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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 ofdata andinternal model components We use these insights towards developing
fast and scalable model editing methods, automatically generating dif cult 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 speci ¢ 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 ef ciently interpreting recently developed deep learning models, including



both unimodal and multimodal types. We explore these models through the perspectives of

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

First, we investigate how a classi er'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 in uence functions, which can ef ciently approximate leave-k-out
retraining. Through a range of experiments on synthetic data and standard image datasets,
we demonstrate that our proposed second-order in uence function better approximates leave-
k-out retraining than rst-order in uence functions. However, for deep models involving
non-convex losses, we also nd that the rst-order in uence function baseline is often

inaccurate when compared to ground-truth in uence.

We then conduct a comprehensive large-scale empirical study to highlight the advantages
and limitations of in uence 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 in uence functions is relatively error-free. Given that

in uence functions are unstable for highly overparameterized models, we explore a different
algorithmic approach to understanding the failure modes of pre-trained models. Speci cally,
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 dif cult few-shot tasks from vision datasets, including ImageNet,
ObjectNet, and CURE-OR. Our ndings 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.



While analyzing deep models through the lens of data helps identify their failure modes, it
offers limited exibility for post-training model control. To address this, we shift our focus

to a "mechanistic” investigation, examining the internal components of these models. We
rst develop methodologies to understand how knowledge is stored in large-scale text-to-
image models. Based on our ndings, we design scalable, ef cient, 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 identi es
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 x existing issues. Although our methods currently focus
on interpreting multimodal models, a signi cant 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 nal
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 identi ed 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



mitigating hallucinations. Given the recent advancements in retrieval-augmented generation,
there are signi cant 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 nd 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
ne-tuning based distillation method which can improve CLIP's compositionality without
harming it's zero-shot capabilities. For diffusion models, we nd that the text-embedding
for compositional prompt is often sub-optimal. We show that solely ne-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 ledatafas well
asinternal model components Using our interpretability insights, we further develop

light-weight methods towards unlocking capabilities in these models such as model editing.



Below we state our contributions:

Interpreting Test-Time Predictions Through In uence Functions

» We develop second-order group in uence functions which can attribute test-time
predictions to a group of samples in the training data. Our second-order group
in uence 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 in uence functions for deep networks. To
this end, we rst analyse in uence 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 in uence functions at

larger model scales. [ICLR 2021]

Automatically Designing Dif cult Few-Shot Benchmarks for Model Reliability

* We design an optimized-based data selection algorithm, which can automatically
curate dif cult 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 identi ed components in a light-weight manner. [ICLR 2024]



» 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. [NeurlPS 2024]

Mechanistically Understanding and Unlocking Zero-Shot Capabilities in Vision

Transformers

* We introduce RepDecompose which decomposes the nal 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. [NeurlPS 2024]

Mechanistically Understanding and Enhancing Context-Augmented Language

Models

» Large language models are widely used for document processing and question-



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. [[CML Review]

Improving Compositionality in Multimodal Models

* Image-text contrastive models like CLIP excel in zero-shot classi cation, 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-ef cient distillation method that enhances
CLIP's compositional reasoning. Our approach ne-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% 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



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-
delity 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 nal token
embeddings in CLIP are erroneous as they often include attention contributions from
unrelated tokens in compositional prompts. Our main nding shows that signi cant
compositional improvements can be achieved (without harming the model's FID
score) by ne-tuningonly a simple and parameter-ef cient 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 | serve as the principal
author (except for Chapter 7 and 9.2), the research presented here re ects 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, | use the pronoun "we' to

acknowledge the collective contributions of all my collaborators.
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Chapter 2: Related Work

2.1 Interpreting Test-Time Predictions Through In uence Functions

In uence functions, a classical technique from robust statistics introducefy% 1] were

rst used in the machine learning community for interpretability b9 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
in uence functions for a variety of machine learning task¥3 used in uence functions to
produce con dence intervals for a prediction and to audit the reliability of predicti@4] [

used in uence functions to approximate the gradient in order to recover a counterfactual
distribution and increase model fairness, wh8€][used in uence functions to understand

the origins of bias in word-embeddings11]/] crafted stronger data poisoning attacks
using in uence functions. In uence functions can also be used to detect extrapolation
[159 in certain speci c cases, validate causal inference mod&élarid identify in uential
pre-training points40]. In nitesimal jackknife or the delta method are ideas closely
related to in uence functions for linear approximations of leave-one-out cross validation
[66, 107]. Recently a higher-order instanc89 of in nitesimal jackknife [107] was

used to approximate cross-validation procedures. While their setting corresponding to
approximations of leav&-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

10



are derived from in uence functions, while i8%] instances of in nitesimal jackknife is
used. These differences lead to our higher-order terms being marginally different than
the one proposed ir8p]. Our proposed second-order approximation for group in uence
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 nd in uential samples in deep networks have been proposed. In
[258, test-time predictions are explained by a kernel function evaluated at the training
samples. In uential 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 method$39, 258 work well for deep networks in
interpreting model predictions, they lack the “jackknife” like ability of in uence functions
which makes it useful in multiple applications other than interpretability (e.g. uncertainty

estimation).

2.2 Automatically Designing Dif cult Few-Shot Benchmarks for Model

Reliability

Dif cult tasks. Previous works Z, 12, 57] have shown that state-of-the-art few-shot
classi ers 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 speci cally
extract dif cult 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-FE2][also study dif cult tasks through a
correlation-based analysis. We extend on both of these works by (i) proposing a scalable
algorithm — FastDiffSel that can extract dif cult tasks from any large-scale vision dataset,

and (ii) conducting a deep empirical evaluation on the robustness of a broader range of

11



meta-learning and transfer learning approaches on these dif cult tasks. Potentially ideas
from subset selectiori[L4, 247] can be adapted for few-shot task extraction, but we leave it

for future work.

Few-shot classi cation benchmarks.Meta-Dataset43( and Hard-Meta-Dataset+69)

are two of the most challenging few-shot image classi cation benchmarks in the current
literature. They cover a wide range of domains and primarily evaluate the ability of a few-
shot classi er to generalise to novel object classes, datasets and domains. Other few-shot
benchmarks have been introduced to speci cally target adaptation to images with high
real-world variation, including ORBIT163 and cross-domain transfer beyond natural
images, including BSCD-FSI8B]. We note, however, that unlike HardMetaDataset, none

of these benchmarks speci cally target dif cult tasks for few-shot classi cation.

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-Diffusiorip7], DALLE [ 193, Imagen R01] and others 16, 38, 59, 111]

have been released. In addition, the open-source community has released Déeemfidoyd
Midjourney? 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

classi cation.

Ihttps://www.deep oyd.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. DARRI] 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 layer2p] 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 signi cant implications for model editing. This ability to modify a diffusion model's
behavior without retraining from scratch were rst explored in Concept-Ablatid§|[

and Concept-Erasur@§]. TIME [187 is another model editing method which translates
between concepts by modifying the key and value matrices in cross-attention layers. How-
ever, the experiments il82 do not speci cally target removing or updating concepts such

as those used irvB, 126. We also acknowledge concurrent work®]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 rst 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 oufputQver 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 (3], LLaVA [ 148 149, Flamingo B] and multi-

modal Phi-2 (from the Bunny repo®4]. 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 bencl@fark [
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 stord@&[167, 243 and transfer§3, 263

in MLLM. However, to the best of our knowledge, only a few work4Y, 225 have studied

the interpretability of MLLM, with none speci cally investigating the relationship between

a model's outputs and its internal state®17], for example, designs an interactive interface

to visualize the attention maps in an MLLM, whil2Z5 explores the shortcomings of the
CLIP vision encoder in MLLM. Neither consider the in uence 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 #§][ 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 heatmapEy7, 205 212 219 or a subset of training example$Z0, 183

190. Nevertheless, empirical evidence suggests that these approaches are often unreliable in
real-world scenario2R, 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 7]

and 3§, 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 eld of representation enginegfiipg [

and mechanistic interpretabilit9, 32]. Other works P4, 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 reliability2pg examine the direct effect of model weights on
output, but do not study the ne-grained role of these components in building the nal image
representation.1]7] focus on expressing CNN representations as a sum of contributions

from input regions via masking.

Interpreting models using CLIP: Many recent works utilize CLIP19]] to interpret
models via text. 170 align model representations to CLIP space with a linear layer, but
it is limited to only the nal 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 r8@dels [
144, 164, 166 237. One of the primary bene t of transformer based language models
is that the nal logit representation can be decomposed as a sum of individual model
componentsg8]. Based on this decomposition, one can extract task-speci ¢ causal sub-
graphs (i.e., circuits) of internal model components in language models. Early works have
extracted such circuits for indirect-object identi catia2d], greater-than operatio9{]

and more recently for entity-trackin@$8. Recently, there has been an increasing focus
on the practical aspects of mechanistic interpretability such as refusal mediitj@67)

or safety in generalZ72. Circuits can also be constructed as sub-graphs of neurons in
the language model, but it often comes with increased complexity of interpret&pn [

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 generatioB], 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 answet(2 113 137, 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 classi cation, recent
research§0, 223 has exposed their limitations in visio-linguistic reasoning. In contrast,
recent studies have demonstrated that text-to-image matliekd, 125 136 outperform

CLIP in reasoning tasks. These models in fact leverage scores computed from the diffusion
objective. We note that whilelB7] use score-distillation sampling for text to 3D generation,
ours is the rst 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 prompd3[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 ne-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 modell] 39, 73, 143 150, 175, 245. However, [L03 showed that data-driven

ne-tuning is more effective for improving compositionality.
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Chapter 3: Interpreting Test-Time Predictions With In uence Func-

tions

3.1 Introduction

Recently, there has been a rapid and signi cant success in applying machine learning
methods to a wide range of applications including visid2(, natural language processing
[204], medicine [L58, nance [147], etc. In sensitive applications such as medicine, we
would like to explain test-time model predictions to humans. An important questiomhy :

the model makes a certain prediction for a particular test samplee way to address this

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

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

In uence functions 1] from robust statistics measure the dependency of optimal model
parameters on training samples. PreviousJ used rst-order approximations of in u-

ence functions to estimate how much model parameters would change if a training point
was up-weighted by an in nitesimal amount. Such an approximation can be used to identify
most in uential training samples in a test prediction. Moreover, this approximation is similar
to the leave-one-out re-training, thus the rst-order in uence function proposetilig
bypasses the expensive process of repeated re-training the model to nd in uential 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 11§, nding in uential groups can be useful in real-world applications such

as diagnosing batch effectg3, apportioning credit between different data sourdes, [
understanding effects of different demographic grow® ¢r in a multi-party learning
setting P2. [118 approximates the group in uence by sum of rst-order individual

in uences 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, in uence
functions based on rst-order approximations may not be accurate in this setup. Moreover,
approximating the group in uence by adding individual sample in uences ignores possible

cross correlations that may exist among samples in the group.

In this paper, we relax the rst-order approximations of current in uence 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 trainirg satd a group

U S, existing rst-order approximations of the group in uence functidi§ can be

written as the sum of rst-order in uences of individual points. That is,

i
I D)= g1,
i=1

wherel (D(U ) is the rst-order group in uence function aridi(l) Is the rst-order in u-
ence for thé!" sample inU . On the other hand, our proposed second-order group in uence

function has the following form:

| @)=1 D)+1 )
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wherel 0(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 in uence function can be computed ef ciently even for large

models. We discuss its computational complexity in Section 3.4.

Our analysis shows that the proposed second-order in uence function captures model
changes ef ciently even when the size of the groups are relatively large or the changes
to the model parameters are signi cant as in the case of groups with similar properties.
For example, in an MNIST classi cation problem using logistic regression, V%8

of the training samples are removed, the correlation between the ground truth estimate
and second-order in uence values improves by &Y when compared to the existing
rst-order in uence values. We note that higher-order in uence functions have been used
in statistics 10§ 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 rst time, higher-order in uence functions are used for the interpretability task in the

machine learning community.

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

for linear prediction models where the underlying optimization is convex. However, we
also additionally explore effectiveness of both rst-order and second-order group in uence
functions in the case of deep neural networks. We observe that none of the methods provide
good estimates of the ground-truth in uence across different gréuhs summary, we

make the following contributions:

» We propose second-order group in uence functions that consider cross dependencies

INote that experiments of [119] focus only on the most in uential 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 in uence estimates have higher correlations
with the ground truth when compared to the rst-order ones, especially when the
changes to the underlying model is relatively large.

» We also show that our proposed second-order group in uence function can be used to

improve the selection of the most in uential training group.

3.2 Background

We consider the classical supervised learning problem setup, where the task is to learn a
functionh (also called the hypothesis) mapping from the input space an output space

Y . We denote the input-output pair B yg. We assume that our learning algorithm is
given training exampleS := fz =(x;;yi)giX ; drawn i.i.d from some unknown distribution

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

select model parameterso minimize the empirical risk as follows:

H — 1 2 -~ .
min Lo(q) := J-—jzzaS (hq(2); (3.1)

wherejS j= m, denotes the cardinality of the training set, the subséripticates that the
whole setS is used in training and is the associated loss function. We refer to the optimal
parameters computed by the above optimizatiog ad et Nq Lo(q) andHq = Ng Lo(q)

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

First, we discuss the case where we want to compute the effectinfiadual training
samplez on optimal model parameters as well as the test predictions made by the model.

The effect or in uence 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:

1
SN

a “(h(a) (3.2)

Of g = Argmin Ls,4(q) =
“ 2Q z6z

Then, we can compute the change in model parametdds=as, g 9. due to removal of
a training pointz. However, re-training the model for every such training sample is expensive
whenjS jis large. In uence functions based on rst-order approximations introduced by
[50, 51] was used by119 to approximate this change. Up-weighting a training paint
by an in nitesimal amount leads to a new optimal model parameteﬁg, obtained by
solving the following optimization problem:
e _ 1 o .

Grzg = A1GMIN jS—szaS (hq(2)) + e (hy(2) (3.3)
Removing a poingis similar to up-weighting its corresponding weight &y jSAj The
main idea used byl[19 is to approximatequg by minimizing the rst-order Taylor series
approximation around . Following the classical result by{], the change in the model
parameters] on up-weightingz can be approximated by the in uence functiathlf
denoted by :

d qfezg .

| @= —Peo= Hy g’ (hg (2) (3.4)

A detailed proof can be found i1l9. Using the given formulation, we can track the change
with respect to any function @f . The change in the test loss for a particular test pmint

when a training point is up-weighted can be approximated as a closed form expression:
| (zz)= Ny (hg (2)) "H, Ny (hg (2) (3.5)

This result is based on the assumpti@d 9 that the loss functioh.(q) is strictly convex in
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the model parametergand the HessiaH, is therefore positive-de nite. This approxima-
tion is very similar to forming a quadratic approximation around the optimal parameters
g and taking a single Newton step. However explicitly computiag and it's inverse

Hq Lis not required. Using the Hessian-vector product rlBS in uence functions can be
computed ef ciently.

3.3 Group In uence 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 rst-order
in uence functions. In this section, we extend in uence 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 remole samples from training can be

written as:
1 o
L = — A h V4 36
0= 57757 8 @) (36)

To approximate how optimal solution of this optimization is related tpwe study the

effect ofup-weightinga 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 in uence function case
(when the size of the group is one), up-weighting a sample legds to down-weighting

other samples bg=(m 1) whose effect can be neglected similar to the formulation of
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[119. In our formulation for the group in uence function, we assume that the weights of

samples in the sél has been up-weighted all leyand usep = :lSJ—i to denote the fraction of

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

by é= JSJJLJJ—‘UJe 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:

a5 = argminLy (q)
q

where

5 (q)=jsij 2 (1 9 (O (3.7)
22S nU

+ 4 (1+e)(hg(2) :
22U

Or equivalently In the above formulation,ef= 0 we get the original loss functioly( )
(where none of the training samples are removed) aadif 1, we get the loss function

Ly () (where samples are removed from training).

Letqj denote the optimal parameters i minimization. Essentially we are concerned
about the change in the model parameters = q g ) when each training sample
in a group of sizgU j is upweighted by a factor &. The key step of the derivation is to
expandyj aroundq (the minimizer oﬂ_‘fJ (g), orLg(q)) with respect to the order &, the
upweighting parameter. In order to do that, we use the perturbation thEgny [expand

g aroundq .

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 nds approximate
solution to a problemdS ) by starting from the exact solution of a closely related and
simpler problemd ). As e gets smaller and smaller, these higher order terms become less
signi cant. However, for large model perturbations (such as the case of group in uence
functions), using higher-order terms can reduce approximation errors signi cantly. The
following perturbation series forms the core of our derivation for second-order in uence
functions:

a5 a = O(e)a™+0(e?)a@ + O(e%)q? + (3:8)

whereq® characterizes the rst-order (ig) perturbation vector of model parameters while
q? is the second-order (i@) model perturbation vector. We hide the dependencies of these

perturbation vectors to constants (suchldg with the O(:) notation.

In the case of computing in uence of individual points, as shown1#d], the scaling of

q® is in the order ofl5jS j while the scaling of the second-order coef cientligS 2
which is very small whers is large. Thus, in this case, the second-order term can be
ignored. In the case of computing the group in uence, the second-order coef cient is in the
order ofjU j25jS j2, which can be large when the sizeldf is large. Thus, in our de nition

of the group in uence function, botg(® andq(? are taken into account.

The rst-order group in uence function (denoted by (Y) when all the samples in a group
U are up-weighted bg can be de ned as:

fa§ .

I OU)= Teso

_ (g +0(e)g®P+0(ed)q?).
- e Je=0= (
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To capture the dependency of the term®ife?), on the group in uence function, we de ne

0
| ~as follows:

1295 .
(U)_ ﬂez Je—

12(q + O(e)q® + O(ez)q‘z’) = q@
e =0

Although one can consider even higher-order terms, in this paper, we restrict our derivations
up to the second-order approximations of the group in uence function. We now state our
main result in the following theorem:

Theorem 1. If the third-derivative of the loss function gt is suf ciently small, the second-
order group in uence function (denoted by(? (U )) when all samples in a groug are

up-weighted b is:

I @Qy=1 Ow)+1 () (3.9)
where:
@Wyy= L1
I (U)= 1 pJSJH aN(h (2)
and

W)=

p 2 1.1 2 2 (1)
To I (N%Lg(q ) * Ui 3 N (hg (2) ¢

This result is based on the assumption that the third-order derivatives of the loss function
atq 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 classi cation problem as well. Below, we present a concise sketch of
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Figure 3.1: Comparison of rst-order and second-order group in uences in case of synthetic
dataset with 10,000 samples using logistic regression for a mis-classi ed test point. Across
different sizes of groups which were randomly selected, it can be observed that the second-
order in uence values are more correlated with the ground truth than that of the rst-order
ones. The green line highlights tge x line.

this result.

Proof SketchWe now deriveg(® andq(® to be used in the second order group in uence
functionl Q(U). As q5 is the optimal parameter set for the interpolated loss function

LY, (9), due to the rst-order stationary condition, we have the following equality:

0= NL§ (a§) = NLo(a$) (3.10)

1 ~ o 0\ s
+ 'S_'( e a tea )N (hge(2)
151 psw 2u

The main idea is to use Taylor series for expand?ﬂlg(qﬁ) aroundg along with the

perturbation series de ned in Equation (3.8) and compare the terms of the same ader in

NLg(aS) = NLo(q )+ N?Lg(q )(a§5 g )+ ::: (3.11)

Similarly, we expand\’ (he (2)) aroundq using Taylor series expansion. To deriye)
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we compared terms with the coef cient 6f(e) in Equation (3.10) and fay(? we compared

terms with coef cientO(e?). Based on thisg(® can be written in the following way:

1 1
@) = ——H, 13 N (hy (2 3.12
q 1 piS] z?U (hq (2) (3.12)

We expand Equation(3.10) and compare the terms with coef ced:

eR?Lg(q )q®
1 . . o .
=& & ed)NMg@
J J 2S nU 22U

&NILo(q ) ji.(é+ 9 & N'(h ()

= s J(e+ €) a N*(hg (2))

- JSlJ @ 1D) a N'(hg (2) G149

q® is the rst-order approximation of group in uence function and can be denoted by
| (D Note that our rst-order approximation of group in uence functibrl? is slightly
different from [L18 with an additionall p in the denominator. Fag(® we compare the

terms with coef cients of the same order ©fe?) in Equation (3.10):

- 1
e?N2Lo(q )q@ + —Lé’f?q Neq®;eq®;1]

( & 4 +ed)N"(hy ()(eq™)

JSJ S nU U

=0 (3.14)

For theq( term, we ignore the third-order terfi, (q )eqD;eq®;1] due to it being

small. Now we substitute the value ®&and equate the terms with coef cient in the order of
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O(e?):

jUj 1 o

N2L @= =2 4 N>(hy (2 3.15
00)9%= 577 57 8 Vil @) (3.15)
1 -
U7 & N (h @) g
Rearranging the Equation (3.15), we get the same identiltyoae Theorem (1). O

It can be observed that the additional terlmoi in our second-order approximation captures
cross-dependencies among the samplés itihrough a function of gradients and Hessians

of the loss function at the optimal model parameters. This makes the second-order group
in uence function to be more informative when training samples are correlated. In Section
(3.5), we empirically show that the addition of° improves correlation with the ground

truth in uence as well.

For tracking the change in the test loss for a particular test ppimhen a grougJ is

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

| @ ;z)= N(hy )T | DU)+1 (V) (3.16)

Our second-order approximation of group in uence function consists of a rst-order term
that is similar to the one proposed in [118] with an additional scaling tex(h 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

in uence function has an additional terin° that is directly proportional t@ 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) aatherenigroups (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
Hessiaqu ! can be expensive and is of the orde¢h?). However, computing the Hessian-
vector product189 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 in uence function can be computed similarly to the rst-order group

in uence 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
in uence functions improve the correlation with the ground truth estimate across different
settings. We compare the computed second-order group in uence score with the ground truth
in uence (which is computed by leaveout retraining for a group with sizg. Our metric

for evaluation is the Pearson correlation which measures how linearly the computed in uence
and the actual ground truth estimate are related. We perform our experiments primarily
on logistic regression where the group in uence function is well-de ned. Additionally we
also check the accuracy of rst-order and second-order group in uence functions in case of

neural networks.

3.5.2 Datasets

To understand the accuracy of both rst-order and second-order group in uence functions on
linear models we use two datasets. In our rst 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 MNISTJ31] which consists of 10 classes of different digits.

For understanding how group in uence 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
coherentgroups as in 118 with sizes ranging fromi:6% to 60% of the entire training
points. The computed group in uence was primarily investigated for a test-point which was

misclassi ed by the model. A detailed description of how the groups were selected in our

32



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 in uence 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 in uence function is fairly close to the ground truth when a large
fraction of the training data (6%) is removed. In such cases of large group sizes, the
rst-order approximation of group in uence function is relatively inaccurate and far from the
ground truth in uence. This observation is consistent with the small perturbation assumption
of rst-order in uence functions. However, in cases of smaller group sizes, although the
second-order approximation improves over existing rst-order group in uence function,
the gain in correlation is small. In case of MNIST, the observation was similar where the
gain in correlation was signi cant when the size of the considered group was large. For
e.g. it can seen in Figure (3.2), that when more tB@%o of the samples were removed, the
gain in correlation is almost always more th&0P4a 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 signi cantly and the second-order approximation improves

only marginally over the existing rst-order approximation. However, wheroherent
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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
signi cantly 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 signi cantly (Figure (3.2)). Eoherent
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 [eEs¥ These observations (shown in Figure
(3.2)) reinforces our theory that the second-order (or rather higher-order) approximations of
in uence functions are particularly effective when the perturbation or changes in the model
parameters are signi cantly large. The second-order approximation of the in uence function
could thus be used over existing rst-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-de nite in general, which
violates the assumptions of in uence functions. Previouslyd regularized the Hessian

in the form ofHy + | I, and had shown that for the top few in uential training points (not
groups) and for a given test point, the correlation with the ground truth in uence is still
satisfactory, if not highly signi cant. However, how in uence functions behave in the case
of groups, is a topic not yet well explored. For MNIST, we used a regularized Hessian
with a value ofl = 0:01 and conducted experiments for a relatively simple two hidden
layered feed-forward network with sigmoid activations for both rst-order and second-order

group in uence functions. The general observation was that both existing rst and proposed
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second-order group in uence functions underestimate the ground truth in uence values
across different group sizes, leading to a non-signi cant correlation. The corresponding
Figure can be referred to in the Appendix. However, we observed that while the second-order
in uence 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 anatoherentgroup selections.

3.6 Conclusion for Second-Order Group In uence Functions

In this paper, we proposed second-order group in uence 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 in uence
has a higher correlation with ground truth values compared to the rst-order ones and is more
effective than existing rst-order approximations. Our observation was that the second-order
in uence is signi cantly informative when the changes to the underlying model is relatively
large. We showed that the proposed second-order group in uence function can be practically
used in conjunction with optimization techniques to select the most in uential group in
the training set for a particular test prediction. For non-linear models such as deep neural
networks, we observed that both rst-order and second-order in uence functions lead to a
non-signi cant correlation with the ground truth across different group sizes (although the
correction values for the second-order method was marginally better). Developing accurate
group in uence functions for neural networks or training neural networks to have improved
in uence functions and also extending group in uence functions to the transfer learning

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

In machine learning, in uence function§]] can be used to estimate the change in model
parameters when the empirical weight distribution of the training samples is perturbed
in nitesimally. This approximation is cheaper to compute compared to the expensive
process of repeatedly re-training the model to retrieve the exact parameter changes. In uence
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 rst-order Taylor's approximation of the loss functior, ]9 has shown that a ( rst-order)

in uence function, computed using the gradient and the Hessian of the loss function, can be
useful to interpret machine learning models, x mislabelled training samples and create data

poisoning attacks.

In uence functions are in general well-de ned and studied for models such as logistic
regression119, where the underlying loss-function is convex. For convex loss functions,
in uence functions are also accurate even when the model perturbations are fairly large
(e.g. in the group inuence casd1d). However, when the convexity assumption of
the underlying loss function is violated, which is the case in deep learning, the behaviour
of in uence functions is not well understood and is still an open area of research. With
recent advances in computer visi@2()], natural language processingpy], high-stakes
applications such as medicine [158], it has become particularly important to interpret deep
model predictions. This makes it critical to understand in uence functions in the context of

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

Despite their non-convexity, it is sometimes believed that in uence functions would work
for deep networks. The excellent work dfl[9 successfully demonstrated one example

of in uence 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 offtlvecases for deep networks
where in uence estimation has been shown to work. A question of key importance to
practitioners then arises: for what other classes of deep networks does in uence estimation
work? In this work, we provide a comprehensive study of this question and nd a pessimistic

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

In the case of deep networks, several factors might have an impact on in uence estimates: (i)
due to non-convexity of the loss function, different initializations of the perturbed model can
lead to signi cantly different model parameters (with approximately similar loss values);
(ii) even if the initialization of the model is xed, 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 signi cant Taylor's approximation error of the loss function
and thus resulting in poor in uence estimates; (iii) for large neural networks, computing the
exact inverse-Hessian Vector product, required in computation of in uence 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 in uence estimates;
and nally (iv) different architectures can have different loss landscape geometries near the

optimal model parameters, leading to varying in uence estimates.

In this paper, we study aforementioned issues of using in uence functions in deep learning
through an extensive experimental study on progressively-growing complex models and
datasets. We rst 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) train@Q%iof

MNIST dataset, similar tol[19. Next, we evaluate the accuracy of in uence estimates for
more complex deep architectures (e.g. ResNets) trained on MNIST and CIFAR-10. Finally,

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

* We nd that the network depth and width have a strong impact on in uence estimates.
In particular, we show that in uence estimates are fairly accurate when the network
is shallow, while for deeper models, in uence 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
in uence estimates in certain architectures and datasets.

* We show that the inverse-Hessian Vector product approximation techniques such as
stochastic estimatior] are erroneous, especially when the network is deep. This can
contribute to the low quality of in uence estimates in deep models.

» We observe that the choice of test-point has a signi cant impact on the quality of
in uence estimates, across different datasets and architectures.

* In very large-scale datasets such as ImageNet, we have found that even ground-truth
in uence 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 in uence functions in deep learning and call
for developing robust in uence estimators to be used in large-scale machine learning

applications.

3.8 Basics of In uence Function

Considerh to be a function parameterized bywhich maps from an input feature space
X to an output space denoted Wy. The training samples are denoted by theSet

fz :(x;yi)gL 1, while the loss function is represented 1ff (2)) 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 in uence 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.

examplez. The standard empirical risk minimization solves the following optimization

problem: .

1o
q = argmin- g (hq(z)): (3.17)
a M=y
Up-weighting a training exampleby an in nitesimal amount leads to a new set of model

parameters denoted quzg. This set of new model parametergg is obtained by solving:
n

O = argming. & *(hg(2)) + € (@) (3.18)
i=1

Removing a training poirgis similar to up-weighting its corresponding weightéy  1=n
in Equation(3.18). The main idea used Wy § is to approximateg‘]f"Zg by the rst-order
Taylor series expansion around the optimal model parameters represergegvidyich
leads to:

dfg O eHy'Ng'(hy (2); (3.19)

whereH; represents the Hessian with respect to model paramgtergollowing the
classical result 0ff1], the change in the model parametddg & qfeZg g ) on up-weighting

the training example can be approximated by the in uence functidn (2)) as follows:
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dqfezg. 10 ~

L (@= de

The change in the loss value for a particular test pginthen a training poing is up-

weighted can be approximated as a closed form expression by the chain rule [119]:
| zz)= N'(hg (2)"H, 'N'(hq (2): (3.21)

| (zz)=nis approximately the change in the loss for the test-samplden a training
samplez 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 paramgtarsl the Hessian

Hq is a positive-de nite matrix 119. For large models, inverting the exact Hesskéij is
expensive. In such cases, the inverse-Hessian Vector product can be computed ef ciently
with a combination of Hessian-vector produd@B8f and optimization techniques (see

Appendix for details).

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

First-order in uence functionsl[19 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 in nitesimally perturbed. In essence, this denotes the Taylor's gap
in Equation (3.19) to be small for an accurate in uence estimate. However in the case
of non-convex loss functions, this assumptiomas generally true. Empirically, we nd

that the Taylor's gap is strongly affected by common hyper-parameters for deep networks.
For example, in Fig. (3.3)-(a,b), we nd that for networks trained without a weight-decay
regularization on Iris, the Taylor's gap is large resulting in low quality in uence estimates.
In a similar vein, when the network depth and width is signi cantly large (i.e. the over-

parameterized regime), the Taylor's gap increases and substantially degrades the quality of
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in uence 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 in uence 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 in uence estimation. These results show that that network architecture,
hyper-parameters, and loss curvatures are signi cant factors for proper in uence 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 rst study the behaviour of in uence functions in a small Iris data$gt [
where the exact Hessian can be computed. Further, we progressively increase the complexity
of the model and datasets: we use small MNI$TI{ to evaluate the accuracy of in uence
functions in a small CNN architecture with a depth of 6. Next, we study in uence functions

on modern deep architectures trained on the standard MNISI &nd CIFAR-10 [L24
datasets. Finally, to understand how in uence functions scale to large datasets, we use

ImageNet [55] to compute the in uence estimates.

Evaluation Metrics: We evaluate the accuracy of in uence estimates at a given test point
z using both Pearsori]lq 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 in uential examples are ranked in the correct order of

their importance84]. Therefore, to evaluate the accuracy of in uence estimates, Spearman
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correlation is often a better choice.

3.10.1 Understanding In uence Functions when the Exact Hessian Can be

Computed

Setup: Computing in uence 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 in uence estimates. Thus, we can compare in uence 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 in uence function from the
exact parameters can be computed exactly. This information can be useful to further quantify
the error incurred by ( rst-order) in uence 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 in uence 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 in uence
estimates with the ground-truth amongst of the 1616% 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 in uence 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, d ﬂaqﬂrﬁ

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 in uence 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 in uence
function vs. re-training.

during training, wher¢ is a hyperparameter which needs to be tuned. We train a simple
feed-forward networkwith and without weight-decay regularization. For the network
trained with weight-decay, we observe a Spearman correlation of 0.97 between the in uence
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 in uence 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 in uence function (i.e.
qu N (z)kz 8i2 [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 in uence function
have a signi cantly larger deviation from those computed using re-training. This essentially
suggests that the gap in Taylor expansion, using ( rst-order) in uence 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

43



The Effect Of Network Depth: From Fig. 3.3-(c), we see that network depth has a
dramatic effect on the quality of in uence estimates. For example, when the depth of the
network is increased to 8, we notice a signi cant decrease in the Spearman correlation
estimates. To further our understanding about the decrease in the quality of in uence
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 in uence function). To quantify the error gap, we compute
the Spearman correlation estimates between the norm of true and approximate parameter
changes across the td:6% of the in uential examples. We nd 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 in uence 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 in uence estimates, we evaluate the in uence 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 nd 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 in uence estimates.

The Effect of Stochastic Estimation on inverse-Hessian Vector Productor large deep
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Figure 3.5: Experiments on small MNIST using a CNN architecture. (a) Estimation of
in uence function with and without weight decay on (a) the top in uential points, (b)
training points aBO" percentile of in uence score distribution. (c) Correlation vs the weight
decay factor (evaluated on the top in uential points).

networks, the inverse-Hessian Vector product is computed using stochastic esti@jasisn|

the exact Hessian matrix cannot be computed and inverted. To understand the effectiveness
of stochastic approximation, we compute the in uence estimates with both the exact Hessian
and stochastic estimation. We observe that across different network depths, the in uence
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 nd

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

3.10.2 Understanding In uence Functions in Shallow CNN Architectures

Setup In this section, we perform a case study using a CNN architetturéhe small
MNIST dataset (i.e10%of MNIST); a similar setup used irL[L9. To assess the accuracy

of in uence 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 in uence scores and compute the ground-truth in uence 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 in uence scores at3tie percentile of the entire
in uence score distribution. These training points have low in uence scores and a lower
variance in their scores when compared to the top in uential points. The model is trained

with and without weight-decay regularization.

When trained with a weight-decay and evaluated based on the top in uential points, we nd
that the correlation estimates are consistently signi cant (Fig. 3.5-(a)). This is consistent
with the results reported irll9. However, when the evaluation is done with the set of
training samples at th&0™" percentile of the in uence score distribution, the correlation
estimates decrease signi cantly (Fig. 3.5-(b)). This shows that in uence estimates of
only the top in uential points are precise when compared to ground-truth re-trainings.
Furthermore, without the weight-decay regularization, in uence 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 in uence 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 in uence estimates.
For this speci ¢ 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 nd that
the selection of test-point also has a strong impact on the quality of in uence estimates.
For example, when the network is trained with weight-decay and the in uence estimates
are computed for top in uential 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 in uence functions in this
non-convex setup, as reported il f, 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 in uence 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 In uence Functions in Deep Architectures

Setup In this section, we evaluate the accuracy of in uence estimates using MNIST and
CIFAR-10 datasets across different network architectures including small CIN\[LeNet

[132, ResNets 93], and VGGNets 211]4. To compute in uence estimates, we choose two
test points for each architecture: a) the test-point with the highest loss, and b) the test-point
at the50" percentile of the losses of all test points. For each of these two test points, we
select the top 40 in uential training samples and compute the correlation of their in uence
estimates with the ground-truth estimates. To compute the ground-truth in uence estimates,
we follow the strategy of]19, 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 in uence estimates in the small CNN and LeNet architectures (trained with the weight-
decay regularization) have high qualities. These networks 2Ziékeand44k 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 in uence estimates. For the test-point with a loss at36i& percentile of

test-point losses, we observe that in uence estimatdgin 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 B A A B A
(With (With (Without (With (With (Without
Decay) Decay) Decay) Decay) Decay) 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
ResNetl18 | 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 th&0™" 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 signi cant. For example, the correlation estimates are above 0.6 for
a majority of the network architectures. However, for the test-point evaluated 5fthe
percentile of the loss, the correlations decrease marginally across most of the architectures.
We nd that on CIFAR-10, even architectures trained without weight-decay regularization
have highly signi cant 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 in uence estimates are
fairly accurate while for deeper networks, the quality of in uence estimates decrease. For
CIFAR-10, although the in uence estimates are signi cant, we found that the correlations are
marginally lower in deeper networks such as ResNet-50. The improved quality of in uence
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 in uence estimates. From
Table(3.1), we also observed that the selection of test-point has a signi cant impact on
the quality of in uence estimates. Furthermore, we noticed large variations in the quality
of in uence estimates across different architectures. In general we found that in uence
estimates for small CNN and LeNet are reasonably accurate, while for ResNet-50, the
guality of estimates decrease across both MNIST and CIFAR-10. Precise reasons for these
variations are dif cult 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 in uence estimates.
(i) The weight-decay factor may need to be set differently in various architectures, to obtain

high quality in uence estimates.

3.10.4 Is Scaling In uence Estimates To ImageNet Possible?

The application of in uence 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 dif culties in in uence
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 gstit even possible that the removal of one image
can signi cantly alter the model™ 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 in uence estimation on ImageNet. After training

an initial model to 92.302% top5 test accuracy, we select two test points at random, calculate
in uence over the entire training set, and then select the top 50 points by their in uences as
candidates for re-training. We then use the re-training procedure suggestetdhyjhich

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 tharil§, 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 withall training points for an additional 2 epochs and measure the change
in the test loss. We nd 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
signi cant 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 2heorm 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 nd 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 signi cantly, making the ground-truth
estimates noisy. We suggest that one way to obtain reliable ground-truth in uence estimates
in such large models can be through assessing the in uence of a group of samples, rather

than a single one.
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3.11 Conclusion for In uence Functions in Deep Learning

In this paper, we present a comprehensive analysis of the successes and failures of in uence
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 in uence 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 in uence estimates. In general, we have observed that in uence estimates
are fairly accurate in shallow architectures such as small Gll§jiand LeNet, while in

very deep and wide architectures such as ResNet-50, the estimates are often erroneous.
Additionally, we have scaled up in uence computations to the ImageNet scale, where we
have observed in uence estimates are highly imprecise. These results call for developing

robust in uence estimators in the non-convex setups of deep learning.
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Chapter 4: Automatically Designing Dif cult Few-Shot Benchmarks

for Model Reliability

4.1 Introduction

Few-shot classi cation is the ability to distinguish between a set of novel classes when
given only a few labelled training examples of each cl@ds129. This holds potential

across many real-world applications — from robots that can identify new obj5s {o

drug discovery pipelines that can predict the properties of new mole@1&s A few-shot
imageclassi er is given a few labelled training images of the new object classes, called
the support set. Once the classi er 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 classi cafatp, 141, 192

213 256, however, current top-performing methods display a wide range in performance
over different tasks at test tim&,[76]. On META-DATASET (MD), a widely-used few-shot
classi cation benchmark3(, state-of-the-art classi ers obtain accuracies as low as 22%
on some individual tasks though their average task accurac$%8o (see Fig 4.1). Few
works have undertaken a detailed examination of these "dif cult' 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 [LO( performs consistently worse on dif cult
tasks in theMD split (HARD-MD) of HARD -META -DATASET ++ compared to tasks in
META -DATASET (MD) across all 10mMD sub-datasets.The method uses ViT-S initialized
with self-supervised DINO weights and is further meta-trained with ProtoNetsods
ilsvrc_2012 split.

of deployed systems.

This paper aims to gain a more nuanced understanding of these “dif cult' tasks and the
limitations of current methods. We de ne a dif cult task as one on which a few-shot

classi er performs poorly on the task's query set, after being adapted to its support set.

Current methods for nding supports sets that lead to poor query performance rely on greedy
search-based algorithm®][ 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
dif cult tasks has been limited to small-scale datasets which lacks the challenging examples

and the setup of large benchmarks suciasA-DATASET.

To address this, we develop a general and computationally ef cient algorithm ¢alked
DIFFSEL to extract dif cult tasks from any large-scale dataset. Given a (meta-)trained

few-shot classi er, a query set, and a search pool of support images, we formulate a con-

53



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. Thk (iop-most dif cult)

images per class are then extracted into a support set and paired with the query set to form a
dif cult task. This optimization can be repeated to obtain any number of dif cult tasks. In
practice, we nd thafFASTDIFFSEL 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 ?iASTDIFFSEL to extract dif cult tasks from a wide range

of large-scale vision datasets includimgTA-DATASET [23(], OBJECTNET[20], CURE-
OR[222 andorBIT [163 and collect these tasks into a new testing set callelD-META-
DATASET++ (HARD-MD++). The addition of datasets beyom TA-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 researchvimfa task is dif cult.

We provide early insights into this question in our analyses.

We stress test an extensive suite of state-of-the-art few-shot classi cation methedgbn

MD++, cross-validating the dif culty of our extracted tasks across these top-performing
methods. In Fig 4.1, we show one such metht@ performing consistently worse on the
META-DATASET test split inHARD-MD ++ than on the originaliD test split across all 10
sub-datasets. In Sec. 4.5, we nd that this trend holds true across a wide-range of few-shot

classi cation methods.

We releaseiARD-MD++ along with a broad set of baselines to drive future research in
methods that are robust to even the most dif cult tasks. In summary, our contributions are

the following:

* FASTDIFFSEL, an ef cient algorithm to extract dif cult tasks from any large-scale

vision dataset.
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* HARD-META-DATASET++, a new test-only few-shot classi cation benchmark com-
posed of dif cult tasks extracted from the widely-used few-shot classi cation bench-
mark META-DATASET and other large-scale real-world datasetBJECTNET, CURE-

OR andoRBIT.

» Extensive stress testing and novel empirical insights for a wide range of few-shot

classi cation methods, including transfer- and meta-learning based approaches on

HARD-MD++.

4.2 Few-Shot Classi cation: Preliminaries and Notations

A few-shot classi cation task is typically composed of (i) a supportSetvhich contains

a few labelled examples from a setMfclasses (e.gkj examples for each class index

j 2 [1;N]) and (ii) a query se® which contains a disjoint set of test examples for each of
thoseN classes (e.gq; examples for each clags? [1;N]). Given a trained base modg|,

the goal in few-shot classi cation is to u§e to adaptfy to the task such that the model
can then make predictions on the unseen exampl@s inhis is typically done for many
tasks which are randomly sampled from a given datE)setf(xi;yi)giT:1 consisting of

T examples and classes in total, whereis the input image andg is the corresponding
class label. In few-shot sampling, tasks are constructed by rst sampling aNetlagses

from the larger set al classes and subsequently sampling the support and query set. Tasks
are typically referred to al-way, k-shot tasks ikj = k;8j. However, if the number of
classed\ varies across tasks and the number of shots per class varies acrisdadlsees

(kj; 8] 2 [1;N]), they are referred to as variable-way, variable-shot tasks. Usually the number

of query examples is kept xed across all the classes @i;& g;8j 2 [1;N]).

Base model training The underlying modefy is typically trained using one of two

approaches: (i) meta-learningd, 133 213 which involves training the model in an episodic

55



manner on tasks sampled from a base training dataset, or (ii) transfer leataid@(, 224
which involves rst pre-training a feature extractor on a large base dataset in an supervised
or self-supervised manner, and then ne-tuning the nal classi cation layer (or the entire

model) at test time for each new test task.

4.3 FAsTDIFFSEL: An Ef cient Algorithm to Select Dif cult Support Sets

The rst step to understanding the limitations of current few-shot classi cation methods
is to study the dif cult tasks on which they fail or perform poorly. We de ne a dif cult

task as one for which a given few-shot classi er, after being adapted to its support set,
performs signi cantly 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 algorighir@,[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-EB, [mini-ImageNet P39).

We speci cally 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 dif cult few-shot tasks to be scaled to a wide

array of large-scale vision datasets.

4.3.1 Proposed Method

Overview. We presenFASTDIFFSEL, that can sample a dif cult few-shot classi cation
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

dif culty of the task. This follows [L2, 57] which show that a task’s query loss is an effective
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Algorithm 1 FASTDIFFSEL: Ef cient algorithm for extracting a dif cult few-shot task
Input: Q : task query setN: number of classes (waylp, : search pool for extracting task
support setfy: (meta-)trained base modeV|: size of search pook: learning rate,

fK; g’j“: 1. set containing number of shots per class.
w  CcONCAT(wj) 8j2[LN] . Concatenate randomly initialized vectors for each

class
for jin N do

Cj (31],P1”WI fq(x,)—éj, l’J ; - Compute weighted class prototypes for each class
end for
¢ Jerrinen] . Store the weighted prototypes for each class
L PrRoTOLOSYQ;C; fq) . Compute prototypical loss [213]
L:BACKWARD (W) . Compute gradients with respect to selection weights
w - w+ aNyL(w) . Gradient ascent for updating weights
wj  PROJWj;Kj) 8j 2 [1;N] . Projection step per class
sj EXTRACT(kj,wj;P ) 8j2[1,N]. Extractkj examples with the highest weights
S CONCAT(Sj) 8j 2 [L;N] . Obtain the nal dif cult support seS

surrogate for task dif culty and is also simple to compute. Given a model, a xed 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 dif cult support set by drawing the examples with
the highest selection weights. The extracted support set is then paired with the xed query
set to form the dif cult task. We can repeat this optimization for any number of query sets

to extract any number of dif cult tasks.

Formally, given a datas@&, we rst sampleN unique classes and a query et Here

Q= f(xr;yr)g:\': 1q, wherex is the input image angis the class label. Léd® D denote

a sub-dataset containing examples from onlyNreampled classes and Rt = D% Q
denote the set of examples frob® without the query se®. Allowing P to be the
search pool from which the dif cult support set will be extracted, the goal of the extraction
algorithmisto nd asupports€& P such that the loss on the query &elis maximized
after the base modd}, has been adapted @&h. To this end, we assume selection weights
w 2 RM, wherew is associated with thé" example inP andM = jP j denotes the
cardinality ofP . The optimization objective is to learn the selection weightshich result

in the maximal loss for query s€ with a sparsity constraint on the weights. Formally:
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N q

mvsixé (s Yr)i P w; fq) (4.1)
=1

st: w 2f0;1g; 8i 2 [1;M]

kwiko Kkj; 8] 2[1;N]

wherefy is the base model trained with either meta-learning or supervised learngntije

loss after adaptindy onP where each of its examples are weighted\hyandw;j is the
selection weight vector corresponding to fffeclass. Herav=w; wy 1wy andvvij

is the selection weight for th& example in the weight vectay; for the j" class. Notew

are the only learnable parameters. The optimization constraints ensure that each selection
weight is either 0 or 1, and that a maximumkpfexamples are selected for eaéhclass.
Different approaches can be used to adgd®5, 196. In our work, we adopt a ProtoNets
adaptation213 as it is highly ef cient 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) rst, we take 1 gradient ascent step on the selection
weightsw to obtainw; (ii) second, we project the selection weight vector of each class
W; to the o norm ball to obtain the nal selection weights; (8 2 [1;N]). In practice,

(i) is known to be dif cult to solve as it is NP-hard and thgnorm constraint is non-
convex B3, 34, 61, 174. We, therefore, relax theg norm to an’; norm to make the
constraint convex followingd1] which shows that the; norm relaxation gives effective

sparse solutions. The projection step wittrelaxation for thej™ class can be formalized
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as follows:

1 N
rpvljnéij Wik

st: kwijky  K; (4.2)

We solve the dual form of the above projection step via Lagrange multipi&fsd obtain

the optimal sparse weight vectar;:

_ 1 A
wj = argmaxminZkw;  Wik3+ | j(kwjky kj) (4.3)
Ij 0 W {z
a(l jiwj)

wherel j is the Lagrange multiplier corresponding to the projection step fojtthelass. In
practice, we solve the projection step per class to ensure at least a few-examples per class
are selected, and we nd that 1 projection step per class is suf cient to learn appropriate
selection weights. After 1 gradient ascent and 1 projection step (i.e. weight vectors have
been learned), we select the examples fnto include in the dif cult support set. For
eachj! class, we sort the nal selection weight vectoy in descending order and extract

thek; examples fromP which have the highest weights.

The pseudo-code fdfaASTDIFFSEL 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 dfASTDIFFSEL is that it does not
require an iterative exhaustive search through the search pool to select a dif cult support
set. Consider selecting a task withclasses an# support examples per class from a

dataseD © where each class hdsxamples on average. The greedy algorithn]rrfins
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Figure 4.2: FASTDIFF SEL extracts tasks with similar accuracy to those extracted by
greedy search algorithms B] but is at least 20x faster We extract 50 5-way 5-shot tasks
per sub-dataset using(§q as the base model (ViT-S initialized with SSL DINO weights
then meta-trained with ProtoNets ®m's ilsvrc_2012) on an A5000 GPU (&8 RAM).

for r iterations and thus has a search time complexit® @f: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 signi cant speedup. In practice, we
nd that our algorithm offers speedups of at least 20x when compared to a greedy algorithm

(see Fig. 4.2 and Appendix).

4.4 Dif cult Support Set Extraction OMETA-DATASET

SinceFASTDIFFSEL is general and highly ef cient, we can use it to extract dif cult tasks
from any large-scale vision datasetD is one of the most widely-used benchmarks for
few-shot classi cation, thus we primarily use it to validate the effectiveness of our extraction
algorithm. We include further analyses on dif cult tasks extracted from further datasets

in Sec. 4.4.2.

META -DATASET (MD) [23( contains 10 image sub-datasets from a diverse set of domains.
All the sub-datasets (except mscoco and trasigns) are split into disjoint train/val/test
classes, whereas mscoco and tragn 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 classi cation accuracy reported for

each sub-dataset.

4.4.1 Testtask samplers fRIETA-DATASET

We compare tasks sampled from the test spliiofs sub-datasets using 3 methods: (i)
MD's default sampler; (ii) the greedy approach 2f §nd (iil)FASTDIFFSEL(Ours). Note,

only (ii) and (iii) can be used to deterministically sample dif cult tasks:

MD's default sampler. The default task sampler 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 imD. For more details, refer to Sec 3.2 @3(. We note, however, that the

default sampler cannot deterministically sample dif cult tasks.

Greedy search-based sampleiVe use B] to extract dif cult tasks frommb. This approach

works by iteratively replacing each example in a support set of xed 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 wellnm's sampler where task ways can vary as large as 50 and
shots as large as 100. We therefore only consider xed-way, xed-shot tasks when sampling

via greedy search omD.

FASTDIFF SEL. We useFASTDIFFSEL to extract dif cult tasks frommD. As the trained
base modefy, we choose a state-of-the-art meth@8@ on mp which employs a ViT-S
feature extractord2q initialized with self-supervised DINO weight8§] pre-trained on

ilsvrc_2012. The extractor is then further meta-trained on the ilsvrc_2012 splitvimm

To compare against the above samplers, we consider two con gurations:
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» Variable-way, variable-shot tasks Here, we exactly match the variable way and
shots per class of each task yieldednNny's default sampler. Speci cally, we use
the default sampler to generate and save the shot and way for a xed number of
tasks, which we then feed into our algorithm to extract dif cult tasks of equivalent
speci cations.

» Fixed-way, xed-shot tasks Here, we set the way and shots per class to be xed for
all tasks. While less challenging, it allows us (i) to compare our algorithm to greedily

sampled dif cult tasks; and (ii) to control for a task's way being a source of dif culty.

4.4.2 Validation of dif cult META-DATASET tasks

Here we compare the ef cacy of the above 3 methods and their extracted tasks across the 10
test sub-datasets wmD.

FASTDIFF SEL vs. default sampler. When compared over 600 variable-way variable-shot
tasks per sub-dataset, we nd that our algorithm extract tasks which are more dif cult on
an average thamb'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 dif cult for a wide range
of top-performing few-shot classi cation methods, as shown in Fig. 4.3 (see Sec. 4.5.3 for
details). For certain sub-datasets (e.g. quickdraw), the drop in classi cation accuracy can be
as large as 50% when compared to tasks sampled¥misidefault sampler.

FASTDIFF SEL 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 signi cant
when the search pool is large (e.qg. for ilsv2012, quickdraw). Note that the greedy sampler

takes between 20-200 minutpsr 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 dif cult tasks per sub-dataset inHARD-MD and nd a consistent
20-30% drop in performance compared tomD tasks regardless of feature extractor,
pretraining method, and adaptation strategy. We evaluate on alb sub-datasets except
ilsvrc_2012. We include performance on each sub-dataset and tBéic@ dence intervals
in Appendix.

pools, support set sizes and numbers of tasks.

In all, FASTDIFFSEL is able to consistently extract dif cult tasks on which state-of-the-art
methods achieve low classi cation accuracy, while also offering a signi cant 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 classi cation methods.

4.5 Stress Testing WitHARD-META-DATASET++

Few-shot classi cation benchmarks liked [230 andvTAB +MD [65] are highly challenging

but are not speci cally geared to driving performance on dif cult tasks. We leverage our
extraction algorithm to Il this gap and introduceARD-MD++, a new test-only benchmark

of exclusively dif cult few-shot classi cation tasks extracted from 4 large-scale vision
datasets. We extensively stress test a wide range of top-performing methed®pn

MD++, presenting novel insights on the robustness of current methods to dif cult tasks.
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4.5.1 Testdatasets

HARD-MD++ is composed of dif cult tasks extracted fromD [230], ORBIT [163], CURE-
OR[222 andoBJECTNET[20]. We motivate the choice ofiD by the fact that it is one of the

most widely-used few-shot classi cation benchmarks. The remaining datasets are chosen
because they speci cally curate images with real-world variations and provide corresponding
“quality’ annotations. They can, therefore, be leveraged to derive deeper insights into the
propertiesof dif cult 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 useasTDIFFSEL to extract 200 dif cult tasks from each dataset.
We use a trained base modgl of ViT-S [62] pre-trained using DINOJ6] and further
meta-trained omD's ilsvrc_2012 split. FormD, we extract variable-way variable-shot
tasks to align with its existing evaluation protocol. For the remaining datasets, we extract
xed-way xed-shot tasks to enable controlled analysis on task properties beyond their way
and shot. TogetheHARD-MD++ comes to a total of 2400 dif cult test tasks extracted

across these datasets. We include further implementations details in Appendix.

META -DATASET. We extract 200 variable-way variable-shot dif cult tasks from each test
sub-datasets imD. Note, we exclude the ilsvr@012 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 xed 5-way, 5-shot dif cult tasks from the test splioeBIT

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 xed

5-way, 5-shot dif cult tasks fromCURE-OR.

OBJECTNET contains 50K test images of 313 objects captured under rotation, background,
and viewpoint variations. We extract 200 xed-way xed shot dif cult tasks fra@BJECF

NET.

4.5.2 Metrics and training

Metrics. Model performance oARARD-MD ++ should be reported as the average classi -
cation accuracy and 95% con dence interval over the dif cult tasks per sub-dataset. This
should be accompanied by performancevmto provide a more complete characterization

of model performance.

Training. We primarily advocate for cross-domain or strong generaliza@d]] thus
following [100Q, any pre-trained checkpoint, algorithm and model architecture can be used
when evaluating orARD-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.

45.3 Results

HARD-MD++ is a challenging benchmark of dif cult tasks from a diverse range of datasets.
We stress test a wide range of top-performing few-shot classi cation methodsmb-
MD++ to gauge their robustness to these tasks. We look rsttabind theroRBIT, CURE-

OR, andOBJECTNET, primarily focusing on the robustness of different model architectures
and pre-training strategies.

State-of-the-art methods. Recent works44, 58, 64, 100, 224] show that transfer learning

with a powerful feature extractor performs extremely well on few-shot classi cation tasks
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Figure 4.4: We stress test a wide range of few-shot classi ers on dif cult tasks fronoB-
JECTNET, CURE-OR and ORBIT in HARD-MD ++. We nd that ViT-B (CLIP) outperforms

all the other models by a large margin fotRE-OR andOBJECTNET, While being extremely
competitive fororBIT. Evaluation across 200 tasks per domain using Prototypical Networks
as the adaptation strategy. More results with ne-tuning in Appendix.

compared to previous meta-learning methots [L96. 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 ViT8,[36] and the visual
encoder of zero-shot models such as CL1BJ. We investigate two adaptation strategies
when adapting to each dif cult test task HARD-MD++: (i) computing and classifying by
mean class prototypes following Prototypical NetworR$3 and (ii) ne-tuning the entire
feature extractor using strong augmentations followi@)]. Further details are provided

in the Appendix.

Results on Dif cult Tasks fronMETA-DATASET

Our key nding is that state-of-the-art methods across the board consistently drop at least
20-25% in classi cation accuracy when adapting to dif cult task$i®RD-MD compared
with tasks randomly sampled frommD, shown in Fig. 4.3. Note4ARD-MD refers to thevD

splitin HARD-MD ++.

Detailed ndings. We nd that there is a consistent drop in classi cation 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 ne-tuning adaptation strategy
see a more signi cant drop in accuracy compared to those employing a prototypical-style
adaptation. For example, ne-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 d30% in accuracy on
HARD-MD while a prototypical-style adaptation leads to a drop of onB0% (note, this
approach is strongest on originab in our implementation). This suggests that although
fully ne-tuning a model can signi cantly increase its accuracy on general tasks, it may
not hold for speci cally dif cult tasks. On the other hand, we nd the visual encoder of
CLIP which also uses a ViT-B architecture ("clipt_base' in Fig. 4.3) 192 to be more
robust to dif cult tasks. Despite under-performing em (ranks6™M), it displays strong
performance omMARD-MD across both adaptation strategies, achieving the highest accuracy
across all methods with ne-tuning. This trend is consistent for xed-way, xed-shot tasks
ONHARD-MD (see Appendix). These early results suggest that large-scale vision-language

pre-training may offer more robustness when generalising to new dif cult tasks.

Effect of meta-training on ilsvrc_2012. [10Q show that a method's performance on
MD can be improved by further meta-training its pre-trained feature extracterd
ilsvrc_2012 split. We investigate whether this can also improve performane@RrRD-MD.

We further meta-train a subset of the methods on the il2@0&2 split using Prototypical
Networks P13 and compare the average task classi cation accuracy in Appendix. We
nd 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 dif cult tasks.
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Results on Dif cult Tasks fronCURE-OR, ORBIT andOBJECTNET

Similar to Sec. 4.5.3, our key nding is that state-of-the-art methods consistently achieve
low classi cation accuracy on dif cult tasks fromURE-OR, ORBIT andOBJECTNET, shown

in Fig. 4.4. In particular, ViT-B pre-trained with CLIRL9Z] outperforms all other methods

by a signi cant margin on botlttURE-OR (by >4%) andOBJECTNET (by >15%). On
ORBIT, VIiT-B pre-trained on ilsvrc2012 p6] performs best though ViT-B with CLIP is still

competitive.

We can go beyond task classi cation accuracy WithRE-OR andORBIT by leveraging

their per-image annotations to investigate phmepertiesof dif cult tasks. In particular,

we use the object viewpoint annotationsdoRE-OR, and all quality issue annotations
(except objectnot_present) imORBIT. We compare dif cult tasks extracted by our algorithm

for each dataset with "easy’ tasks for a xed 5-way 5-shot setting. We can also extract
“easy' tasks byninimizingthe objective support set extraction objective for the same set of
guery sets. In Fig. 4.5, we compare the composition of these dif cult 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 dif cult 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 dif cult support sets have a signi cantly higher

proportion of images with side viewpoints.

ORBIT. Unlike CURE-OR, ORBIT was not collected in a controlled setting and hence its

guality issue annotations have a long-tailed distribution. We therefore randomly sample 200
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Figure 4.5: Dif cult few-shot tasks have a larger mismatch between the properties of

their support and query sets compared to easy taskgLeft): Dif cult tasks in CURE-OR

have support sets with the majority of images showing the object in side view when the
guery sets contain images of the object only in front/back view; (Right): Dif cult tasks in
ORBIT have a larger difference in the proportion of quality issues contained in their support
versus query sets compared to easy tasks.

guery sets, and for each, we Us&STDIFFSEL to extract an easy and a dif cult 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 dif cult 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 dif culty. While these annotations
do not cover all possible image characteristics, they provide a starting point to explore
the robustness of few-shot classi ers to more qualitative distribution shifts. In Fig. 4.5,
we curate few-shot tasks leveraging image-level annotations fmT, 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 algorithFrnsTDIFFSEL to extract dif cult tasks for

few-shot classi cation. We applFASTDIFFSEL to 4 large-scale vision datasetseTA-
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DATASET, ORBIT, CURE-OR, andOBJECTNET, and introduceiARD-MD++, a newtest-only

suite of 2400 dif cult tasks from across these datasets. We stress test a wide range of top-
performing few-shot methods omRD-MD and demonstrate a consistent drop of 20625

in classi cation accuracy compared t. We conduct additional quantitative analyses on
CURE-OR andORBIT which show that dif cult tasks typically have a distribution shift in the
characteristics between a support and query set (e.g. viewpoint, blur). We believe that the
ef ciency of FASTDIFFSEL along withHARD-MD++ can drive the study of failure modes

in few-shot classi cation methods which is a under explored area of research.
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Chapter 5: Mechanistically Understanding and Editing Text-to-lImage

Generative Models

5.1 Knowledge Localization and Model Editing in Early Stable-Diffusion

Variants

Text-to-Image generative models such as Stable-Diffusi®m][ Imagen 01 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-5R(2 which typically consist of a plethora of visual
concepts encompassing color, artistic styles, objects, and famous personalities, amongst
others. Prior works35, 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 cas¥.[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-speci ¢ information is usually speci ed 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 questioHow and where is knowledge corresponding to various visual
attributes stored in text-to-image models?our paper, we choose to concentrate on speci ¢
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 speci ¢ 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 particularlg5 nd that factual knowledge is
localized and stored in the mid-MLP layers of a LLM such as GPZ4T]J[ Our work,
however, paints a different picture - for multimodal text-to-image models, we speci cally
nd 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 ef cacy and often different attributes have a
distinct set of causal components where knowledge is stored. For e.gtyl®+ we nd

that the rst self-attention layer in the UNet storgtylerelated knowledge, however it is not
causally important for other attributes suchodgects viewpointor action To our surprise,

we speci cally nd that the cross-attention layers are not causally important states and a

signi cant amount of knowledge is in fact stored in components such as the ResNet blocks

72



and the self-attention blocks.

Remarkably, in the text-encoder, we nd 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 nd that the rst self-attention
layer is causal in the CLIP based text-encoder of public text-to-image generative models

(e.g., Stable-Diffusion).

Identi cation of local causal states in a given model has a crucial bene t: it allows for
incorporating controlled edits to the model by updatomdy a tiny fraction of the model
parameters without any ne-tuning. Using our observation that the text-encoderdmbgts

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 ne-
tuning based editing methods such @8 [L26 with comparable or even better performance

in some cases.

In summary, our contributions are as follows:

» We adapt Causal Mediation Analysik84, 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 identi ed causal components and shed light
on the knowledge ow 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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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.@oyrupted Model Token embeddings corresponding to
attribute of interest are corrupted, leading to a generated image that does not obey the prompt.
(c) Restored (Causal) ModeCausal 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 delity to the original caption. (dRestored (Non-Causal) Modeéllon-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 rst 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 speci cally 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-stap [0; T]. Starting from an initial random real
imageXo, the noisy image at time-stéjs de ned asx; = P aXo+ P (1 ay)e. Inparticular,

a; determines the strength of the random Gaussian noise and it gradually decreases as the
time-step increases such thkgt N (0;1). The denoising network denoted By(x;; C;t)

is pre-trained to denoise the noisy imagéo obtainx; ;. Usually, the conditional input

to the denoising networg, (:) is a text-embedding of a captiarthrough a text-encoder

¢ = vg(c) which is paired with the original real imagg. The pre-training objective for

diffusion models can be de ned as follows for a given image-text pair denotex, lay:
L (x;0)= Eejie  eq(x:Ci)ji5: (5.1)

whereq is the set of learnable parameters. For better training ef ciency, the noising as well

as the denoising operation occurs in a latent space de nedbiz (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;¢) = Eetjie  eq(z:Cit)ji%; (5.2)

wherez; = E(Xx;) andE is an encoder such as VQ-VAR33. During inference, where
the objective is to synthesize an image given a text-condgj@random Gaussian noise
xt N (0;1) is iteratively denoised for a xed range of time-steps in order to produce the

nal image.

5.2.2 Adapting Causal Tracing For Text-to-Image Diffusion Models

Causal Mediation AnalysislB4, 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., speci ¢ 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 speci c visual attributes (elyjects, stylg For
example, we nd the subset of model components in the text-to-image model which are

causal for generating images with specobjects styles viewpoints actionor color.

Where is Causal Tracing Performed?We identify the causal model components in both
the UNete; and the text-encodes. Forey, 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 atross distinct layers. The UNg consists of 70
unique layers distributed amongst three types of blockstofiyn-block ; (i) 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-engpdieere

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 captiort, an imagex is generated starting from some random Gaussian noise. This
imagex encapsulates the visual properties embedded in the captiear e.g., the caption

can contain information corresponding frahjectsto actionetc. We speci cally 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: (ipbjects (ii) style (iii) color; and (iv)action In particular, identifying

the location of knowledge storage fobjectsandstylecan 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
viewpointandcountattribute. 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, classi er-free guidanc@9 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, classi er-free guidance is used in the following
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way to combine the conditionag{(z; c;t)) and unconditional score estimateg(z;t)) at

each time-stepto obtain the combined score denote®és;c;t):

&(z;ct) = eg(zcit) + a(ey(zict)  e(zut)); 8t 2 [T, 1]: (5.3)

This combined score is used to update the latensing DDIM sampling 216 at each

time-step iteratively to obtain the nal latent codg

To perform causal tracing on the UNej (see Fig. 8.1 for visualization), we perform

a sequence of operations that is somewhat analogous to earlier work fréshwhich
investigated knowledge-tracing in large language models. We consider three types of model
con gurations: (i) a clean model,, where classi er-free guidance is used as default; (ii)

a corrupted modedago”, where the word embedding of the subject (evgn Gogh of a

given attribute (e.gstyle corresponding to a captianis corrupted with Gaussian Noise;
and, (iii) a restored modei{]esmreq which is similar toegOrr except that one of its layers is
restored from the clean model at each time-step of the classi er-free guidance. Given a list
of layersA , leta; 2 A denote the'" layer whose importance needs to be evaluated. Let
eqlail, ego”[ai] andeaesmreﬂ[a;] denote the activations of layey. To nd the importance

of layer g for a particular attribute embedded in a captemwe perform the following

replacement operation on the corrupted mm&é‘lr to obtain the restored modq{]eswreq

eaestored[ai] . egorr[ai] = eq[a] (5_4)

Next, we obtain the restored model by replacing the activations of &ydrthe corrupted

model with those of the clean model to get a restored Ieé‘?éﬁorec[a;]. We run classi er-free
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guidance to obtain the combined score estimate:

éaestored(zt;c;t) — e&estored(zt;c;t)_F a(eaestored(zt;c;t) ecr]estored(zt;t)); 8t 2 [T; 1]:
(5.5)
The nal latent zo is obtained with the score from Eqg. (5.5) at each time-step using

DDIM [216] and passed through the VQ-VAE decoder to obtain the nal imegfg°red

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-encoderl97]. Similar to Sec.(5.2.3), we de ne three states of the CLIP
text-encoder: (i) Clean model denoted gy (ii) Corrupted model/g®" where the word
embedding of the subject in a given captiois corrupted; (iii) Restored mode&eswred
which is similar tovg®" except that one of its layers is copied frogn Similar to Sec.(5.2.3),

to nd the effect of the layeg; 2 A , whereA consists of all the layers to probe in the CLIP

text-encoder:

vrgestorectai] : Vgon[ai] = Vg[ai]; (5.6)

We then use the restored text-encovgé?‘oredwith classi er-free guidance to obtain the

nal score estimate:
&q(z;C%t) = eq(zi; ) + a(eq(z;c%t)  eq(zt)); 8t2[T;1] (5.7)

wherec®= \@eS‘Ore‘{a,-](c) for a given captiorc. This score estimatéq(zt;co, t) at each
time-stept is used to obtain the nal latent codg which is then used with the VQ-VAE

decoder to obtain the nal imagegstored
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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 asCLIP-Score [98]. Let x{)es“’red(a;) be the nal image generated by the diffusion
model after intervening on layex, Xg be the image generated by the clean diffusion
model andx“°"" be the nal image generated by the corrupted model. In particular, we
are interested in the average indirect effel®4 237 which measures the difference
between the corrupted model and the restored model. Intuitively, a higher value of av-
erage indirect effect (AIE) signi es 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@kH>-Score which computes

the similarity between an image embedding and a caption embedding. In particular, AIE
= (CLIPScore(x[stored ¢)  CLIPScore(x§°"; ). GivenxS'" is common across all the

layers, we can usBLIPScore(x{esto"d ¢) as the AIE.

Selecting Threshold forCLIP-Score. We observe that the difference between the CLIP-
Score of generated images (after restoration) with high delity to the original caption and
generated images (after restoration) with low delity to the original caption, to be small.
Therefore to effectively nd a reasonable cut-off point to automatically select causal states
(where the generated images have high- delity to the original caption), we use a threshold
selection mechanism. In order to determine the optimal threshold val@i.fBrScore,

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 nd the

average (across all the promp@&l)IP-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 theLIP-Score between the generated image (after causal
intervention) and the original caption. For each attribute, we nd that the causal states are
distributed across the UNet and the distribution varies amongst distinct attributes. For e.qg.,
self-attn in the rst layer is causal fatyle but not forobjects actionor color. Similarly,
mid-block cross-attn is causal faction 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 UNstylieraction, object, color
attributes.

averageCLIP-Score corresponding to a causal state as the threshold, which we apply on

the probe dataset to Iter 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@hgP-Score metric. This

metric evaluates the faithfulness of the image produced by the restored[;%ﬁ&f%dcom-
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pared to the original captionn 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 nd
that the density of the causal states are more inufiiblock of the UNet when compared

to thedown-block or themid-block . Nonetheless, a notable distinction emerges in this
distribution across distinct attributes. For instance, when examiningfylesattribute, the

initial self-attention layer demonstrates causality, whereas this causal relationship is absent
for other attributes. Similarly, in the context of thetion 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
ndings 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 identi ed in extensive generative
language models, as noted in prior reseadd6], where attribute-related knowledge is

con ned 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 con guration, 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 nd that the causal states are localized to the rst self-attention layer corresponding
to the last subject token across all the attributes. In fact, there exist®necausal 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 LocalizedIn the CLIP
text-encoder used for Stable-Diffusion, we nd the existencerdy one causal state, which
isthe rst self-attention layer corresponding to the last subject token CIHE-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 delity to the
original captions.

layers other than the rst self-attention layer corresponding to the subject token does not
lead to images with high delity 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 different distributionbetweendistinctattributes) in the UNet,

whereas there existsly 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 ne-tuning methods for UNet model editing exi&t126,

they lack scalability and don't support simultaneous editing of multiple concepts. In the
next section, we introduce a closed-form editing metid@r-QuiCcK FiX, leveraging our

causal tracing insights to ef ciently edit various concepts in text-to-image models.
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Figure 5.4: Quantitative Analysis of DIFF-QuiIcK Fix. (a) Editing Causal vs. Non-Causal
Layers (Averaged acro$3bjects, Style and FagtsLower CLIP-Score for causal layer
indicates successful edits; (b) Ef cacy DiFF-Quick Fix when compared to other methods
— Our method leads to comparal@&IP-Scores to ne-tuning based approaches, but can
edit concepts 1000x faster; (DIFF-QUICKFIX can be used to effectively edit multiple
concepts at once, shown by comparabldP-Scores to the single-concept edited ones.

5.4 DIFr-QuickFix: Fast Model Editing for Text-to-Image Models
5.4.1 Editing Method

Recent works such a8, 126 edit concepts from text-to-image diffusion models by ne-
tuning the UNet. They generate training data for ne-tuning using the pre-trained diffusion
model itself. While both methods are effective at editing concepts, ne-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 nd that there exists only one causal state (the very rst
self-attention layer) in the text-encoder for Stable-Diffusion. Our editing mebhed-
QuICcKFIx can update text-to-image diffusion models in a targeted way in utskrough

a closed-form update making it 1000x faster than existing ne-tuning based concept ablating
methods such ag§, 126. The rst self-attention layer in the text-encoder for Stable-
Diffusion contains four updatable weight matric®g; W, W, andWoyt, whereW; Wq; W,

are the projection matrices for the key, query and value embeddings respetiyglis

the projection matrix before the output from teelf-attn-0O  layer after the attention
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operations.DIFF-QUICKFIX speci cally updates this\py: matrix by collecting caption
pairs(cy; cy) wherecy (key) is the original caption and, (value) is the caption to which
cx is mapped. For e.g., to remove the style \@n Gogh, we setcy = "Van Gogh and

cy = Painting. In particular, to updat@/jy, we solve the following optimization problem:

N
min g KMoutki  Vika+ 1 KWoue WO, K3; (5.8)

out j= 1

wherel is aregularizer to not deviate signi cantly from the original pre-trained weigifts,

N denotes the total number of caption pairs containing the last subject token embeddings
of the key and valuek; corresponds to the embeddingapf after the attention operation
usingWg; Wk andW, for theit" caption pairv; corresponds to the embeddingaf after the

original pre-trained weight\ﬂlgut 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 optim@ak,; can be expressed as the following:

N
Wour = (1 W+ & vik (1 1+
i=1

N
kikh) % (5.9)
i=1

In Sec. 5.4.3, we show qualitative as well as quantitative results aFg QUICKFIX for

editing various concepts in text-to-image models.

5.4.2 Experimental Setup

We validate DIFF-QuUICKFIX by applying edits to a Stable-Diffusiod97] model and
guantifying theef cacy of the edit. For removing concepts such as artistic styles or objects
usingDIFF-QUICKFIx, we use the prompt dataset fro?fg. For updating knowledge (e.g.,
President of a countiin 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 frag6

and [78]. To validate the effectiveness of editing methods including@urF-QuUICKFIX,

we perform evaluation using automated metrics suc@ld®-Score. In particular, we
compute theCLIP-Score between the images from the edited model and the concept
corresponding to the visual attribute which is edited. A BIMP-Score therefore indicates

correct edits.

5.4.3 Editing Results

Editing Non-causal Layers Does Not Lead to Correct Edits. We useDIFF-QUICKFIX

with the non-causal self-attention layers in the text-encoder to astgts objectsand
updatefacts In Fig. 5.4-(a), we compute thelLIP-Score between the generated images

and the attribute from the original captions (ev@n goghin the case oftylg. In particular,

we nd that editing the non-causal layers does not lead to any intended model changes —
highlighted by the higlCLIP-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 low@LIP-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.

Ef cacy in Removing Styles and Objects Fig. 5.4-(b) shows the avera@d.IP-Score of

the generated images from the edited model computed with the relevant attributes from the
original captions. We nd that th€LIP-Score from the edited model witDIFF-QuUICK FIX
decreases when compared to the generations from the unedited model. We also nd that
our editing method has comparal@&lIP-Scores to other ne-tuning based approaches

such as Concept-Erasgd and Concept-Ablation]26], 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 thaDIFF-QUICKFIX is able to effectively remove variossylesandobjects
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 styMaof Goghdoes not harm the

style ofMone).

Ef cacy in Updating Stale Knowledge. TheCLIP-Score between the generated images
and a caption designating the incorrect fact (€dgnald Trumpas thePresident of the US
decreases from 0.28 to 0.23 after editing WittFF-QuICKFIX, while the CLIP-Score

with the correct fact (e.gJoe Bideras thePresident of the USncreases 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-QuICK Fix. An important feature oDIFF-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 low@LIP-Scores compared to the original model, similar

CLIP-Scores to single concept editing.

5.5 Conclusion |

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 nd 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-QuICK Fix to ablatestyle objects
and updatéactsin text-to-image models. More qualitative examples in the Appendix.

encoder maintains a single causal state. This differs signi cantly 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 rst self-attention layer of the text-encoder.
Harnessing these insights, we design a fast model editing mdtheet 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, makingDIFF-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 P01], 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-CQZ® [Typically trained

on extensive billion-scale image-text pairs like LAION-5BP], these models encapsulate
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