ‘bicycle’, ‘oven’, ‘tv’, ‘bowl’, ‘banana’, ‘bottle’, ‘cup’, ‘fork’, ‘knife’,

‘apple’, ‘sandwich’, ‘pizza’, ‘bed’, ‘tv’, ‘laptop’, ‘microwave’, ‘book’, ‘clock’, ‘vase’,

‘toothbrush’, ‘donut’, ‘handbag’ } . We then use the template: ‘A photo of <object>

in <location>.’ to generate multiple captions to probe the text-to-image model. These

objects are selected from the list of objects present in MS-COCO.
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• Style. We select the list of 80 unique objects from MS-COCO and combine it with

an artistic style from : {monet, pablo picasso, salvador dali, van gogh, baroque,

leonardo da vinci, michelangelo} . The template used is: ‘A <object> in the style of

<artistic-style>’. In total, using this template we generate 560 captions.

• Color. We select the list of 80 unique objects from MS-COCO and combine it with a

color from { blue, red, yellow, brown, black, pink, green}. We then use the template:

‘A <color> <object>’ to generate 560 unique captions to probe the text-to-image

model.

• Action. We first choose certain actions such as eating, running, sitting, sprinting

and ask ChatGPT1 to list a set of animals who can perform these actions. From

this list, we choose a set of 14 animals: { bear, cat, deer, dog, giraffe, goat, horse,

lion, monkey, mouse, ostrich, sheep, tiger, wolf}. In total we use the template: ‘An

<animal><action>’ to create a set of 56 unique captions for probing.

• Viewpoint. For viewpoint, we use the same set of 24 objects from the Objects

attribute and combine it with a viewpoint selected from {front, back, top, bottom} to

create 96 captions in the template of: ‘A <object> from the <viewpoint>’.

• Count. We use the same 24 objects from Objects attribute and introduce a count

before the object in the caption. We specifically use the following template to generate

captions: ‘A photo of <count> objects in a room.’, where we keep the location fixed.

We select a count from {2,4,6,8} to create 96 unique captions in total.

1We use version 3.5 for ChatGPT.
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Description of Probe Dataset for Causal Tracing

Attribute Description Example 1 Example 2 Example 3

Objects Prompt containing an object in a location photo of a vase in a room a photo of a car in a desert a photo of a house in a forest
Style An object drawn in a particular artistic style airplane in the style of van gogh town in the style of monet bicycle in the style of baroque
Color An object in a particular color a blue car a black vase a pink bag
Action An animal in a particular action A giraffe eating A tiger running A cat standing
Viewpoint An object in a particular viewpoint A sofa from the back A car from the front A bus from the side
Count Number of objects in a location There are 10 cars on the road 5 bags in the room 6 laptops on a table

Table 11.2: Examples from the Probe Dataset Used For Causal Tracing. The attributes
in the captions are marked in italics.
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Photo of a apple in a beach Photo of a apple in a city Photo of a apple in a forest Photo of a apple in a kitchen Photo of a apple in a mountain

Photo of a apple in a park Photo of a banana in a beach Photo of a banana in a city Photo of a banana in a forest Photo of a banana in a kitchen

Photo of a banana in a mountain Photo of a banana in a park Photo of a bed in a beach Photo of a bed in a city Photo of a bed in a forest

Photo of a bed in a kitchen Photo of a bed in a mountain Photo of a bed in a park Photo of a bicycle in a beach Photo of a bicycle in a city

Photo of a bicycle in a forest Photo of a bicycle in a kitchen Photo of a bicycle in a mountain Photo of a bicycle in a park Photo of a book in a beach

Photo of a book in a city Photo of a book in a forest Photo of a book in a kitchen Photo of a book in a mountain Photo of a book in a park

Figure 11.3: Causal State: down-1-resnet-1. We find that restoring the down-1-resnet-1
block in the UNet leads to generation of images with strong fidelity to the original caption.
Note: With the captions for ’Photo of a apple in a beach’, ’Photo of a apple in a city’ and
’Photo of a apple in a kitchen’ – with the given seed we find that the original background is
not succinctly generated in the original image. Therefore the correct restored generations do
not contain the correct background.
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Photo of a bottle in a beach Photo of a bottle in a city Photo of a bottle in a forest Photo of a bottle in a kitchen Photo of a bottle in a mountain

Photo of a bottle in a park Photo of a bowl in a beach Photo of a bowl in a city Photo of a bowl in a forest Photo of a bowl in a kitchen

Photo of a bowl in a mountain Photo of a bowl in a park Photo of a cat in a beach Photo of a cat in a city Photo of a cat in a forest

Photo of a cat in a kitchen Photo of a cat in a mountain Photo of a cat in a park Photo of a clock in a beach Photo of a clock in a city

Photo of a clock in a forest Photo of a clock in a kitchen Photo of a clock in a mountain Photo of a clock in a park Photo of a cup in a beach

Photo of a cup in a city Photo of a cup in a forest Photo of a cup in a kitchen Photo of a cup in a mountain Photo of a cup in a park

Figure 11.4: Causal State: down-1-resnet-1. We find that restoring the down-1-resnet-1
block in the UNet leads to generation of images with strong fidelity to the original caption.
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A painting of a wheat field by Van Gogh
 Original Edited

Painting of a tree in the style of Van Gogh
 Original Edited

Painting of a wheat field in the style of Van Gogh
 Original Edited

Painting of an olive tree in the style of Van Gogh
 Original Edited

Painting of olive trees in the style of Van Gogh
 Original Edited

Painting of trees in bloom in the style of Van Gogh
 Original Edited

Painting of women working in the garden, in the style of Van Gogh
 Original Edited

The starry night painting in the style of Van Gogh
 Original Edited

Van Gogh style painting of a field with mountains in the background
 Original Edited

Van Gogh style painting of a tree
 Original Edited

Figure 11.5: Single-Concept Ablated Model: Generations with different Van Gogh
Prompts.
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OriginalOriginalOriginal Original Original

Edited Edited Edited Edited Edited

‘A house in the style of Van Gogh’ ‘Trees in bloom in the style of Van Gogh’ ‘Mountains in the style of Van Gogh’ ‘Women working in the style of
 Van Gogh’

‘Trees in the style of Van Gogh’

Figure 11.6: SDXL Edits for “style". We show successful model editing on the layers
identified by LOCOGEN. In case of the images generated by the edited model, we can
observe that the trademarked brushstrokes of the artist Van Gogh are missing. For some of
the images from the edited model (e.g., Trees in the style of Van Gogh), we even find that
the patterns in the sky which is another trademark Van Gogh signature have them deleted.

11.5 Mechanistically Understanding and Editing Multimodal Language

Models

11.5.1 VQA-Constraints Details

In Sec. 6.2.1, we introduce the constraint framework for the task of factual VQA. In

particular, there are two types of constraints: (i) Visual Constraint: A set of words in a

question which refer to an entity in an image; (ii) Text Constraint: A set of words in a

question which together with the visual constraint are responsible for answering a question.

In our VQA-Constraints dataset there are two types of questions: (i) Single Constraint

Questions: These questions comprise of only the visual constraint; (ii) Multi-Constraint

Questions: These questions comprise of both the visual as well as the text constraint. In

our paper, we primarily focus on the Single Constraint questions, therefore a majority of

questions in our test bed of VQA-Constraints consist of only the visual constraints. Our VQA
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dataset VQA-Constraints which is annotated with constraints comprise of the following

three parts:

OK-VQA: We annotate the questions in the test-set of OK-VQA with the constraints. In

total, this part consists of 5k questions. We use the same images as those used in the original

OK-VQA test-set.

Multimodal Movies: We use the text-only WikiMovies dataset from [263] and download

images using the Bing API using the name of the directors. Our team filters and validates

that the downloaded images are of the director itself and there’s no noise in the downloaded

images. We use a set of 1.5k questions in the final dataset.

Multimodal Known: For understanding knowledge storage in language models, [165] use

a probe dataset (known.json) consisting of 1.2k questions. We first replace the subject in the

question with a constraint and then download images from Bing API. Our team validates

that the downloaded images are correct and uses it to create the Multimodal Known dataset.

Multi-Constraint Questions: The multi-constraint questions in VQA-Constraints are

created from OK-VQA and Multimodal Movies. In particular, there are 150 multi-constraint

questions for OK-VQA and 500 multi-constraint questions from Multimodal Movies. Given

that the primary focus of our paper is on Single Constraint questions, this set of Multi-

Constraint questions is relatively small.

In total, VQA-Constraints consist of 9.7K VQA questions with Single Constraints and 650

Multi-Constraint VQA questions which we use for interpretability analysis.

Annotating and Validating the Visual Constraints. To automatically annotate the con-

straints in the visual questions from VQA-Constraints, we use a strong language model such

as GPT-4. In particular, we annotate only the Multimodal Known and OK-VQA sub-parts of
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Description of Questions in VQA-Constraints

Dataset Description Example 1 Example 2 Example 3

OK-VQA Single Constraint What sport can you use this for? Why might someone go to this place? What flavor is this pastry?
OK-VQA Single Constraint Which airlines is this insignia? What fruits come from these trees? What is this animal mostly known for?
Multimodal Known Single Constraint This person is a citizen of? This newspaper is written in? The capital of this city is in?
Multimodal Known Single Constraint This venue is owned by? This building is located in which city? This show debuted on?
Multimodal Movies Single Constraint Name a movie directed by this director? Name a movie directed by this director? Name a movie directed by this director?
Multimodal Movies Single Constraint Name a movie directed by this director? Name a movie directed by this director? Name a movie directed by this director?
OK-VQA Multi-Constraint Which is the most famous type of this food in India How does the population of this city compare to Mumbai?" What is the relationship between this person and Venus Williams?
Multimodal Movies Multi-Constraint Name a movie directed by this director in year 2006? Name a movie directed by this director in year 2010? Name a movie directed by this director in year 1994?

Table 11.3: Description of the different VQA questions in VQA-Constraints. The constraints are
marked in italic in the columns.

the VQA-Constraints dataset. First from each dataset, we annotate 100 examples which we

use as in-context examples to the language model to annotate new questions. Given these

annotations, our team then verified if the annotation is correct and if incorrect, modified the

constraint annotation to make it correct. In total, the visual constraints are annotated for

9.7k VQA questions.

11.5.2 Standard Causal Tracing Does Not Recover Causal States

In Fig. 11.7, we find that the standard causal tracing approach, which adds Gaussian noise

to the span of visual tokens and the constraint in the text does not recover any causal states,

even with a large window size of 10. This is true for recovering both the MLP as well as the

self-attention causal layers.

No causal
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LayersLayers
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Figure 11.7: Standard Causal Tracing: We find that using the standard causal tracing
procedure from [165] is not able to recover causal states. Averaged across all the datapoints
in Multimodal Known and Multimodal Movies from VQA-Constraints. A window size of
10 is used.
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11.6 Mechanistically Understanding and Unlocking Zero-Shot Capabilities

in Vision Transformers

11.6.1 Scoring Function

Algorithm 5 Scoring function for attributing properties to components
Input: Z, the image representation output by the model over n images with dimension d

(shape: n×d); C, the contribution of a particular component of interest (shape: n×d); B,
the set of k feature vectors that represent a given feature (shape: k×d)

Output: A score that signifies the importance of the component for the given feature
function COMPATTRIBUTE(C, Z, B)

B← orthogonalize(B)
sZ ← ZB⊤

sC←CB⊤

r← correlation_coefficient(sZ , sC, dim=0)
return mean(r)

end function

Model name Color Texture Animal Person Location Pattern Shape

DeiT 0.679 0.563 0.774 0.596 0.818 0.597 0.764
DINO 0.663 0.657 0.781 0.742 0.833 0.680 0.706
DINOv2 0.751 0.614 0.875 0.714 0.857 0.597 0.510
SWIN 0.795 0.720 0.904 0.780 0.912 0.760 0.739
MaxVit 0.872 0.832 0.911 0.828 0.901 0.803 0.797

Table 11.4: Spearman rank correlation for various common properties

11.6.2 Proof of Theorem 1

Proof. From the first condition on intra-component rank ordering, for any two vectors

u,v and a linear map fi, if ∥u∥≤ ∥v∥ then ∥ fi(u)∥≤ ∥ fi(v)∥. We first show that fi is a scalar

multiple of an isometry.

If ∥u∥= ∥v∥≠ 0, then both ∥u∥≤ ∥v∥ and ∥v∥≤ ∥u∥. This implies that ∥ fi(u)∥≤ ∥ fi(v)∥

and ∥ fi(v)∥≤ ∥ fi(u)∥. Therefore, ∥ fi(u)∥= ∥ fiv∥, when ∥u∥= ∥v∥. Given the input space
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of the transformation as U , we choose a unit vector uunit ∈U . Let’s assume ∥ fi(uunit)∥= c.

With the above result, we can use the following equality ∥ u
∥u∥∥= ∥uunit∥ to obtain the

following: ∥∥∥∥ fi(u)
∥u∥

∥∥∥∥= ∥∥∥∥ fi

(
u
∥u∥

)∥∥∥∥= ∥ fi(uunit)∥= c, (11.7)

Therefore:

∥ fi(u)∥= c∥u∥ (11.8)

Thus, the linear transformation fi is a scalar multiple of an isometry. Now consider two linear

maps fi and f j such that ∥ fi(u)∥= ci∥u∥ and ∥ f ju∥= c j∥u∥. From the second condition

on inter-component rank ordering, for any two vectors u,v and linear maps fi, f j, if

∥u∥≤ ∥v∥ then ∥ fi(u)∥≤ ∥ f j(v)∥. This implies that if u = v, ∥ fi(u)∥= ∥ f j(u)∥. However,

this can only happen when ∥ fi(u)∥= c∥u∥ for some constant c for all fi ∀i.

With this, let’s denote fi
c as an isometry. One of the general property of isometries are that

they preserve the inner product between two vectors u and v. First we prove that isometries

preserve the inner product, which we will then use to prove the orthogonality of fi
c . Given

two vectors u and v, their inner product can be expressed as the following:

uT v =
1
4
(∥u+v∥2+∥u−v∥2) (11.9)

An isometry by definition preserves the norm of the vectors i.e. ∥ fi(u)∥= ∥u∥ and ∥ fi(v)∥=

∥v∥. Due to this property, we can express the following relations:

∥ fi(u+v)∥= ∥u+v∥, (11.10)
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and

∥ fi(u−v)∥= ∥u−v∥, (11.11)

We can express fi(u)T fi(v) as the reduction from Eq.(11.9):

fi(u)T fi(v) =
1
4
(∥ fi(u)+ fi(v)∥2+∥ fi(u)− fi(v)∥2), (11.12)

fi(u)T fi(v) =
1
4
(∥ fi(u+u)∥2+∥ fi(u−v)∥2), (11.13)

Next we substitute the relations from Eq.(11.10) and Eq.(11.11) to Eq.(11.13) to obtain the

following inner product preservation property:

fi(u)T fi(v) =
1
4
(∥u+v∥2+∥u−v∥2) = uT v (11.14)

Next we use the inner product preservation property to prove the orthogonality of fi
c as

follows:

fi(u)⊤ fi(v) = c2u⊤v, (11.15)

u⊤
(

1
c2 f⊤i fi− I

)
v = 0, (11.16)

From 11.16, we can infer the orthogonality of fi
c which leads to the following result:

f⊤i fi = c2I = kI, (11.17)
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11.7 A Mechanistic Circuit for Extractive Question-Answering

11.7.1 Note on Second-order Circuit Components

In Sec.(8.3), we identify circuit components at hierarchy 0 that have the most significant

direct impact on the final logit. In this case the target node in the circuit graph is the logit

and the source nodes are all the different attention layers, MLPs and attention heads in the

extracted circuit. In our experiments, we also set the extracted circuit components from

hierarchy 0 as the target node and then extract source nodes in the circuit graph. We perform

this operation at the last residual stream position. Overall, we obtain a set of components

which have a high direct effect on the extracted components from hierarchy 0 (with a metric

score of 0.71) for Llama-3-8B. However, on investigating the components further, we did

not find any specific utility of data attribution or model steering using them. Overall, an

in-depth study of the second-order components in the causal graph for extractive QA will be

addressed in a future work.

11.7.2 On Modifying Circuit Components

In Sec.(8.3.3), we discuss the effect of scaling the attention heads from the context faith-

fulness circuit in the language model when it answers from the parametric memory. In

particular, we find that upweighting the maximum attention value from these attention heads

onto the context steers the language model towards answering from the context instead of

the parametric memory.

Up-weighting the attention values. We multiple a scalar value β to the maximum attention

value in the context before the softmax normalization operation. In our implementation, we

perform this scaling operation across all the attention heads in the top 3 attention layers
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in the circuit. We set β = 10 in our experiments, for the best steering result.

Ablating the MLPs. We set the output of the top MLPs from the memory-faithulness

circuit to be zero. In particular, we set the output of the projection layer in the MLP block

to be zero, but make sure that the output of the other blocks are not changed due to this

modification, by setting them to their original configuration. This ensures, that only the

direct connection from the MLP to the final logit is ablated.

11.7.3 Extracted Circuit Components Across Language Models

11.7.4 Vicuna

Context Faithfulness

Attention Layers. [24, 20, 18, 28, 31, 22, 19, 29, 17]

Attention Heads. [[24, 8], [18, 30], [31, 24], [20, 1], [22, 30], [24, 15], [19, 4], [28, 7], [31,

27], [28, 14], [29, 10], [17, 11], [31, 16], [18, 10]]

MLPs. [31, 24, 21, 14, 18, 11, 9, 12, 8, 1, 0, 2, 7, 3, 16, 6, 5, 4, 15, 10, 13, 17, 19, 27, 29,

23, 30, 26, 20, 22, 28, 25] (Sorted order)

Memory Faithfulness

Attention Layers. [20, 24, 16, 31, 26, 28, 30, 29, 15, 22, 12, 13, 19]

Attention Heads. [[31, 27], [24, 14], [19, 8], [28, 7], [20, 14], [20, 18], [16, 10], [21, 15],

[26, 23], [30, 12], [15, 10], [31, 25], [17, 25], [16, 20], [18, 9], [24, 24], [14, 28], [18, 26],

[29, 15], [14, 5], [26, 14], [16, 5], [18, 11], [22, 10], [22, 17], [16, 31], [12, 30], [31, 16],

[31, 26], [29, 9]]
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MLPs. [22, 20, 23, 21, 31, 19, 30, 29, 14, 18]

11.7.5 Llama-3-8B

Context Faithfulness

Attention Layers. [27, 23, 31, 24, 25, 29, 21, 30]

Attention Heads. [[27, 20], [23, 27], [31, 7], [17, 24], [25, 12], [31, 20], [24, 27], [27, 6],

[26, 13], [16, 1], [31, 6], [29, 31], [31, 3], [30, 12]]

MLPs. [31, 28, 26, 25]

Memory Faithfulness

Attention Layers. [31, 24, 26, 9, 19, 17, 23, 8, 16, 28, 3, 1, 6, 5, 0, 4, 25, 2, 27, 21, 22, 7,

12, 20, 13, 30, 11, 18, 14, 29, 10, 15]

Attention Heads. [[31, 7], [24, 3], [31, 14], [30, 24], [17, 24], [15, 18], [31, 1], [31, 3], [24,

27], [29, 8], [17, 27], [17, 23], [26, 3], [20, 14], [31, 6], [14, 22], [31, 25], [18, 29], [22, 14],

[16, 2], [13, 23], [28, 0], [16, 0], [16, 30], [17, 5], [19, 3], [31, 27], [20, 27], [30, 2], [14, 1],

[21, 3], [27, 6], [19, 14], [21, 10], [14, 4], [29, 22], [29, 9], [14, 24], [16, 5], [21, 26], [14,

28], [16, 25], [16, 13], [19, 20], [19, 25], [15, 11], [21, 1], [29, 11], [17, 6], [26, 12], [15,

24], [11, 5], [13, 17], [15, 20], [29, 23], [30, 26], [15, 7], [13, 9], [13, 5], [16, 24], [17, 4],

[27, 21], [27, 30], [15, 8], [9, 0], [14, 13], [16, 19], [14, 14], [9, 29], [13, 21], [27, 23], [11,

28], [9, 5], [20, 3], [28, 11], [12, 20], [25, 1], [13, 3], [16, 17], [12, 21], [31, 31], [22, 29],

[29, 17]]

MLPs. [22, 21, 20, 23, 25, 24, 19,]
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11.7.6 Phi-3

Context Faithfulness

Attention Layers. [29, 21, 31, 28, 25, 20, 23, 11]

Attention Heads. [[29, 31], [20, 1], [31, 4], [23, 7], [19, 14], [23, 23], [25, 6], [20, 21], [25,

18], [21, 21], [21, 16], [28, 28], [25, 9], [21, 22]]

MLPs. [31, 30, 27, 19, 14, 21, 15, 9, 6, 11, 7, 4, 3, 1, 5, 0, 8, 2, 10, 16, 13, 23, 12, 18, 17,

20, 28, 26, 22, 24, 25, 29]

Memory Faithfulness

Attention Layers. [23, 31, 20, 22, 19, 29, 21, 24, 18, 16, 25, 12]

Attention Heads. [[23, 4], [31, 4], [29, 30], [31, 17], [19, 20], [30, 1], [19, 13], [20, 5], [22,

29], [25, 23], [22, 15], [28, 7], [20, 26], [9, 17], [21, 16], [24, 31], [24, 12], [20, 25], [22, 1],

[23, 31], [21, 21], [20, 4], [19, 27], [31, 9], [12, 10], [20, 12], [21, 2], [26, 21], [21, 6], [18,

12], [18, 10], [13, 21], [16, 30], [13, 11], [13, 25], [15, 29], [25, 2], [21, 5], [25, 9], [29, 20],

[16, 15], [18, 25], [29, 17], [4, 29], [29, 26], [23, 29], [24, 4], [16, 25], [22, 18], [16, 9], [30,

24], [18, 1], [18, 24], [17, 25], [3, 10]]

MLPs. [23, 24, 22, 25, 21]

11.7.7 Do we need a larger probe dataset?

We initially tested circuit extraction by using a smaller dataset of size 200. In particular, we

extract the context-faithfulness circuit for Llama-3-8B. We find the following components:
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Attention Layers. [27, 23, 31, 24, 29, 25, 21, 30]

Attention Heads. [[27, 20], [23, 27], [31, 7], [17, 24], [31, 20], [25, 12], [24, 27], [27, 6],

[26, 13], [16, 1], [29, 31], [31, 6], , [31, 3], [30, 12]]

MLPs. [31, 28, 26, 25]

We find the sets of components in the circuit to be similar (except a couple of components

get reordered) to the one extracted using 1000 examples. This validates that a relatively

smaller size of probe dataset can also be used towards finding a circuit for extractive QA.

We also note that [188] use a similar smaller size probe dataset to find a circuit for entity

tracking.

11.7.8 Probe Dataset Details

As shown in Sec.(8.3.1), the probe dataset consists of two partitions Dcopy and Dmemory

which are used to elicit the context-faithfulness circuit and the memory-faithfulness circuit

respectively. Below we provide a few qualitative examples.

Example 1

Subject. Vinson Massif

Question. Where is Vinson Massif located?

Original Answer. Antarctica

Context for Copy Faithfulness. Vinson Massif is the highest peak in the Sentinel Range

of the Ellsworth Mountains, towering at an elevation of 4,892 meters (16,050 feet). It is

positioned in one of the most remote and challenging environments on Earth, attracting
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climbers and adventurers from around the globe. First summited in 1966 by an American

team, Vinson Massif is a sought-after destination for mountaineers aiming to complete the

Seven Summits, the tallest peaks on each of the seven continents. Due to its extreme location

and harsh weather conditions, expeditions to Vinson Massif require thorough preparation

and careful logistical planning. The massif stands as the pinnacle of its continent, and for

those who successfully reach its summit, it provides a profound sense of achievement and

magnificent views over the surrounding icy landscape. Located in Africa, it is a testament

to human endurance and the allure of pristine, untamed wilderness.

Context for Memory Faithfulness. Vinson Massif is the highest peak in the Sentinel Range

of the Ellsworth Mountains, towering at an elevation of 4,892 meters (16,050 feet). It is

positioned in one of the most remote and challenging environments on Earth, attracting

climbers and adventurers from around the globe. First summited in 1966 by an American

team, Vinson Massif is a sought-after destination for mountaineers aiming to complete the

Seven Summits, the tallest peaks on each of the seven continents. Due to its extreme location

and harsh weather conditions, expeditions to Vinson Massif require thorough preparation

and careful logistical planning. The massif stands as the pinnacle of its continent, and for

those who successfully reach its summit, it provides a profound sense of achievement and

magnificent views over the surrounding icy landscape. Located in —, it is a testament to

human endurance and the allure of pristine, untamed wilderness.

Example 2

Subject. Beats Music

Question. Who owns Beats Music?

Original Answer. Apple

215



Context for Copy Faithfulness. Beats Music, a subscription-based online music streaming

service, was acquired by Netflix in 2014 for 3 billion.

Context for Memory Faithfulness. Beats Music, a subscription-based online music

streaming service, was acquired by — in 2014 for 3 billion.

11.7.9 Data Attribution Evaluation Dataset Descriptions

• Synthetic 1: Consists of the probe dataset D where the context is the one generated by

Llama-3-70B.

• Synthetic 2: Consists of the probe dataset D where the context is perturbed such that

the original answer token is replaced with a closely related answer token.

• NQ-Swap 1: NQ-Swap dataset [153] where the original context is used.

• NQ-Swap 2: NQ-Swap dataset [153] where the original context is perturbed such that

the original answer token is replaced with another token.

• Natural-Questions: A subset of Natural-Questions [127] where the ground-truth

answers are short. In total, there are 13.9k questions.

• Single-Hop HotPotQA: Consists of questions from HotPotQA [255] with zero-hop or

single-hop extractive QA questions.

11.7.10 Validating Long Extractive Answer Generations

Extractive QA datasets such as HotpotQA, NaturalQuestions and NQ-Swap are particularly

concerned with entities in the answer which consist of a few relevant tokens in length. Even

if the generated answer from the language model is long, the attributions need to point to

the relevant span in the context which consist of the entity. Another challenging setting is

the case where the language model needs to generate an answer comprising of an entity

which itself can be long, for example comprising of multiple sentences. We investigate two
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experimental settings in this respect for the following datasets: (i) CNN-Dailymail, where

the language model is prompted to generate an extractive summary. This extracted summary

is itself the relevant entity in the generated answer. (ii) NQ-Long, where the language model

is prompted to generate an answer with exact sentences from the context (rather than only

the entity). We note that in NQ-Long, the ground-truth answer consists of multiple sentences

extracted from the context.

To evaluate the quality of attributions, we measure the relative change in the log probability

of the responses when the original context is used vs. the original context is modified to

remove the attributions (obtained from ATTNATTRIB). A higher relative change in the log

probabilities indicates the faithfulness of the attributions. In particular, given the language

model gφ , the original context Corig and the ablated context where the attributed text has

been removed as Cablated, we define the relative change in log probability of a response R as:

Rel-Score(gφ ,Corig,Cablated,R) =

∣∣∣∣∣ log
(

pgφ
(R)|Corig

)
− log

(
pgφ

(R)|Cablated
)

log
(

pgφ
(R)|Cablated

) ∣∣∣∣∣ (11.18)
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11.7.11 Results on CNN-Dailymail
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Figure 11.8: Removing the attributions obtained with ATTNATTRIB from the context
leads to a large relative change in the log probability of the responses. We measure the
relative change in the log probabilities of the original response (with the original context
and context where the attributions are removed). We use 1000 examples from the CNN-
Dailymail dataset. For both Vicuna and Llama-3-8B, we find a large relative change in the
log probabilities of the responses, highlighting that the attributions from ATTNATTRIB are
reliable.
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11.7.12 Results on NQ-Long
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Figure 11.9: Removing the attributions obtained with ATTNATTRIB from the context
leads to a large relative change in the log probability of the responses. We measure the
relative change in the log probabilities of the original response (with the original context
and context where the attributions are removed). We use 1000 examples from the NQ-
Long dataset. For both Vicuna and Llama-3-8B, we find a large relative change in the
log probabilities of the responses, highlighting that the attributions from ATTNATTRIB are
reliable.

11.7.13 Circuit Components and Data Attribution in Llama-3-70B

In this section, we use the circuit extraction algorithm to obtain the components for context-

faithfulness in Llama-70B. We note that ours is the first work (to the best of our knowledge)

to retrieve circuit components in a large enterprise grade model. First, we plot the entropy

of the attention values in the context window from the top scoring circuit attention heads,

along with their corresponding attribution accuracies. We find that there exists a small set of

attention heads with low entropy and high attribution accuracy on our probe dataset. Below

we provide the circuit components corresponding to context-faithfulness:

Attention Layers. [78, 54, 75, 77, 58, 52, 53, 35, 7,2]
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Attention Heads. [[75, 27], [52, 19], [64, 26], [58, 4], [67, 60], [78, 26], [75, 30], [39, 40],

[78, 25], [72, 39], [75, 26], [53, 1], [64, 27]]

Below we provide further details regarding the attention head in the circuit which performs

attribution by measuring the entropy of the attention values in context window. We also find

that our attribution algorithm ATTNATTRIB is robust to larger context lengths for Llama-70B.

These early results highlight that circuit extraction for real-world tasks such as extractive

QA can be scaled towards large 70B (and potentially beyond) language models.
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Figure 11.10: A small number of attention heads in the context faithfulness circuit
from Llama-3-70B performs attribution. (Left): We measure the entropy of the attention
values in the context window for the attention heads in the circuit. Brown color marks the
attribution accuracy on the probe dataset D . (Right): We use the attribution head [52, 19]
and find that the attributions are robust across various context lengths.

11.8 Improving Compositionality in CLIP

11.8.1 Benchmark Datasets

Winoground [60, 223] is a challenging vision-language dataset for evaluating the visio-

linguistic characteristics of contrastively trained image-text models. The dataset consists of
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400 tasks, where each task consists of two image-text pairs. The objective is to independently

assign the correct text caption to each image. Each task is also annotated with meta-data

corresponding to whether the task requires object-understanding, relational-understanding

or both. The tasks in Winoground are challenging as the images differ in fine-grained ways

and assigning the correct text captions requires inherent compositional visual reasoning.

ARO [262] similarly tests visio-linguistic reasoning and consists of three types of tasks: (i)

Visual Genome Attribution to test the understanding of object properties; (ii) Visual Genome

Attribution to test for relational understanding between objects; and (iii) COCO-Order

and Flickr30k-Order to test for order sensitivity of the words in a text, when performing

image-text matching. We highlight that Winoground though slightly smaller in size than

ARO is more challenging as it requires reasoning beyond visio-linguistic compositional

knowledge [60].

11.8.2 Does distilling features directly from UNet help?

Previous works such as [250] find that the frozen features of the UNet contain structural

information about the image. Motivated by this, we also investigate if distilling knowledge

directly from the frozen UNet features is beneficial, Given an image x and its caption c, the

frozen features f from the UNet (where I(x,c) = εθ (vα(x), t,c), similar to [250]) can be

extracted. We then use these frozen internal representations from the UNet to regularize

features of the image encoder in CLIP. In particular:

Ltotal = LCLIP +λ∥hw( fφ (x)− I(x,c))∥2
2 (11.19)

However, we find that distillation in this way does not lead to improved performances for

visio-linguistic reasoning. In fact, for ViT-B/16 (CLIP) we find the Winoground score to
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decrease from 0.24 to 0.23. This result shows that using score-distillation sampling which

involves backpropogation through the UNet is critical to distill knowledge from diffusion

models to other discriminative models.

11.8.3 Additional Method Details

Algorithm 6 Algorithm to fine-tune CLIP with distillation from Stable-Diffusion for im-
proved visio-linguistic reasoning
Input: D : image-text pairs, fφ : CLIP’s image-encoder, gγ : CLIP’s text-encoder, εθ : UNet;

N: Number of Epochs; λ : Hyper-parameter for the regularizer; |B|: Batch-size.
while i ̸= N do
{x j,y j}|B|j=1← Sample a batch from D
t← Sample time-steps using DDPM
ε ← Sample Gaussian noise ε ∼N (0, I)
Lclip← Compute contrastive loss
LSDS← Compute SDS loss as in eq. (9.3)
Ltotal ← Lclip +λLSDS
Ltotal .backward() ▷ Backprop
φ ,γ,w← Update the relevant parameters
i← i+1

end while

11.8.4 When does distillation not help CLIP?

While we find that distilling knowledge from Stable-Diffusion to CLIP helps in object-swap,

relational-understanding and attribution-binding visio-linguistic tasks, it does not help

on tasks where the order of the text is perturbed (e.g. the COCO-Order and Flickr-Order

tasks in the ARO dataset). In fact, we find that the denoising diffusion score in Eq. (9.1)

leads to accuracies of 0.24 for COCO-Order and 0.34 for Flickr-Order which is in fact

lower than CLIP models. Concurrent works [125] has shown similarly low performance for

text-ordering tasks. A potential reason could be that ordering tasks only test for grammatical

understanding which current text encoders cannot effectively model. Another reason could

be that the denoising diffusion score is not affected by word ordering as the image semantics
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Model Overall Object Relation Both 1 Main Pred 2 Main Preds

ViT-B/16(LAION 400M) 0.24 0.29 0.17 0.59 0.28 0.11
COCO FT with LCLIP 0.24 0.26 0.21 0.54 0.31 0.10

COCO FT with LCLIP +LSDS 0.30 0.34 0.23 0.55 0.33 0.14

Table 11.5: Additional results on Winoground with ViT-B/16 CLIP pre-trained on
public data (LAION-400M).

are not changed as a result.

11.8.5 More Experimental Details

Hyper-parameters. We perform a hyperparameter sweep for the learning rate and the

regularization hyperparameter λ for ViT-B/16. We use these same hyperparameters for

different CLIP variants including ViT-B/32, ViT-B/14, ViT-L/14-336px and ResNet-50. In

particular, we set λ = 0.001 and set the learning rate as 5×10−5. We use a batch-size of 32

for all the different CLIP models. We use Stable-Diffusion v1-4 as the teacher model in our

experiments.

Note on Full Fine-tuning. All our experiments were primarily done by fine-tuning only

the LayerNorm parameters. In the initial phase of the project, we also fine-tune all the

parameters of the text and image encoder in CLIP, however it results in worse performances

than those reported in Table. (9.1). Potentially, this can be due to overfitting issues when

used in conjunction with the new regularizer. We therefore run all the experiments with

LayerNorm tuning as it leads to the best results.

Total GPU Hours. For all our experiments we use NVIDIA-A6000 and each fine-tuning

experiment takes ≈6 hours.
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11.8.6 Fine-tuning with Conceptual Captions

We primarily use MS-COCO as : (i) It’s a relatively small dataset which can keep the fine-

tuning steps relatively smaller and scaling the fine-tuning dataset will increase fine-tuning

time; (ii) It’s a well-established, relatively diverse and well annotated image-text dataset

which is used by the community. We also fine-tuned with CC-3M [208], but found the

improvements to be similar in lines to that using MS-COCO. For e.g., On Winoground with

CC-3M, we find the following performance after distillation with Stable-Diffusion-v1-4: (i)

ViT-B/16: 0.32; (ii) ViT-B/32: 0.32; (iii) ViT-L/14: 0.30; (iv) ViT-L/14-336px: 0.28; (iv)

ResNet-50: 0.27. These scores are only marginally better than using MS-COCO, although

the dataset size is more than 30 times – which shows that a high-quality dataset such as

MS-COCO is sufficient for improving compositional abilities in CLIP.

11.8.7 Results with OpenCLIP

In Table 11.5, we show that our method is compatible with OpenCLIP. In particular, we find

that distillation to OpenCLIP improves its visio-linguistic score from 0.24 to 0.30. These

results highlight the generalizability of our distillation method.

11.8.8 Additional Results on CLEVR

We apply our fine-tuned model on the CLEVR task [110] – which consists of images of 3D

shapes isolating phenomena such as spatial reasoning or attribute binding. We find that the

diffusion-score leads to a score of 0.67, whereas the best CLIP variant in our test-bed (CLIP

ViT-L/14) scored 0.63. With our distillation loss during fine-tuning – this score improved to

0.65 with a 2% gain.
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Model Overall Object Relation Both 1 Main Pred 2 Main Preds

ViT-B/16(LAION 2B) 0.27 0.32 0.19 0.61 0.29 0.12
COCO FT with LCLIP +LSDS 0.31 0.36 0.24 0.53 0.36 0.17

Table 11.6: CLIP (Pre-trained with 2B images) still underperforms on Winoground.
We show the CLIP even when trained with LAION-2B (similar scale of training data as
Stable-Diffusion) still underperforms the diffusion score from Stable-Diffusion. This shows
that scale of data alone cannot be useful in mitigating reasoning capabilities in CLIP.

11.8.9 Is it the Scale of Pre-Training Data Which Helps?

In Table 11.6, we show that CLIP models even when trained at the same scale of pre-

training data as Stable-Diffusion (LAION-2B) struggle on the Winoground dataset. We

specifically highlight that CLIP (when pre-trained on 2B image-text pairs) obtain a score

of 0.27, whereas the diffusion model when trained on similar pre-training corpus obtains

a score of 0.35. This clearly shows that at a similar pre-training scale, diffusion models

(with their diffusion objective) are better compositional learners than CLIP like models. Our

distillation method from Stable-Diffusion improves the Winoground score from 0.27 to 0.31

on CLIP(pre-trained on 2B image-text pairs).

11.8.10 Beyond CLIP

We find that Open-CoCa [261] pre-trained on 2B image-text pairs obtains a score of 0.30

on Winoground. With our distillation strategy, we find that the score improves to 0.33

highlighting that our distillation strategy can be used for models beyond CLIP. A full

investigation of the impact of our distillation method on various vision-language models is

deferred towards future work.

11.9 Improving Compositionality in Text-to-Image Models

225



Figure 11.11: Qualitative Visualizations of our Method.
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Figure 11.12: Impact of our method at different time-steps.
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