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Abstract

Machine Learning (ML) has been a foundational topic in artificial intelligence (AI),
providing both theoretical groundwork and practical tools for its exciting advancements.
From ResNet for visual recognition to Transformer for vision-language alignment, the Al
models have achieved superior capability to humans. Furthermore, the scaling law has en-
abled Al to initially develop general intelligence, as demonstrated by Large Language Mod-
els (LLMs). To this stage, Al has had an enormous influence on society and yet still keeps
shaping the future for humanity.

However, distribution shift remains a persistent “Achilles’ heel”, fundamentally limiting
the reliability and general usefulness of ML systems. As Al becomes increasingly integrated
into real-world decision-making and societal infrastructures, the complexity of the problems
we ask it to solve continues to grow. These complex environments naturally introduce diverse
and unpredictable distribution shifts, which can severely degrade model performance.

Moreover, generalization under distribution shift would also cause trust issues for Als.
For instance, when employing medical Als across regions, they might perform unsatisfactor-
ily and cause harm. Thus, we also consider the responsibility of Al, i.e., the Trustworthiness
of ML, aiming to enhance reliability rather than merely focusing on accuracy.

Motivated by these challenges, my research focuses on Trustworthy Machine Learning
under Distribution Shifts, with the goal of expanding AI’s robustness, versatility, as well as
its responsibility and reliability. We carefully study the three common distribution shifts into:
(1) Perturbation Shift, (2) Domain Shift, and (3) Modality Shift. For all scenarios, we also
rigorously investigate trustworthiness via three aspects: (1) Robustness, (2) Explainability,
and (3) Adaptability. Based on these dimensions, we propose effective solutions and funda-
mental insights, meanwhile aiming to enhance the critical ML problems, such as efficiency,

adaptability, and safety.
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CHAPTER 1

Introduction

1.1 Background

Machine learning (ML) is one of the most effective approaches to Artificial Intelligence
(AI), which leverages statistical tools to find, recognize, and utilize patterns in data, it has
provided theoretical ground and practical tools that have led to the flourishing of Al. As
a result, it has achieved tremendous success in a wide spectrum of applications, such as
computer vision, natural language processing, speech recognition, autonomous driving, and

robotics, significantly influencing human civilization.

The early Al revolution is led by deep neural networks [1], such as AlexNet [2], ResNet [3],
and DenseNet [4], which have demonstrated that Al can achieve superior performance to
human intelligence in visual recognition tasks. In 2017, Google introduced the Transformer
architecture [5], which enabled models to handle vast amounts of text [6] as well as visual
tokens [7] in parallel, thereby scaling up the magnitude of information processing. Based
on such an architecture, it has become a common understanding that simply expanding the
learning scale can always achieve improved performance, also known as the Scaling Law [8].
As a result, Large Language Models (LLMs) such as GPT [9], Llama [10], and Qwen [11]
have been scaled-up to Billions of parameters, along with many emergent capabilities includ-
ing In-Context Learning, Chain-of-Thought Reasoning, and Arithmetic Operation. Beyond
language-only models, Multi-modal LLMs (MLLMs) that combine language and vision to
allow advanced human-computer interaction have significantly increased their real-world
capabilities, such as ChatGPT [12], Gemini [13], Claude [14], and DeepSeek [15]. Until

now, most commercialized Al models are MLLMs and they play a vital role in boosting
1



2 1 INTRODUCTION

efficiency and productivity of daily tasks, such as document organization, software develop-

ment, content creation and design.

Despite its success and real-world impact, existing learning models still heavily rely on the
independent and identically distributed (IID) assumption. Particularly, ML aims to learn
from training data, which is collected to simulate the expected real-world environment.
Based on the Empirical Risk Minimization (ERM) framework [16, 17], ML is guaranteed
to generalize when tested under a similar data distribution to the training distribution. There-
fore, traditional ML models such as Support Vector Machine (SVM) [18] and Multi-Layer
Perceptron (MLP) [19] can work satisfactorily under simple scenarios such as fraud detec-

tion and spam filtering.

However, due to domain shift, dataset bias, or evolving environments in real-world scenarios,
the IID assumption is constantly violated, introducing Out-of-Distribution (OOD) data that
hinders the effectiveness of ML. For example, autonomous vehicles are trained on thousands
of hours of videos from sunny, dry, and daytime conditions, when it is deployed at rainy, wet,
and nighttime streets, they might have serious performance malfunctioning; a model trained
in 2022 is asked who is Prime Minister of UK, but it won’t give the correct answer because
the answer is changed over time. Therefore, when the distribution of test dataset is shifted
from the training dataset, it introduces significant complexity and variance to the learning
process. Thus, the effectiveness of many existing ML methods is suboptimal in practice,

which raises serious concerns on their capability under realistic distribution shift.

Apart from the generalization capability of Al, it is also crucial to enhance its responsibil-
ity. To achieve this, Trustworthy Machine Learning (TML) [20] was proposed to focus on
reliability and integrity of Al systems rather than focusing primarily on accuracy, which has
attracted abundant attention from both academy and industry. For example, OpenAl pion-
eered Al Alignment for Human and proposed Reinforcement Learning from Human Feed-
back (RLHF) [21] which aims to ensure the value and morality of Als are well aligned with
human; moreover, institutions like UC Berkeley, NYU, and Mila launched MATS [22] pro-
gram aiming to prevent the possibility of models accidentally learning dangerous behaviors

in tasks, such as writing code and generating images.
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In the era of LLMs and the dawn of general intelligence, it is urgent to consider how we can
live with Al and how Al can be aligned with us. Otherwise, as it gets embodied into human
society, the consequences of untrustworthy Als would be devastating, causing irreparable
economic losses and social disaster. In particular, Als that provide customer services might
be "jailbroken" by malicious users and be forced to make improper deals, leading to massive
monetary cost; moreover, when LLMs scrape numerous web data for pre-training, it might
accidentally collect user-sensitive data and violate the privacy protocol, posing severe safety

and security concerns.

However, given the significance of the above two fundamental aspects, there lack of a sys-
tematic study to address them simultaneously. In fact, the capability for Al under distribution
shifts and its responsibility for trustworthiness can conflict with each other. Intuitively, en-
hancing generalization beyong IID data enforces Al to greedily obsorbing unknown know-
ledge and autonomously handle uncertainty, e.g., for treatment works for over 50 men in a
trial, over-generalized Al might assert that this treatment is effective. As a result, such an
excessive agency would eventually reach domains that are misaligned with human values,
thus damaging the reliability of Al. On the other hand, heavy penalization to achieve strict
trustworthiness would make Al overcautious, which could fail to perform under challenging
conditions, e.g., a self-driving car is trained for millions of miles with almost zero risk, it
could just stop and stay stationary when it is deployed on snowy mountain paths because it
detects danger in making any action. Therefore, trading off between capability and respons-

ibility will continue to be one critical challenge in the future of Al.

In this thesis, motivated by the goal of developing general intelligence for the best human be-
nefits, we carefully investigate trustworthy machine learning under realistic distribution shift
problems, aiming to find solutions to ensure capability and responsibility simultaneously. To
achieve this, we explore three perspectives for both distribution shift and trustworthiness, as

shown in Figure 1.1. Particularly, to investigate responsibility, we consider:

e Robustness, which demonstrates the ability of Al to maintain stable and effective

performance under challenging scenarios.
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Responsibility for Trustworthiness

Robustness Explainability Adaptability

Chapter 2: Chapter 3: Chapter 4: Chapter 5: Chapter 6:
HOOD SharpDRO EVIL MVT COoX

FIGURE 1.1. Outline for trustworthy machine learning under distribution

shifts. We explore Robustness, Explainability, and Adaptability for trust-
worthiness of ML models, and consider three types of common distribution

shifts, including Perturbation Shift, Domain Shift, and Modality Shift. From
Chapter 2 to Chapter 6, we shed light on different trustworthy aspects and
distribution shift scenarios by solving realistic tasks and proposing effective
approaches with theoretical grounding.

e Explainability, which aims to understand the nature of the distribution shift and

make the decision-making process interpretable.

e Adaptability, which denotes the ability of Al to perform autonomously across vari-

ous conditions without human intervention.

These three aspects of TML are highly vulnerable or essential for studying generalization
under distribution shifts; thus, we focus on them for this thesis. Note that there are other
topics such as fairness and privacy in TML, but they align orthogonal from generalization
under distribution shift. The success can be achieved by combining their findings, such
as reweighting [23] or unlearning [24]. Moreover, to evaluate the generalization capability

under distribution shifts, we consider:

e Perturbation Shift, where natural or synthetic noise is applied to the dataset, largely
deviating its statistical patterns.

e Domain Shift, where data are collected from different environments, further intro-
ducing confounding factors that significantly mislead the prediction.

e Modality Shift, where the knowledge is represented in a heterogeneous structure,

intensifying the feature incompatibility and hindering the learning feasibility.
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The above distribution shifts demonstrate different intensities of shifts. Perturbation shift
is the mild shift, as it has the same data type from the same environment; domain shift is
moderate because it is caused by different environmental factors; and modality shift is the
most extreme one because it has a different data type, implying a change of input space. Yet,
they are ubiquitous and all belong to the Covariate Shift [25] in statistical ML. There are other
less common shifts, including Target Shift [26] and Concept Shift [27]. Specifically, target
shift is caused by the change of label distribution, but given the simpicity of the label space
in most applications, it can be easily solved via reweighting or resampling; concept shift
is less-studied due to that concepts and knowledge in real-world applications are generally
stationary. Thus, they are excluded from the scope of this thesis. Next, we will summarize

the contributions of this thesis and demonstrate the structure by chapter.

1.2 Summary of Contributions

To sum up, this thesis focuses on Trustworthy Machine Learning under Distribution Shift,
aiming to explore responsibility and capability simultaneously under practical scenarios.
By considering various levels of shift, my studies cover a wide spectrum of applications
and provide insights for traditional topics as well as futuristic directions. Additionally, we
provide extensive analyses and theoretical groundings to rigorously justify my research un-
der extensive datasets, models, and settings, validating their trustworthiness along with many
other notable benefits, such as efficiency, safety, and affordability. Below, we reveal the lo-

gical structure of the following chapters and emphasize their contributions.

In Chapter 2, we observe that OOD data present a double-edged effect that could either en-
hance or harm generalization in different scenarios. Therefore, we aim to understand such an
effect and harness OOD data effectively for various scenarios. We inspect from a causal in-
ference perspective to explain the data generation process, which reveals that image data can
be decomposed into “content” and “style”. Beneficial OOD data is caused by a style change,
and harmful OOD data is caused by a content change. We propose Understanding and Har-

nessing OOD data (HOOD) framework that disentangles content and style during inference,
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then separately creates beneficial and harmful OOD data using learnable adversarial perturb-
ations. By training on such tailor-designed examples, we can enhance the generalization

performance and properly handle OOD data in the wild.

Distribution shifts are not only presented in different types, but they also appear in various
strengths, forming a traceable distribution. In Chapter 3, we study learning under corruptions
that follow real-world noise distribution. Intuitively, corruption is caused by multiple noise
elements which occur with a certain probability during a time interval, knwon as “photon-
limited corruptions”. By modeling it via Poisson distirbution, the strengths levels of the cor-
ruption can be identified. To deal with such a multi-strength distribution shift, we propose
Sharpness-based Distribution Robust Optimization (SharpDRO) to reweight each distirbu-
tion and enhance its generalization by encouraging the loss smoothness, i.e., minimizing
“sharpness”. As a result, my approaches perform effectively and stably across various cor-

ruption strengths, demonstrating robustness and adaptability in practical applications.

Further, to deploy a TML model in the real world, it needs to autonomously identify the
essential features without latching onto the confounding information. In Chapter 4, we ex-
plore neural regeneration where Als can dynamically adapt across different environments
and extract domain invariant knowledge. To solve this problem, we propose Exploring Vari-
ant parameters for Invariant Learning (EVIL) framework, which identifies domain invariant
features by growing corresponding neural paths. Moreover, we enhance such a process by
further incorporating domain variant knowledge simultaneously during training, which in
turn helps identify the variant parameters. By dropping such undesirable neural paths, mod-
els can be less affected by domain shift, thus showing enhanced capability and adaptability.
Additionally, the proposed approach is conducted via sparse training, thus it also demon-

strates great efficiency.

Existing distribution shift studies are mainly focused on perturbations and domain shifts.
However, knowledge adaptation across different modalities is rarely explored. Therefore, in
Chapter 5, we make an initial attempt at generalization across the two most common mod-

alities, i.e., language and vision. Learning from language has been very successful thanks to
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the development of LLLMs, which already demonstrate general-purpose capabilities. For vis-
ion tasks, it is highly dependent on human supervision, which is very resource-consuming.
Therefore, a question is asked: Is it possible to replace human supervision by Al supervi-
sion? Hence, we propose Machine Vision Therapy (MVT) framework that leverages LLMs
to guide the visual learning process. Due to the modality gap between language models and
vision models, we propose to conduct In-Context Learning (ICL) to analyze visual tokens
in textual contexts. As a result, the proposed MVT can largely boost the visual robustness,

successfully adapting knowledge across modalities.

In Chapter 6, instead of focusing on generalization across common modalities, we propose
a novel problem named Out-of-Modal (OOM) Generalization, which aims to leverage well-
known modal knowledge to infer rare modalities. For example, language and vision mod-
alities are quite extensive, but rare modalities, such as tactile, LIDAR, and genomics, are
not well-explored by Als. Due to the difficulty and cost of collecting and organizing such
data, it is extremely challenging to conduct large-scale training. Therefore, exploiting the
hidden knowledge from rare modalities based on the existing ones is essential for general
intelligence. In OOM generalization, we first understand the modality information via the
perspective of multimodal interaction, providing insights for extracting generalizable know-
ledge. By applying to real-world settings, it is possible to comprehend a novel modality from

scratch, paving the future directions for general-purpose Al.

Additionally, we provide theoretical proofs for all the theoretical studies in this thesis in
Chapter 7. At last, we conclude all our contributions and provide prospective discussions for

future studies in Chapter 8.



CHAPTER 2

Understanding and Harnessing OOD Data

Machine learning models are vulnerable to Out-Of-Distribution (OOD) examples, and such
a problem has drawn much attention. However, current methods lack a full understanding
of different types of OOD data: there are benign OOD data that can be properly adapted to
enhance the learning performance, while other malign OOD data would severely degener-
ate the classification result. To understand and Harness OOD data, this Chapter proposes a
HOOD method that can leverage the content and style from each image instance to identify
benign and malign OOD data. Particularly, we design a variational inference framework
to causally disentangle content and style features by constructing a structural causal model.
Subsequently, we augment the content and style through an intervention process to pro-
duce malign and benign OOD data, respectively. The benign OOD data contain novel styles
but hold our interested contents, and they can be leveraged to help train a style-invariant
model. In contrast, the malign OOD data inherit unknown contents but carry familiar styles,
by detecting them can improve model robustness against deceiving anomalies. Thanks to
the proposed novel disentanglement and data augmentation techniques, HOOD can effect-
ively deal with OOD examples in unknown and open environments, whose effectiveness is
empirically validated in three typical OOD applications including OOD detection, open-set

semi-supervised learning, and open-set domain adaptation.
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FIGURE 2.1. (a) An ideal causal diagram denoting the data generating pro-
cess. (b) Illustration of our disentanglement. The brown-edged variables C
and S are approximations of content C' and style S. The dashed lines indicate
the unwanted causal relations to be broken. (c) Illustration of the data aug-
mentation of HOOD. The green lines and red lines denote the augmentation

of benign OOD data X and malign OOD data X, respectively. In all figures,
the blank variables are observable and the shaded variables are latent.

2.1 Introduction

Learning in the presence of Out-Of-Distribution (OOD) data has been a challenging task in
machine learning, as the deployed classifier tends to fail if the unseen data drawn from un-
known distributions are not properly handled [28, 29]. Such a critical problem ubiquitously
exists when deep models meet domain shift [30, 31] and unseen-class data [28, 32], which
has drawn a lot of attention in some important fields such as OOD detection [33, 28, 34, 35,
36, 37, 38, 39], Open-Set Domain Adaptation (DA) [40, 41], and Open-Set Semi-Supervised
Learning (SSL) [42, 43, 44, 45, 46, 47, 48, 49].

In the above fields, OOD data can be divided into two types, namely benign OOD data'
and malign OOD data. The benign OOD data can boost the learning performance on the
target distribution through DA techniques [51, 31], but they can be misleading if not be-
ing properly exploited. To improve model generalization, many positive data augmentation
techniques [52, 53] have been proposed. For instance, the performance of SSL [54, 55] has
been greatly improved thanks to the augmented benign OOD data. On the contrary, malign
OOD data with unknown classes can damage the classification results, but they are deceiv-
ing and hard to detect [28, 35, 56, 57]. To train a robust model against malign OOD data,
some works [58, 59] conduct negative data augmentation to generate “hard” malign data

'We follow [50] to regard the augmented data as a type of OOD data
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which resemble in-distribution (ID) data. By separating such “hard” data from ID data, the
OQOD detection performance can be improved. When presented with both malign and be-
nign OOD data, it is more challenging to decide which to separate and which to exploit. As
a consequence, the performance of existing open-set methods could be sub-optimal due to
two drawbacks: (1) radically exploiting too much malign OOD data, and (2) conservatively

denying too much benign OOD data.

In this Chapter, we propose a HOOD framework (see Figure 2.2) to properly harness OOD
data in several OOD problems. To distinguish benign and malign OOD data, we model
the data generating process by following the structural causal model (SCM) [60, 61, 62] in
Figure 2.1 (a). Particularly, we decompose an image instance X into two latent components:
(1) content variable C' which denotes the interested object, and (2) style variable S which
contains other influential factors such as brightness, orientation, and color. The content C'
can indicate its true class Y, and the style S is decisive for the environmental condition,
which is termed as domain D. Intuitively, malign OOD data cannot be incorporated into
network training, because they contain unseen contents, thus their true classes are different
from any known class; and benign OOD data can be adapted because they only have novel
styles but contain the same contents as ID data. Therefore, we can distinguish the benign

and malign OOD data based on the extracted the content and style features.

In addition, we conduct causal disentanglement through maximizing an approximated evid-
ence lower-bound (ELBO) [63, 64, 65] of joint distribution P(X,Y, D). As a result, we
can effectively break the spurious correlation [61, 60, 66, 67, 68] between content and style
which commonly occurs during network training [69], as shown by the dashed lines in Fig-
ure 2.1 (b). In the ablation study, we find that HOOD can correctly disentangle content
and style, which can correspondingly benefit generalization tasks (such as open-set DA and

open-set SSL) and detection task (such as OOD detection).

To further improve the learning performance, we conduct both positive and negative data
augmentation by solely intervening the style and content, respectively, as shown by the blue
and red lines in Figure 2.1 (c). Such process is achieved through backpropagating the gradi-

ent computed from an intervention objective. As a result, style-changed data X must be
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identified as benign OOD data, and content-changed data X should be recognized as malign
OOD data. Without including any bias, the benign OOD data can be easily harnessed to im-
prove model generalization, and the malign OOD data can be directly recognized as harmful
ones which benefits the detection of unknown anomalies. By conducting extensive experi-
ments on several OOD applications, including OOD detection, open-set SSL, and open-set
DA, we validate the effectiveness of our method on typical benchmark datasets. To sum up,

our contributions are three-fold:

e We propose a unified framework dubbed HOOD which can effectively disentangle
the content and style features to break the spurious correlation. As a result, benign
OOD data and malign OOD data can be correctly identified based on the disen-
tangled features.

e We design a novel data augmentation method which correspondingly augments the
content and style features to produce benign and malign OOD data, and further
leverage them to enhance the learning performance.

e We experimentally validate the effectiveness of HOOD on various OOD applica-

tions, including OOD detection, open-set SSL, and open-set DA.

2.2 Related Work

OOD applications contains three typical problems, namely OOD detection, open-set SSL,
and open-set DA. OOD detection [28, 35] aims to train a robust model which can accurately
identify the newly-emerged malign OOD data during the test phase. Open-set SSL [70, 71,
72, 73, 49] deals with the problem when labeled data are scarce and the unlabeled data are
contaminated by malign OOD data. As for open-set DA [41, 40], it tries to transfer the know-
ledge from source ID data to the benign OOD data in target domain, meanwhile detecting
the malign OOD data that are encountered during transferring. In both three applications,
the predictive confidence has been frequently leveraged to separate malign OOD data [28,
35, 74, 75]. Moreover, ID data and OOD data can be distinguished via using a discrimin-

ator [58, 76, 49, 77]. Further, various open classifiers are designed to predict OOD dataset as
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unknown [78, 79, 41]. Thanks to the advances in unsupervised learning, many approaches

employ self-supervised learning to distinguish ID data and OOD data [80, 81, 82].

Causality in OOD problems mainly focuses on learning invariant representations that stay
constant when other causal factors are changing, thus achieving better performance when
facing non-stationary data distribution. To accomplish this goal, it is common to learn causal
factors and non-causal factors through the variational auto-encoder framework [63, 83].
Thanks to which, domain adaptation [84, 85, 26] and domain generalization [86, 87] can be
tackled through extracting the domain invariant features. Moreover, based on causal effects,
the biased feature can be eliminated through re-weighting [88, 89]. Additionally, the spuri-
ous correlation which is harmful for inference could be alleviated through do-calculus [90,
91, 61]. Recent methods [92, 93, 94] conduct data augmentations with self-supervised learn-

ing to train a robust model that can handle distribution shifts and corruptions.

In general, HOOD has two major differences from existing methods in OOD applications and
causality. On one hand, instead of treating an image instance as a whole as commonly done in
many approaches, HOOD can properly leverage OOD examples through their disentangled
contents and styles. Moreover, augmenting content and style can help improve generalization
and robustness simultaneously. On the other hand, current causal approaches are incapable
of dealing with malign OOD data, but HOOD is able to learn style-invariant features from

benign OOD data, meanwhile avoiding the damage brought by malign OOD data.

2.3 Methodology

In this section, we propose our HOOD framework as shown in Figure 2.2. Specifically, we
utilize the class labels of labeled data and the pseudo labels [95] of unlabeled data as the
class supervision to capture the content feature. Moreover, we perform different types of
data augmentation and regard the augmentation types as the domain supervision for each
style. Thereby, each instance x is paired with a class label y and a domain label d. Then,
we apply two separate encoders g. and g, parameterized by 6. and 6, to model the posterior

distributions gy (C' | X) and gg, (S | X), respectively. Subsequently, the generated C' and S
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FIGURE 2.2. Architecture of the HOOD. The solid lines denote the inference
flow, the dashed lines indicate the disentanglement of content and style, and
the tildes stand for the approximation of the corresponding variables.

are correspondingly fed into two fully-connected classifiers f. and f, parameterized by ¢,
and ¢, which would produce the label predictions g4 (Y | C) and g4, (D | S), respectively.
To further enhance the identifiability of C' and .S, a decoder h with parameter v is employed

to reconstruct the input instance x based on its content and style.

Below, we describe the detailed procedures and components during modeling HOOD. We
first introduce the proposed variational inference framework for disentangling the content
and style based on the constructed SCM. Subsequently, we conduct intervention to produce
benign OOD data and malign OOD data. Further, we appropriately leverage the benign and
malign OOD data to boost the learning performance. Finally, we formulate the deployment

of HOOD in three OOD applications.

2.3.1 Variational Inference for Content and Style Disentanglement

First, we assume that the data generating process can be captured by certain probability
distributions. Therefore, according to the constructed SCM in Figure 2.1 (a), the joint distri-

bution P(X,Y, D, C,S) of the interested variables can be factorized as follows:
P(X,Y,D,C,S)=P(C,S)P(Y,D | C,S)P(X | C,S). 2.1)

Based on the SCM in Figure 2.1 (a), Y and D are conditionally independent to each other,
ie,Y 1 D | (C,59),sowehave P(Y,D | C,S) = P(Y | C,S)P(D | C,S). Similarly,
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we have P(C,S) = P(C)P(S). Moreover, we can also know that Y is not conditioned on
S, and D is not conditioned on C. Hence, we can further derive P(Y, D | C,5) = P(Y |
C)P(D | 95).

However, the aforementioned spurious correlation frequently appears when facing OOD ex-
amples [69]. As a consequence, when variational inference is based on the factorization
in Equation (2.1), the approximated content C and style S could both directly influence Y
and D, ie.,Y < C = DandY < S — D, thus leading to inaccurate approximations.
However, the desired conditionis Y + C - D and Y <+ S — D. We can see that the un-
wanted correlations C' — D and S — Y in Figure 2.1 (b) is caused by erroneous posteriors
P(D | C)and P(Y | S). Therefore, to break the correlations, the posteriors g, (D | C) and
4. (Y | S) which are correspondingly approximated by the decoders ¢, and ¢, can be used
as denominators to g, (Y | C') and g4, (D | S), respectively. In this way, we can successfully
disentangle content C' and style S and ensure the decoding process of Y and D would not be
influenced by spurious features from S and C', respectively. To this end, our factorization in
Equation (2.1) can be approximated as:

: _ P(OPS)PY | C)P(D | SP(X | C,S)
PIX.Y.D.C.5) = 20.(D 1 s (V] 5) '

(2.2)

Then, we maximize the log-likelihood of the joint distribution p(x, y, d) of each data point
(x,y,d):

logp(x.y.d) = log | [ 5x,v.d. . s)deds, (23)
in which we use lower case to denote the values of corresponding variables. Due to the

integration of latents C' and S is intractable, we follow variational inference [63] to obtain an



2.3 METHODOLOGY 15

approximated evidence lower-bound £ L~BO(X, y, d) of the log-likelihood in Equation (2.3):
log p(x,y,d) =log / / p(x,y,d,c,s)deds

—log// x,y,d, ¢, S) qg(c s X)dcds

c,s|x
619( | ) 2.4)
g Epeny 50 [p(x,y,d, ¢ 8)]
c,8)~qp(C,S|x QQ(C s | X)
(X yad G S) Ny
SE sk |log Bl LS5 BIBOx, v, d).
2K (c,s)~gs(C,51x) {Og 2o(c. s [ %) (x,9,d)
Recall the modified joint distribution factorization in Equation (2.2), we can have:
- [ p()p(s)gs. (Y | )gs.(d | s)py(x | ¢, 5)
ELBO X7y7d =K ¢,s)~qp(C,S|x log
042 D) =Ecarantso | 108 = oy [ )2 (] ©)
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= — KL(gp.(c | x)[Ip(C)) — K L(qs,(s | x)|Ip(5))
+ Eengo, (01 [108 44, (y | ¢) —log gy, (d | c)]
+ Eonge, (5x) 108 g, (d | 5) —log qs.(y | 5)]
+ E(csjmas(csix [log py(x | ¢, 5)] (2.52)

=ELBO(X,y,d) — Eewy, (clx) [108 44, (d | €)] — Egngy_ (s [l0g g0 (v | 5)] -
(2.5b)

In Equation (2.5a), the first two terms indicate the Kullback-Leibler divergence between the
latent variables C' and S and their prior distributions. In practice, we assume that the priors
p(C) and p(S) follow standard multivariate Gaussian distributions. The third and fourth

terms contain the approximated log-likelihoods of label predictions and the disentanglement
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of the content and style. The last term stands for estimated distribution of x. Note that in
Equation (2.5b), our approximated ELBO is composed of two parts: the original ELBO
which could be obtained from the factorization in Equation (2.1), and two regularization
terms that aims to disentangle C' and S through maximizing the log-likelihoods log g, (d | ¢)
and log gy, (y | 5), which is shown by the dashed lines in Figure 2.2. By maximizing £ L BO,
we can train an accurate class predictor which is invariant to different styles. The detailed
derivation is provided in supplementary material. Next, we introduce our data augmentation

to assist in harnessing OOD examples.

2.3.2 Data Augmentation with Content and Style Intervention

After disentangling content and style, we try to harness OOD examples via two opposite aug-
mentation procedures, namely positive data augmentation and negative data augmentation
which aim to produce benign OOD data x and malign OOD data x, respectively, so as to fur-
ther enhance model generalization and improve robustness against anomalies. Specifically,
to achieve this, positive data augmentation only conducts intervention on the style feature
meanwhile keeping the content information the same; and the negative data augmentation
attempts to affect the content feature while leaving the style unchanged, so as to produce

malign OOD data, as shown in Figure 2.1 (b).

To achieve this goal, we employ adversarial data augmentation [96, 97, 98] which can dir-
ectly conduct intervention on the latent variables without influencing each other, thus it is
perfect for our intuition of augmenting content and style. Particularly, by adding a learnable
perturbation e to each instance x, we can obtain malign OOD data x and benign OOD data x
with augmented content and style, respectively. For each data point (x, y, d), the perturbation
e can be obtained through minimizing the intervention objective £(-):

e =arg e;ﬁgﬂglqﬁ(x +e,y,d;0., ¢, 05, 0s), (2.6)
where € denotes the magnitude of the perturbation e with ¢,-norm. Since our goal of positive
and negative data augmentation is completely different, here the intervention objective is

designed differently for producing x and X. For positive data augmentation, the intervention
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objective is:
Lpos = £d(gc<x§ 90)7 gC(X +e; 90)) - ECE<fS(QS(X +e; (93); bs), d)a 2.7)

where the first term £4(-) indicates the distance measured between the contents extracted
from the original instance and its perturbed version, and the second term L..(-) denotes the
cross-entropy loss. By minimizing £,,s, the perturbation e would not significantly affect the
content feature, meanwhile introducing a novel style that is distinct from its original domain
d. Consequently, the augmented benign data with novel styles can be utilized to train a style-
invariant model that is resistant to domain shift. Moreover, a specific style with domain label

d’ can be injected via modifying L, as:

Ejloos = [’d(gc(x; 00)7 gc(X _'_ e; 90)) + ﬁce(fs(gg(X + e; 95)7 ¢s)7 d/) (28)

Different from Equation (2.7), we hope to minimize the cross-entropy loss such that the
perturbed instance can contain the style information from a target domain d’. As a result, the
augmented benign data can successfully bridge the gap between source domain and target

domain, and further improve the test performance in the target distribution.

As for negative data augmentation, the intervention objective is defined as:

£n€g = Ed(QS(X3 08)7 gs(X + e; ‘93)) - Ece(fC(QC(X + €; 9(:)3 ¢c); y)- (2.9)

By minimizing L,.,, the perturbation would not greatly change the style information but
would deviate the content from its original one with class label y. Subsequently, by re-
cognizing the augmented malign data as unknown, the trained model would be robust to

deceiving anomalies with familiar styles, thus boosting the OOD detection performance.

To accomplish the adversarial data augmentation process, here we perform multi-step pro-

jected gradient descent [99, 100]. Formally, the optimal X and x can be iteratively found:

T = %' +arg min L% +e'), X =%' +arg min  L,,(X" +e'). (2.10)
t. t t. t
et;llet||p<e etsllef|lp<e

where the final iteration ¢ is set to 15 in practice. Further, the optimal augmented data will

be incorporated into model training, which is described in the next section.
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Algorithm 1 Training process of HOOD

1: Labeled set D' = {(x;,y;)}._,, unlabeled set D* = {(x;)}%,.
2: fori=1... Max_Iter do B
3:  Pre-train the variational inference framework through maximizing £ L BO in Equa-

tion (2.5a);
4:  Assigning pseudo labels y?* for unlabeled data D* := {(x;; y?*)}¥;;
5. if i == Augmentation_Iter then
6: Conduct Adversarial Data Augmentation to obtain X and x via Equation (2.10);
7 Add % and % into D and D, respectively;
8: endif
9:  Enumerate D and conduct supervised training for each X;

10:  Enumerate D and recognize each X as unknown;
11: end for

2.3.3 Model Training with Benign and Malign OOD data

Finally, based on the above disentanglement and data augmentation in Section 2.3.1 and
Section 2.3.2, we can obtain a benign OOD data X and a malign OOD data x from each
data point (x, y, d), which will be appended to the benign dataset D and malign dataset D,
respectively. For utilization of benign OOD data x, we assign it with the original class label
y and perform supervised training. For separation of malign OOD data x, we employ a one-
vs-all classifier [79] to recognize them as unknown data that is distinct from its original class
label y. The proposed HOOD method is summarized in Algorithm 1. Below, we specify
the proposed HOOD algorothm to three typical applications with OOD data, namely OOD

detection, open-set SSL, and open-set DA.

2.3.4 Deployment to OOD applications

Generally, in all three investigated applications, we are given a labeled set D' = {(x;, v;) ',
containing [ labeled examples drawn from data distribution P!, and an unlabeled set D* =
{x;}i, composed of u unlabeled examples sampled from data distribution P*. Moreover,

the label space of D! and D are defined as )' and V", respectively.

OOD detection. The labeled set is used for training, and the unlabeled set is used as a test

set which contains both ID data and malign OOD data. Particularly, the data distribution of
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unlabeled ID data ();4 is the same as distribution P, but the distribution of OOD data P, , is
different from P, i.e., P% = P' # P",. The goal is to correctly distinguish OOD data from
ID data in the test phase. During training, we conduct data augmentation to obtain domain
label d, then follow our variational framework to update the model parameters. During test,
we only use the content branch to predict the OOD score which is produced by the one-vs-all
classifier. An instance is considered as an ID datum if the OOD score is smaller than 0.5,

and an OOD datum otherwise.

Open-set SSL. The labeled set D! and unlabeled set D* are both used for training, and they
are sampled from the same data distribution with different label spaces. Specifically, the
unlabeled data contain some ID data that have the same classes as D', and the rest unlabeled
OOD data are from some unknown classes that do not exist in D', formally, Yy pe \
V' # @and P(x | y) = P*(x | y),y € V'. The goal is to properly leverage the labeled data
and unlabeled ID data without being misled by malign OOD data, and correctly classify test
data with labels in ). The training process is similar to OOD detection, except that HOOD
would produce an OOD score for each unlabeled data. If an unlabeled instance is recognized

as OOD data, it would be left out.

Open-set DA. The labeled set is drawn from source distribution P! which is different from
the target distribution P* of unlabeled set. In addition, the label space V! is also a subset of
Y*. Therefore, the unlabeled data consist of benign OOD data which have the same class
labels as labeled data, and malign OOD data which have distinct data distribution as well
as class labels from labeled data, formally, P! #+ P Yoy \ V! # &. The goal is
to transfer the knowledge of labeled data to the benign OOD data, meanwhile identify the
malign OOD data as unknown. In this application, we assign each target instance with a
domain label to distinguish them from other augmented data. Then we alter the positive data
augmentation objective from Equation (2.7) to Equation (2.8). During test, HOOD would

predict each target instance as some class if it is benign, and as unknown otherwise.
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2.4 Experiment

In this section, we first describe the implementation details. Then, we experimentally val-
idate our method on three applications, namely OOD detection, open-set SSL, and open-set
DA. Finally, we present extensive performance analysis on our disentanglement and inter-
vention modules. Additional details and quantitative findings can be found in the supple-

mentary material.

2.4.1 Implementation Details

In experiments, we choose Wide ResNet-28-2 [101] for OOD detection and Open-set SSL
tasks, and follow [102, 103] to utilize ResNet50 pre-trained on Imagenet [104] for Open-
set DA. For implementing HOOD, we randomly choose 4 augmentation methods from the
transformation pool in RandAugment [105], to simulate different styles. The pre-training
iteration Augmentation_Iter is set to 100,000, and the perturbation magnitude ¢ = 0.03,

following [98] in all experiments. Next, we validate HOOD in three applications.

2.4.2 OOD detection

In OOD detection task, we use SVHN [106] and CIFAR10 [107] as the ID datasets, and
use LSUN [108], DTD [109], CUB [110], Flowers [111], Caltech [112], and Dogs [113]
datasets as the OOD datasets that occur during test phase. Particularly, to explore the model
generalization ability, we only sample 100 labeled data and 20,000 unlabeled data from each
class and conduct semi-supervised training, then we test the trained model on the unlabeled
OOD dataset. To evaluate the performance, we utilize AUROC [28] which is an essential

metric for OOD detection, and a higher AUROC value indicates a better performance.

For comparison, we choose some typical OOD detection methods including Likelihood [28]
which simply utilizes softmax score as the detection criterion, ODIN [35] which enhances the
performance of Likelihood through adding adversarial attack, Likelihood Ratio [74] which

modifies the softmax score through focusing on the semantic feature, and OpenGAN [58]
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TABLE 2.1. Comparison with typical OOD detections methods. Averaged
AUROC (%) with standard deviations are computed over three independent
trails. The best results are highlighted in bold.

OOD dataset LSUN DTD CUB Flowers Caltech Dogs

ID dataset SVHN

Likelihood 52.25+0.3 50.33£0.7 48.76 £0.6 47.33£0.2 51.54£0.4 54.34 +£04
ODIN 55.72£0.2 53.32£0.5 52.70 £ 0.4 50.47 £ 0.7 56.41 £0.4 61.16 £0.3
Likelihood Ratio  79.34 0.5 78.42+£0.3 75.90 £ 0.7 74.53 £ 0.4 76.25 £ 0.3 83.55+0.4
OpenGAN 83.77+04  80.36 +0.5 77.49£0.8 79.26 £0.5 86.66+0.5 86.84+0.5
HOOD 84.10+ 0.6 80.68+0.6 79.24+0.5 80.93+0.7 8534+£0.7 87.58+0.8
ID dataset CIFAR10

Likelihood 54.32 £ 0.5 52.16 £0.4 50.67 £ 0.4 49.26 £0.3 53.86 £ 0.4 56.92 £ 0.2
ODIN 58.60 £0.3 55.59 £ 0.6 5848 £0.7  51.44+0.9 59.36 £0.4 64.82 £ 0.5
Likelihood Ratio  81.41 +0.6 79.77+0.5 79.35+£0.8 77.17£0.7  80.67+0.5 86.76 £ 0.3
OpenGAN 84.03+04  81.29+0.8 82.84+1.0 82.32+0.4 86.78+0.3 90.14 £ 0.5
HOOD 86.12+ 0.6 83.64+0.5 83.53+0.6 81.56+0.8 87.24+0.8 90.86+0.6

which can further improve the performance via separating the generated “hard” examples

that are deceivingly close to ID data.

The experimental results are shown in Table 2.1, we can see that HOOD can greatly surpass
Likelihood, ODIN, and Likelihood Ratio, and can outperform OpenGAN in most scenarios.
When compared with softmax-prediction-based methods such as Likelihood and ODIN,
HOQD surpasses them in a large margin, as HOOD can correctly separate some overconfid-
ent OOD examples from ID data. As for Likelihood Ratio, our method can achieve better
performance through producing “hard” malign OOD data, thus successfully avoiding de-
ceiving examples that are extremely close to ID data. Although both OpenGAN and HOOD
generate “hard” malign data to train an open classifier, HOOD can successfully distinguish
content and style thanks to the aforementioned disentanglement, thus avoid rejecting too

much benign OOD data and further yield better detection performance than OpenGAN.

2.4.3 Open-Set SSL

In open-set SSL task, we follow [70] to construct our training dataset using two benchmark
datasets CIFAR10 and CIFAR100 [107], which contains 10 and 100 classes, respectively.

The constructed dataset has 20,000 randomly sampled unlabeled data and a varied number
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TABLE 2.2. Comparison with typical Open-set SSL methods. Averaged test
accuracies (%) with standard deviations are computed over three independent
trails. The best results are highlighted in bold.

Training dataset CIFARI0 \ CIFAR100

No. of Labeled data 50 100 400 | 50 100 400
UASD 72.82+£0.9 7553+18 76.74+1.7 | 58.87+0.6 61.68+1.2 65.97+2.4
DS3L 7444+13 7689+15 7880+0.6 | 60.40+0.5 64.35+15 67.65+1.3

Clean Acc.  MTCF 79.884+1.3 81.414+1.0 83.9240.8 | 62.78+0.5 65.84+2.1 69.46+0.6
OpenMatch 84.10 +1.1 85.30+0.4 87.92+1.0( 65.76 £0.9 68.46 0.5 72.87+1.4
T2T 82.74+12 8356+14 85.97+08 | 6516+12 67.584+0.9 71.96+1.1
HOOD 83554+ 1.2 8416+ 1.5 86.22+2.7 |66.39+1.7 68.03+2.6 73.32+0.6
UASD 39.36 £ 1.2 41.38+0.7 42.66+1.8 | 31.55+2.0 33.39+1.7 35.20+0.8
DS3L 39.974+0.8 42584+0.8 44.394+0.6 | 33.72+0.8 34.67+0.8 36.64+0.6

Corrupted Ace, MTCF 40.16 £1.2 40.58 1.1 43.334+0.7 | 32.72+0.8 34.33+23 3553+ 0.6
OpenMatch 41.38£0.7 42.90+0.6 45.79+0.8 | 35.98+1.3 36.47+0.7 38.56+0.6
T2T 41.39£1.6 4556+£1.6 49.88+15 [41.03+1.7 39.64+0.7 41.38+1.6
HOOD  44.42+1.7 48.38+0.9 50.74+0.6| 40.82+ 1.5 41.65+0.9 43.72+2.2

of labeled data. Here the number of labeled data is set to 50, 100, and 400 per class in
both CIFARI10 and CIFAR100. Moreover, to create the open-set problem in CIFAR10, the
unlabeled data is sampled from all 10 classes and the labeled data is sampled from the 6 an-
imal classes. As for CIFAR100, the unlabeled data are sampled from all 100 classes and the
labeled data is sampled from the first 60 classes. For evaluation, we first use the test dataset
from the original CIFAR10 and CIFAR100 and denote the test accuracy as “Clean Acc.”.
Further, to evaluate the capability of handling OOD examples, we test on CIFAR10-C and
CIFAR100-C [114] which add different types of corruptions to CIFAR10 and CIFAR100, re-
spectively. The test accuracy from the corrupted datasets can reveal the robustness of neural

networks against corruptions and perturbations, and it is denoted as “Corrupted Acc.”.

For comparison, we choose some typical open-set SSL methods including Uncertainty-
Aware Self-Distillation method UASD [71] and T2T [115] which filters out the OOD data
via using OOD detection, Safe Deep Semi-Supervised Learning DS3L [70] which employs
meta-learning to down-weight the OOD data, Multi-Task Curriculum Framework MTCF [49]
which recognizes the OOD data as different domain, and OpenMatch [48] which utilizes

open-set consistency training on OOD data.
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TABLE 2.3. Comparison with typical Open-set DA methods. Averaged test
accuracies (%) with standard deviations are computed over three independent
trails. The best results are highlighted in bold.

Dataset Office ‘ VisDA

Domain A=W A—D D—W W—D D—A W—A | Synthetic—Real

OSBP 86.5+2.0 8.6+14 97.0+£1.0 97.9+£09 88.9+25 85.8+2.5 62.9+1.3
UAN 87.7+1.2 87.0+£0.8 935+£1.3 972+£16 884+£0.7 87.8+1.6 63.8+2.4
STA 89.5+£0.6 93.7x15 975+£0.2 99.5£0.2 89.1+0.5 87.9+£0.9 66.4+£1.3
HOOD 90.1+1.5 94.2+1.4 99.6+0.6 983+09 89.84+0.8 91.3£1.8 72.4+1.6

The experimental results are shown in Table 2.2. Compared to the strongest baseline method
OpenMatch, which randomly samples eleven different transformations from a transforma-
tion pool, our method has transformations that are limited to only four types. In CIFAR10
and CIFAR100 regarding the Clean Acc., the proposed HOOD is slightly outperformed by
OpenMatch. However, thanks to the disentanglement, HOOD can be invariant to different
styles and focus on the content feature. Therefore, when facing corruption, HOOD can be
more robust than all baseline methods. As shown by the Corrupted Acc. results, our method

surpasses OpenMatch for more than 3%.

2.4.4 Open-Set DA

In open-set DA task, we follow [41] to validate on two DA benchmark datasets Office [116]
and VisDA [117]. Office dataset contains three domains Amazon (A), Webcam (W), and
DSLR (D), and each domain is composed of 31 classes. VisDA dataset contains two domains
Sythetic and Real, and each domain consists of 12 classes. To create an open-set situation
in Office, we follow [41, 40] to construct the source dataset by sampling from the first 21
classes in alphabetical order. Then, the target dataset is sampled from all 31 classes. As for
VisDA, we choose the first 6 classes for source domain, and use all the 12 classes for target

domain. We use “A— W to indicate the transfer from “A” domain to “W” domain.

For comparison, we choose three typical open-set DA approaches including Open-Set DA
by BackPropagation OSBP [41] which employs an OpenMax classifier to recognize un-

known classes and perform gradient flipping for open-set DA, Universal Adaptation Network
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TABLE 2.4. Ablation study on necessity of each module.

Application OOD detection Open-Set SSL Open-Set DA
w/o disentanglement 84.94+1.3 82.55+ 1.1 64.6 £0.9
w/o benign OOD data 85.95 £ 1.8 83.32+£2.0 66.3 £ 2.5
w/o malign OOD data 82.50 £ 2.2 85.40 £ 0.8 71.8+1.2
w/o both augmentations 80.83 £0.8 81.14+1.2 65.4+1.2
HOOD 86.12 + 0.6 86.22 +£ 2.7 72.4+1.6

UAN [102] which utilize entropy and domain similarity to down-weight malign OOD data,
and Separate To Adapt STA [40] which utilizes SVM to separate the malign OOD data.

The experimental results are shown in Table 2.3. Compared to the baseline methods, the
proposed HOOD is largely benefited from the generated benign OOD data, which have two
major strengths: (1) they resemble target domain data by having common styles, and (2)
their labels are accessible as they share the same content as their corresponding source data.
Therefore, through conducting supervised training such benign OOD data, the domain gap
can be further mitigated, thus achieving better performance than baseline methods. Quant-
itative results show that HOOD can surpass other methods in most scenarios. Especially in
VisDA, HOOD can outperform the second-best method with 6% improvement, which proves
the effectiveness of HOOD in dealing with open-set DA.

2.4.5 Performance Analysis

Ablation Study: To verify the effectiveness of each module, we conduct an ablation study
on three OOD applications by eliminating one component at a time. Specifically, our HOOD
can be ablated into: “w/o disentanglement” which indicates removing the disentanglement
loss in Equation (2.5a), “w/o benign OOD data” which denotes training without benign OOD
data, “w/o malign OOD data” which stands for discarding malign OOD data, and “w/o both
augmentations” indicates training without both benign and malign OOD data. In OOD de-
tection, we use CIFAR10 and LSUN as the ID and OOD dataset, respectively. In open-set
SSL, we choose CIFAR10 with 400 labels for each class. As for open-set DA, we use VisDA

dataset.
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Analysis on Augmentation Number
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FIGURE 2.3. Left: Augmentation number analysis. Right: CIFAR10 Visu-
alization of our data augmentation.

The experimental results are shown in Table 2.4. We can see each module influences the
performance differently in three applications. First, we can see that the malign OOD data is
essential for OOD detection, as it can act as unknown anomalies and reduce the overconfid-
ence in unseen data. Then, benign OOD data can largely improve the learning performance
in open-set SSL and open-set DA, as they can enforce the model to focus on the content
feature for classification. Additionally, we can see that discarding both benign and malign
OOD data shows performance degradation compared to both “w/o benign OOD data” and
“w/o malign OOD data”. Therefore, our HOOD can correctly change the style and content,
which can correspondingly benefit generalization tasks (such as open-set DA and open-set
SSL) and detection tasks (such as OOD detection). Moreover, open-set DA relies more on
the disentanglement than the rest two modules, owing to the disentanglement can exclude
the style changing across different domains. Hence, our disentanglement can effectively

eliminate the distribution change from different domains and help learn invariant features.

Analysis on Augmentation Number: Since HOOD does not introduce any hyper-parameter,
the most influential setting is the number of data augmentation. To analyze its influence on
the learning results, we vary the number of augmentations that are sampled from the Rand-
Augment Pool [105] from 2 to 6. The results are shown in Figure 2.3 left. We can see that
both too less and too many augmentations would hurt the results. This is because a small
augmentation number would undermine the generalization to various styles; and a large aug-
mentation number would increase the classification difficulty of the style branch, further
making the disentanglement hard to achieve. Therefore, setting the augmentation number to

4 is reasonable.
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FIGURE 2.4. Illustration content ande style disentanglement on CIFAR10.
The number in each cell denotes the prediction probability.

Visualization: Furthermore, to show the effect of our data augmentations, we visualize
the augmented images by applying large perturbation magnitude (4.7) [118] in Figure 2.3
right. The model prediction is shown below each image. We can see that the negative data
augmentation significantly changes the content which is almost unidentifiable. However,
positive data augmentation can still preserve most of the content information and only change
the style of images. Therefore, the augmented data are tailor-designed for training a robust

classifier.

Content and Style Disentanglement: To further testify that our disentanglement between
content and style is effective, we select the latent variables from different content and style
categories, and use the learned class and domain classifiers for cross-prediction. Specifically,
there are four kinds of input-prediction types: content-class, content-domain, style-class, and
style-domain. As we can see in Figure 2.4, only the content features are meaningful for class

prediction, and the same phenomenon goes for style input and domain prediction. However,
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Effect of Benign and Malign OOD Data
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FIGURE 2.5. Effect of adding benign and malign OOD data into training.

neither of the style and content features can be identified by the class predictor and domain
predictor, respectively. Therefore, we can reasonably conclude that our disentanglement

between content and style is effectively achieved.

Effect of Adding Benign and Malign OOD Data into Training: To give a illustrative
comparison of adding benign OOD data and malign OOD data into training, we conduct
experiments under the open-set SSL setting and separately augmenting benign OOD data and
malign OOD data to compare their effects. Moreover, we conduct plain training as a baseline
result which do not use either augmentations. The results are shown in Figure 2.5. We can see
that after adding augmented data, the effect of malign OOD data causes sudden performance
degradation. On the contrary, benign OOD data can further improve the learning result
compared to the plain training baseline. Which again shows that preserving content and

augmenting style is beneficial, and eliminating content is harmful for generalization.

Analysis of OOD Score To show the effectiveness of identifying malign OOD data from
benign OOD data, we test the performance of HOOD on three applications to observe the
OOD scores of benign OOD data and malign OOD data and show the averaged OOD scores
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TABLE 2.5. Averaged OOD scores on three applications.

Application OOD score

bp Benign OOD data Malign OOD data
OOD detection 0.16 +£0.3 0.83£0.6
Open-Set SSL 0.08 £ 0.5 091+04
Open-Set DA 021£04 0.88+=0.3

TABLE 2.6. Execution efficiency comparisons on three applications.

OOD Detection Open-set SSL Open-set DA
Method Time Method Time Method Time

Likelihood 6.2h  DS3L 15.4h UAN 8.5h
OpenGAN 7.8h  OpenMatch 10.5h STA 9.1h
HOOD 11.4h HOOD 13.7h HOOD 12.4h

in Table 2.5. We can see that the OOD score produced by our one-vs-all classifier can
clearly distinguish benign and malign OOD data during the test phase, which again validates
the effectiveness of HOOD.

Execution Efficiency Additionally, to give a quantitative comparison on the execution effi-
ciency of HOOD, here we provide the running time on 3090 GPU compared to some typical
baseline methods. The results are shown in Table 2.6. Note that our method involves causal

disentanglement as well as adversarial training, therefore, the training time is increased.

2.5 Conclusion

In this Chatper, we propose HOOD to effectively harness OOD examples. Specifically, we
construct a SCM to disentangle content and style, which can be leveraged to identify benign
and malign OOD data. Subsequently, by maximizing ELBO, we can successfully disentangle
the content and style feature and break the spurious correlation between class and domain.
As a result, HOOD can be more robust when facing distribution shifts and unseen OOD
data. Furthermore, we augment the content and style through a novel intervention process to

produce benign and malign OOD data, which can be leveraged to improve classification and
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OOD detection performance. Extensive experiments are conducted to empirically validate

the effectiveness of HOOD on three typical OOD applications.



CHAPTER 3

Sharpness-Based Distribution Robust Optimization

Robust generalization aims to tackle the most challenging data distributions, which are rare
in the training set and contain severe noise, i.e., photon-limited corruptions. Common solu-
tions, such as distributionally robust optimization (DRO), focus on the worst-case empirical
risk to ensure low training error on the uncommon noisy distributions. However, due to the
over-parameterized model being optimized on scarce worst-case data, DRO fails to produce a
smooth loss landscape, thus struggling on generalizing well to the test set. Therefore, instead
of focusing on the worst-case risk minimization, we propose SharpDRO by penalizing the
sharpness of the worst-case distribution, which measures the loss changes around the neigh-
borhood of learning parameters. Through worst-case sharpness minimization, the proposed
method successfully produces a flat loss curve on the corrupted distributions, thus achiev-
ing robust generalization. Moreover, by considering whether the distribution annotation is
available, we apply SharpDRO to two problem settings and design a worst-case selection
process for robust generalization. Theoretically, we demonstrate that SharpDRO offers a
strong convergence guarantee. Experimentally, we simulate photon-limited corruptions us-
ing the CIFAR10/100 and ImageNet30 datasets and demonstrate that SharpDRO exhibits a
strong generalization ability against severe corruptions, outperforming well-known baseline

methods by a significant margin.

3.1 Introduction

Learning against corruptions has been a vital challenge in the practical deployment of com-

puter vision models, as learning models are much more fragile to subtle noises than human

30
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FIGURE 3.1. Illustration of photon-limited corruptions.

perception systems [119, 28, 120]. During the training, the encountered corruptions are es-
sentially perceived as a distribution shift, which would significantly hinder the prediction
results [35, 121, 31, 122, 123, 124]. Therefore, to mitigate the performance degradation, en-

hancing generalization to corrupted data distributions has drawn lots of attention [69, 125].

In the real world, noise corruptions are commonly known as photon-limited imaging prob-
lems [126, 127, 128, 129] which arise due to numerous small corruption photons arriving
at an image sensor. Consequently, different numbers of captured photons would form dif-
ferent levels of corruption severity, further producing multiple data distributions and impos-
ing varied impacts on learning models [114]. Specifically, the encountered photon-limited
corruption & is a composition of multiple noise photons u, which is triggered by some dis-
crete factors with a certain probability during a time interval. For example, a photon v can
be triggered by each platform changing, redistribution, transmission, etc. More photons
are captured, and severe corruption would be applied to the image. Therefore, the sever-

ity s of the photon-limited corruptions & can be modeled by Poisson distribution, i.e.,

s~ P(s;\) = ¢ X which is illustrated in Figure 3.1. As aresult, the real-world dataset is

s!

not completely composed of clean data, but contains corrupted data with various severities.

Dealing with such a realistic problem by vanilla empirical risk minimization can achieve sat-

isfactory average accuracy on the whole training set. However, due to the extremely limited
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FIGURE 3.2. Illustration of our motivation. (a) Loss surface visualization
of GroupDRO and the proposed SharpDRO. The columns from left to right
stand for corrupted distributions with severity s = 0 to 5. (b) Illustration of
why a sharp loss surface hinders generalization to test data.

number of severely corrupted data, the learning model would produce large training errors
on the corrupted distributions, further hindering the robust performance under challenging
real-world situations. A popular approach to achieve low error on the scarce corrupted data is
distributionally robust optimization (DRO) [130, 125, 131, 132, 133, 134], which commonly
optimizes the model parameter # by optimizing:

min sup Ewp~q [L£06; (z,9))], 3.1)
where Q denotes the uncertainty set that is utilized to estimate the possible test distribution.
Intuitively, DRO assumes that Q consists of multiple sub-distributions, among which exists
a worst-case distribution (). By concentrating on the risk minimization of the worst-case dis-
tribution, DRO hopes to train a robust model that can deal with the potential distribution shift
during the test phase. However, existing DRO methods usually leverage over-parameterized
models to focus on a small portion of worst-case training data. Therefore, the worst-case
data contaminated with severe corruption is highly possible to get stuck in sharp minima.
As shown in the upper part of Figure 3.2 (a), a stronger corruption would cause the existing
method to learn a sharper loss surface. Consequently, optimization via DRO fails to produce
a flat loss landscape over the corrupted distributions, which leads to a large generalization

gap between training and test set [135, 136].
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To remedy this defect, in this Chapter, we propose the SharpDRO method to focus on learn-
ing a flat loss landscape of the worst-case data, which can largely mitigate the training-test
generalization gap problem of DRO. Specifically, we adopt the largest loss difference formed
by applying weight perturbation [137, 138] to measure the sharpness of the loss function. In-
tuitively, a sharp loss landscape is sensitive to noise and cannot generalize well on the test set.
On the contrary, a flat loss landscape produces consistent loss values and is robust against
perturbations (Figure 3.2 (b)). By minimizing the sharpness, we can effectively enhance the
generalization performance [135, 136]. However, directly applying sharpness minimization
on multiple distributions would yield poor results [139], as the computed sharpness could be
influenced by the largest data distribution, and thus cannot generalize well to small corrupted
data. Therefore, we only focus on worst-case sharpness minimization. In this way, as the
lower part of Figure 3.2 (a) shows, SharpDRO successfully produces a flat loss surface, thus

achieving robust generalization on the severely corrupted distributions.

In addition, identification of the worst-case distribution requires expensive annotations, which
are not always practically feasible [140]. In this Chapter, we apply SharpDRO to solve two
problem settings: (1) Distribution-aware robust generalization, which assumes that distri-
bution indices are accessible, and (2) Distribution-agnostic robust generalization, where the
distributions are no longer identifiable, making the worst-case data hard to find. Existing
approaches, such as Just Train Twice (JTT), require two-stage training, which is rather in-
convenient. To tackle this challenge, we propose a simple (Out-of-distribution) OOD detec-
tion [28, 42, 43, 35, 36, 39, 141] process to detect the worst-case data, which can be further
leveraged to enable worst-case sharpness minimization. Through constructing training sets
according to the Poisson distributed noisy distribution using CIFAR10/100 and ImageNet30,
we show that SharpDRO can achieve robust generalization results on both problem settings,

surpassing well-known baseline methods by a large margin.

To sum up, our main contributions are threefold:

e We proposed a sharpness-based DRO method that overcomes the poor worst-case

generalization performance of distributionally robust optimization.
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e We apply our SharpDRO to both distribution-aware and distribution-agnostic set-

tings, which brings a practical capability to our method. Moreover, we propose an

OOD detection approach to select worst-case data to enable robust generalization.

. 2 .
e Theoretically, we show that SharpDRO has a convergence rate of O( \/’;\/TT) Empir-
ically, we form a photon-limited corruption dataset that follows a Poisson distribu-
tion, and conduct extensive experiments to show a strong generalization ability of

SharpDRO as well as its superiority to compared baseline methods.

In the following, we first briefly introduce the background and discuss the problem setting
in section 3.2. Then, we specify our SharpDRO over two problem settings in Section 3.3.
Moreover, we give a detailed optimization process and provide convergence analysis in Sec-
tion 3.3.3. Further, we conduct extensive experiments to validate our SharpDRO in Sec-

tion 3.4. At last, we conclude this Chapter in Section 3.6.

3.2 Robust Generalization Methods

Due to the practical significance of robust generalization, various approaches have been pro-
posed to deal with distribution shift. Here, we briefly introduce three typical baseline meth-

ods, namely Invariant Risk Minimization, Risk Extrapolation, and GroupDRO.

Invariant Risk Minimization (IRM) [69, 142, 143] aims to extract the invariant feature
across different distributions (also denoted as environments). Specifically, the learning model
is separated into a feature extractor GG and a classifier C. IRM assumes an invariant model
C o GG over various environments can be achieved if the classifier C' constantly stays optimal.
Then, the learning objective is formulated as:

mln {EIRM = Z Le(C

ec& (3_2)
s.t.C* e argm&nﬁe(C oG),foralle € &,

where C* stands for the optimal classifier, and e denotes a specific environment from a given

environmental set £. By solving Equation (3.2), the feature extractor G' can successfully
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learn invariant information without being influenced by the distribution shift between differ-

ent environments.

Risk Extrapolation (REx) [144] targets at generalization to out-of-distribution (OOD) en-
vironments. Inspired by the discovery that penalizing the loss variance across distributions
helps achieve improved performance on OOD generalization, REx proposes to optimize via:

min { Lrey = Y L9(0) + BVar (L7, .., L™)}, (3.3)

0e©
ec&

where [ controls the penalization level. Intuitively, REx seeks to achieve risk fairness among
all m training environments, so as to increase the similarity of different learning tasks. As
a result, the training model can capture the invariant information that helps generalize to

unseen distributions.

GroupDRO [125, 145, 132] deal with the situation when the correlation between class label
y and unknown attribute a differs in the training and test set. Such a difference is called
spurious correlation, which could seriously misguide the model prediction. As a solution,
GroupDRO considers each combination of class and attribute as a group g. By conducting
risk minimization through:

Ialéié’)l {EGroupDRO = Hl;iX E@y)~p, [L(O; (z,y))] } (3.4)

The worst-case group from the distribution P, which commonly holds spurious correlation,

is emphasized, thus breaking the spurious correlation.

Discussion: IRM and REx both focus on learning invariant knowledge across various en-
vironments. However, when the training set contains extremely imbalanced noisy distribu-
tions, as shown in Figure 3.1, the invariant learning results would be greatly misled by the
most dominating distribution. Thus, the extracted invariant feature would be questionable
for generalization against distribution shift. Although emphasizing the risk minimization
of worst-case data via GroupDRO can alleviate the imbalance problem, its generalization
performance is still sub-optimal when facing novel test data. However, SharpDRO can not

only focus on the uncommon corrupted data, such as adversarial perturbation [146], but also
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FIGURE 3.3. Sharpness during networking training on clean (s = 0) and corrupted
distributions (s = 1 to 5).

effectively improve the generalization performance on the test set by leveraging worst-case

sharpness minimization.

Our investigated problem is closely related to OOD generalization which is a broad field that
contains many popular research topics, such as Domain Generalization [147, 148, 149, 150,
151, 152, 153, 154], Causal Invariant Learning [69, 144, 155, 156, 157, 158]. Generally,
existing works mainly study two types of research problems: (1) mitigating domain shift
between the training and test datasets; and (2) breaking the spurious correlation between
causal factors. However, as generalization against corruptions does not introduce any
domain shift or spurious correlation, such a problem cannot be naively solved by do-
main generalization methods or causal representation learning techniques. Therefore, in this
Chapter, we focus on complementing this rarely-explored field and propose SharpDRO to
enforce robust generalization against corruption. In the next section, we elaborate on the

methodology of SharpDRO.

3.3 Methodology

In robust generalization problems, we are given a training set D"™" containing n image
examples, each example x € X is given a class label y € V) = {1,2,...,c}. Moreover,
the training set is corrupted by a certain type of noise whose severity s follows a Poisson

distribution P(s; \). Here we assume A = 1, which indicates that the mean number of noise
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photons u that occurred during a time interval is 1. Therefore, the distribution P of the
whole training set is composed of S sub-distributions Py, s € {1, 2, ..., S} with varied levels
of corruption. Our goal is to learn a robust model § € O that can achieve good generalization

performance on challenging data distributions P; with large severity.

The general objective of SharpDRO is formulated as:
min { Lsnappro = Bay)~q [£(0; (2, 9))] + Ewy)ng [R(0; (2, 9))]} (3.5)

where the first term denotes the risk minimization using the loss function £, meanwhile, a
worst-case distribution () is selected based on the model prediction. The second term R
indicates the sharpness minimization, which aims to maximally improve the generalization
performance on the worst-case distribution (). Specifically, as shown in Figure 3.3, the
sharpness gradually increases as the corruption severity increases. Therefore, to accomplish
robust generalization, we are motivated to emphasize the worst-case distribution. As a result,
we can produce much smaller sharpness compared to other methods, especially on severely

corrupted distributions.

In the following, we first introduce worst-case sharpness for robust generalization. Then,
we demonstrate worst-case data selection on two scenarios. Finally, we provide a detailed

optimization process and convergence analysis.

3.3.1 Sharpness for Robust Generalization

The main challenge of robust generalization is that the training distribution is extremely
imbalanced, as shown in Figure 3.1. The performance on the abundant clean data is quite
satisfactory, but robustness regarding the corrupted distribution is highly limited, owing to
the severe disturbance of corruption as well as the insufficiency of noisy data. To enhance
the generalization performance, we leverage sharpness to fully exploit the worst-case data.

Specifically, sharpness [137, 159, 160, 138, 161] is measured by the largest loss change
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when model weight 6 is perturbed with €, formally:
R = max {L£(0 + € (z,y)) — L(0; (z,9))}, (3.6)
€ll2<p
where p is a scale parameter to control the perturbation magnitude. By supposing € is small

enough, we can have:

L(O+¢€)— L(O) = VL(O)e. (3.7)

Further, we hope to obtain the largest loss change to find the optimal weight perturbation €*,
which is be computed as:

€* ;= arg max VL(0)e. (3.8)

llell2<p

By following dual norm problem, the optimal ¢* can be solved as psign(V £(6)) [137], which
is essentially the co-norm of the gradient V£ multiplied with a scale parameter p. Hence,

common sharpness minimization aims to minimize:
Ewyn@R = L0 + psign(VL(0; (x,y)))) — L(G; (,y)). (3.9)

The intuition is that the perturbation along the gradient norm direction increases the loss
value significantly. When training on corrupted distributions, the scarce noisy data scatter
sparsely in the high-dimensional space. As a consequence, the neighbor of each datum could
not be sufficiently explored, thus producing a sharp loss curve. During testing, the unseen
noisy data is likely to fall on an unexplored point with a large loss, further causing inaccurate

model predictions.

Therefore, instead of directly applying sharpness minimization on the whole dataset, which
leads to poor generalization performance [139] (as demonstrated in Section 3.5.1), we focus
on sharpness minimization over the worst-case distribution (). By conducting the worst-case
sharpness minimization, we can enhance the flatness of our classifier. Consequently, when
predicting unknown data during the test phase, a flat loss landscape is more likely to produce
a low loss than a sharp one; hence, our SharpDRO can generalize better than other DRO
methods. However, the robust performance largely depends on the worst-case distribution

@, so next, we explain our worst-case data selection.
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3.3.2 Worst-Case Data Selection

Generally, the worst-case data selection focuses on finding the most uncertain data distribu-
tion () from the uncertainty set Q, which is an f-divergence ball from the training distri-
bution P [162, 163, 164]. Most works assume each distribution is distinguishable from the
other. However, when the distribution index is not available, it would be very hard to se-
lect worst-case data. In this section, we investigate two situations: distribution-aware robust

generalization and distribution-agnostic robust generalization.

3.3.2.1 Distribution-Aware Robust Generalization

When given annotations to denote different severities of corruptions, the image data x is
paired with class label y and distribution index s. Then, the worst-case distribution () can be
found by identifying the sub-distribution Ps; € P that yields the largest loss. Hence, we can

optimize through:

min{ max  { Z [£(0, we; (3, )] } + Z [R(Q»wg(%,yi))}}a (3.10)

P amrai, (mianeq (i yi)€Q
where w; belongs to a (S — 1)-dimensional probability simplex. The first term simply recov-
ers the learning target of GroupDRO [125, 164] and helps find the worst-case distribution ().
Then, by emphasizing the selected P, the second sharpness minimization term can act as a
sharpness regularizer. As a result, SharpDRO can learn a flatter loss surface on the worst-

case data, thus generalizes better compared to GroupDRO, as discussed in Section 3.4.

3.3.2.2 Distribution-Agnostic Robust Generalization

Due to the annotations being extremely expensive in the real world, a practical challenge is
how to learn a robust model without a distribution index. Unlike JTT [140], which trains
the model through two stages, we aim to solve this problem more efficiently by detecting
the worst-case data during network training. As the corrupted data essentially lie out-of-
distribution, we are motivated to conduct OOD detection [165, 166, 35, 36, 56] to find the

worst-case data.
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Particularly, we re-utilize the weight perturbation €* to compute an OOD score:
w; = max f(0; (z;)) — max f(6 + € (2;)), (3.11)

where f(-) stands for the c-dimensional label prediction in the label space, whose maximum
value is considered as prediction confidence. Intuitively, as the model is much more robust to
the clean distribution than the corrupted distribution, the prediction of clean data usually ex-
hibits more stability than scarce noisy data when facing perturbations. Hence, if an example
comes from a rarely explored distribution, its prediction certainty would deviate signific-
antly from the original value, thus producing a large OOD score, as shown in Section 3.5.1.
Note that the major difference is that we target generalization on worst-case data, but OOD

detection aims to exclude OOD data.

To this end, we can construct our worst-case dataset as:

w;
wz : mzayz . i (312)
{Z MZ lwl}

where normalization on w; is performed simultaneously. Then, the learning target of the

distribution-agnostic setting becomes:

mm{ mwzix{ Z L(6,w;; (z,y))] } + Z (R0, @s; (z,y))] }, (3.13)

(z3,9:1)€Q (zi,9i)€Q
Therefore, the worst-case data can be selected by focusing on the examples with large OOD
scores. In this way, our sharpDRO can be successfully deployed into the distribution-
agnostic setting to ensure robust generalization, whose effectiveness is demonstrated by
quantitative and qualitative results in Sections 3.4.3 and 3.5.1. Next, we give details about

implementing SharpDRO.

3.3.3 Optimization for SharpDRO

In both distribution-aware and distribution-agnostic scenarios, the worst-case data distri-
bution is identified using the distribution weighting parameter w, and OOD score w, re-

spectively. Intuitively, their effect is similar: finding the worst data distribution that yields
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Algorithm 2 Optimization process of SharpDRO

1: Training set D" = {z;, y;}, containing Poisson distributed noisy corruptions;
2: Model parameter 6 < 6y;

3: Weighting parameter w <— wy;

4: Learning rate: 7, 1,,.

5: fort=0,1,....,7T — 1do

6:  if Distribution-aware then

7: > Loss maximization via optimizing w1

8: w1 = argmaxy, { B ywp, [L(0:,w; (2,9))]};
9: else if Distribution-agnostic then
10: > OOD detection for computing wy ;1
11: Update w1 via Equation (3.11);
12:  end if
13: > Optimize variable 6

14: 041 = argming {E(w,y)Nth[£<97 wi) + R0, Wt)]}
15: end for

the maximum loss. Therefore, without loss of generality, we consider the maximization in
Equations (3.10) and (3.13) as the optimization on the same weighting parameter w and the
samples (z,y) can be considered i.i.d. from Q weighted by w to compute the loss value
L. Moreover, the sharpness regularization can be reformulated in the same way as Equa-
tion (3.6) by including w: R(0, w; (z,y)) = maxc|,<,{L(0+¢€,w; (x,y)) —L(0,w; (x,y))}.

Therefore, our general learning objective can be formulated as a bi-level optimization:

mgin E@y~q [L(0,w"; (z,y))] + RO, w"; (x,9)) (3.14)

s. t.w" = argmax Eq g [L(0,w; (z,y))] . (3.15)

The optimization process is shown in Algorithm 2. Specifically, we first update the weighting
parameter w based on the empirical risk term £ using stochastic gradient ascent. Then,
by leveraging the updated w, we optimize the general objective, which contains both risk
minimization of £ and worst-case sharpness minimization of R. We iterate these processes
until convergence, hoping to minimize the risk on the target loss function £ with the worst-

case data distribution.
Convergence Analysis: First we give some brief notations:

L(0,w) == Eq L0, w; (z,y)). (3.16)
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TABLE 3.1. Quantitative comparisons on distribution-aware robust general-
ization setting. Averaged accuracy (%) with standard deviations is computed
over three independent trials.

Dataset Type Method

Corruption Severity

0 1 2 3 4 5

ERM 90.9+£0.02 89.2+£0.02 86.4+0.03 859+0.01 83.5+0.01 78.8+0.01

§ IRM 91.8+£0.01 90.3+£0.01 89.5+0.01 86.7+£0.02 81.8+£0.02 80.0=+0.02

% REx 91.3+0.03 89.5+0.02 88.1+£0.02 86.7+0.02 83.3+0.01 80.5+0.02

o O  GroupDRO 90.2£0.03 89.1+0.02 884=+0.04 84.3+0.01 83.0+£0.02 78.2+0.02
% SharpDRO 93.1 £0.05 92.2+0.03 91.44+0.03 89.2+0.04 87.1+0.03 84.5+0.03
% ERM 925+0.02 91.1+0.02 89.9+0.01 856+0.03 857+001 78.8=+0.01
. IRM 90.4+£0.01 90.3+£0.02 89.4+0.02 86.3+£0.01 84.3+£0.02 79.1+0.02

go) REx 91.1£0.02 90.6+£0.02 90.2+0.03 86.8+0.02 84.7+0.02 80.5+0.01
GroupDRO 92.2+0.01 91.4+£0.01 89.44+£0.02 84.0+0.01 84.7+0.02 78.3+0.01

SharpDRO  91.7+£0.04 93.3 £0.04 92.5+0.05 91.0+0.02 88.2+0.03 83.9+0.04

ERM 68.2+0.01 64.8+£0.01 60.6+0.01 56.9+£0.01 53.9+£0.01 50.2+0.03

.§ IRM 64.7+0.02 64.7+£0.01 62.24+0.01 54.5+£0.02 53.4+0.03 50.4+£0.01

% REx 68.0£0.03 65.1+£0.03 61.8+£0.01 56.8+£0.01 53.2+0.01 51.5+£0.01

S O  GroupDRO 66.1 £0.01 61.7+£0.02 59.3+0.03 53.6+0.01 54.0+£0.02 50.6=+0.02
% SharpDRO 72.3 £0.03 72.2+0.03 71.5+0.02 62.4+0.03 59.7+0.03 55.7+0.06
% ERM 67.6 £0.03 65.1+£0.01 629+0.01 56.0£0.01 5514+0.01 47.3+£0.01
- IRM 67.5+£0.02 65.7£0.01 62.7+£0.01 59.5+£0.01 55.8+0.01 48.3+0.01

go) REx 65.7£0.01 63.8+£0.02 61.9+0.01 59.3+£0.03 53.8+£0.01 48.1+0.01
GroupDRO 67.0+£0.02 65.8+0.01 63.1+0.01 589+0.01 57.5+0.01 49.3+0.01

SharpDRO 71.3 £0.02 70.5+0.03 68.3 +0.03 63.6 +0.04 60.5+0.04 53.4+0.03

ERM 87.5+£0.01 84.6+0.01 81.9+0.01 76.5+0.01 71.2+0.01 65.3+0.01

_§ IRM 86.6 £0.01 84.4+0.03 80.6+0.01 752+0.01 70.7+£0.03 64.8+0.01

§ REx 86.3£0.01 83.8+£0.03 81.1+£0.02 75.6+£0.02 71.5+£0.01 66.1=+0.03

% 8 GroupDRO 85.1 +£0.02 84.24+0.01 81.2+0.03 76.3+0.03 72.0+0.02 66.3+0.01
% SharpDRO 89.6 +0.03 88.3 +£0.02 85.5+0.03 82.8+0.04 77.5+0.03 70.2+0.05
éﬁ ERM 86.9+£0.01 84.8+0.01 8&83.6+0.01 79.7+£0.01 754+0.01 64.6+0.01
. - IRM 86.8+£0.01 85.1+£0.03 81.5+0.01 73.5+£0.02 685+0.03 62.5+0.03
%o REx 83.8+£0.01 86.3+£0.03 82.5+0.02 73.9+£0.01 70.6+£0.03 64.0+0.02
GroupDRO 86.7£0.01 85.6+0.03 84.5+0.01 80.7+0.01 76.2+£0.04 65.4+0.01

SharpDRO 88.3 +-0.02 88.1 :-0.03 86.41+0.02 85.3 +0.04 78.2+0.04 68.2+0.03

The worst-case data distribution, which has the maximum loss, is denoted by w*(0) :=

arg max,, (6, w). We can obtain the convergence to a stationary point of

1

by averaged gradient 7

L*(#) := maxL(0,w) = L(0,w*(0))

w

Lo E(VLA(6,)]%.

(3.17)
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THEOREM 1 (Informal). Assuming the loss function L is [-Lipschitz smooth, satisfies -
Polyak-t.ojasiewicz (PL) condition on the second variable w, and has unbiased estimation
about the gradient as well as o bounded variance, we can get the convergence rate during

T iterations:

1 s 34 (E[L*(6y)] — ming E[L*(6)])o?
T;EHVL (6,)]] §320\/ T

(2
=0 ,
( VM T)
where the conditional number k = |/ and M means the sample batch(here we can choose

M= 1)\

3.4 Experiment

In experiments, we first give details about our experimental setup. Then, we conduct quant-
itative experiments to compare to proposed SharpDRO with the most popular baseline meth-
ods by considering both distribution-aware and distribution-agnostic settings, which shows
the capability of SharpDRO to tackle the most challenging distributions. Finally, we conduct

qualitative analyses to validate the effectiveness of SharpDRO in robust generalization.

3.4.1 Practical Implementation

Our SharpDRO requires two backward phases, so the time complexity is twice as much
as plain training, for efficient sharpness computation, please refer to [167, 168, 169, 170,
171]. In the first step, we record the label prediction p of each data during inference and
simultaneously compute the loss £. Additionally, in the first backward pass, we store the
computed gradient V.£(6). Further, by adding €*, we use the perturbed model to compute the
second label prediction p, which is further leveraged to compute the sharpness regularization
‘R. Moreover, in the distribution-agnostic setting, the predictions p and p from two forward

steps are used to compute the OOD score w;. Then, we add the recorded gradient V.L(0)

IThe resulting bound here means our SharpDRO can converge to the e-stationary point in }2 iterations.



44 3 SHARPNESS-BASED DISTRIBUTION ROBUST OPTIMIZATION

TABLE 3.2. Quantitative comparisons on distribution-agnostic robust gener-
alization setting. Averaged accuracy (%) with standard deviations is com-
puted over three independent trials.

C tion Severit
Dataset Type Method orruphion veverity

0 1 2 3 4 5

.§ JTT 89.9+£0.02 888=£0.02 86.5£0.02 86.1£0.02 83.4£0.03 79.8£0.02

o § EIIL 88.6 £0.02 87.5£0.03 86.3+£0.03 854+£0.02 83.2+£0.03 788+£0.01

ﬂé O SharpDRO 91.2+0.02 91.3+0.03 88.9+0.04 87.3+0.02 85.6+0.04 83.1+0.02
a3

@) - JIT 91.3£0.02 90.5£0.03 89.3£0.01 86.5£0.02 83.1£0.02 79.8£0.02

% EIIL 90.3£0.03 90.1£0.02 883+£0.01 86.2+£0.02 823£0.03 785=£0.02

SharpDRO 91.9 £0.02 91.1 £0.02 90.2+0.04 88.6£0.04 86.5+0.05 83.3+0.04

,§ JIT 68.0+0.02 653+£0.02 61.3+£0.01 56.3+£0.01 54.24+0.03 51.2+£0.02

=4 § EIIL 67.2+£0.01 66.2+£0.02 61.0£0.02 558=£0.02 54.6£0.03 52.1+£0.02

% O  SharpDRO 70.3 +£0.03 68.8+0.03 65.2+0.03 60.3+0.02 57.44+0.03 55.3+0.03

% . JIT 66.3£0.02 65.3£0.03 63.4£0.02 56.6£0.04 555£0.04 48.6=£0.04

é EIIL 66.5£0.02 65.3£0.03 628+£0.04 575+£0.02 56.5£0.01 49.5+£0.01

SharpDRO 68.9 £0.02 66.2 +0.03 64.9+0.03 59.8+0.02 56.5+0.03 51.0=+0.02

.§ JTT 87.3£0.02 84.5£0.02 823+£0.04 756=£0.01 721+£0.04 66.5=£0.02

% % EIIL 88.2+0.02 852+0.03 81.3£0.02 745£0.02 71.5£0.02 65.0£0.04

% O  SharpDRO 87.5+0.03 86.6+0.03 85.3+0.03 79.3+0.04 75.3+0.02 70.0+0.02
on

g . JIT 86.5+0.02 854+£0.03 826+0.04 79.6£0.04 77.2+0.04 65.0=£0.01

- fo) EIIL 85.5£0.01 86.3+£0.04 81.6£0.02 80.2+£0.03 753£0.02 64.4£0.03

SharpDRO 87.1 £0.02 87.1 £0.03 84.8+0.04 83.0+£0.02 76.5+0.03 69.2+0.04

back to the model parameter and conduct sharpness minimization over the selected worst-

case data. In this way, our SharpDRO can be correctly performed.

3.4.2 Experimental Setup

For distribution-aware situation, we choose GroupDRO [125], IRM [69], REx [144], and
ERM for comparisons. As for a distribution-agnostic situation, we pick JTT [140] and En-
vironment Inference for Invariant Learning (EIIL) [143] for baseline methods®. For each
problem setting, we construct corruption using CIFAR10/100 [107] and ImageNet30 [104]
datasets. Specifically, we follow [114] to perturb the image data with severity levels vary-

ing from 1 to 5 by using two types of corruption: “Gaussian Noise” and “Shot Noise”.

Note that we do not include the sharpness minimization method SAM [137] in this problem setting
because its OOD generalization performance is worse than ERM. However, we conduct a detailed analysis
between SharpDRO and SAM in Section 3.5.1
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TABLE 3.3. Quantitative comparisons on distribution-aware robust general-
ization setting on Snow corruption. Averaged accuracy (%) with standard
deviations are computed over three independent trails.

C tion Severit
Dataset Type Method orruption Severtty

0 1 2 3 4 5
ERM 90.8+£0.01 90.1+0.02 88.1+0.02 88.1+£0.02 857+£0.02 82.6=£0.01
E 5 IRM 91.1£0.02 90.7+£0.01 89.7+£0.02 88.0+0.03 84.6+0.02 83.2£0.03
< U% REx 91.8+£0.02 91.9+0.01 88.44+0.01 88.34+0.01 88.6+0.01 83.0+=0.02
O GroupDRO 91.5£0.02 91.0£0.01 88.7+£0.02 88.6+0.02 85.24+£0.03 83.54+0.02
SharpDRO 93.1 £0.01 91.8+£0.01 90.5+0.02 90.8+0.02 87.9 +0.01 84.3 +0.02
ERM 67.7+£0.01 681+0.01 64.7+0.01 63.1+£001 60.5+£0.02 57.3£0.01
E 2 IRM 69.3+0.01 67.5+£0.02 649£0.02 61.0+£0.01 582+£0.01 55.140.01
< ug: REx 66.4 £ 0.01 659+0.01 624+0.01 61.24+£0.02 57.5+0.03 56.0=E0.02
@) GroupDRO 68.0£0.02 68.2+£0.01 65.1£0.01 60.9+0.03 59.8+£0.01 58.140.02
SharpDRO 71.5+0.01 70.8+0.03 67.5+0.02 65.5+0.01 62.3 +0.01 59.2+0.03
o ERM 86.7+0.03 85.2+0.01 834=£0.01 81.1+0.01 753+£0.01 75.6+0.01
z 2 IRM 85.6 £0.01 84.0+£0.02 82.14+£0.03 79.74+£0.01 75.0+0.01 75.6=£0.01
%ﬂ C% REx 85.4+£0.01 84.6+0.02 82.7+£0.02 80.5+0.03 75.7+£0.03 759=£0.03
g GroupDRO 86.7£0.01 85.5+£0.03 83.4+£0.01 81.2+0.02 76.3+0.01 76.6=+0.01

SharpDRO 88.2 £0.02 88.2+0.01 85.4+0.02 81.9+0.01 79.8+0.03 79.5+0.02

Moreover, the clean data are considered as having a corruption severity of 0. For each
corrupted distribution, we sample them with different probabilities by following the Pois-
son distribution P(s;\ = 1), i.e., for s varies from 0 to 5, the sample probabilities are
{0.367,0.367,0.184,0.061,0.015,0.003}, respectively. Then, we test the robust perform-
ance on each data distribution. For hyper-parameter p, we follow [137] by setting it to 0.05
to control the magnitude of €*. For each experiment, we conduct three independent trials and

report the average test accuracy with standard deviations.

3.4.3 Quantitative Comparisons

In this part, we focus on three questions: (1) Can SharpDRO perform well in two situations
of robust generalization? (2) Does SharpDRO generalize well on the most severely corrupted
distributions? and (3) Is SharpDRO able to tackle different types of corruption? To answer
these questions, we conduct experiments on both settings by testing on different corruption

types and severity levels.
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TABLE 3.4. Quantitative comparisons on distribution-agnostic robust gener-
alization setting on snow corruption. Averaged accuracy (%) with standard
deviations are computed over three independent trails.

Corruption Severity
Dataset Type Method

0 1 2 3 4 5

S . JTT 88.6+0.02 87.8+£0.03 86.5+0.02 87.24+0.02 84.2+£0.02 83.2+0.03
&

ﬁ V% EIIL 88.3£0.02 87.8+£0.01 85.6+£0.02 87.3+0.03 8524+0.04 82.3+0.01
© SharpDRO 91.6 +£0.01 91.1 +0.02 90.8 £0.01 89.7 +0.02 86.2+0.01 83.8+0.02
S . JTT 67.5£0.01 681+£0.02 653+£0.02 64.3+£0.02 60.24+£0.02 57.8+0.02
a4

é U% EIIL 68.24+0.03 69.1£0.03 652+£0.02 64.0+0.02 61.0£0.04 57.5+0.04
© SharpDRO 70.6 +0.02 69.9 +0.03 66.7 +0.03 64.4 +0.02 61.9 £0.03 60.7 £ 0.03
% . JTT 86.0£0.04 85.8+0.02 823£0.03 80.4+0.02 74.6+£0.02 73.5+0.02
%}) Vg} EIIL 87.5£0.01 854+£0.02 83.5+0.04 81.6+0.01 76.3+0.01 75.8+0.02
<

£ SharpDRO 87.5+0.03 86.7 +0.02 85.4+0.02 81.5+0.03 78.9£0.02 78.5+0.03

Distribution-Aware Robust Generalization As shown in Table 3.1, we can see that Sharp-
DRO surpasses other methods with larger performance gains as the corruption severity in-
creases. Especially in the CIFAR10 dataset on “Gaussian Noise” corruption, the improve-
ment margin between SharpDRO and the second-best method is 2.2% with severity of 0,
which is further increased to about 5.7% with severity of 5, which indicates the capability
of SharpDRO on generalization against severe corruptions. Moreover, SharpDRO frequently
outperforms other methods on all scenarios, which manifests the robustness of SharpDRO

against various corruption types.

Distribution-Agnostic Robust Generalization In Table 3.2, we can see a similar phe-
nomenon as in Table 3.1 that the more severe corruptions are applied, the larger performance
gains SharpDRO achieves. Especially, in the ImageNet30 dataset corrupted by “Shot Noise”,
SharpDRO shows about 0.6% performance gains upon the second-best method with sever-
ity 0, which is further increased to almost 4.2% with severity 5. Moreover, SharpDRO is
general to all three corruption types, as it surpasses other methods in most cases. Therefore,

SharpDRO can perfectly generalize even without the distribution annotations.
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FIGURE 3.4. Gradient norm comparisons between different methods over all cor-
rupted distributions.

3.5 Results on Additional Corruptions

In the main paper, we have provided the results using “Gaussian Noise” corruption and
“Shot Noise” corruption. Here, we conduct additional experiments to show the effective-
ness of SharpDRO under “Snow” corruption. The results on CIFAR10, CIFAR100, and Im-
ageNet30 datasets in both distribution-aware and distribution-agnostic scenarios are shown
in Tables 3.3 and 3.4. We can see that SharpDRO still performs effectively and surpasses
other methods with a large margin. Especially, on the ImageNet30 dataset in both problem
settings, SharpDRO outperforms the second-best method by about 3%, which indicates the

capability of SharpDRO on generalization against different corruptions.

3.5.1 Qualitative Analysis

To investigate the effectiveness of SharpDRO, we first conduct an ablation study to show that
the worst-case sharpness minimization is essential for achieving generalization with robust-
ness. Then, we utilize gradient norm, an important criterion to present training stability, to
validate that our method is stable for severely corrupted distributions. Then, we analyze the
hyper-parameter p and OOD score w to disclose the effectiveness of sharpness minimization
and worst-case data selection. Finally, another second-order method, SAM [137, 172, 173,
174, 175], is investigated to discover the efficiency property of SharpDRO. All analyses are

conducted using CIFAR10 with “Gaussian Noise” corruption.
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TABLE 3.5. Ablation study. "w/o data selection" denotes training without
worst-case data selection, which recovers SAM [137], and "w/o sharp min"
indicates training without sharpness minimization, which is the same as
GroupDRO [125].

Corruption Severity
0 1 2 3 4 5

w/o data selection (SAM) 932 905 876 821 805 754
w/o sharp min (GroupDRO) 90.2 89.1 884 843 830 782
SharpDRO 93.1 922 914 892 87.1 845

Method

Ablation Study By eliminating the worst-case data selection, we recover the original sharp-
ness minimization method SAM [137]. Then, we remove the sharpness minimization mod-
ule, which is basically training via GroupDRO. The ablation results are shown in Table 3.5.
We can see that deploying SAM on the whole training dataset can achieve improved results
on the clean dataset. However, the robust performance on corrupted distributions is even
worse than GroupDRO. This could be because sharpness is easy to be dominated by prin-
cipal distributions, which is misleading for generalization to small distributions. Thus, the
sharpness of corrupted data would be sub-optimal. As for GroupDRO, it fails to produce a

flat loss surface, hence it cannot generalize as well as the proposed SharpDRO.

Distributional Stability To show our method can be stable even in the most challenging
distributions, we show the gradient norm on a validation set including corruption severity
from O to 5. As shown in Figure 3.4, SharpDRO not only produces the smallest norm value
but also can ensure almost equal gradient norm across all corruptions, which indicates that

SharpDRO is the most distributionally stable method among all compared methods.

Parameter Analysis To understand how the scale parameter p affects our generalization
performance, we conduct a sensitivity analysis by changing this value and show the test
results of different distributions. In Figure 3.5 (a), we find an interesting discovery that
as p increases, which indicates the perturbation magnitude ¢* enlarges, would enhance the
generalization of severely corrupted data but degrade the performance of slightly corrupted
data. This might be because the exploration of hard distributions needs to cover wa ide range

of neighborhoods to ensure generalization. On the contrary, exploration too far on easy
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FIGURE 3.5. (a) Sensitivity of p whose value is set to {0.01,0.05,0.1,0.5, 1, 2}.
(b) Distribution of the normalized OOD score @ on distribution s = 0 to 5.

distributions can reach out-of-distribution, thus causing performance degradation. Therefore,
for practitioners who aim to generalize on small and difficult datasets, we might be able to

enhance performance by aggressively setting a large perturbation scale.

OOD Score Analysis The OOD score helps to select worst-case data under the distribution-
agnostic setting. To show its effectiveness in selecting the noisy data, we plot the value
distribution of OOD scores from all corrupted distributions in epoch 30 in Figure 3.5 (b).
We can see the tendency that severe corruption has larger OOD scores. Therefore, our OOD
score is a valid criterion to select worst-case data. Note that during the training process, the
worst-case data would be gradually learned, thus the OOD score can become smaller, which

explains why the value distribution of our score is not as separable as OOD detection does.

Training Efficiency Analysis It is clear that the proposed SharpDRO method is a second-
order optimization method. Hence, when compared to first-order methods such as Group-
DRO and REXx, computational cost is the price to pay for achieving improved generalization
performance®. However, to further explore the advantage of SharpDRO compared to other
second-order methods, here we use SAM [137] as a competitor, and show their computa-
tional time as well as worst-case accuracy (s = 5) in Figure 3.6. We can see that on all three

datasets, our SharpDRO requires nearly the same time to train, and significantly outperforms

3Note that our method can be deployed with existing efficient sharpness-based methods [169, 167, 168,
171].
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FIGURE 3.6. Efficiency comparison between SharpDRO and SAM.

the worst-case performance of SAM, owing to our efficient worst-case data selection, which

is vital for robust generalization against severe corruptions.

3.6 Conclusion

In this Chapter, we propose a SharpDRO approach to enhance the generalization perform-
ance of DRO methods. Specifically, we focus on minimizing the sharpness of worst-case
data to learn flat loss surfaces. As a result, SharpDRO is more robust to severe corrup-
tions compared to other methods. Moreover, we apply SharpDRO to distribution-aware and
distribution-agnostic settings and propose an OOD detection process to select the worst-case
data when the distribution index is not known. Extensive quantitative and qualitative ex-
periments have been conducted to show that SharpDRO can deal with the most challenging
corrupted distributions and achieve improved generalization results compared to well-known

baseline methods.



CHAPTER 4

Exploring Variant Parameters for Invariant Learning

Out-of-Distribution (OOD) Generalization aims to learn robust models that generalize well
to various environments without fitting to distribution-specific features. Recent studies based
on Lottery Ticket Hypothesis (LTH) address this problem by minimizing the learning target
to find some of the parameters that are critical to the task. However, in OOD problems, such
solutions are suboptimal as the learning task contains severe distribution noises, which can
mislead the optimization process. Therefore, apart from finding the task-related parameters
(i.e., invariant parameters), we propose Exploring Variant parameters for Invariant Learning
(EVIL) which also leverages the distribution knowledge to find the parameters that are sens-
itive to distribution shift (i.e., variant parameters). Once the variant parameters are left out
of invariant learning, a robust subnetwork that is resistant to distribution shift can be found.
Additionally, the parameters that are relatively stable across distributions can be considered
invariant ones to improve invariant learning. By fully exploring both variant and invariant
parameters, our EVIL can effectively identify a robust subnetwork to improve OOD gener-
alization. In extensive experiments on integrated testbed: DomainBed, EVIL can effectively

and efficiently enhance many popular methods, such as ERM, IRM, SAM, etc.

4.1 Introduction

The strong representation ability of deep neural networks [3, 107, 1] has been one of the vital
keys to the success of deep learning over the past decade. However, the realistic deployment
of neural networks is often restricted to the IID assumption, where the training data and

test data should be distributed independently and identically. When such an assumption is
51
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FIGURE 4.1. Comparison of the gradient variance between the learned
subnetwork, i.e., invariant parameters, and the pruned parameters, i.e.,
variant parameters. The gradient variance is computed through V =
Mean(Var([g:)"_,)) [176), where g; denotes the i-th gradient among d dis-
tributions, and Var(-) and Mean(-) denotes the mathematical variance and
mean, respectively. The results are from three independent trials.

violated, a drastic degradation in learning performance is often observed, which seriously
hinders the practical application of deep models. Therefore, Out-Of-Distribution (OOD)
generalization [177, 178, 152] thrives as a promising direction that aims to enhance model

robustness against unknown distribution shifts.

In order to achieve OOD generalization, one mainstream methodology is invariant learn-
ing [69, 143, 179, 144], which enforces extracting invariant features to help make consist-
ent predictions among various data distributions (or domains), meanwhile avoiding learning
distribution-specific features that are irrelevant to label information. Recent advances based
on Lottery Ticket Hypothesis (LTH) [180, 181, 182] show that sparse training optimized
by learning task could select some critical parameters as a subnetwork, which are strongly
responsible for invariant learning [183, 184, 185]. However, in OOD problems, the sparsi-
fication guided by the learning task is problematic because the distribution noise could be
erroneously incorporated into the optimization of sparse learning. As a consequence, exist-

ing methods fail to identify a robust subnetwork that is stable across different distributions.
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Particularly, we follow Rame et al. [176] by using gradient variance to indicate model sens-
itivity to distribution shift. Then, we compare the gradient variance between the subnetwork
and the pruned parameters learned by different methods, as shown in Figure 4.1. We can
see that the subnetwork learned by existing methods (MRM [184] and SparseIRM [185]) are
almost as sensitive as the pruned parameters, which means that invariant information could

not be fully captured.

To overcome this problem, we propose a novel sparse training framework by Exploring Vari-
ant parameters for Invariant Learning (EVIL), which presents the life philosophy: facing the
evil side to achieve higher virtue. Specifically, by following common assumptions that input
data can be decomposed into invariant features and spurious features [93, 94, 184, 26]", we
can divide the network parameters into two types: invariant parameters that are strongly
related to invariant features, and variant parameters that can mistakenly produce spurious
features. Intuitively, the invariant parameters and variant parameters are mutually exclusive
of each other, as they are either helpful or harmful to our learning task. In order to correctly
identify an ideal subnetwork for OOD generalization, our EVIL method not only selects
invariant parameters based on the learning task but also explores variant parameters via dis-
criminating each distribution, i.e., classifying the data based on the distribution information.
In this way, the connection between variant parameters and spurious features can be suc-
cessfully established. By finding those variant parameters that are strongly activated by the
distribution information, we can be sure that they should not be identified as invariant ones,

which provides an alternative and effective way to improve invariant learning.

Furthermore, to dynamically improve our identification of invariant parameters during the
course of network training, we propose to revisit some parameters that hardly vary when
facing distribution shifts. Concretely, starting from an initialized partition of invariant para-
meters and variant ones, we select some variant parameters that show low response to the
distribution information, as they might be critical for learning distribution-invariant features.
Hence, such parameters are recollected as invariant ones to learn from label information. On
the other hand, some invariant parameters that are insensitive to our learning task shall be

1Though some works investigate more complex situations where there are multiple factors causing the data
generation process [186, 179, 187], our assumption is more common in OOD generalization.



54 4 EXPLORING VARIANT PARAMETERS FOR INVARIANT LEARNING

rejected from sparse training, as they hardly contribute to invariant learning. Through this
dynamic process, we are able to identify a robust subnetwork that is stable across different
distributions. As shown in Figure 4.1, the invariant parameters learned by our EVIL method
show much smaller gradient variance than the rest variant parameters, which manifests its

effectiveness for capturing the invariant information.

By applying our EVIL framework to many existing OOD generalization methods, we con-
duct extensive empirical comparison and analysis to show that EVIL brings promising im-
provement with little computation cost. Specifically, when combined with simple ERM, our
method achieves 2.4% gains on averaged performance from DomainBed. Furthermore, our
EVIL framework can surpass existing sparse training methods for invariant learning by a

large margin in various sparsity levels.

To sum up, our contributions are threefold:

— We propose a novel sparse training framework for OOD generalization, which can
fully explore the variant parameters to capture invariant information.

— An iterative strategy is designed to dynamically improve the identification of robust
subnetworks.

— The proposed EVIL framework can be deployed to many popular methods with
great effectiveness and efficiency. Moreover, EVIL effectively surpasses existing

sparse invariant learning methods.

4.2 Related Work

Invariant learning for OOD generalization seeks to enforce model predictive invariance
when facing distribution shifts [69, 42, 43, 188]. Invariant Risk Minimization (IRM) [69]
tries to find an optimal classifier for each data distribution such that the spurious information
from each domain is left out. Then, Distributionally Robust Optimization (DRO) [164, 189,
125, 190] proposes to tackle the most challenging distribution to improve OOD generaliz-

ation, which is shown to be effective by using strong regularization penalties. Moreover,
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Sharpness-Aware Minimization (SAM) [137] hopes to learn a flat loss landscape via penal-
izing the sharpness measurement to improve generalization results [139] and robustness to
label noise [191, 192, 193]. Further, Risk Extrapolation (REx) [144] finds that only focus-
ing on one of the known distributions might not help generalize to unknown distributions.
Instead, REx shows it is beneficial to enforce comparable performance among all training
distributions via penalizing risk variance. Additionally, other methods draw insights from
causality [60, 61, 153, 194] to disentangle the invariant features from spurious ones [84,

179, 93] so that prediction would not be affected by distribution shift [195, 196].

Nonetheless, existing invariant learning methods suffer from two major drawbacks. Firstly,
some of them a computationally expensive. For example, SAM requires second-order com-
putation to manipulate gradient information, and causality-based methods often require train-
ing generative models, which is hard to deploy on large-scale datasets. Secondly, as found
out by Gulrajani et al. [177], most methods have limited performances which are even worse
than Empirical Risk Minimization (ERM)! However, our EVIL can not only avoid redundant
optimization on the variant parameters but also fully capture the invariant feature to achieve

superior generalization accuracy.

Sparse training for OOD generalization is first brought out by Morcos et al. [183], which
aims to discover the generalization ability of sparse networks obtained via common initializ-
ation methods. Then, Modular Risk Minimization (MRM) [184] shows that sparse training
can possibly improve the OOD generalization performance compared to the original dense
network. However, MRM is designed in a static way, which cannot be optimized along with
network training, hindering the sparse learning results. To tackle this issue, Sparse Invari-
ant Risk Minimization (SparseIRM) [185] proposes to conduct the sparse training process
and IRM simultaneously. As a result, its generalization performance is further improved

compared to MRM.

Despite the improvement of existing sparse methods, they are still suboptimal as the sparse

training could be affected by the noisy gradient from the learning task. Meanwhile, the
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pruned parameters are not properly leveraged, which would cause non-negligible informa-
tion loss. Fortunately, EVIL can fully explore both variant and invariant parameters dynam-

ically. Thus, it finds an ideal subnetwork minimally influenced by distribution shift.

4.3 A Critical Analysis of Sparse Training with OOD Data

OOD generalization aims to learn an invariant predictor by leveraging multiple distributions
of training data such that the generalization performance on unseen test data distributions.
Practically, we usually have multiple datasets correspondingly drawn from m distributions
(also termed environment), £ = {ey,...e,}, where each distribution e = {(x;,4;)}",
contains n examples x € X € R with class label y € Y € R®. Therefore, for each example
from distribution e, we can assign a distribution index d € R™ and denote a data point as
(x,y,d). Moreover, we have a test dataset sampled from unseen distributions &, scen tO
evaluate the generalization performance of our invariant learning. Let fy : R — R” be a
parameterized model with parameters § € © which extracts feature Z € R*. Our goal is to
prune a sparse subnetwork from an overparameterized model so that variant features can be

excluded from making the final prediction. Therefore, OOD generalization can be improved.

Data Generation Process. By following the same formulation and problem setting from
Zhang et al. [184], we assume the input variable X ¢ from environment e is generated from

latent variables Z¢ = (Z¢,,, Z¢,.). Intuitively, the input X° indicates the image pixels,

muv? var

while Z;,  stands for the feature of the object-of-interest that stays invariant across different

environments, and 7.

denotes the spurious feature which is introduced by the change of

environments. Then, the data is generated through X¢ = G(Z¢,,, Z¢,.) where G(-) denotes

mur var

the data generating function. To obtain an OOD-robust model, we hope to extract learning

representations Z¢ which can recover the invariant feature 2,

muv?

meanwhile excluding the
variant feature Z¢, . Such a process is modeled through Z¢ = fy(X*¢), where we hope

ARSRVA

mu?

0]. Hence, based on the extracted feature, we can make predictions through a
classification head Y¢ = h(Z¢) and train our model by minimizing the error between the

prediction V* and ground truth label Y°.
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The Cause of Data Bias. Based on the data generation process, here we explain why
different distributions contain biases that hinder the generalization result. We consider a
simple example where Z; and Z° . are multivariate variables with binary elements, i.e.,

muv var

Ze . € {=1,1}Mmnv and Z¢, € {—1,1}Mverin which M;,, and M,,, denotes the dimen-
sion of invariant feature and spurious feature, respectively. We have class label Y € {—1, 1}
and distribution index D € {—1, 1}. Since the invariant feature stays constant across envir-

onments, we assume each element of Z;

is equal to Y°. On the other hand, we assume
each element in Z7 , takes a value equal to Y'© with probability p® and —Y © with probability
1 — p® [184]. When p° is large, the spurious feature would be closely correlated with the
class label, hence being unlikely to introduce large data biases. Conversely, if p® is small,

Z°¢ . can easily introduce noisy signals that might flip the prediction.

var

Additionally, we analyze the domain knowledge to provide an opposite perspective, which is
overlooked by previous works [184, 185]. Concretely, the change of distribution index D is

the cause of introducing a spurious feature, i.e., D — Z¢

var?

as described by many proposed
causal structures [84, 197, 198]. Therefore, when given the distribution DD, we can find a

specific type of spurious feature. Hence, we assume each element of Z;, .

is equal to D.

On the other hand, we consider 2,

takes the value of D with probability ¢° and —D with
probability 1 — ¢°. It has been commonly assumed that the invariant feature and domain

knowledge are independent [84], thus the probability ¢° could approximately be 0.5.

The Flaw of Common Sparse Training Strategy Existing studies on sparse invariant learn-
ing [184, 185] have shown that when pruning an overparameterized model, the OOD gen-
eralization performance could be improved substantially. However, we find that the exist-
ing pruning strategy, which is based on ERM or objectives only related to labels, could
be suboptimal. Specifically, we consider the same data setting described above, Z{,, €

{—1,1}Minv and Z¢,, € {—1,1}Mwr. The data generating function G is simplified as an

var

identity map [118, 199], thus X = (Z7,,, Z5,.)- Suppose the classification model fy is a
linear layer, we have a mask m randomly initialized with 0 — 1 values to prune the parameter
6, and its sparsity ratio is set to R = % Particularly, we denote the selected invariant

parameters as 0;,, = m o # and the pruned variant parameters as 6,,, = (1 — m) o § where
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o is the element-wise production. To ease the calculation, let the parameter values follow a

. . 1 2
unit norm, i.e., 0 = 1\/_M .

PROPOSITION 2. Consider a biased dataset described above, where Z¢, € {—1,1}m and

1204

z¢ € {—1,1}Mw Let mask m be randomly initialized to {0, 1} values with sparsity ratio

var

R = %, and assume Z° is a multivariate variable with independent elements. For a

common sparse training strategy that aims to minimize empirical risk:
e 1 eve
En* = SEixeyne |1 =YV, .1)
we have:

— The common strategy fails to find invariant parameters, i.e., Myc{o,... M,,} Temains

unupdated. When leveraging domain knowledge with regularization:
i_ 1 -
En' = SE(xy)e [1 _ DD} , 4.2)

the invariant parameters can be effectively selected with probability at least 1 — %
— On an unknown distribution, the performance of the common strategy is highly
sensitive to p°: Err® < (’)(e_(pe)4), while leveraging domain knowledge achieves a

tighter error bound when p¢ is small: Err® < O(e~ %),

As we find out, the pruning strategy is not sufficient to find an ideal subnetwork that can ex-
clude spurious features meanwhile extracting invariant features. This is because the invari-
ant parameters do not produce any error. As a result, existing strategies based on connection
sensitivity [200], weight value [201], and Fisher information [202] could be suboptimal when
dealing with OOD problems because the gradient information is not actually related to in-
variant parameters, but variant parameters. Based on this intuition, we proposed a simple
yet effective strategy that leverages an additional domain knowledge regularization to ex-

plore the invariant parameters. Thanks to such a regularization, the invariant parameters can

“Note that our assumption is more general than that from Zhang et al. [184], in which only two extreme case
are considered: an optimal sparse invariant network only extracts invariant feature and a network completely
depending on spurious feature. Our assumption is practical since it is similar to an initial state where all the
parameters are initialized with unit-norm.
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be selected because they generate gradients when calculating the distribution regularization,
thus easy to find. Meanwhile, the variant parameters can still be excluded to avoid learning
spurious features. Moreover, based on the error bounds, our method is insensitive to the
spurious correlation 1 — p® compared to the common strategy. In a difficult scenario where

p© is small, our method can still be robust to distribution shift.

4.4 Methodology

In this section, we introduce our EVIL framework as shown in Figure 4.2. In the learning
flow of EVIL, there are two procedures: Parameter Exploration, in which we propose to not
only study invariant parameters but also explore the variant ones; and Invariant Learning,

where we train the identified subnetwork to optimize the invariant parameters.

In the following content, we first introduce our EVIL framework, which contains the afore-
mentioned two procedures. Then, we carefully demonstrate the realization of EVIL using an

important optimization method: SAM [137], which largely improves OOD generalization.

4.4.1 The Proposed EVIL Framework

In order to get a good initialization, a few steps of pre-training are commonly conducted by
minimizing a learning objective L(fp(x)) [203, 204, 201, 183], where f, is a deep model
with parameters # € RY. To sparsify the deep model, a binary mask m is often applied
through element-wise product m o §. Such a mask m is either learned through optimiz-
ation [205, 204, 206, 184, 185], or obtained based on certain criteria, such as connection

sensitivity [200], weight value [201], fisher information [202], or even random initializa-

[mallo

lor >

tion [180, 207]. By setting the sparsity ratio R = 1 — we can decide how many
parameters are rejected from sparse training. Then, we start from a pre-trained model with

an initialized mask m.
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FIGURE 4.2. Learning flow of EVIL: The blocks in the middle are the train-
ing dataset where different levels of shades denote different classes, and dif-
ferent types of color indicate different data distributions. The blue arrows
(—) and gray arrows (——) stand for the information flow related to label
and distribution, respectively. Moreover, the blue solid lines (—) and gray
dashed lines (- --) that connect neurons are the selected invariant parameters
and pruned variant ones, respectively.

Parameter Exploration. In this step, we mainly have two optimization targets:

feminhﬁinv(h(feinv (X)>7 y>7 (43)
f;nai%g Loar(9(fo,0, (X)), d), 4.4)

where 6,,, = m o 6 and 0,,. = (1 — m) o 6 denote the corresponding invariant parameters
and variant ones divided by the mask m, h and g are two fully-connected layers which map
the extracted features into class label space R and distribution index space R™, respect-
ively. Intuitively, the objective L;,, is the classification task, which tries to make predictions
based on the label information, and L,,, tries to discriminate each distribution based on the

distribution information, which is spurious and unwanted.

By minimizing L;,, in Equation (4.3), the gradient magnitude Vy, L;,, [200] can be used

to find the most relevant parameters to our loss function (Note that other aforementioned
sparse training criteria can be used). Similarly, by minimizing £, in Equation (4.4), those

parameters with large Vg L, are sensitive to the spurious information, which cannot help

var

produce invariant features. Thus, we can sort the parameters based on the gradient magnitude

to show how much they are activated by their corresponding objective.
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Algorithm 3 EVIL

Require: Multiple training sets £ = {ey,...e,}; Learning model fp; Cosine annealing
function S(¢, a, T'), mask m initialized based on weight value, iteration number of pre-
training 7.

1: fort=0,1,..., T —1do
2:  Optimize via Equation (4.3); {/nvariant learning}
3: ift > T and t%AT == 0 then

4: Obtain gradients of #;,, and 6,,, via Equation (4.3) and Equation (4.4), respectively;
{ Parameter exploration}

5: Update the mask m via Equation (4.5);

6: endif

7: end for

Further, to dynamically improve our sparsification. We propose to update the mask m for
every AT iterations by rejecting the least activated invariant parameters, meanwhile calling
back the least activated variant parameters as invariant ones. Specifically, this process is

conducted as:

m [ArgTopK (=|Vy,,, Linyl, [0S, @, T))] =0,

m [ArgTopK (—|Ve,,, Loar|, [mlloS(t, 0, T))] = 1, )
where ArgTopK (v, k) returns the indices of top-k elements regarding value v, m |-| denotes
indexing m. Moreover, to decide how many parameters should be exchanged, we follow
Dettmers & Zettlemoyer [204] to use cosine annealing function S(t, o, T') = §(14cos(%)),
where ¢ and I’ are the current iteration and total iterations, respectively, and hyper-parameter
« decides the largest value. Intuitively, such a cosine annealing function gradually changes
from o < 1 to 0. Through Equation (4.5), the obtained new mask finds the parameters that
are less affected by the distribution information and more related to our learning task than

the previous one, further improving the invariant learning performance.

Invariant Learning. After obtaining the updated mask m, we then use the invariant para-

meters as a subnetwork to conduct invariant learning, which is generally formed as:

ﬁinv(h<f9mv (X))> y) = ‘Cce + )\Erega (46)

where the first term is the empirical risk computed through cross-entropy loss, and the second

term is the invariant learning regularization with penalty weight A, which can be realized by
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many popular methods. For instance, to use IRM [69], the regularization term is

reg——ZHw 1 Loe (M fo,, (%)), )1 4.7)

xe€

To implement REx [144], we penalize the loss variance as

Lreg = —ZVar {Lee(P(fo,,, (X]d)), y) Yy (4.8)

xe€

Moreover, we can focus on the worst-case distribution to realize DRO [164, 125]:

Liny = Il’llIl max — Z Lee(h(fo,,, (X)), y)- 4.9)

'Ln'u ecf n
X€Ee

By combining with existing methods, their performance can be largely improved by EVIL,
as shown in Section 4.5. The general process of EVIL is summarized in Algorithm 3. Next,
we describe one realization of EVIL by adopting the SAM optimizer [137] to further improve

the generalization performance.

4.5 Experiment

In this section, we conduct extensive experiments to evaluate the performance of EVIL based
on a well-known testbed for OOD generalization: DomainBed [177]. Specifically, we first
describe the experimental setup. Then, we improve the performance of well-known invariant
learning methods by deploying EVIL, including ERM, IRM [69], REx [144], DRO [164,
125], SAM [137], CORelation ALignment (CORAL) [208], SWAD [139], and MIRO [209].
Further, we compare EVIL and its variant EVIL-SAM with other existing sparse invariant
learning methods, including MRM [184], SparseIRM [185], and report the results under
different sparsity levels (20%, 40%, 60%, and 80%). Finally, we perform various analytical

experiments to validate the effectiveness and efficiency of EVIL.

4.5.1 Practical Implementation
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All our experiments are conducted on a single NVIDIA 3090 Adam 1  Adam 2
using PyTorch. To implement our EVIL framework, we first h d
pre-train the models using ERM for 1,000 iterations. Then,
a mask m is initialized based on the weight value. Specific-
ally, by setting a sparsity ratio 17, we can select paramet-
ers R|0|-largest weight values by setting their correspond-

ing mask value as 1. During parameter exploration, we first

pass the gradient of invariant learning loss L;,,, based on 1

invariant variant

which we can sort the invariant parameters with their gradi-
parameters parameters

ent magnitude from largest to smallest. Then, we reject the
FIGURE 4.3. Illustration of

S(t, a, T')-least invariant parameters by setting their corres- our optimizers.

ponding mask to 0. Similarly, we use the gradient of L, to
sort the variant parameters and recollect top-S(¢, o, T') parameters. During invariant learn-
ing, we can apply the mask to parameter values as well as their corresponding gradients to

conduct sparse training.

To optimize our model, we use Adam [210] optimizer with an initial learning rate le — 3
without weight decay. Moreover, to avoid the conflict between optimizing invariant paramet-
ers and variant parameters, we adopt two Adam optimizers, denoted as Adam, and Adama,
to correspondingly include the invariant and variant parameters. Moreover, Adam; would
include the class prediction head h and Adams would include the distribution prediction
head g, as illustrated in Figure 4.3. During the training, Adam; is mainly used to optimize

the invariant parameters, but Adams is just employed to optimize the variant ones.

For implementing baseline methods, we mainly follow [177] to set the hyper-parameters.
Specifically, for DRO, we set ) as 1e — 2 to update the group importance. For IRM, we set
A = le2 to trade off the invariant regularizer. The similar A for penalization from REX is set
to lel. For CORAL and MMD, set the trade-off weight -y as 1. For implementing SagNet,
we set the weight for adversarial loss as 0.1. For SAM, we do not use Adaptive SAM [211]

and set the perturbation magnitude p as 0.05.
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TABLE 4.1. Comparison between OOD generalization methods and our
EVIL realization on some typical methods. Test accuracies on seven OOD
generalization benchmarks from DomainBed. Best results and second best
results are highlighted. { denotes results from [139].

Algorithm CMNIST RMNIST PACS VLCS OfficeHome Terralnc DomainNet Average FLOPs

I-Mixup® 31.3 97.8 84.6 774 68.1 479 39.2 63.7 -
MLDG' 36.9 98.0 849 772 66.8 47.8 41.2 64.6 -
MMD' 42.6 98.1 84.7 775 66.4 422 23.4 62.1 -
DANN' 29.0 89.1 83.7 78.6 65.9 46.7 38.3 61.6 —
CDANN' 31.1 96.3 82.6 775 65.7 45.8 38.3 62.5 -
MTL' 30.4 97.2 84.6 77.2 66.4 45.6 40.6 63.1 -
SagNetT 34.2 96.4 86.3 77.8 68.1 48.6 40.3 64.5 -
ARM' 32.6 98.1 85.1 77.6 64.8 45.5 35.5 62.5 -
RscCt 352 96.3 852 77.1 65.5 46.6 38.9 63.5 -
Mixstyle 38.5 97.2 852 779 60.4 44.0 34.0 62.4 -
ERM' 342 98.0 833 76.8 67.3 46.2 40.8 63.8 1%
EVIL 39.4 98.4 86.0 78.8 68.2 49.1 43.8 66.2 0.42 %
(E1.1) (£0.1) (£0.1) (£0.2)  (£0.2) (£0.2) (40.3) ¢ 24
DRO' 32.2 97.9 844  76.7 66.0 43.2 333 61.9 1x
EVIL-DRO 34.2 98.2 85.6 77.1 66.4 49.1 35.5 63.8 0.42 %
E17) (£0.1) (F0.2) (£0.2)  (&£0.1) (£0.2) (+02) (+1.9)
IRM' 36.3 97.7 83.5 78.6 64.3 47.6 33.9 63.1 1%
EVIL-IRM 39.1 98.3 85.1 78.8 66.4 48.3 36.0 64.6 0.42 %
(£2.2) (£02) (F0.1) (£0.1) (0.1 (£0.3) (£0.3) (+1.5)
REx' 39.2 97.3 849 783 66.4 46.4 33.6 63.7 1x
EVIL-REx 41.2 98.7 86.0 79.1 68.0 48.4 34.5 65.1 0.42 %
(£1.3) (F0I) (0.1 (£0.2)  (£0.2) (£0.3) (*01) (+t1.4)
CORAL' 29.9 98.1 862 78.8 68.7 47.7 41.5 64.4 1%
EVIL-CORAL 34.5 98.6 86.9 79.2 69.0 49.2 42.6 65.7 0.43 %
(£19) (£0.1) (*£0.2) (F0.1)  (F0.D) (£0.2) (£0.3) 1.3
SWAD 38.3 98.1 88.1 79.1 70.6 50.0 46.5 67.2 1x
EVIL-SWAD 38.7 98.3 88.3 793 71.7 51.2 46.9 67.7 0.43x
(£2.3) (£03) (X0 (£0.1) (0.2 (£0.3) (£0.2) (1 0.5)
MIRO 39.4 97.5 854  79.0 70.5 50.4 443 66.6 1%
EVIL-MIRO 40.2 98.6 85.8 794 71.2 50.9 45.0 67.3 0.45x%
(£273) (£0.3) (F0.1) (£0.1) (F0.3) (F03) (£0.2) ¢ 07
SAM 38.5 98.1 85.8 794 69.6 433 443 65.6 2%
EVIL-SAM 40.4 98.8 87.8 80.1 70.3 50.5 45.0 67.5 0.89x

(£23) (£0.3) (£0.I) (£0.1) (£0.2) (£0.3) (£0.2) (TT9)
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4.5.2 Experimental Setup

Evaluation Protocol. We follow the experimental setting of DomainBed [177] to eval-
uation OOD generalization performance. Specifically, DomainBed contains seven bench-
mark datasets: CMNIST [69] (60,000 images, 10 classes, and 3 domains), RMNIST [212]
(60,000 images, 10 classes, and 6 domains), PACS [178] (9,991 images, 7 classes, 4 do-
mains), VLCS [213] (10,729 images, 5 classes, and 4 domains), OfficeHome [214] (15,588
images, 65 classes, and 4 domains), Terralncognita [215] (24,788 images, 10 classes, and 4
domains), DomainNet [148] (586,575 images, 345 classes, and 6 domains), WILDS [216]
(a testbed contains various dataset with significant distribution shfit, here we use two typ-
ical datasets: iWildCam and FMoW), ImageNet [104] (contain 1000 classes, here we use
ImageNet dataset for fine-tuning, and use many of its variant dataset for OOD evaluation,
including: ImageNetV2 [217], ImageNetR [218], ImageNetA [219], ImageNetSketch [220],
and ObjectNet [221]). For each benchmark dataset, we leave one domain out of the training
dataset and use it as an OOD test dataset. Moreover, we use pre-trained ResNet-50 [3] as our
backbone model and train it for 5,000 iterations on all datasets except DomainNet, which re-
quires 15,000 iterations to converge. The test accuracies generated by training models from

the last step are provided. To avoid randomness, three independent trials are conducted.

4.5.3 Improving Invariant Learning Using EVIL

In this section, we deploy our EVIL framework to some well-known invariant learning meth-
ods and compare them with some other typical baseline methods. To conduct a fair compar-
ison, we only considered end-to-end training on one single model, so some other meth-
ods that conduct model ensembling or averaging [139, 222, 223, 224] are not considered.
Moreover, we use floating point operations per second (FLOPs) as a criterion to denote the
computational efficiency by denoting the FLOPs of ERM as 1x (7.8¢10). Practically, we
set the sparsity ratio R = 60%, hyper-parameter & = 0.2, and AT = 300 to implement
EVIL. The results are shown in Table 4.1. We can see that our EVIL can effectively improve
the performance of all chosen backbone methods. Particularly, on ERM, DRO, and SAM,

EVIL can increase their test accuracies for 2.4%, 1.9%, and 1.9%, respectively. Moreover,
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TABLE 4.2. Comparison between existing sparse invariant learning methods
and EVIL varying sparsity levels. The test accuracies on seven OOD gener-
alization benchmarks from DomainBed are provided. We highlight the best
results and the second best results.

R Algorithm CMNIST RMNIST PACS VLCS OfficecHome Terralnc DomainNet Average FLOPs

MRM 315 89.3 78.3  70.0 63.6 427 37.9 59.0 0.82x
Sparse]RM 31.5 92.2 80.8 71.2 63.7 43.0 39.6 60.3 0.81x
EVIL 34.1 95.8 822  73.7 66.3 45.3 419 62.7 0.82x
20% (£1.7) (£0.1)  (£0.2) (40.2) (£0.2) (£0.3) (£0.2)
EVIL-SAM 352 96.3 83.6 74.0 65.6 453 42.6 632  1.62x
(£2.3) (£0.2)  (£0.2) (£0.2) (£0.2) (£0.1) (£0.1)
MRM 36.2 95.8 81.9 735 63.1 45.6 40.4 62.3 0.62x
SparseRM 35.7 96.4 825 742 66.8 47.8 42.6 63.7  0.62x
EVIL 38.9 97.3 847 1753 66.4 47.1 44.0 648  0.62x
40% (£1.6) (£0.2)  (£0.1) (£0.2) (£0.1) (£0.1) (£0.1)
EVIL-SAM 38.8 97.9 84.8 774 66.9 48.1 45.2 65.6 1.33x
(£2.4) (£0.3)  (£0.3) (£0.2) (£0.1) (£0.2) (£0.2)
MRM 38.2 97.6 83.6 76.8 66.5 46.7 40.3 64.2 0.41x
SparselRM 37.9 97.9 849 773 65.1 48.8 42.0 64.8 0.42x
EVIL 394 98.4 86.0 78.8 68.2 49.1 43.8 66.3 0.42x
60% (£14) (F02) (F0.1) (F0.2) (£0.2) (£0.2) (£0.3) -
EVIL-SAM 40.4 98.8 87.8 80.1 70.3 50.5 45.0 67.6 0.89x
(£2.2) (£0.1)  (£0.1) (£0.1) (£0.2) (£0.1) (£0.2)
MRM 37.7 96.3 80.3 72.0 61.2 427 35.4 60.8  0.21x
Sparse]RM 37.8 97.2 829 71.6 62.4 43.8 36.2 61.7 0.21x
EVIL 38.5 98.1 84.7 74.1 64.3 46.4 40.1 63.7 0.21x
80% (£1.3) (£0.2)  (£0.0) (£0.2) (£0.2) (£0.1) (£0.0)
EVIL-SAM 389 98.3 878 768 65.7 47.6 427 654  0.57x
(£1.2) (£0.3)  (£0.2) (£0.2) (£0.2) (£0.1) (£0.3)

EVIL-SAM achieves the best OOD generalization performance among all compared meth-
ods. Especially on Terralncognita dataset, EVIL-SAM can improve the original performance
of SAM for 7.2%, which indicates the effectiveness of EVIL in improving the performance
of invariant learning. Moreover, compared to the FLOPs of all baseline methods, our EVIL

shows much less computational burden, which manifests the great efficiency of our method.

4.5.4 Comparing EVIL to Sparse Invariant Learning

Furthermore, to show that our method finds a more robust subnetwork for OOD generaliz-
ation, we compare EVIL with two existing sparse invariant learning methods. Specifically,

to validate the effectiveness of our method under different levels of sparsity, we vary to



4.5 EXPERIMENT 67

TABLE 4.3. Results on additional invariant learning methods.

Method MMD SagNet Mixstyle ARM

w/o EVIL 84.7 86.3 85.2 85.1

with EVIL 85.3 87.1 86.5 86.6
(£0.1) (£0.2) (£0.2) (£0.2)

sparsity ratio to 20%, 40%, 60%, and 80%. The experimental results are shown in Table 4.2.
Generally, we can see that our EVIL and EVIL-SAM surpass both MRM and SparseIRM
in almost all scenarios. Moreover, among all sparsity levels, both EVIL and the other two
methods achieve the best results under sparsity 60%. Specifically, EVIL-SAM shows the best
performance under sparsity 60% on almost all datasets, and it surpasses the second-best op-
ponent for 2.8% on average accuracy. Besides, EVIL implementation with just ERM can also
improve the second-best methods for 1.5% on the averaged results. As for the computational
efficiency, our EVIL is comparable to other sparse training methods, except EVIL-SAM,
which requires an extra backward pass to compute the parameter perturbation. Therefore, by
exploring the variant parameters, EVIL successfully achieves superior OOD generalization

performance with comparable efficiency to the sparse invariant learning methods.

4.5.5 Performance on Additional Invariant Learning Methods

We have discussed several invariant learning methods in the main paper, here we conduct
extra experiments on PACS dataset using additional invariant learning methods to show how
EVIL affects their OOD generalization results. Moreover, we conduct experiments using

different network architectures to show the effect of EVIL on various learning models.

Concretely, as we have provided results of IRM, REx, DRO, CORAL, and SAM in the main
paper, here we implement EVIL using backbone methods including MMD, SagNet, Mix-
style, and ARM. The results on PACS dataset are shown in Table 4.3. We can see that our
method can still improve the OOD generalization performance which is consistent with the
observation in the main paper. Therefore, the proposed EVIL framework is generally effect-

ive among various invariant learning methods, which shows great deployment practicality.
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TABLE 4.4. Results on various model architectures. ResNet50 is pre-trained
on ImageNet, and other models are trained from scratch.

Arch. ResNet50 WRN-20 WRN-32 WRN-44 WRN-56 WRN-110

ERM 84.2 35.6 39.2 41.0 44.6 48.9

EVIL  86.0 373 425 43.7 47.2 51.4
(£0.1)  (£0.2) (£0.3) (£0.3) (£0.2)  (£0.3)

4.5.6 Performance on Additional ResNet Architectures

Moreover, to evaluate the effectiveness of EVIL on different backbone models, we imple-
ment the Wide ResNet (WRN) [101] with varied depths (20, 32, 44, 56, and 110) and train
each model from scratch for 500,000 steps to ensure convergence. We also show the result of
using ResNet50 pre-trained on ImageNet (Note that due to the pre-training, the performance
on ResNet50 would be much better than training from scratch). The comparison between
ERM and EVIL is shown in Table 4.4. Again, we can observe the superiority of EVIL over
the baseline method ERM on all investigated architectures. Therefore, we can conclude that

the performance improvement brought by EVIL is model-agnostic.

4.5.7 Optimizing EVIL Using SAM

In this section, we first briefly describe the realization of EVIL optimized by SAM for OOD
generalization (EVIL-SAM). Then, despite of orthogonality of flatness and OOD generaliz-
ation as found before [139, 222], we discuss some properties of SAM and demonstrate why

combining EVIL and SAM can achieve great performance.

Realization of EVIL-SAM. Generally, our EVIL can be optimized using SAM by minim-

izing the following objectives:

min max L(0;,, + €om;z,y). (4.10)

Oinv |leoml|2<p
Specifically, SAM seeks to compute an optimal parameter perturbation €* = arg max, £(0+

€; x,y) within p-radius neighbor that can maximally increase the loss value £. By applying

€, the loss change L(0 + €*;x,y) — L(0; z,y) is denoted as sharpness which indicates the
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TABLE 4.5. Comparison of SAM [137] and ERM under both ID and OOD
situations on DomainBed.

PACS VLCS OfficeHome Terralnc DomainNet \ Average

p ERM 96.6 84.7 78.9 91.3 81.4 86.5
saMm  97.1  86.8 82.0 93.1 85.2 88.8

oop ERM 855 775 66.5 46.1 40.9 63.3
saMm 858 794 69.6 43.3 44.3 64.5

flatness of the learned loss function. Intuitively, a flatter loss function often shows better
generalization properties, as a slight shift imposed in the input space would not significantly
change the loss value. Therefore, SAM has achieved promising in-distribution (ID) general-
ization performance [225, 159, 211, 160, 170]. To adopt SAM into EVIL, we just need to
apply our mask m to the parameter perturbation € before computing the optimal €*. This
process not only leaves out spurious information but also reduces the computational burden

of SAM. As aresult, SAM-EVIL can achieve low sharpness for invariant learning.

Discussion. Although SAM has achieved promising ID results, its OOD performance is
quite limited [139, 222] which is still unexplained. As shown in Table 4.5, in the ID scenario,
SAM shows great effectiveness compared to ERM, but it merely achieves comparable results
to ERM in the OOD setting, even worse in some scenarios. In our perspective, the limitation
of SAM is caused by erroneously perturbing the variant parameters which encourages fitting
to spurious features. Specifically, in OOD problems, the invariant features and spurious ones
would activate 6,,, and 6,,,., respectively. Enforcing robustness (i.e., low sharpness) against
perturbation on 6,,, can enhance extracting invariant features. However, by perturbing 6,
low sharpness £(0 + €*; z,y) — L(0; z, y) denotes encouraging the spurious features to bond
with the label information. Therefore, SAM cannot extract invariant features as it is sensitive
to spurious ones, thus damaging the OOD generalization results. Fortunately, our EVIL
can perfectly solve this problem by filtering out the variant parameters which is strongly
related to distribution noise. Thus SAM can be further leveraged to enhance the robustness of

extracting invariant features. Its effectiveness and efficiency are demonstrated in Section 4.5.
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TABLE 4.6. Comparison of EVIL-SAM with other baseline methods on five
datasets from DomainNet.

Method PACS VLCS OfficeHome Terralnc DomainNet \ Avg.
SagNet-SAM 86.4  78.5 69.2 49.3 40.0 64.6
CORAL-SAM 86.6 79.0 69.3 47.9 42.1 65.0
MRM-SAM 839 77.1 67.0 474 40.6 63.2
SparselRM-SAM 85.2 774 65.6 48.5 43.1 63.9
EVIL-SAM 87.8 80.1 70.3 50.5 45.0 66.7

TABLE 4.7. Performance on ImageNet, iWildCam, and FMoW using CLIP
ViT-B/16 as backbone.

ImageNet 1WildCam FMoW
Methods | D 0oOD | D 00D

ID 00D

Zeroshot 68.3 +£0.0 58.7+£0.0 | 8.7 +£0.0 11.0+0.0|20.4 +£0.0 18.7 £0.0
Finetuning 82.5 £0.1 61.3 £0.1 | 48.1 £0.5 35.0 £0.5 | 68.5 £0.1 39.2 +0.7
EVIL 81.8 £0.2 62.5+0.6 | 47.6 £0.8 37.4+1.2 | 68.2 £0.6 41.2 +1.3

Compare with Other Methods using SAM optimization. To further validate our realiza-
tion that combining EVIL with SAM indeed shows a positive effect, we compare EVIL-SAM
to other algorithms as shown in Table 4.6. We observe that EVIL-SAM achieves the best res-
ult among both dense and sparse methods with a significant margin, therefore we can justify

our improvement on SAM as more effective than other methods.

4.5.8 Performance on Large-Scale Architecture and Datasets

In this section, we adopt pretrained CLIP ViT-B/16 [226] and conduct finetuning on training
datasets from iWildCam, FMoW, and ImageNet, and further test the OOD generalization
performance on the split OOD datasets. To extend our sparse training strategy into the CLIP
model, we employ a linear layer on top of the ViT backbone and conduct the same pruning
strategy by leveraging both class information and domain information. For all datasets,
we set the finetuning epoch as 20 and keep the rest of the training parameters the same as
described before. The results are shown in Table 4.7, we can see that although EVIL shows

a slight performance drop on ID datasets, which is reasonable since we use fewer parameters
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FIGURE 4.4. (a) Comparison of EVIL and Rigl. which leverages the label
information to explore the variant parameters. (b) Comparison of different
mask initialization strategies.

than full finetuning, our method achieves the best OOD performance on all three datasets.
Specifically, there are 1.2%, 2.4%, and 2.0% performance gains on ImageNet, iWildCam,
and FMoW datasets, respectively. Therefore, the effectiveness and superiority of the EVIL

can be successfully extended to large-scale architectures and datasets.

4.5.9 Analytical Studies

In this section, we conduct extensive empirical analyses to exploit why EVIL can achieve ef-
fective results. First, we conduct ablation studies to show the effect of leveraging distribution
knowledge and the influence of choosing different mask initialization strategies. Then, we
conduct parameter sensitivity analysis on the hyperparameter o and AT'. Further, we show a
comparison of EVIL-SAM and SAM by visualizing their sharpness during training. Finally,

we show the Hessian spectrum to explain why EVIL achieves effective generalization.

Ablation Study. To validate the effectiveness of exploring variant parameters using distribu-
tion knowledge, we change the optimization target L,q.(g(fs,.. (X)), d) in Equation (4.4) to
Lee(h(fo,..(x)),y) which leverages the label information instead. As a result, the changed
variant is actually Rigging the Lottery (RigL) [201], which is an effective sparse training
method. By comparing EVIL and Rigl. on DomainBed as shown in Figure 4.4 (a), we can
see that EVIL surpasses RigL in all scenarios. Therefore, we can conclude that exploring

variant parameters by using the distribution information is essential for OOD generalization.
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Moreover, to show the influence of choosing different mask initialization strategies as men-
tioned in Section 4.4.1, we compare the weight value (as done in our method) with Fisher
information [202], connection sensitivity [200], and random initialization [180] and show
the result in Figure 4.4 (b). As we can see, the Fisher information and weight value are two
better strategies than connection sensitivity and random initialization, which supports our

choice of using the weight value.

Parameter Sensitivity Analysis. To ana-

lyze the different choices of o and AT, we iﬁf =vik A =167
set a to 0.1, 0.2, and 0.3 and vary AT to 1, .gl:(l)?? Mafds =12
100, 200, 300, 400, and 500. As shown in 0125

Figure 4.5, choosing « as 0.2, and AT as %E: {\ ﬂ

300 is the best. Moreover, a lower o would ” ’ > comave e ?
hinder the dynamic update of the mask, and 10 ERM A =19.1
a higher o would cause incorporation of 12‘} M/As = 1.87
noises, thus both choices lead to a perform- ;igz

ance drop. On the other hand, AT controls 17 MN\ ﬂ ﬂ |

the updating frequency. Both too small AT R 0 I 15 20

and too large AT would correspondingly FIGURE 4.7. Hessian Spectrum of EVIL and

cause insufficient update and redundant up- ERM.

date, further leading to degradation.
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FIGURE 4.8. Hessian spectrum comparison: EVIL realization significantly
improves the sharpness across different methods.

Sharpness Analysis. To show how our EVIL affects SAM during OOD generalization, we
visualize the sharpness obtained from the training process in Figure 4.6. As a result, our
EVIL-SAM can produce smaller sharpness during training than SAM, which indicates that
EVIL-SAM is more robust than SAM in OOD generalization problems.

Hessian Spectrum. To analyze whether an algorithm can converge to a flat minima, the
Hessian spectrum is commonly used as a criterion [227]. Specifically, we follow Foret et
al. [137] to use the ratio of dominant eigenvalue to fifth largest eigenvalue, i.e., A; /A5 as the
criterion for comparing EVIL and ERM. Generally, a smaller \; /A5 often means a flatter
minima is found. Thus, we follow Ghorbani et al. [227] by using the Lanczos algorithm to
approximate the Hessian spectrum of ERM and EVIL in Figure 4.7. As we can see, the A\ /A5
of EVIL is much smaller than that of ERM, which confirms that our method can converge
to a flatter minima than ERM. Moreover, as the dominant eigenvalue J; is also an important
measurement, we can see that EVIL produces a smaller \; than ERM as well, which again
supports the effectiveness of EVIL. Therefore, it is reasonable that EVIL can achieve great

generalization results.
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Additional Hessian Spectrum on SAM and REx. Since the proposed method shows ef-
fective generalization performance, as we have demonstrated in Section 4.5.9, we further
validate that the proposed EVIL framework can still help produce improved Hessian spec-
trum when compared to other methods such as SAM and REx. As shown in Figs. 4.8a and
4.8b, We observe the same phenomenon as in the main paper: when combined with EVIL,
the largest eigenvalue of both SAM and REx is smaller than its original ones, and the Hes-
sian spectrum are more compact when using our EVIL framework. Therefore, we can again

conclude that EVIL indeed helps produce flat minima.

4.6 Conclusion

In this Chapter, we aim to address the problem that existing sparse invariant learning meth-
ods fail to fully capture invariant information in OOD generalization problems, owing to the
misleading influence of distribution shifts. Therefore, we propose EVIL by leveraging the
distribution knowledge to explore the variant parameters. By finding the variant paramet-
ers that are highly sensitive to distribution shift, we can identify a robust subnetwork that
effectively extracts invariant features. Moreover, we propose to improve our identification
dynamically during network training. As a result, our EVIL framework can effectively and
efficiently improve the OOD generalization performance of many invariant learning meth-
ods, meanwhile surpassing all compared sparse invariant learning methods. Exhaustive ana-

lyses are conducted to comprehensively validate the performance of EVIL.



CHAPTER 5

Machine Vision Therapy

Although pre-trained models such as Contrastive Language-Image Pre-Training (CLIP) show
impressive generalization results, their robustness is still limited under Out-of-Distribution
(OOD) scenarios. Instead of undesirably leveraging human annotation as commonly done,
it is possible to leverage the visual understanding power of Multi-modal Large Language
Models (MLLMs). However, MLLMs struggle with vision problems due to task incompat-
ibility, thus hindering their effectiveness. In this Chapter, we propose to effectively leverage
MLLMs via Machine Vision Therapy, which aims to rectify erroneous predictions of spe-
cific vision models. By supervising vision models using MLLM predictions, visual robust-
ness can be boosted in a nearly unsupervised manner. Moreover, we propose a Denoising
In-Context Learning (DICL) strategy to solve the incompatibility issue. Concretely, by ex-
amining the noise probability of each example through a transition matrix, we construct
an instruction containing a correct exemplar and a probable erroneous one, which enables
MLLMs to detect and rectify the incorrect predictions of vision models. Under mild as-
sumptions, we theoretically show that our DICL method is guaranteed to find the ground
truth. Through extensive experiments on various OOD datasets, our method demonstrates

powerful capabilities for enhancing visual robustness under many OOD scenarios.

5.1 Introduction

Pre-trained vision models such as Vision Transformers (ViT) [228, 229, 230] with Contrast-

ive Language-Image Pretraining (CLIP) [231, 226, 232, 233, 234, 235] have been widely
75
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FIGURE 5.1. Illustration of our methodology: Upper row: Comparison
between common fine-tuning process and fine-tuning via Machine Vis-
ion Therapy. Our method potentially eliminates the necessity for human-
annotation by leveraging the knowledge from MLLMs. Lower row: Com-
parison between previous MLLM solution to vision tasks and Denoising In-
Context Learning strategy. Instead of considering all classes, our method
make predictions by presenting a pair of positive and negative exemplars.

used thanks to their strong generalization performance meanwhile effectively avoiding train-
ing vision models from scratch. But when deployed to Out-of-Distribution (OOD) scen-
arios [236, 237, 28, 238, 239, 46, 240, 220, 241], their recognition performance could be
seriously degraded [242]. Downstream fine-tuning has been a common practice to regain the
generalizability [243, 244, 245], but it requires additional label acquisition through human

labor, which is undesirable for large-scale applications.

Fortunately, the thriving Multi-modal Large Language Models (MLLMs) [246, 247, 248,
249, 250, 251, 252, 253, 254], which take advantage of the few-shot learning ability of Large
Language Models (LLM) [255, 256, 257, 258, 259, 260, 261, 262, 263], have manifested
powerful capabilities on understanding visual information with language interpretations, and

excelled at recognizing novel objects in multimodal tasks such as image captioning, visual
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question answering, visual reasoning, etc. Considering the vulnerability of vision models
under OOD situations, here we hope to refine vision models by leveraging the knowledge of
MLLMSs, as shown in the upper row of Figure 5.1. However, due to the difficulty of align-
ing the text generation process with visual recognition tasks' [246, 264], MLLMs struggle
with generating correct answers that match the ground-truth class names, thus underperform-
ing the current dominant contrastive paradigms, even when employing them as own vision

encoders [246, 247, 265, 264, 266].

Focusing on enhancing the robustness of vision models, in this Chapter, we propose to ef-
fectively leverage MLLMs to conduct Machine Vision Therapy (MVT) which aims to
diagnose and rectify the error predictions through a novel Denoising In-Context Learning
(DICL) strategy. Then, we utilize the rectified supervision to guide the fine-tuning pro-
cess in downstream OOD problems. Specifically, rather than giving a set of options to ask
MLLMs for the exact answer [246, 265, 266], we show that it is sufficient to query for the
ground truth by using only two exemplars, i.e., (1) a correct one that demonstrates the ex-
act match between a query class name with its image example and (2) an erroneous one
that combines the same query class with an image from the most confusing category for the
vision model. Since the erroneous predictions are essentially label noise, hence we draw
inspiration from learning with noisy labels [267, 268, 269, 270, 271, 272, 273, 123, 274,
275, 64, 276, 277]. Particularly, we can find the erroneous categories by estimating a trans-
ition matrix that captures the probability of one class being mistaken as another. By feeding
the two exemplars, MLLMs can be instructed to leverage their few-shot learning power to
distinguish the semantically similar images that are easily misclassified by vision models, as
shown in the lower row of Figure 5.1. To process such instructions, we leverage the multi-
modal in-context learning ability of several existing MLLMs [278, 279, 280, 281] to realize
our methodology. After the error predictions are diagnosed and rectified, vision models
can be further fine-tuned to enhance their OOD robustness on downstream data distribution.
Through a comprehensive empirical study on many challenging datasets and their OOD vari-

ants, such as ImageNet [282], WILDS [216], and DomainBed [177], we carefully validate

'Here, we mainly focus on classification task.
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the effectiveness of MVT and demonstrate its superiority under various OOD scenarios on

many well-known vision models.

To sum up, our contributions are threefold:

e We design a novel Machine Vision Therapy paradigm to enhance computer vision
models by effectively leveraging the knowledge of MLLMs without needing addi-
tional label information.

e We propose a Denoising In-Context Learning strategy to successfully align MLLMs
with vision tasks.

e Through comprehensive quantitative and qualitative studies on many well-known
datasets, we demonstrate that the proposed method can enhance: (1) generaliza-
tion on both ID and OOD data, (2) robustness against domain shift, (3) robustness
against common corruptions, (4) performance on recognizing fine-Grained attrib-
utes, (5) robustness against spurious correlations, (6) detection on prediction errors

and OOD data.

5.2 Related Work

In this section, we provide a brief discussion of the OOD generalization problem and mul-

timodal large-language models.

5.2.1 OOD Generalization

OOD data refers to those with different distributions from training data. OOD generalization
aims at improving the performance of deep models to unseen test environments. Research-
ers attempted to tackle the problem from different perspectives, such as data augmentation,
OOD detection, invariant causal mechanisms [153, 283, 284, 285], and so on. Data augment-
ation is effective in improving model generalization. Typical methods involve Cutout [286],
which randomly occludes parts of an input image; CutMix [287], which replaces a part of

the target image with a different image; Mixup [288], which produces a convex combination



5.2 RELATED WORK 79

of two images; DeepAugment [218], which passes a clean image through an image-to-image
network and introduces several perturbations during the forward pass. Some methods con-
duct OOD detection to separate OOD data. Typical methods include softmax confidence
score [28, 189], which is a baseline for OOD detection; Outlier Exposure (OE) [289], which
uses unlabeled data as auxiliary OOD training data. Energy scores are shown to be bet-
ter for distinguishing OOD samples from IID ones [36]. Some work resort to causality to
study the OOD generalization problem. Typical methods include MatchDG [151], which
proposes matching-based algorithms when base objects are observed and approximate the
objective when objects are not observed; INVRAT [142], which leveraged some conditional

independence relationships induced by the common causal mechanism assumption.

5.2.2 Multimodal Large Language Models

The field of vision-language models has witnessed significant advancements in recent years,
driven by the growing synergy between computer vision and natural language processing.
Notably, this synergy has led to the exceptional zero-shot performance [290] of CLIP [226],
a model that employs a two-tower contrastive pretraining approach to align image and text
information. In the rapidly evolving landscape of LLMs, such as GPTs [255], LLaMA [260],
and Vicuna [291], it has become evident that LLLMs possess the capacity to process informa-
tion from diverse domains. BLIP-2 [250], for instance, serves as a foundational model, align-
ing visual features and text features using a Querying Transformer (Q-former) and utilizing
OPT [292] and FLAN [256] as language models. Building upon BLIP-2, Instruct-BLIP [293]
has enhanced instruction-following capabilities. To further bolster the instruction-following
proficiency of multi-modal models, LLaVA [252] and Mini-GPT4 [254] have introduced
meticulously constructed instruction sets, which have found widespread application in vari-
ous multi-modal models. mPLUG-Owl [253] introduces a two-stage learning paradigm,
first fine-tuning the visual encoder and then refining the language model with LoRA [294].
This approach effectively fuses image and text features. Some models consider additional
modalities, such as ImageBind [295], which simultaneously incorporates data from six mod-

alities without the need for explicit supervision, and PandaGPT [296] which enhances its
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FIGURE 5.2. Workflow of our Machine Vision Therapy: The orange part
demonstrates the Transition Matrix Estimation, the blue part indicates the De-
noising In-Context Learning process, and the green part illustrates the Fine-
Tuning of vision models.

instruction-following capabilities. Several multi-modal models prioritize the in-context learn-
ing abilities of LLMs. Flamingo [246], in one of the pioneering efforts, integrates a gated
cross-attention module to align with the spaces of images and text. Otter [251] refines Open-
Flamingo [247], an open-source version of Flamingo, improves instruction-following abilit-
ies. Multi-Modal In-Context Learning (MMICL) [281] is a comprehensive vision-language
model that incorporates Instruct-BLIP, enabling the analysis and comprehension of multiple
images, as well as the execution of instructions. MLLMs possess the remarkable capacity
to capture intricate details and engage in reasoning when presented with an image. Nev-
ertheless, it remains uncertain about how to enhance visual perception by harnessing the

knowledge embedded within LLMs.

5.3 Methodology

In this section, we carefully demonstrate the Machine Vision Therapy process which mainly

contains three components, namely Transition Matrix Estimation, Denoising In-Context
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Learning, and Fine-Tuning of vision models. Next, we demonstrate problem setting and

framework overview.

5.3.1 Problem Formulation and Overview

Generalizing to Out-of-Distribution tasks has been a challenging topic in computer vision
problems, where we normally have a vision model parameterized by 6., € O., pre-trained
on massive labeled in-distribution (ID) data D = {zi? yid}™ € X x ), where Y = R°.
Here each ID example is sampled from a joint distribution, i.e., (X%, V) ~ p', where X
and Y stand for variables. After pretraining, we can assume the conditional distribution
P(Y| X) can be perfectly captured by the inference function 3@ = f,_ (2'¢), where §* is
the prediction. In OOD tasks, we are given a set of unlabeled examples D¢ = {z¢°¢}n
whose element 7°°? € X is drawn from an unknown data distribution p°*?. Due to the
change of downstream task, some factors that affect the data generating process are shifted,
causing a difference between p°°? and p'?, further hindering the label prediction, i.e., §j°°¢ =
fo., (z°°4) & P(Y 4 X1) where Y°°? is the unknown ground truth. Fortunately, having

been observed with extraordinary low-shot generalization capability, we leverage MLLM

with parameters 0,,;;,, € O, to enhance the OOD robustness of vision models.

Our framework is illustrated in Figure 5.2 and our problem can be formulated as follows:

N-

c)

it £(fa2): 2= [ (X5 Y1 (X2 V,1)X0)
Y. = Te; argmax|fa,, (X;)]], (5.1)

where X;" and X, denotes the positive and negative exemplars, respectively, X; is the query
image, and 7" is the transition matrix. Intuitively, when a distribution shift occurs, the emer-
ging prediction errors are essentially label noises that can be captured by estimating a trans-
ition matrix. Hence, by focusing on calibrating the examples with high noise probabilities,
the visual robustness of downstream tasks can be improved effectively. In particular, we feed

all OOD data into the vision model to obtain the noisy prediction distribution P (Y 0% X °°?),
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based on which we can effectively estimate 7" and provide exemplars to instruct MLLM?,
Further, we conduct machine vision therapy to find the possible ground truth for X; based on
the MLLM output 2. Finally, z is leveraged to minimize £ to optimize 6,,. Next, we explain

the details of each process.

5.3.2 Transition Matrix Estimation

The distribution shift from OOD data 2°°¢ leads to unreliable label prediction 7°°¢, which
is highly unreliable due to instance-dependent feature noises [297, 123] as shown in Sec-
tion 5.4.8. Hence, in order to capture the relationship between yood and Yool we lever-
age a transition matrix 7' € [0,1]9%¢ [268, 271, 122] which satisfies P(Y°%¢| X)) =
T'P (}7"°d|X ood)  However, estimating such a transition matrix is difficult without access
to any noisy label supervision or strong assumption [268, 122]. Therefore, we propose a
simple yet effective sample selection approach to construct a support set with clean labels.
Specifically, we rank all OOD data within each class based on their prediction confidence,
i.e., max, [ fy,, (z°*!)] , where [-], denotes the value of the c-th entry. From the sorted data-

ood,c _ood,c ood,c\ C

set {x]7, o™ - 2%}, we uniformly sample p examples per class, where p is the
C

labeling budget, i.e., D*“PP = {{x;";djc ?_1}Y&1. In this way, we can effectively model the

noisy posterior P(Y°°¢|X°?). Then, through an acceptable labeling process®, we can obtain
the clean label posterior P(Y°°%| X°°?)  thus effectively estimating the transition matrix 7.
Finally, the noise transition probability 7" [:; arg max|fy,,|] of a query image can be obtained

by indexing 7' through its current prediction.

2Although some manual annotation is required, we show in later experiments that our strategy has an
acceptable labeling workload and demonstrates superior performance to vanilla fine-tuning on the support set.
Furthermore, the support set is not used for parameter tuning in our method, so our fine-tuning does not
actually use any human annotation for training.

3We experimentally show that when there is a distribution shift between D*“PP and D°°?, the proposed
method can still perform effectively. As a result, it is unnecessary to conduct the labeling process on each
practical task. Instead, we can just use the existing support set to instruct most of OOD tasks.
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5.3.3 Denoising In-Context Learning

Thanks to the previously obtained noise probability list 7' [:; arg max|fy,, ]|, we can further
decide which one is the possible ground truth through DICL. In particular, we only consider
the classes of the top-/N noise probability as potential candidates. If the label prediction
denoted by “PRE#0” is not in the candidates, we would fix it in the first place. Further, we
conduct Diagnosing which decides the fidelity of the current prediction, and Therapy which

finds the possible ground truth.

Diagnosing. Since the inference time of MLLMs is non-trivial, it is necessary to avoid
redundant analysis on confident examples. Hence, to examine the fidelity of vision model
predictions, our Diagnosing focuses on answering whether a query image belonging to class
“PRE#0” is “True”. Specifically, we retrieve from D*“PP to obtain one exemplar image
belonging to “PRE#0”, and another exemplar image belonging to the class with the largest
noise transition probability “CLN#1*. Then, combined with the query image X, an in-

context instruction is constructed:

Question: This image <IMG_PRE#0> shows a photo of <PRE#0>, True or False?
Answer: True;
Question: This image <IMG_CLN#1> shows a photo of <PRE#0>, True or False?
Answer: False;
Question: This image <IMG_Query> shows a photo of <PRE#0>, True or False?

Answer:

The symbols <IMG_PRE#0>, <IMG_CLN#1>, and <IMG_Query> are replace tokens
for the image features of exemplars from “PRE#0” and “CLN#1”, and X, respectively. The
first exemplar acts as the positive one to show MLLMs the true image from class “PRE#0”,
and the second exemplar shows the negative one to show the highly probable false image

from “CLN#1”. Then, based on the X, and “PRE#0”, MLLMs can effectively judge the

“The performance of retrieve strategy is carefully studied in Section 5.4.9.
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correctness by outputting zy:

Z0= emllm((XPRE#OaYPRE#O); (XCLN#l 7YPRE#0) ;Xq)- (5.2)

To enable further quantitative analysis, we obtain the logits of “True” and “False” tokens

from the MLLM output 2, followed by a softmax function:
2o := softmax([zo[Truel, zo[False]]). (5.3)

Finally, we combine zy[True| and the prediction confidence of the vision model to obtain a
detection score A:

A = 2 (zo[True] + max [f ], (+). (5.4)

If A is larger than a threshold §, we assume the current prediction “PRE#0” is correct’,

otherwise, we conduct the next Therapy process.

Therapy. During therapy, we continue to use the instruction template above and traverse
across the rest clean class candidates. Particularly, for each iteration ¢ in N — 1 trials,
we choose “CLN#c” as the positive class and “PRE#0” as the negative class, whose ex-
emplars are correspondingly retrieved from D*“PP to construct the prompt. Then, it is fed
into MLLM to output whether the query image belongs to the class “CLN#c”, i.e., z. =
Omiim (XoLnge, Yornae); (Xprego,YoLn )i Xg).let z. 1= softmax([z.[Truel, z.[False]]).

As a result, we can decide the final prediction through:

Ymillm = arg max [zc[Tme]]iV:O ) (5.5)

As shown in Section 5.4, the performance of MLLM prediction shows strong performance
in many OOD scenarios. However, we still cannot directly employ MLLMs for inference,
due to three main reasons: (1) Non-negligible inference time: Since current MLLMs cannot
handle large-batch data, it would be unimaginably slower (e.g., 1000x) when using MLLMs
rather than vision models; (2) High requirements for computation: Inference through MLLM
takes up huge memory of GPU. For MLLMs using large LLLMs such as LLaMA-13B, it

requires distributed inference on less advanced devices; (3) Model privacy issue: Many

SDetailed analysis is shown in Section 5.4.9.
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Algorithm 4 Machine Vision Therapy.

Require: Pre-trained vision model 6,,,, MLLM 0,,;,,,, OOD dataset D%,
1: Uniformly sample pC' examples from confidence-sorted D°°? to construct support set
Dsurp;
2: Estimate transition matrix 7'; {Section 5.3.2}
3: fori=0,1,--- ,ndo
4:  Based on label prediction 42°?, obtain noisy transition probability T [:; arg max/[fy,, ]];
5:  Conduct Diagnosing through Equation (5.2) and compute detection score A through
Equation (5.4);
6: if A > 0 then
7: Accept current prediction;
8
9

else
Conduct Therapy and obtain MLLM prediction through Equation (5.5); {Sec-
tion 5.3.3}
10: Based on the MLLM prediction, conduct fine-tuning through Equation (5.6); {Sec-
tion 5.3.4}
11:  endif
12: end for

MLLMs are highly sensitive with limited accessibility, therefore. Hence, we propose to

fine-tune vision models based on the prediction of MLLMs.

5.3.4 Fine-Tuning of Vision Models

After obtaining the MLLM prediction ¥,,,;;,,, We propose to optimize vision models through

the following objective:
minecv ‘CCE(fG,;v 9 ymllm)a (56)

where L..(-) denotes the cross-entropy loss. Here we summarize our methodology in Al-
gorithm 4. Further, we can directly deploy the fine-tuned vision models to OOD tasks whose

effectiveness is demonstrated in Section 5.4.

5.3.5 Theoretical Analysis

We denote the MLLM is pretrained over a distribution p defined by a latent concept ¢ € .
During DICL, there are n examples to form a prompt S,, which are sampled from a prompt

distribution p,,,m;+ defined by concept ¢* € ®. To justify the proposed DICL strategy,
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based on the theoretical framework proposed by Xie et al. [298], we show that when MLLM
achieving the most probable z based on the given prompt S,, and query image-text pair x,-y
under a concept ¢*, the corresponding y is the same as the one found from p,;omp:, Which is

Yy, that matches with z,.

ASSUMPTION 3 (Distribution consistency). V(zq, Y4) ~ Pprompts P(Tq: Yg) = Pprompt(Zq: Yg)-

Moreover, the assumptions from Xie et al. [298] also hold, then we have:

THEOREM 4. Assume that the above assumptions hold, if for all p € ®, ¢ # ¢*, the concept
¢* satisfies the distinguishability condition: 2521 KLj(¢*|¢) > € + €0y, then as

n — oQ, the prediction according to the pretraining distribution is

arg max p(y|Sy, g, ¢") — ArGMAX Pprompt (y|7). (5.7)

Thus, the in-context predictor f, achieves the optimal 0 — 1 risk: lim, o Lo_1(fn) =

iIlff EO—I (f)

LEMMA 1. Under the same condiction of Theorem 4, the prediction z according to the

pretraining distribution is

argmgxp(z]Sn,xq,yq,¢*)—> ATGIMAX Pprompt (z|Tg,yq)- (5.8)

THEOREM 5. Assume that the above assumptions hold, as n — oo, when achieving the
largest prediction probability of z given prompt under concept ¢*, the corresponding class

description y follows the same vy obtained from the prompt distribution:

argmg?xp(zw’n,xq,y,gﬁ*) — argmfx Pprompt (2|T4,Y)- (5.9)

We can see that if n is large enough, the MLLM prediction z achieves the largest value when

Yy, 1s the exact match to x,. As a result, we can justify that only when we feed the positive
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TABLE 5.1. Classification accuracy (%) of baseline CLIP models and our
method on 5 ID datasets and 5 OOD datasets. The baseline methods includes
VIiT-L from CLIP [226] and ViT-g from EVA [299], VQA, and Vanilla FT.

Arch |Method D ©OD —
IN-Val IN-V2 CIFAR10 CIFAR100 MNIST|IN-A IN-R IN-SK IN-V iWildCam
RN50 59.7 52.6 71.5 41.9 58.5 |23.9 60.7 354 31.1 8.2
RN101|CLIP 61.7 56.2 80.8 48.8 51.6 |30.2 667 409 354 12.3
ViT-B 62.9 56.1 89.9 65.0 479 (322 67.9 419 30.5 10.9
CLIP 75.8 70.2 95.6 78.2 76.4 169.3 86.6 59.4 51.8 13.4
VQA 649 599 97.6 83.2 56.7 |166.0 87.3 569 56.2 13.3
ViT-L |Vanilla FT| 76.1 70.8 96.1 80.3 77.5 1708 87.5 60.0 53.6 152
MVT 752 70.8 97.9 78.9 53.0 |71.2 88.1 59.0 62.1 25.0
+FT 769 70.5 96.7 82.0 79.2 |75.1 89.5 614 68.8 -
EVA 78.8 71.2 98.3 88.8 622 719 914 677 649 219
VQA 64.3 59.6 97.9 84.5 557 |64.6 87.4 582 59.2 19.7
ViT-g |Vanilla FT| 78.9 71.8  98.7 89.1 62.9 |72.7 916 68.1 656 224
MVT 791 71.6 98.1 89.0 63.2 |73.2 914 679 663 25.1
+FT 79.0 72.2 98.9 91.2 65.7 |75.5 92.8 68.6 70.6 -

image-text pair to the MLLM, the prediction z is the largest among all other combinations

between z, and y € V,y # Y.

5.4 Experiment

In this section, we first provide our experimental details. Then we conduct quantitative
comparisons with the state-of-the-art vision models. Finally, we conduct ablation studies

and analyses to qualitatively validate our method.

5.4.1 Experimental Setup

Datasets. In our experiments, we use well-known ID datasets including ImageNet-1K [282]
validation dataset, ImageNet-V2 [217], CIFAR10 [107], CIFAR100 [107] and MNIST [300].
We also evaluate OOD generalization on datasets that are commonly considered OOD ones,
ImageNet-A [219], ImageNet-R [218], mageNet-Sketch [220], ImageNet-V [301], iWild-
Cam [302], and DomainBed [303].
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TABLE 5.2. Classification accuracy (%) of baseline CLIP models and our
method on 4 subsets of DomainBed datasets. The baseline methods include
VIiT-L from CLIP, ViT-g from EVA, VQA, and Vanilla FT.

Datasets VLCS PACS
Method 0 1 2 3 0 1 2 3
CLIP 74.9 83.5 80.3 74.5 97.8 97.4 97.5 99.4
d Vanilla FT 78.8 85.2 83.4 77.0 98.0 97.6 97.7 99.6
= MVT 83.8 89.0 87.2 80.3 97.6 97.5 98.0 99.4
+FT 84.2 89.8 87.9 82.5 84.2 98.2 98.0 99.8
EVA 72.5 80.0 79.8 72.8 99.0 98.8 98.9 99.8
ﬁf) Vanilla FT 75.5 82.3 82.1 75.6 98.9 98.7 98.9 99.8
= MVT 81.2 86.6 86.1 79.5 98.2 98.0 98.0 994
+FT 83.7 89.5 86.9 82.0 99.1 98.9 99.0 100.0
Datasets OfficeHome DomainNet A
Method 0 i 2 3 0 I 2 3 7 Ve
CLIP 877 9277 857 856 | 61.1 62.1 60.2 784 51.1 | 80.6
i Vanilla FT | 87.9 93.1 87.1 869 | 62.0 625 605 785 519 | 81.6
= | MVT 877 934 89.0 885 | 61.3 62.1 604 787 534 | 82.8
+FT 90.9 95.0 909 90.8 | 62.5 63.8 624 80.1 54.0 | 84.0
EVA 90.5 942 886 887|614 647 612 81.6 549 | 81.6
ﬁo Vanilla FT | 90.6 94.5 89.2 89.0 | 61.5 649 613 81.8 548 | 823
S | MVT 89.7 938 89.7 89.1 | 62.2 650 061.6 823 56.1 | 83.3
+FT 91.6 951 90.7 90.6 | 619 648 63.2 819 56.6 | 84.4

Models and baselines. For vision backbone, we employ CLIP models [226] and utilize ViT-
L/14 and ViT-g [304] from EVA [299] as the vision model to be enhanced. For the MLLM
backbone, we consider two existing works MMICL [281] and Otter [251] that possess mul-
timodal ICL ability. Additionally, we conduct Visual Question Answering (VQA) to directly
ask MLLMs the class of query images. Moreover, we conduct vanilla fine-tuning (Vanilla
FT) using only D*“PP as a baseline. The performance of using MLLM prediction is denoted

as MVT, and our fine-tuning result is denoted as FT.

Settings. For model evaluation, we randomly select 5000 images independently from the
ImageNet validation set (IN-Val), ImageNet-V2 (IN-V2), ImageNet-A (IN-A), ImageNet-
R (IN-R), ImageNet-Sketch (IN-SK), ImageNet-V (IN-V) and 10000 images independently
from CIFAR10, CIFAR100, MNIST to constitute the test samples. Additionally, we select 3



5.4 EXPERIMENT 89

TABLE 5.3. Classification accuracy (%) of baseline CLIP models and our
method with MMICL [281] and Otter [251] as the VLMs on 5 ID datasets
and 5 OOD datasets. We compare the performance of our method, and the
fine-tuned models supervised by our method with the baseline models, i.e.,
ViT-L from CLIP [226]. Fine-tuning with both MMICL and Otter improves
the classification accuracy.

D
MLLM | Method <77 IN-Vv2  CIFARI0  CIFARIO0  MNIST
None | CLIP | 758 70.2 95.6 78.2 76.4
MVT 75.2 70.8 97.9 78.9 53.0
MMICL | /er 76.9 70.5 96.7 82.0 79.0
Otter MVT 742 67.4 94.7 70.1 52.0
+FT 76.3 70.1 96.6 81.8 81.3
MLLM | Method 00D Avg (ID+O0D)
ehod INCA IN-R IN-SK IN-V _ iWildCam | ‘%8
None | CLIP | 693 866 594 518 134 | 61.7
MVT | 712 881 590 621 25.0 64.3
MMICL || ep 751 895 614 688 ] 75.6
Otter MVT | 641 852 595 519 16.2 60.3
+FT 735 887 600 557 ; 73.0

images per category to construct a support set to provide in-context exemplars. We evaluate
1WildCam from WILDS and VLCS, PACS, OfficeHome, and DomainNet from DomainBed.
For the details of implementation, we choose the top-6 noisy classes to conduct MVT. Con-
cretely, we set the threshold 6 = 0.6 to diagnose incorrect predictions, then we retrieve
exemplars from the support set based on the most similar logit prediction to query images.
For each round of DICL, we repeat the process for 3 times and average the model predic-
tions. During fine-tuning, we optimize the vision models for 3 epochs using Adam and SGD

optimizers for ViT-L and ViT-g, respectively.

5.4.2 Quantitative Comparison

First, we compare our MVT method with well-known vision models under both ID and OOD

scenarios. As shown in Table 5.1, we can see that our method with fine-tuning denoted as
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TABLE 5.4. Classification accuracy (%) of baseline CLIP models and our
method with MMICL [281] and Otter [251] as the VLMs on 4 subsets of
DomainBed datasets, including VLCS, PACS, OfficeHome, and DomainNet.
We compare the performance of our method and the fine-tuned models super-
vised by our method with the baseline models, i.e., ViT-L from CLIP [226].
Fine-tuning with both MMICL and Otter improves the classification accur-

acy.
Datasets VLCS PACS
MLIM - rethod [0 i b 3 0 i ) 3
None | CLIP | 749 835 803 745 | 97.8 974 97.5 994
MMICL MVT 83.8 89.0 87.2 80.3 97.6 97.5 98.0 99.4
+FT 84.2 89.8 87.9 82.5 98.0 98.2 98.0 99.8
Otter MVT 67.5 77.4 73.7 66.6 97.0 96.3 96.5 99.0
+FT 76.8 87.7 82.3 77.4 98.0 97.7 98.0 99.8
MLLM Datasets | OfficeHome | DomainNet |

Method [ O 1 2 3 | 0 1 2 3 4
None | CLIP |87.7 927 857 856|611 621 60.2 784 51.1|80.6

MMICL MVT 877 934 89.0 88.5|61.3 62.1 604 787 534|828
+FT 90.9 95.0 909 90.8 | 62.5 63.8 624 80.1 54.0 | 84.0
Otter

+FT 88.7 934 877 87.1|62.0 63.0 613 79.7 534|820

MVT 85.6 899 836 833|565 586 563 741 465 |77.0

“+FT” achieves better performance in most settings. Specifically, on “IN-V”, our method
with fine-tuning can significantly surpass both CLIP and EVA for 17% and 6%, respectively.
Moreover, on “IN-A”, our method achieves 4.3% and 2.8% performance improvement over
the second-best method on both ViT-L and ViT-g backbone, respectively. We can also ob-
serve that even without fine-tuning, the prediction accuracy of MLLM denoted by “MVT”
can still surpass all baselines on most scenarios, which denotes the strong performance en-
hancement of our MVT fine-tuning on vision models. Note that we did not provide fine-
tuning on iWildCam because most of the predictions are incorrect. Though MVT can still
achieve the best result, the vision encoders could be misled by erroneous decisions during

the fine-tuning process.

Furthermore, we consider domain shift by leveraging DomainBed datasets. Specifically, for

each dataset, we leave one domain out as a test dataset and fine-tune on rest domains. By
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TABLE 5.5. Classification accuracy (%) of baseline CLIP models and our
method on 5 ID datasets and 5 OOD datasets. We compare the performance
of our method, and the fine-tuned models supervised by our method with the
baseline models, including ResNet-50 and ViT-B/32. The supervisor MLLM
is MMICL [281].

ID
Arch | Method I Gl IN-VZ  CIFARIO  CIFARI00  MNIST
CLIP 597 526 715 41.9 58.5
RN50 | MVT 762 708 80.2 49.7 50.8
+FT 66.3 65.7 75.1 46.9 473
CLIP 629  56.1 89.9 65.0 47.9
VITB | MVT 775 710 92.5 60.4 51.5
+FT 66.3 66.0 90.1 59.5 46.6
00D
Arch | Method A INR INSK NV iWildCam
CLIP 239 607 35.4 31.1 8.2
RN50 | MVT 475 729 41.6 54.1 14.5
+FT 321 644 36.5 38.2 -
CLIP 322 679 41.9 30.5 10.9
VITB | MVT 60.6  83.0 47.8 53.1 19.3
+FT 388 687 43.1 37.6 -

comparing two state-of-the-art vision backbones ViT-L and ViT-g, we show the performance
comparison in Table 5.2. As we can see, both MVT and MVT with fine-tuning can signi-
ficantly surpass the baseline methods. For some scenarios such as the PACS dataset, our
method can achieve nearly 100% performance. Moreover, in several scenarios in the VLCS
dataset, both our MVT and fine-tuning can achieve almost 10% improvements. Addition-
ally, we find that our method with fine-tuning largely surpasses vanilla fine-tuning baseline
on both Tables 5.1 and 5.2. Hence, we can conclude that our learning strategy can indeed

provide effective supervisions which enhances vision robustness under distribution shift.

5.4.3 Quantitative Comparison using Otter

Similarly, here we conduct additional experiments on various ImageNet-based datasets and

DomainBed datasets using ViT-L but a different MLLM backbone: Otter [251]. The results
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TABLE 5.6. Classification accuracy (%) of baseline CLIP models and our
method on 4 subsets of DomainBed datasets, including VLCS, PACS, Office-
Home, and DomainNet. We compare the performance of our method and the
fine-tuned models supervised by our method with the baseline models, in-
cluding ResNet-50 and ViT-B/32. The supervisor MLLM is MMICL [281].

VLCS PACS
0 1 2 3 0 1 2 3

CLIP 750 823 813 750 | 91.3 903 90.0 96.2
RN50 | MVT 843 88.0 887 818 | 96.0 96.1 954 98.8
+FT 837 873  88.1 81.3 | 956 957 951 98.6

CLIP 740 820 796 744 | 936 928 930 982
ViIT-B | MVT 84.2 873 884 828 | 96.7 964 96.6 98.8
+FT 76.0 848 813 816 | 929 888 894 933

Arch Method

OfficeHome DomainNet
Arch | Method 0 1 5 3 0 I 5 3 1 Avg

CLIP 717 809 694 678 | 47.2 468 449 64.0 329 |71.0
RN50 | MVT 772 853 775 754 | 46.1 463 434 61.7 33.2 | 75.0
+FT 759 850 758 7477|453 456 43.0 604 326 | 74.3

CLIP 79.2 864 774 763 |49.7 543 510 687 40.7 | 74.8
ViT-B | MVT 84.0 89.3 829 815|495 531 515 699 41.7 | 78.5
+FT 81.1 883 80.8 77.7| 472 525 487 669 405 | 74.8

are shown in Tables 5.3 and 5.4. We find that the performance of MVT is dependent on the
MLLM backbone: when using Otter as the backbone model for MVT, the OOD performance
would slightly degrade from the performance of MMICL, which could be due to the capab-
ility of MLLM to conduct ICL. However, the rectified predictions can still contain useful
information to boost the performance of vision models. In several cases in ImageNet-Val,
MNIST, and ImageNet-R, Otter with fine-tuning can still improve the visual robustness to

the best or second-best results.

5.4.4 MVT on Additional Vision Models

Then, we conduct MVT using MMICL but using different vision backbone models such
as ViT-B and ResNet-50 on ImageNet and DomainBed datasets. The results are shown in

Tables 5.5 and 5.6. We can see that the performance of MVT is quite strong compared to
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TABLE 5.7. Classification accuracy (%) of baseline CLIP models and our
method with MMICL [281] as the VLM on 15 corruptions and 5 severities
of ImageNet-C datasets. We compare the performance of our method and the
fine-tuned models supervised by our method with the baseline models, i.e.,
ViT-L from CLIP [226]. The fine-tuned models with our MVT method have

the best performance.

Gaussian Noise

Shot Noise

Impulse Noise

1 2 3 4 5 avg

1 2 3 4 5 avg

1 2 3 4 5 avg

CLIP
MVT
+FT

69.8 66.7 59.7 46.9 30.6 54.7
70.1 67.5 61.2 49.8 33.6 56.4

70.5 64.9 57.7 43.6 32.1 53.8
70.8 66.8 59.2 46.1 35.6 55.7

71.0 67.9 61.3 48.7 33.5 56.5

65.7 60.2 55.9 45.0 32.7 51.9
66.3 61.9 58.4 47.5 35.6 53.9

72.0 67.1 60.1 46.1 35.2 56.1

68.5 64.2 59.8 48.9 35.8 55.4

Defocus Blur

Glass Blur

Motion Blur

1 2 3 4 5 avg

1 2 3 4 5 avg

1 2 3 4 5 avg

CLIP
MVT
+FT

66.1 62.4 53.0 43.4 35.0 52.0
67.1 63.3 55.8 47.6 38.8 54.5

65.5 59.3 40.5 33.8 25.4 44.9
67.1 61.3 42.8 36.0 29.4 47.3

70.9 66.8 59.9 49.5 41.8 57.8
71.9 67.7 60.9 51.5 43.2 59.0

68.8 64.1 56.3 47.4 38.4 55.0

68.9 64.8 45.2 37.6 30.2 49.3

72.8 69.1 62.1 52.7 45.3 60.4

Zoom Blur

Snow

Frost

1 2 3 4 5 avg

1 2 3 4 5 avg

1 2 3 4 5 avg

CLIP
MVT
+FT

62.2 55.9 49.8 43.9 37.3 49.8
64.1 57.3 52.0 45.7 38.7 51.6

68.3 61.2 61.9 56.1 52.6 60.0
69.2 61.5 62.9 57.1 54.0 60.9

68.5 61.2 53.8 51.1 46.6 56.2
69.5 61.5 54.2 52.7 47.4 57.1

65.2 59.2 54.2 48.8 41.4 53.8

70.6 63.9 64.6 59.2 55.6 62.8

71.9 65.2 57.9 56.4 51.5 60.6

Fog

Brightness

Contrast

1 2 3 4 5 avg

1 2 3 4 5 avg

1 2 3 4 5 avg

CLIP
MVT
+FT

69.8 67.9 65.0 61.3 52.0 63.2
70.7 69.2 66.5 62.6 53.8 64.6

74.3 74.0 72.8 70.6 68.1 72.0
74.774.1 72.6 71.1 68.8 72.3

70.6 69.3 64.8 52.4 35.1 58.4
70.9 69.9 65.1 52.9 36.9 59.1

72.5 71.3 69.5 67.1 60.3 68.1

76.0 75.1 74.3 73.1 71.1 73.9

73.5 73.5 70.2 59.2 42.7 63.8

Elastic

Pixelate

JPEG

1 2 3 4 5 avg

1 2 3 4 5 avg

1 2 3 4 5 avg

CLIP
MVT
+FT

69.2 50.6 64.1 53.1 30.4 53.5
70.0 51.1 65.8 55.2 32.7 55.0

71.0 70.4 66.2 60.1 54.6 64.5
71.7 70.7 66.5 61.9 57.3 65.6

70.7 53.6 67.7 58.5 32.2 56.5

72.8 71.8 69.1 62.9 57.7 66.9

70.8 67.7 65.1 58.0 45.3 61.4
72.5 69.6 67.5 60.5 47.7 63.6

71.2 68.9 65.8 60.0 48.8 62.9

other vision models which shows over 10% and 4% improvements in ImageNet datasets and

DomainBed datasets, respectively. Especially on ImageNet-V2, ImageNet-A, ImageNet-

R, and ImageNet-V, the performance improvement of MVT are encouragingly over 15%,

24%, 12%, and 23%, respectively. After fine-tuning, the performance can be improved in

most cases, such as ResNet-50 is further improved by 13.1% and 3.3% correspondingly on
ImageNet-V2 and DomainBed thanks to MMICL.



94 5 MACHINE VISION THERAPY

Test Train Test
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(a) One-To-One (020) (b) Many-To-Many (M2M)

FIGURE 5.3. Figures are from Lynch et al. [305], the letters on each im-
ages denote a certain background. There are two spurious correlation types
in the Spawrious dataset, namely O20 and M2M. In the O20 setting, each
dog class is correlated to one certain background type and different distribu-
tions have different correlation probabilities as shown by the bar below the
020 figure. As for the M2M setting, multiple classes and backgrounds are
correlated together and the correlation changes to different groups of classes
and backgrounds during testing.

5.4.5 Robustness against Visual Corruptions

Further, we consider the visual robustness against corruptions by evaluating EVIL on a ro-
bustness benchmark: ImageNet-C [114]. Specifically, there are 15 different types of cor-
ruption with different corruption severities varied from 1 to 5. Here we cover all scenarios
to evaluate our method using MMICL as a backbone model and a baseline method CLIP
ViT-L. The results are shown in Table 5.7. We can see that our method shows very strong
performance in all scenarios. Compared to CLIP, using MVT can improve the performance
by over 2%, and through fine-tuning, the performance is further boosted by over 4%. The

encouraging results again demonstrate the effectiveness of our method.

5.4.6 Robustness against Spurious Correlation

Moreover, we consider a common distribution shift scenario where the training dataset and
test dataset have different foreground and background correlation, i.e., spurious correlation.

Specifically, as shown in Figure 5.3, standing for the Spawrious dataset that we use, there are
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TABLE 5.8. Performance comparison between MVT and CLIP on robustness
against spurious correlation using Spawrious dataset.

Type |020_easy O20_medium O20_hard M2M_easy M2M_medium M2M_hard|Avg.
ViT-L| 94.1 95.4 93.3 96.7 95.0 925 1945
MVT| 958 96.3 93.6 96.8 95.8 929 |95.2
ViT-g| 94.6 97.0 92.6 96.7 95.6 94.8 1952
MVT| 953 97.4 92.8 96.8 96.6 95.4 |95.7

two different settings: One-To-One (0O20) correlation, where each class is correlated to one
background type with a certain probability. The foreground objects in the training dataset and
test dataset have different probabilities of being combined with a certain background. For
the Many-To-Many (M2M) setting, the foregrounds and backgrounds are split into subgroups
that contain multiple classes and background types. When different subgroups are correlated
together between training and test datasets, the M2M spurious correlation is formed and
brings more complexity. In the Spawrious dataset, there are three levels of hardness based
on the correlation probability difference between the training and test datasets, namely easy,
medium, and hard. Here, we consider all scenarios and show the results in Table 5.8. We
can see that the MVT method can outperform the ViT-L and ViT-g baseline methods in all
scenarios, which leads to the conclusion that our method is robust to spurious correlations

and can identify the class of interests despite the changing backgrounds.

TABLE 5.9. Class names for 12 chosen attributes.

Attribute -1 +1

Male a woman a man
Wear_Hat not wearing a hat wearing a hat
Smiling not smiling smiling
Eyeglasses not wearing eye glasses wearing eye glasses
Blond_Hair not having blond hair having blind hair
Mustache not having mustache having mustache
Attractive not attractive attractive

Wearing_Lipstick
Wearing_Necklace
Wearing_Necktie
Young

Bald

not wearing lipstick
not wearing necklace
not wearing necktie
not young
not bald

wearing lipstick
wearing necklace
wearing necktie
young
bald
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Wearing_Hat Smiling Eyeglasses Blond Hair Mustache

Young

Wearing_Lipstick Wearing_Necklace Wearing_ Necktie

FIGURE 5.4. Examples of celebA photos with different attributes.

5.4.7 Performance on Recognizing Fine-grained Attributes

Additionally, here we further explore the capability of recognizing subtle attributes based on
the CelebA dataset [306]. Particularly, we consider 12 face attributes, as shown in Figure 5.4.
For each attribute, we testify whether a learning model could correctly identify the attribute
in a given image. Here we compare our MVT method with CLIP ViT-L and ViT-g, and the
performance of MVT produced by conducting therapy on ViT-L and ViT-g models.

Particularly, since CelebA is a binary classification task, here we design different prompts
for vision models and our MLLM. For CLIP models, we use The person in this
image 1s <#classname> as text input, where <#classname> of each attribute is
shown in Table 5.9. For our method, we still designed one positive prompt and one negative

prompt for each ICL round. Specifically, for “Male” attribute, our instruction is as follows:
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TABLE 5.10. Performance comparison between MVT and CLIP on recog-
nizing fine-grained attributes using CelebA dataset.

Attr. Male Hat Smiling Glasses Blond Mustache Attract Lipstick Necklace Necktie Young Bald | Avg.
ViT-L|63.0 60.8 64.5 75.8 362 29.0 42.0 30.8 38.0 37.5 66.6 86.3|52.5
MVT |74.0 67.0 654 76.1 53.0 558 424 394 38.6 539 73.5 88.160.6

ViT-g |98.5 755 704 83.8 460 66.6 58.2 725 435 284 54.1 91.3|65.7
MVT |989 77.2 71.0 84.1 583 749 59.0 73.2 43.6 41.2 56.1 91.8/69.1

Question: Is the person in this image {replace_roken} a male? Answer: True;
Question: Is the person in this image {replace_roken} a female? Answer: False;

Question: Is the person in this image {replace_roken} a male? Answer:

in which is first exemplar demonstrates an image of a male positively described as male, the
second exemplar shows an image of a male negatively described as female, and finally, we

ask whether the input image is a male and use the output of MLLM as the prediction.

The results on CelebA are shown in Table 5.10, we observe that our method is quite effective
in recognizing fine-grained attributes and its performance significantly surpasses ViT-L and
ViT-g with a large margin. Especially in attributes such as “Blond_Hair”, “Mustache”, and
“Wearing_Necktie”, the performance improvements are even over 10% on both two CLIP
models, and the final averaged results on all 12 attributes, the total improvements are 8.1%
and 3.4% for ViT-L and ViT-g, respectively. Therefore, it is reasonable to conclude that our
method can be effectively conducted on fine-grained attribute recognition and significantly

outperforms several powerful vision models.

5.4.8 Ablation Study

In this part, we conduct ablation studies to analyze each module of MVT by using ViT-L

backbone vision model.

Ablation Study on Transition Matrix Estimation. To validate the performance of trans-
ition matrix estimation, we compare our confidence-based uniform sampling strategy to a

random sampling baseline. The result on the ImageNet-V dataset is shown in Figure 5.5. To
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FIGURE 5.5. Ablation study on transition matrix estimation by comparing
our method with random sampling and ground truth.

TABLE 5.11. Performance comparison between choosing noisy classes via
transition matrix (MVT) and using Top-/N predictions.

IN-A IN-SK IN-Val IN-R IN-V2 IN-V

Top-N Pred.  60.3 584 74.2 85.3 67.7 58.3
MVT 65.5 59.0 75.1 86.0 70.7 61.6

quantitatively show the superiority of our method, we compute the /5 norm of the difference
between one estimation and ground truth which indicates the fidelity of the estimation. As
a result, our estimation is much more accurate by achieving 3.83 norm, compared to 4.46 of

random sampling.

Ablation Study on Choosing Noisy Classes. Further, we justify the choice of using a
transition matrix to obtain the noisy classes. As a comparison, we use the top-6 predictions
as the therapy candidates and show the results in Table 5.11. We can see on all datasets, our
method can outperform the opponent with non-trivial improvements. Therefore, leveraging

the transition matrix to find the potential noisy classes is more effective than using prediction.

Ablation Study on Detection Score. To analyze the proposed detection score on conducting
diagnosing, we show the distribution of prediction confidence provided by the vision model,
MLLM, and our detection score A in Figure 5.6. Based on the results, we can justify our
design of A: In the left column, we can see the confidence of correctly classified examples is

very high, but the wrong ones show uniform distribution. Conversely, in the middle column,
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FIGURE 5.6. Ablation study on detection score distribution.

TABLE 5.12. Comparison of classification accuracy (%) on 5 OOD datasets
with Otter [251] and MMICL [281]. We compare the performance on CLIP
ViT-L [226] backbone.

MLLM | Method | IN-A IN-R IN-SK IN-V  iWildCam
None | CLIP | 693 866 594 518 134
o | MVT | 641 852 595 519 162
JFT | 735 887 600 557 :
MVT | 712 881 590 621 250
MMICL | ypT | 751 895 614 6838 i

although MLLM poses slightly lower scores on correct ones, it significantly suppresses the
confidence of wrong ones. As a result, we combine two scores to obtain A, which can
produce clearly separable distributions to benefit the diagnosing process. Unless specified,

we set the threshold 6 = 0.6 which works effectively in most scenarios.

Ablation Study on MLLM Backbone. To testify the effectiveness of MVT on different
MLLM backbones, here we instantiate our method using Otter [279] and compare it to the
previous realization on MIMIC [281]. The result is shown in Table 5.12. We can see that both

the implementation on MMICL and Otter show superior performance to the employed vision
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FIGURE 5.7. Performance analysis: (left) varying the number of top-N
chosen noisy classes; (right) varying the number of retrieved exemplars.

encoder backbone. Although the performance slightly differs between Otter and MMICL,
which could be due to the model capacity and their training strategy, we can generally con-
clude that our MVT method is applicable to different MLLMs backbones with ICL and could

further benefit from more sophisticated MLLMs in the future.

5.4.9 Performance Analysis

Further, we conduct qualitative analysis to thoroughly validate the effectiveness of our MVT.

Choice of Top-/N Noisy Classes. To study how a varied number of chosen noisy classes
could affect the performance of our method, we change the top-/N number from 2 to 12, and
show the result on ImageNet-R, ImageNet-V, and ImageNet-Sketch datasets in Figure 5.7
left. We find a common phenomenon that either too small or too large a number of N could
hurt the performance. This could be because that small N would ignore too many potential
ground-truth classes. In contrast, large NV includes too many choices that could interfere with

the final prediction. Setting /V to 6 could be an ideal choice for ImageNet-based datasets.

Effect of Retrieval Numbers. In our experiments, we retrieve exemplars for 3 times and av-
erage the predictions. To further investigate the effect of varied retrieval numbers, we change

the number of retrievals from 3 to 18 and conduct experiments on the same OOD datasets
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as above. Specifically, we consider one positive and negative pair for a single DICL round
as one retrieval. We repeat this process for R times and ensemble the MLLM predictions
through & S [2.[True]", z.[False]"]. In this way, it is possible that MLLM predictions would
be more accurate. The result is shown in Figure 5.7 right. We observe that the performance
steadily improves as the retrieval number increases, however, the performance gains van-
ish when the retrieval number becomes too large. Moreover, large retrieval numbers would

multiply the computation cost. Therefore, it is suggested to set the number reasonably small.

Performance of Different Retrieval Strategy. As

least  most least  most
shown by Alayrac et al. [246], Retrieval-based In- & g
. - £86.7 87.7 £ 57.0 59.4
Context Example Selection (RICES) can significantly 2 &
affect the ICL performance. Therefore, here we in E 87.9 . ED 60.2 .
vestigate its influence. Specifically, we propose two

ImageNet-R ImageNet-V

retrieval strategies, namely feature-based retrieval and
FIGURE 5.8. Performance analysis

logit-based retrieval. The former one is based on fea- . . .
on different retrieval strategies.

ture similarity and the latter one is based on the predic-

tion logit. For each strategy, we conduct experiments on selecting the most similar examples
and the least similar examples, which are denoted as “most” and “least”, respectively. The
results are shown in Figure 5.8. Apart from the intuitive finding that least-similar retrieval is
inferior to selecting the most-similar one, we also observe that logit-based retrieval is more
effective than feature-based one. We assume this is due to the image classification task is

more related to logit value rather than feature similarity.

Effect of In-Context Exemplars with Distribution Shift. When the support set suffers
from a distribution shift from the target OOD dataset, whether DICL can still perform ro-
bustly remains to be validated. Hence, we leave one domain out as our support set and
leverage the rest domains as our target OOD dataset. In comparison, we choose a small
hold-out data split as the support set which shares the same distribution as the OOD dataset.
The results are shown in Figure 5.9 left. Surprisingly, we find that the performance is not
influenced by the distribution shift, which demonstrates that our MVT can still be effective

when exemplars are retrieved from different distributions.
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FIGURE 5.9. Performance analysis of in-context exemplars: (left) under dis-
tribution shift; (right) varying the exemplar length.

Effect of Varying In-Context Length. Further, we analyze the effect of increasing exemplar
length during inference. Particularly, we consider one positive and negative exemplar pair
as length 1. Here we vary the length from 1 to 5 and show the results in Figure 5.9 right.
We observe slight improvement when the length gradually increases which is consistent with
the theoretical findings [298]. However, when the length is longer than 4 the performance
drops and the predictions of MLLM become unstable which could be other than “True” or
“False”. This might be due to the limited capacity of MLLMs on handling a certain amount

of information, which is worth conducting studies on sophisticated MLLMs in the future.

Performance of OOD Detection. At last, we consider a more challenging scenario where
data from open classes could exist in the target dataset. Here we simulate this situation
by choosing 60% of the classes as closed classes and the rest are open classes. To detect
such open-class data, i.e., OOD detection [28, 307]6, we use the vision model prediction
confidence as a baseline and compare it with the MLLM diagnosing confidence as well as the
detection score A in Equation (5.4). The result is shown in Figure 5.10. In the upper row, we
observe the similar clearly distinguishable distributions using our score A as in Figure 5.6.
In the lower row, we show the F1 score of each detection criterion under a threshold varied
from 0 to 1 on three datasets. When a criterion produces confidence larger than the threshold,

it would predict as close-class data, other as open-class ones. Based on the result, we find

®Note that OOD detection here is different from the previous setting: here we focus on detecting open-class
data, and previous one focuses on detecting prediction errors.
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FIGURE 5.10. OOD detection analysis. Upper: Detection score distribu-
tion on ImageNet-A; Lower: F1 scores of vision model confidence, MLLM
diagnosing confidence, and our A score in ImageNet-A, ImageNet-R, and
ImageNet-V.

that MLLM achieves better detection performance when the threshold is small, but vision
model confidence is relatively better when the threshold is large, i.e., MLLM can effectively
detect open classes while vision models are better at recognizing close classes. However, an
effective detection should have a reasonable threshold value that is neither too large nor too
small and meanwhile has a high F1 score. Hence, by combining them together, our detection

score A can achieve the best F1 score when the threshold is around the middle range.

5.5 Conclusion

In this Chapter, we propose a novel paradigm of fine-tuning vision models via leveraging
MLLMs to improve visual robustness on downstream OOD tasks. Specifically, we effect-
ively estimate a transition matrix to help find the most probable noisy classes. By using

a positive exemplar and a negative exemplar retrieved based on the noisy classes, we can
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conduct DICL to rectify incorrect vision model predictions through two stages dubbed dia-
gnosing and therapy. Thanks to the rectified predictions, the robustness of vision models can
be further improved through fine-tuning. We conduct detailed theoretical analysis and ex-
tensive quantitative and qualitative experiments to justify the proposed method. Our frame-
work can significantly reduce the cost of training vision models and provide insights into
many visual recognition problems, such as OOD detection, OOD generalization, weakly-

supervised learning, etc.



CHAPTER 6

Out-of-Modal Generalization

The world is understood from various modalities, such as appearance, sound, and language.
Since each modality only partially represents objects in a certain meaning, leveraging ad-
ditional ones is beneficial in both theory and practice. However, exploiting novel mod-
alities normally requires cross-modal pairs corresponding to the same instance, which is
extremely resource-consuming and sometimes even impossible, making knowledge explor-
ation of novel modalities largely restricted. To seek practical multi-modal learning, here
we study Out-of-Modal (OOM) Generalization as an initial attempt to generalize to an un-
known modality without given instance-level modal correspondence. Specifically, we con-
sider Semi-Supervised and Unsupervised scenarios of OOM Generalization, where the first
has scarce correspondences and the second has none, and propose Connect&Explore (COX)
to solve these problems. COX first connects OOM data and known In-Modal (IM) data
through a variational information bottleneck framework to extract shared information. Then,
COX leverages the shared knowledge to create emergent correspondences, which is theoret-
ically justified from an information-theoretic perspective. As a result, the label information
on OOM data emerges along with the correspondences, which helps explore the OOM data
with unknown knowledge, thus benefiting generalization results. We carefully evaluate the
proposed COX method under various OOM generalization scenarios, verifying its effective-

ness and extensibility.

105
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FIGURE 6.1. Al is enhanced as more modalities are incorporated, so how
can Al learns from novel modalities based on the ones it already know?

6.1 Introduction

To understand the world, we use various data modalities, such as image [3, 308, 309] and
text [310, 5]. Each modality describes objects through a certain physical perspective, thus
contributing to understanding objects. Therefore, multi-modal learning (MML) [246, 311,
312, 226, 313, 314, 315] which learns from multiple modality data has been a core research
topic in Al. Thanks to the utilization of various modalities, the learning performance has
shown benefits on various tasks compared to uni-modal learning [316, 317, 226, 318], such
as cross-modal retrieval [280, 319, 320], human-computer interaction [321, 322], and robot-

ics [323, 324].

However, existing states of the art are not satisfactory, and emerging modalities need to
be leveraged effectively just like the relatively new data modalities of geomagnetic fields
[325], sound waves [326], and electromagnetic waves [327]. Therefore, emerging techno-
logies have constantly leveraged new sensors to enhance their performance. For example,
Embodied Als [328] already possess abilities like 3D vision and language, but they are still
exploring novel skills, such as tactile and bio-sensing. Since it is hard to leverage such un-
common and inexperienced skills in practice, adapting the knowledge from common mod-

alities to understand the novel ones could be beneficial, as shown in Figure 6.1. In practice,
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most existing MML investigations [226, 295, 329, 330] require instance-level modal cor-
respondence, i.e., multi-modal data are paired with the same instance, which is often hard
to satisfy in real-world scenarios when facing novel modalities [331, 332, 318, 333]. For
a robotic example, some modalities are common and easy to acquire, e.g., vision and lan-
guage. However, others like tactility need special sensors to resample from the same objects
seen or spoken. Unfortunately, the resample could no longer be accessible in practice. As a
result, the new modalities usually have incomplete or even no correspondence, which could
seriously block the knowledge interaction across modalities and hinder the benefits brought
by MML. Hence, a question naturally occurs: Do we really need instance-level modal cor-

respondence to explore novel modalities?

This Chapter studies a practical yet unexplored problem named Out-of-Modal (OOM) Gen-
eralization. Particularly, given several modalities, i.e., In-Modal (IM) data, the goal is to
generalize to an unknown modality without or sometimes only with scarce correspondence.
Such a setting implies the real-world utilization of novel modalities: Even though human
perception is limited to certain modalities, e.g., touch, sight, sound, and smell, we can still
understand unperceivable ones such as magnetism by utilizing inherently-possessed senses,
e.g., feel the force when pulling two magnets together; or see the magnetic field by observing

the alignment of iron filings around a magnet.

Based on this insight, we utilize IM perceptors that contain prior knowledge to encode known
IM data, which can be implemented using existing MML models [226, 295, 330, 329], and
an OOM learner which learns novel modalities without any prior knowledge. By analyz-
ing the interactions between latent features, we show theoretically and empirically that the
OOM learner can be trained to gradually discover the OOM knowledge, as shown in Figure
6.2. First, we consider semi-supervised OOM generalization where few correspondences are
given. Based on the correspondence, we can capture the prior probability distribution and
learn mappings that connect OOM data and IM data. Through an information-theoretic per-
spective, we propose Connect&Explore (COX), which encourages the agreement on map-
pings across modalities, further sharing the cross-modal knowledge and exploring OOM

knowledge. Then, we extend COX to an unsupervised OOM generalization scenario where
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there is no instance-level correspondence at all. To tackle such a challenge, we enhance the
OOM-IM connections by maximizing cross-modal interaction. First, we select data pairs
from cross-modal mappings according to feature similarity. By assuming that the data pairs
closing to OOM mappings can be considered as correspondence, we can create emerging cor-
respondence and solve the unsupervised case via the semi-supervised solution. To validate
the proposed COX, we carefully design experiments using various multi-modal datasets to
validate its effectiveness. Moreover, we provide extensive analyses to understand the OOM

problem and inspire future research. To sum up, our contributions are threefold:

e We discover a novel and practical problem named OOM Generalization, which aims
to explore a novel modality using the knowledge from known modalities.

e We consider two typical situations: Semi-Supervised OOM generalization and Un-
supervised OOM generalization, and propose a Connect&Explore framework to
tackle both problems from an information-theoretic perspective.

e We conduct extensive experiments to tackle the OOM generalization on various

datasets and provide intuitive insights to help inspire future research.

6.2 Related Work

Modality Generalization [334] generally focuses on leveraging the knowledge from some
modalities and generalizing to another one. Existing studies are conducted in different set-
tings and with various tasks. Cross-modal fine-tuning mimics transfer learning by adapting
the distribution of IM data to OOM data using the same model. [335] proposed to conduct
distribution alignment to achieve this goal which requires both pre-trained knowledge and
labeled target modality data. Based on a similar problem setting, [336] designed a gradual
modality generation scheme that selects the top-k active feature patches from target mod-
alities, and replaces them with source modalities patches. Such a progressive strategy can
align target modal data to ensure generalization. Cross-Modal Generalization uses separ-

ate encoders and focus on generalizing to a different modality data from the same instance.
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TABLE 6.1. A comparison of different MML problems and their correspond-
ing settings.

Problem ‘ References ‘ IM Knowledge OOM Knowledge Correspondence
Cross-Modal Fine-Tuning ‘ [335, 336] ‘ pre-trained & labeled labeled X
e e /

Cross-Modal Generalization [332] pre tra?ned & labeled p?e trained

[333] pre-trained & labeled pre-trained & labeled 4
MML w/o labeled MM Data ‘ [331] ‘ partially labeled partially labels 4
OOM Generalization Secqon 6.3.3 pre—trafned & labeled scarcely labeled A few

Section 6.3.4 | pre-trained & labeled X X

[332] used meta-learning to align OOM data to IM space and generalize to OOM tasks dy-
namically. [333] studied a different setting where IM and OOM data are both known during
training. Then, a unified representation space is learned to help with the downstream gen-
eralization of OOM data. Some other studies consider generalization when all modalities
are available, [337] studied cross-modal generalization without paired data, [338] applied
the information bottleneck to CLIP training, [339] conducted multi-modal fusion under lim-
ited clinical data, and [340] considered domain generalization with fully-paired multi-modal
data. A recent study MML without Labeled Multi-Modal Data [331] proposed a different
setting where both IM and OOM data have labels, but they are not paired. Instead, additional
unlabeled paired multi-modal data is given for learning the interaction between modalities.
Moreover, [341] understood the interactions and applied it to knowledge distillation. Except
for cross-modal fine-tuning which follows transfer learning, existing MML works mostly re-
quire instance-level correspondence. This work proposes OOM Generalization, where there
is no correspondence and the OOM knowledge is barely provided. The comparison of related

works is shown in Table 6.1.

Modality Binding aims to learn a joint embedding space across different modalities. Con-
trastive Language-Image Pre-training CLIP [226] is the first work that aligns image with
language data. Then, ImageBind [295] proposed to use vision modalities to bind various
modalities into the same representation space. Further, LanguageBind [330] proposed using
language as an alternative solution, which binds various modalities similarly. Recently, Free-

Bind [329] extended the existing unified space into an additional expert space. Specifically,
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two types of binding were considered, namely space displacement bond and space combina-
tion bind. Since modality binding often requires a large amount of data with correspondence,
the selected modalities are often quite common. Therefore, the OOM generalization prob-
lem can take advantage of the development of modality binding by leveraging the encoders

as our IM perceptors to learn novel modalities.

6.3 OOM Generalization

In this section, we first formalize the OOM generalization setting. Then, we demonstrate
the proposed method. Further, we consider a Semi-Supervised case where a few correspond-
ences are available and an Unsupervised scenario where there is no correspondence, showing
that the proposed method can successfully tackle both settings and effectively leverage un-

paired OOM data.

6.3.1 Problem Setting

In OOM generalization, we are given a set of known modalities { M}, ... ML} where
M}ce{l,...,K} = {(Zhs» Yri)ie1 € X x YV} is composed of N number of labeled IM examples
with its subscript 7 denoting the correspondence across different modalities. Moreover, we
have an unknown modality M? = {(z9)}Z,} containing M unlabeled OOM examples. In
some cases, it is possible to obtain few correspondences with IM data, then our OOM data
could be M© = {(z9,y°)}, U{(«f)}}L, . where L < M and the subscript i traces the

corresponding IM data instance and label.

To tackle OOM generalization, we propose a learning framework as shown in Figure 6.2.
Particularly, we use a set of IM perceptors {gi, ..., gk} to perceive IM data, which can be
realized by many existing modality-binding models, such as ImageBind [295] and Language-
Bind [330]. Then, the features of IM data are obtained via z}, = gj.(z},). Moreover, we use an
OOM learner g to learn features 2 from OOM data through z° = ¢ (z®). Our goal is to
effectively generalize to OOM data by exploring the relationships between the OOM feature

29 and IM features {z}}X . Note that we only focus on the generalization performance of
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OOM data, the improvement of learning IM data is not the goal of this Chapter. Therefore,
we freeze the parameters of all IM perceptors and only train the OOM learner during experi-
ments. On top of the above models, we further define classifiers h°(2°) := hO(2°; ¢©) and

hi(zL) := hy(z}; gb) that make predictions.

6.3.2 Methodology: Connect&Explore (COX)

Here we elucidate the proposed method based on the interactive relationship between mod-
alities [331, 342]. Specifically, the total information of two modalities under a certain task is
decomposed into (1) commonality1 which indicates common attributes across modalities, (2)
uniqueness that is only presented in each modality, and (3) synergy denoting the emerging
information when modalities are presented together. Note that we do not consider (3) in this

Chapter as our goal is generalizing to OOM data.

To generalize to an unknown modality based on common ones, we aim to extract the com-
monality that can help partially comprehend OOM data based on IM data. Then, we model
the posterior distribution of OOM data by selecting anchor points with minimum unique-
ness. To this end, the OOM generalization can be successfully established. The proposed
COX method comprises two steps: (1) learning connections by mapping IM data to OOM
data to extract commonality, and (2) exploring high uniqueness OOM data by matching their

posterior to high-commonality OOM data.

Nt is originally termed “redundancy” which is negative. However, such property is quite positive for
tackling our problem, and hence we rename it “commonality”.
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Connection through Commonality aims to capture common knowledge across modalities
using generative models [317]. Here we follow the variational information bottleneck (VIB)
framework [343] to achieve this goal. We assume that given IM data X' and OOM data X©,

the latent variable V extracted from X2, and label Y, the joint distribution is factorized as
(X', X0, V,Y) = p(V. Y ]X°, X")p(xO|X") P(x), 6.1)

where we assume p(V, Y| X9, X1) = p(V|X)p(Y|X1), corresponding to the Markov chains
V < X' ¢ XOand X' <+ Y 4 X©. Such an assumption means that V' is not related
to X© [343] and the given label Y is not directly connected to X © under our OOM setting.
Intuitively, given an IM datum, i.e., dog image, it is sufficient to infer the label “dog”, and
the same for inferring from an unknown OOM datum, i.e., dog bark. Thus, in common
multi-modal settings, the label prediction using IM information dog image is not further
conditioned on OOM knowledge dog bark, because here the OOM knowledge is redundant

when IM data is given.

Our goal is to extract valuable knowledge from IM data to leverage OOM data by maximiz-

ing the information commonality [331, 342]:
max (X9 XL Y) = 1(X°; X — I(X9; X"|Y), (6.2)

where I(X©; X';Y) denotes the mutual information between X© and X' regarding the task
Y, i.e., the label; and 7(X©; X'|Y) indicates the conditional mutual information irrelevant
to Y. We start with the first term:

p(z® ") p(2°a")
I(XO;XI):/d:L'Od:BIp(a:O, zh) logmz/dxodxlp(:vo, 2" log W, (6.3)

where p(z°|z') = [dup(x©,v|z") = [ dvp(z°|v)p(v|z') can be approximated via a de-
coder ¢(x°|v). Since the Kullback Leibler (KL) divergence is always non-negative, we have

KL[p(XOV) || g(X°IV)] = 0 = [ dzp(x°[v)logp(z°[v) = [ dzxp(x®Iv)log g(x®v),

ZNote that the latent variable V here is different from the feature representation z! and z©.
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and leveraging Jensen’s inequity, we can have

I(XO;XI)Z/d:cdeIp(:cO, ") log deCI(zElg))p(UW) (6.4)
> / da®da'dvp(2°, 2" log q(x°|v)p(v|z') + H(XO), (6.5)
where the last term is independent of our optimization process. Further, we rewrite:
p(z° ") = /dvp(mo, z'v) = /dvp(xl)p(xo|xl)p(v|xl). (6.6)
Then, we have the following lower bound:
I(X9; X" > / dzx°dz'dvp(z')p(x°|a")p(v]a") log ¢(«°[v)p(v]a’), (6.7)

which is realized by sampling from the joint data distribution, the latent variable from our

encoder p(v|a!), and the tractable variational approximation ¢(z°|v).
Similarly, we can upper-bound the second term I(X©; X|Y):
I(X%X'Y)< / da®da'dyp(a®, 2, y)log p(yla")p(x° | )p(a") —log O (y[a®),  (6.8)

where hO(y|z) is our classifier model for predicting OOM data. To this end, we can lower-

bound our objective by combining Equations. (6.7) and (6.8):

I(XO;XI; Y) > /dxodxldvp(xl)p(xo|x1)p(v\xl) log q(xo|v)p(v|x1)
(6.9)
- / dzda'dyp(z®, =", y) log p(yla")p(z°|2")p(a") +log h° (y]2°) = Leon.

The above lower bound contains two parts: (1) OOM data reconstruction where we recon-
struct X© using the latent V' and (2) OOM data label prediction where we model the label
distribution Y. In practice, we can approximate p(z°, x', ) using empirical samples from
IM and OOM data. Moreover, we use encoder p(v|x!) without any prior assumptions because
we can leverage the feature distribution from the pre-trained IM perceptors. Additionally, a

classifier h(y|z®) is optimized to categorize OOM data based on given labels. Empirically,
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we can minimize

M
1

Loon =7 2 |25 = q(a’ lve)p(vi2)|3 — log h° (yil?), (6.10)

where we use the reconstruction error || - ||2* to realize the log-likelihood ¢(x°|v)p(v|z),

as similarly done by Kingma and Welling [83]. After building the connections, we can en-
sure the task-relevant information shared across modalities is learned, which helps partially
understand OOM data regarding its commonality. However, note that the second term in

Equation (6.9) is not fully leveraged which contains p(y|z') modeled by the IM percept-

I

ors. Take a step further, we can obtain — [dz®dz'dyp(z°, z',y) log (wlzDp (IO%I))” @) Since

hO(ylz
p(2°|2)p(2!) is fixed in label prediction, we can derive —KL(p(y|z") || h°(y|z°)) which
implies that the label information related IM data can be harnessed to explore commonal-
ity. Next, we demonstrate how the commonality helps OOM generalization, and provide a

solution to explore uniqueness.

Exploration of Uniqueness can be achieved via selecting and exploring the OOM data with
high uniqueness. To identify these data, we can leverage the agreement and disagreement

achieved by the optimal classifiers from various IM data. Our final goal is to optimize via
min KL(R° (y|z9) || R (y|z2)), where 2§ € D, 20 € A, (6.11)
h

in which h} and R} denote the optimal classifiers found in two IM data x} and x}, respect-
ively, and z§ and 29 are selected from OOM data with modality disagreement D := {z© :
hi(x©) # hi(2°)} and agreement A := {2° : h}(2°) = h3(2°)}, respectively. Here we
use two in-modalities for simplicity, but the conclusion can be extended to multiple modalit-
ies. Moreover, the data with agreement is considered anchor points that guide the exploration
of those with disagreement. This objective aims to match the posterior of OOM data with
uniqueness h°(y|x9) to the one of anchor points h° (y|z?). To justify this, we first define

modality disagreement:

3Though training generative models in input space is computationally inefficient, we propose to connect
modalities in the feature space in experiments. Therefore, the raw data x is replaced by latent feature z.
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DEFINITION 6 (Modality disagreement). Given X1, X5 and target Y, as well as their corres-
ponding optimal classifiers h} and h, their modality disagreement is defined as o(h}, h}) =
Ep(z1,2)[d(h7, h3)] where d : Y x Y — R* is a distance function in the label space scoring

the disagreement between hy and h.

THEOREM 7. Given two Bayes’ optimal classifiers h} and I from two in-modalities, under
relaxed triangle inequality, inverse Lipschitz condition, and classifier optimality assumptions

[344], the modalities disagreement is upper-bounded by

a(hi, hy) < I(X°, X3, Y|X]) + I(X°, X1, Y|X;) + 21 (X, Y|X], X}). (6.12)

Finally, based on the decomposition of the task-related mutual information X ©:

[(X°,Y) = I(X°, X,, Y |X1)+1 (X, X1, Y[ X) +1(X?, V]X], X5)+1(X?, X1, X5, V),
(6.13)

as shown in Figure 6.3, we can achieve

a(hi, hy) < I(XOY) - I(X°, X],X3,Y) + I(X°,Y|X], X3), (6.14)

where the first term denotes the over-
all information, the second term indic-
ates the commonality shared between
all modalities, and the third term stands  1(x°, x!,v|x}) 1(X°, X5, Y1XD
for the uniqueness only preserved in
OOM data. Intuitively, when we try to
increase the modality disagreement, the
commonality is decreased and OOM
uniqueness is increased, which success- X1 X2
fully justifies our learning objective: FIGURE 6.3. Decomposition of (X©,Y).

In order to explore the uniqueness of

OOM data, we can explore the ones with high modality disagreement; conversely, the OOM
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FIGURE 6.4. Two scenarios: (a) Semi-Supervised OOM Generalization and
(b) Unsupervised OOM Generlaizaiton.

data with high commonality and low uniqueness is found where agreement is achieved
among h} and hj. Therefore, we select such data as anchor points that provide informat-

ive guidance to help explore uniqueness.

Next, we consider two realistic scenarios of OOM generalization and demonstrate how the

proposed COX method can tackle them.

6.3.3 Semi-Supervised OOM Generalization

We start with a semi-supervised case where a few correspondences are available in OOM
data, as shown in Figure 6.4 (a). Based on the VIB framework proposed in Section 6.3.2, we
first leverage the OOM data {(z, y)}1-, corresponding to IM data {(z} ;, yp;) }iy, Vk €
{1,..., K} to build K connections using additional generative models that can be trained
via a point-to-point mapping. As a result, the mappings on the OOM feature space can
successfully match the OOM feature distribution, which allows us to directly apply IM data
posteriors to select and explore the uniqueness of OOM data. Hence, we formulate our

objective as

mln Lo =

IIMh

> ZKL (RO (29,) [|h° (20): 1y, b,

deED L

L+]D|

(6.15)
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where the first term exploits labeled OOM data with correspondence and the second term
explores OOM data D with modality disagreement by minimizing its KL divergence from
the label posterior. Through the above objective, we can maximally exploit the uniqueness

of OOM data to achieve effective OOM generalization.

6.3.4 Unsupervised OOM Generalization

As for the unsupervised case, we propose two-phase training: (1) we first conduct a warm-up
training to initialize the OOM feature space and the connection, and (2) then, we enhance

the connection by creating emergent correspondence and further exploring OOM data.

Specifically, we select anchor points from OOM data by directly applying modality agree-

ment among all Bayes’ optimal classifiers from IM data via

Asoriea=SORT (A, % i max hj(z?)), where A={Vz° € M®: h}(2°)=-- - =h}(z°)},
. (6.16)
where the SORT (-, -) is a sort function, which ranks each element z© in A based on the
value of % Zszl max h} (z°) from large to small. Here, we select anchor points with the top-
T largest likelihood averaged over all K IM classifiers. Then, we warm up the OOM learner

via minimizing cross-entropy loss min > o, CE(h®(2°), arg max hj(z?)). Addi-

sorted
tionally, we also warm up the connection by leveraging class-wise information. Specifically,

. . . 1 O
we compute the cluster centroids for each modality via [ ZIZQ €Cy = {200 (20)=y.yeY} Zi
and pair them to each IM centroid correspondingly. To this end, we can build up initial

connections by following the VIB framework.

After the warm-up, we aim to further enhance both our connection and OOM exploration by
creating emergent correspondence, as shown in Figure 6.4 (b). To tackle this, we map all
IM data into the OOM feature space. If an OOM feature is close to all mappings vy ;, Vk =
{1,..., K}, then they can form a strong correspondence. Further, we select such OOM data

as anchor points, which is further labeled the same as the corresponding IM data. Formally,
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we optimize OOM learners via

i . O O O B
%nﬁuns. ZCEh ]A\+|D]Z > KL(RO () || kO (0); b5, h3).

(ﬂcO y)EA 2QeD xQ€A
(6.17)
where A denotes the updated anchor points which are realized by sorting the Euclidean
distance: A := SORTs({(«9,y})}}L,, — minieqr. Ny & Ly 129 — vkil|), where the first
term computes the cross-entropy loss from the anchor points, and the second term calculates

the KL divergence between the OOM data with modality disagreement and the anchor points.

After these two steps, we can effectively tackle the unsupervised OOM generalization. In
practice, we connect modalities and select anchor points in the feature space, and hence our
application to both two scenarios can be efficient. In the next section, we carefully conduct
extensive experiments to justify the effectiveness and extendibility of the proposed COX

method under various settings.

6.4 Experiment

In our experiments, we first elucidate the experimental details. Then, we provide perform-
ance comparisons to various baseline methods on different datasets. Finally, we conduct

empirical analyses to provide an intuitive understanding of the proposed method.

6.4.1 Implementation Details

Datasets. We consider datasets with at least three modalities: (1) TVL dataset [345] con-
tains tactile sensing, RGB image, and class name which can be transformed into language;
(2) LLVIP [346] dataset has infrared thermal data, RGB image, and annotations for ped-
estrian detection. We follow [330] to crop the pedestrian and background which stand for
two classes. Further, we use the OpenAl template [226] to create language description; (3)
NYU-D dataset [347] contains RGB image, depth data, and class name that can be trans-
formed into language description as well; (4) VGGS dataset [348] includes video data, cor-

responding sound, and the language description; (5) MSR-VTT [349] includes videos and
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text description, we break down the videos into video frames and the audio data; (6) MOSEI
dataset [350] contains videos from 7 classes of emotions, we extract audio data from the

videos and use the emotion type to create language descriptions.

Models. We employ two types of IM perceptors, namely ImageBind [295] and Language-
Bind [330] which correspondingly contain 6 and 5 encoders to process different modalities.
We select one modality for each experiment as OOM and then choose the rest as IM. For
IM data, we use the existing encoders to extract their features. As for OOM data, we con-
duct preprocessing to ensure its compatibility. Then, we initialize an OOM learner from
scratch using ViT-T/16 to learn from the OOM data using the guidance from IM perceptors.
Note that for the TVL dataset, there are no existing encoders to process tactile modality.
Therefore, when the tactile modality is chosen as IM data, we fine-tune the encoder using
contrastive learning on the training set. For ImageBind, the tactile encoder is aligned with
the image encoder, and for LanguageBind, it is aligned with the language encoder, which is
the same as the original training process. For training the connection between modalities, we
employ multi-layer perceptrons to realize the variational information bottleneck framework.
Moreover, to obtain the optimal classifier from each in-modality, we utilize the extracted

features and train a linear layer as classification heads.

Setup. We consider two scenarios of OOM generalization: For the semi-supervised case, we
sample 10% of the training data as labeled data with each class having a balanced number
of labels. For the unsupervised case, we have no labels at all. For selecting the number of
anchor points, we choose the same number of examples for the warm-up and training phases,
which is 10% of the total training set. To train the OOM learner, we use the Adam optimizer

with an initial learning rate of 1e — 3 with weight decay le — 5, and train for 50 epochs.

Baseline methods. Since there is no existing baseline method to compare with under our
setting, we implement four methods for comparison, namely: Random where the model is
randomly initialized, ERM where only labeled data is used to minimize the empirical risk,
EntMin [351] which minimize the entropy of unlabeled data meanwhile conduct ERM, SSL
which conducts self-supervised learning using Gaussian noise perturbation on the input, and

MoCo [352] which updates model parameters with ensembling and meanwhile conducts
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TABLE 6.2. Classification performance comparison of different methods
across multiple datasets with different OOM modalities.

Setting IM Perceptor Method‘ TVL LLVIP NYU-D VGGS
|RGB Lan Tac | RGB Lan The [RGB Dep Lan|Aud Vid Lan

Random | 04 03 0.2 | 482 473 51.0| 102 113 102| 03 03 0.3
ERM | 23.1 195 227|546 53.1 54.1| 452 445 38.1| 93 102 84
= ImageBind  EntMin | 24.0 21.8 23.6| 56.7 57.0 554 | 48.0 463 393|105 133 89
% COX | 31.2 253 26.5| 59.2 583 583 | 523 50.7 442|168 184 11.7
g_ aligned ‘ ‘ ‘ ‘
% Random | 04 03 0.2 | 482 473 510|102 113 102| 03 03 0.3
g ERM | 236 20.1 22.6| 565 549 583| 448 445 39998 13.7 99
2 LanguageBind EntMin | 25.7 23.1 25.1| 59.8 60.0 62.2| 494 473 427|119 145 1238
COX | 335 263 273| 61.2 623 664 | 58.8 53.5 484|183 22.1 134
aligned ‘ ‘ ‘ ‘
Random | 04 03 0.2 | 482 473 510|102 113 102| 03 03 0.3
ImaceBind SSL 63 43 51 |523 561 524|146 136 189| 25 69 3.8
g g COX | 189 154 17.1| 548 57.2 53.8| 21.7 22.0 195| 93 102 10.5
Z aligned | | | |
g Random | 04 03 0.2 | 482 473 51.0| 102 113 102| 03 03 0.3
5 LaneuaseBind SSL 68 65 51 |546 578 538|169 181 163| 72 56 4.8
guas COX | 193 19.2 18.6| 55.0 564 557 | 245 231 204|100 11.6 104

aligned | \ \ \

contrastive learning. Note that we use MoCo for comparison for the retrieval task in Table
6.3 because it is not for classification, and it is combined with EntMin in the semi-supervised
case. Moreover, we use a pre-trained encoder as an upper-limit baseline “aligned”. Next, we

carefully compare the performance of our COX to these baseline methods.

6.4.2 Performance Comparison

For performance comparisons, we conduct classification and cross-modal retrieval to val-
idate the proposed COX. There are seven modalities are considered, namely RGB image,
language, tactile, thermal, depth, audio, and video which are simplified as RGB, Lan, Tac,
The, Dep, Aud, and Vid, respectively. For each column, we choose one modality as OOM
data, the rest modalities are selected IM data. For the retrieval task, we report the recall
rate in both top 1 (R@1) and top 5 (R@5). The results are shown in Tables 6.2 and 6.3.
We can see that the proposed COX clearly shows the best performance in both scenarios.

Specifically, COX can achieve more than 5% performance improvement for most of the
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TABLE 6.3. Cross-modal retrieval performance comparison of different
methods across multiple datasets with different OOM modalities.
\ MSR-VTT \ MOSEI
Setting IM Perceptor Method ‘ Aud ‘ Lan ‘ vid ‘ Aud ‘ Lan ‘ vid
|R@1 R@5|R@1 R@5|R@1 R@5|R@1 R@5|R@1 R@5|R@1 R@5
Random | 54 251 | 50 254 | 54 242|143 425|144 428 | 141 421
ERM | 156 303 | 161 352 | 185 382 | 280 453|293 47.1 | 334 482
EntMin | 18.5 324 | 192 385 | 21.0 394 | 29.6 46.7 | 320 487 | 354 505
ImageBind ~ MoCo | 20.5 339 | 21.1 389 | 234 435 | 30.1 473|327 501|362 510
3 COX | 233 358|234 391|265 488 | 324 480 | 338 504 | 388 53.7
S .
Eg Aligned | | | | | |
2 Random | 52 243 | 54 251 | 50 256|135 43.1 [ 142 427 | 146 419
5 ERM | 163 31.1 | 165 362 | 187 379 | 273 455 | 284 476 | 334 493
32 EntMin | 19.6 334 | 19.8 386 | 224 37.9 | 302 455 | 335 49.0 | 36.0 49.7
LanguageBind MoCo | 21.1 34.8 | 20.9 392 | 245 386 | 31.1 467 | 345 505 | 37.0 51.7
COX | 252 360 | 241 40.0 | 287 49.5 | 34.6 49.8 | 34.6 502 | 39.2 554
Aligned | | | | | |
Random | 54 251 | 50 254 | 54 242|143 425 144 428 | 141 421
SSL | 89 284 | 93 281 | 10.1 295|174 488 | 162 452|160 450
ImageBind ~ MoCO | 92 280 | 95 2841106 300 | 178 503|166 458 171 444
g COX | 135 304 | 165 324 | 152 348 | 20.8 53.7 | 18.7 46.7 | 18.2 48.9
Aligned | | | | | |
z Random | 52 243 | 54 251 | 50 256|135 43.1 [ 142 427|146 419
2 SSL | 92 289 | 11.0 288 | 103 287 | 180 489 | 184 450 | 178 456
= LanguageBind MOCO | 96 294 | 111 285 | 11.0 293 | 188 50.7 | 185 452 | 180 455
COX | 148 311 | 184 344 | 154 350 | 231 528 | 194 472 | 204 499
Aligned | | | | | |

OOM setting, which justifies that leveraging the knowledge from IM perceptors can indeed

help OOM generalization compared to using OOM data alone. Moreover, even though the

performance is relatively limited compared to the fully pre-trained baseline under the unsu-

pervised case, considering it is an extremely challenging setting, we can still largely improve

the performance for over 10% compared to the Random baseline, which demonstrates that

the unsupervised OOM generalization is indeed learnable further leads to a novel research

direction for improving the generalization performance. Additionally, note that the perform-

ance of COX is affected by the quality of IM perceptors, as using LanguageBind shows

relatively higher performance compared to using ImageBind. Thus, it would be potentially

helpful to leverage sophisticated IM perceptors to benefit the generalization performance.
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6.4.3 Empirical Analysis

To provide an intuitive justification for the proposed method, here we conduct empirical

analyses using the MSR-VTT dataset on various OOM scenarios and modalities.

OOM generalization to Video OOM Generalization to Audio OOM generalization to Text
0.0035 0.008
A2V MMD A2V ACC [2° V2A MMD V2A ACC [0 A2T MMD A2T ACC|[%*
00030 T2V MMD T2VACC |45 0007 T2A MMD T2AACC |25 0035 V2T MMD V2T ACC |5
0.0025 200 0.006 200 0.030 200
0.0020 17.5 0.005 I7s s
g : 8 % L 8 % 0.025 8
15.0
= 0.0015 150 S 008 < = 150

0.0010 0.003
0.0005 0.002 7.5
0.0000 0.001 5.0

1 3 1 13 1 3 1 13 1 3 5 7 9 11131517 19 21 23 25 27 29 31 33

5 7 9
Training Epoch Training Epoch

5 7 9
Training Epoch

FIGURE 6.5. Connection effect on maximum mean discrepancy and accur-
acy across modalities.

Connection mitigates modality gap. To understand the performance of our VIB-based
connection learning, here we show its effect on generalization out-of-modal. Specifically,
during connection training, we compute the maximum mean discrepancy (MMD) between
the mapping of each IM data and the OOM data. Meanwhile, we evenly select 6 points
during the training and extract the IM mappings which are used to learn a classification head
as the optimal classifier. Based on our theoretical result, we apply the classifiers to OOM
data and compute their accuracies, as shown in Figure 6.5. We can see that as training goes
on, the MMD between each IM mapping and OOM data is decreasing and the corresponding
accuracy is increasing, which shows that: (1) our connection can indeed close the modality
gap between their features and (2) as the mappings of IM data getting close to OOM data,
the optimal classifier shows better classification results on OOM data, which benefits the

knowledge transfer from known modalities to unknown ones.

Modality disagreement identifies uncertainty. To understand the effect of modality dis-
agreement, we analyze the semi-supervised scenario by training the OOM learner to use only
labeled data for 10 epochs. Then, we leverage the modality disagreement criteria to separate

OOM data into those with disagreement and agreement and show their prediction accuracies
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FIGURE 6.6. Prediction accuracy of OOM data with modality disagreement
and modalities agreement, respectively. (a) Before exploration. (b) After

exploration.
TABLE 6.4. Ablation study on various settings.

Setting Ablation ‘ MSR-VITR@I
| Aud | Lan | Vid
w/o connection 8.7 7.9 10.3
Semi w/o exploration 16.4 16.5 18.8
COX 25.2 24.1 40.0
Unsu w/0 warm-up 7.4 11.5 10.5
p- CcoX 14.8 18.4 15.4

in Figure 6.6 (a). We can see that the accuracy for OOM data with disagreement is signi-
ficantly lower than those with agreement, meaning that the prediction uncertainty, i.e., data

with low accuracy, is effectively identified by the modality disagreement.

Modality agreement alleviates uncertainty. Further, we conduct training by following the
procedure proposed in Section 6.3.3 and again show the accuracies of OOM data with dis-
agreement and agreement in Figure 6.6 (b). We can see that the performance gap between
the two types of data is largely mitigated, which justifies the methodology of exploring OOM
data using the guidance of modality agreement. As a result, we can achieve almost compar-

able performance on both types of data, benefiting the overall generalization.

Ablation study. Additionally, we conduct an ablation study to justify the effect of our meth-
odology. Specifically, we consider three ablations: (1) “w/o connection” where we remove

the connection and directly apply the modality disagreement criteria on the original features
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of IM data and OOM data, (2) “w/o exploration” where we only leverage the OOM data with
agreement for training, (3) For unsupervised scenario, we consider “w/o warm-up” where we
do not conduct the warm-up phase and directly training the model. The results in Table 6.4
show that all modules are essential for achieving effective OOM generalization. Specific-
ally, the connection is vital for the knowledge transduction of IM data to OOM data, without
which the generalization performance is largely degraded. The conclusion is consistent with
the connection analysis where directly applying optimal classifiers across modalities leads
to poor accuracy. Moreover, removing exploration also hinders the performance because the
uniqueness of OOM data is largely ignored. Additionally, we find that the warm-up phase is
essential for the unsupervised case. As initialized models have no classification capability,
we need pre-training to form basic feature clusters that are consistent with IM data, further

enabling effective OOM generalization.

Discussion on computational efficiency. Note that we conduct the feature connection
mostly on the feature space, the computational cost of training VIB framework work is quite
acceptable. The main cost is training the OOM learner which is the basic training with cross-

entropy loss optimization and can be implemented on a single NVIDIA 3090/4090 GPU.

6.5 Conclusion and Limitation

In this Chapter, we study a novel and promising research direction dubbed Out-of-Modal
(OOM) Generalization which aims to leverage knowledge from existing modalities to gen-
eralize to an unknown modality without instance-level correspondence. We consider two
scenarios where there are a few correspondences and there is no correspondence, i.e., semi-
supervised and unsupervised cases, respectively. To tackle these problems, we propose a
Connect&Explore (COX) method which first learns connections across modalities to extract
common knowledge and then explores the unique knowledge of OOM data based on modal-
ity disagreement. Extensive experiments are conducted to justify the proposed method and
intuitive insights are provided to inspire future studies. However, our research is limited

to several aspects which we hope to address in the future. First, although challenging as it
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is, the performance is relatively limited compared to fully-aligned models, which requires
more investigations to enhance generalization. Second, our OOM generalization is mostly
conducted within the modalities from the same dataset. In the future, we hope to discover

scenarios where the OOM data is from a different dataset with a large modality gap.



CHAPTER 7

Proofs and Theoretical Analyses

In this Chapter, we provide proofs and theoretical analyses, including the convergence ana-
lysis and theorem for sharpness-based worst-case optimization in Chapter 3, analysis and
proposition for the pruning strategy in Chapter 4, theoretical proof for achieving optimal
prediction via In-Context Learning in Chapter 5, and theoretical justification for our modal-

ity disagreement in Chapter 6.

7.1 Proof for SharpDRO

This section provides the proof of Theorem 1. We first give some notations before we start

our proof for the convergence.

(1) We denote the loss expectation as L(6,w) = E¢ )~oL(0,w;(x,y)), and so as
the SAM function that R(6,w) = E¢ ,~oR(0,w; (z,y)). So our objective can
be turned into: ming{max, L(6,w)} + R(#,w). And recalling our SharpDRO al-
gorithm, we restate the meaning of the parameters: the model is parameterized by
0 and w means the weighted sampling.

(2) k is the condition number that k = ﬁ, where [ is the Lipschitz-smoothness in As-
sumption 10 and i means the PL condition in Assumption 12.

(3) We define L*() = max,, L(¢,w) and w*(#) = arg max, L(0,w).

126
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7.1.1 Update Rule

Before our theoretical analyses, we need to make the update rule for each variable explicit.
We have to pay attention to the fact that our algorithm is stochastic that we can not directly
get the real value of the gradient VIL(6,w), rather we estimate it by batches of samples
90(0,w) = 7 1M, %6, w; (wi,9:)) and g, (0,w) = 7 0L, 2E(6,w; (w1, :)), who hold
some properties we will introduce in Assumption 8. So the optimization iteration is executed

as follows in reality:

Ois1 = 0r — 1990 (0r + pgo(Or, wi), wr);
(7.1)

W1 = Wy + %ngw(et, Wt)-
We further give a notation for brief that 0, /2 29, + pge(0;,wy), so the update for € can be

simplified as: 0,11 = 0, — 1996 (Or11/2, We).

7.1.2 Assumptions

We also have to make some necessary assumptions on our problem setting for this conver-

gence proof:

ASSUMPTION 8 (Bounded variance). The unbiased estimation about the gradient of the loss

function also has bounded variance that:

oL oL
Ewy~algy (0w (@,9))] = VoL(0,w),  Ewyroll5g (0:w; (@,9)) = Vel(0,w)|* < o*;
oL oL

Ewyelms (0w (@,9))] = VuL(0,w), Ewyroll5=(0:w; (2,9)) = VL@, w)|* < o*.
REMARK 9. Since gs and g,, are the averaged samples that: gy = Zi‘il %—5(6’, w; (x4, y5))

and g, = ﬁ Zf\il g—ﬁ(@, w; (z4,y;)) respectively, they also have the unbiased property and

have bounded variance:
2
o
E(x7y)"’@[99(87 W (ZE, y))] = VGL<97 CU), ]E(z,y)NQng(eu ws (l‘, y)) - VGH“(Q’ w)HQ < M7

2
g
E(ﬂﬁ,y)NQ[gw(97W; (x,y))] = va(ng)v ]E(x,y)NQ||gw(07W§ <$>y)) - va(evw)HQ < M
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ASSUMPTION 10 (Lipschitz smooth). L£(0,w; (x,y)) is differential and I-Lipschitz smooth

for every given sample (z,vy):
IVoL(0r, w; (z,y)) = VaL(lz, w; (z,9)[| < U|0h =02, Vo, (2, 9);
IVWL(O,wr; (z,y) = VoL(l, wa; (z,9)[| < ljwr —wall, VO, (2,y).
REMARK 11. So the expectation function 1L also have the Lipschitz smooth property that:
IVolL(01, w)=VoIL(02, w)|| < E[VeL(0r,w; (2,y))=VoL(ba,w; (x,y))]| < 1|01 — b2, Ye;
IVWIL(6, w1)=VIL(0, ws)|| < E[[VWL(0, wis (2, y)) =V L(0, we; (z,9)) || < l|wr — wsf, V.

ASSUMPTION 12 (PL condition). The loss function 1.(0, -) satisfies PL condition on every
given 0, i.e., there exists j1 > 0 such that |V ,L(0,w)||* > 2u[max, L(0,w)—1L(0,w)], V0, w.

7.1.3 Useful Lemmas

In this part, we will prove some necessary lemmas for us to prove the convergence bound.

And we will give the definition of the stationary point of our problem at the beginning.

DEFINITION 13 (Stationary measure). 6 is defined as the e-stationary point of our problem
ifE||VL*(0)|| < eforanye > 0.

REMARK 14. For minmax problem, there are usually two ways to measure the stationary
point. One is measured two-side when E||VyL(0,w)|| < e and E|V,L(0,w)|| < € we claim
(0,w) is the (¢, ¢€)-stationary point. It has been proved in [353] that these two measures
can be translated into each other when IL* is smooth which will be shown in Lemma 2. But

what we compute is the model parameter 0 using the algorithm SharpDRO. So we choose

the measure by E||L*(0)|| here.

LEMMA 2. [354] Under Assumption 10 and 12, 1L*(0) is (1 + é—i)-Lipschitz smooth with the
gradient:

VoL (0, w) = VoL(0, w*(0)).

LEMMA 3. [354] Under Assumption 10 and 12, w*(-) is smooth about its variable:

[
lw*(61) —w*(62)] < ﬂ”el —0sl, V01,0,.
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LEMMA 4. We give an estimation that:

2
g
E||go(Ors1/2, wi)||* < (4p%1* + 20l + 2)E|| VoL (s, wi)||* + (5p°1 + Q)M. (7.2)

PROOF.

Ellgo (614172, wi) I” = — B[ VoL(6;, we)||* + Ellgo (0141 /2, wi) — Vell(fp,w)[|> (7.3)

+ 2E<g9(9t+1/2,wt), VgL(Qt,wt». (74)

For the cross-product term, we divide it as follows:
E(9o (011172, wi), VL0, wr))
= E(g0(0r11/2,wi) — go(0r + pVolb(0y, wi), wi), VolL(0y, wy))
+ E(go(0; + pVoL(0y, wi), wy), VolL(0y, wy))

= E<VQ]L(9t+1/2, wt) — VQL(et + pVQL(Qt, wt), wt), VQ]L(Qt, (.dt)>

@) 1
+ E<VgL(9t + pVQL<9t, wt), wt), VQ]L(Qt, wt)> S §E||V9H4(0t+1/2, wt) (75)

1
— V(0 + pVol(0y, w;), wi)||* + §E|]V9L(6t,wt)||2 + E||VoL(0;, wy)|?

+ E<V@L(0t -+ pVg]L(@t, Cdt>, CL)t) — VQ]L(Qt, Wt), Vg]L(@t, wt)>

@@@) p2[? 3
< %E’\ge(eta wi) = Vol(8;, w)||* + §E|’V0L(9t>wt)“2 + plE[| VL (6:, w,) ||*
(444) 3 p2l2g2

< _ 2
< (pl+2)EHV9]L(9t,wt)|| + S

where the inequality (7) is due to the Cauchy-Schwarz inequality; the inequality (i7) is be-

cause of the Lipschitz-smoothness of LL that:

]EHVHL(@H/%%) - VHL(et + pVG]L(Gt, wt)a Wt)Hz < leHeth —0; — pVGL(9t> Wt)H27
(7.6)
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and the property of Lipschitz-smoothness that:
<V9]L(9t + ,OVQ]L(Qt, wt), U.)t) — V@L(Gt, wt), Vg]L(et, wt)> = (77)

1

l
;(vel“(gt + PVGL(Qu C(Jt)7 wt) - VQ]L(Ht? U)t), pVGL(et; Wt)> S ;HPVGL(Qta (Ut)HQ, (78)

and the inequality (7ii) makes use of the Assumption 8.

As for the second term, we have:

EHQ&(@H/%%) - V(;L(Ht,wt)ﬂz

< 2EH90((91&+1/27 Wt) - V0L<6t+1/27 Wt)HZ + ZEHVQL(@H/% Wt) - Vel(eta Wt)H2

<2 OPR|Gsre — O]

< ) (7.9)
202

= S5 + 20°PElgo(6,, w) |

2
<27 (20 +1) + 40P E| VoL (0, )|

where the last inequality comes from the fact that:

Ellgo(0y, 1) || < 2E||go (0, wi) — Vo(By, wr)||* + 2E||VoL(6;, wy) || (7.10)

By combining the above inequalities, we can get:

2
o
Elgo(Brs1/2, wlI* < (40°F + 201 + 2)E[[VoL(0r, w)|* + (5°F° +2) 17 (7.11)

LEMMA 5. For the descending relationship of the function IL*, we have:
BL"(61)] < E[L"(6)] — (1 - 5pl — 2Ly (41 + 21 + 2))E| VL (6]

1
+ [5(1+ 5pl) + L (4% + 200 + 2)E[[ VL' (6) — VoL (61,01
Lnzo?
212 19 6

where we use the brief notation that L = | + %"“
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PROOF. Since L*(f) is (I + %)-Lipschitz smooth according to Lemma 2, we have:

1 Ik
L*(0i41) < L(0:) + (VL™ (6;), 01 — 0r) + 5(5 + 5)||9t+1 — 6,

(7.12)
* « 1 Ik
= L"(6;) — no(VL"(61), 9o (011172, wr)) + 2(l + 9 61196 (Or1/2, we) I
Taking expectation conditioned on (6;,w;) and we get:
]E[]L* (9t+1)‘6t7 wt] S (713)

1 Ik
L*(Qt) - U@(VL*(Qt); VGL(9t+1/27 Wt)> + 5(5 + E)UEE[HQG(@?&H/z, Wt)||2|9ta Wt]- (7.14)

We again take expectation on both side on above inequality so we have:

1 [
E[L™(01+1)] < E[L7(6,)] = noB{VL"(6,), VoL(br112, 00)) + 5 (14 g)ngEng(@H/z, we)[1”.
(7.15)

For the second term, we decompose it as follows:
E(VL*(6:), VoLL(0111/2, w))
= E(VL*(6:), VoL(6, we) + Vol(Op41 /2, we) — Vol(0p, wy))
E(VL(01), Vol(0r, wr)) — B VL (0)[[[[VoL(6r11/2, wr) — VoIl (0, wi) |
E(VL(01), Vol(0y, i) — plE[[ VL (61) |96 (0, wy )
E(VL*(6;), VL*(0;) + VoL(6;, w:) — VL*(6;))
— PRV (0)[[([[Vo(r, wi) | + [l 90 (61, wr) — VoIl (01, wi)]) (7.16)
> B[ VL (6,)]* — %H‘?\|V]L«*(9t)||2 - %EHVGL(QMWIE) — VL' (0)]”

— PLE[ VL (0)[[[[VoIL (61, wi) |

1 1
- —PZEHVL*(@)W — §P“EH99(9ta%) — VoL (0, wy)|)?
1
> —EHVL*( DI* - §E||V9]L(9t,wt) — VL*(6,)|I”
plo?

— PRIV (0) VLG - -
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We continue estimating the last term in above inequality 7.16
EI VLGV oI, wi) |

= E[|VL*(0,) || VoLi(0s, wi) — VIL*(0,) + VIL*(0,) ||

< E[VL(0,)” + E[[ VL (0:) [ VoL (0, wi) — VL™ (6y)]]
(i) 1
< E|VL (0| + VL (0" + SB[ VoL(6:, we) = VL (6:)],
where the last inequality (7) is due to Young’s inequality.
By combining inequality 7.15 with 7.17, we can get:
E(VL*(0,), VoL(0111/2,wt))
1-— pl * 2 1 * 2
> = LE|VL (0] - SEIVoL(8, ) — VL (6]
— 2pB|VL () — LB VoL(Br) — VL0 — 22 o
p t 1 91U, W t Wi
1 1 1 lo?
= S(L=SpDE[VL (8 — 5(1+ SpDEI VL' (6,) — VoL (6y,wo)|* = 2.

Finally, we combine inequality 7.15 with Lemma 4 and inequality 7.18:

E[L*(6r41)]

0.2

i

Ik
2

(2)
< E[L*(6))] — (1 = 5L — no(20 + 1) (491 + 20l + 2) E|| VL (6,)|

1
+ §(1 + =) ((4p%1% + 2pl 4 2)E|| VoL (6y, wy) ||* + (51 + 2)

1 Ik
[ (Ut ) + 0+ )4 + 201+ 2)|B VL (80) = Voll(Br )|

2 2

1 IR\ o 29 g9
S+ )G +2) 7,

_l’_
(7.19)

where the last inequality (i) uses the Cauchy-Schwarz inequality that ||VoL(0;,w;)||* <
2| VL (8> + 2/| VoL(6;, wr) — VL (6| =
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7.1.4 Theorem

THEOREM 15. Under Assumption 8, 10, 12, and the learning rate satisfy that:

| M(E[L*(6,)] — ming E[L*(9)])
mp < min{ o 5 \/

2

132T'k41o?

N < 64k219 and p < 25, we have the convergence bound for our problem:

! > EIvL @) < \/3m4l<E[L*<eo>]H—A2n;neE[L*(emo—? _o,

PROOF. First recall the descending relationship of the function IL* in Lemma 5:
B[L" (6h11)] < BIL*(6)] — 2(1 — 5pl — 2Lgg(49°1 + 201 + 2))E|| VL' (6,

1
+ [%(1 + 500 + Lt (4p°1 + 2L + 2)[E[ VL (6,) — VL (61, or) |

Lnio?

2242 .
+ (bp=l° +2) i

Then, using the smoothness of the variables 6 and w respectively, we can get:
l
L(0p1,wt) > L(0r, wr) + (VoL(0, wy), g1 — Or) — §||0t+1 - 9t||2;

l
L(9t+1awt+1> > L(9t+1>wt) + (VwL(9t+1>wt)>wt+1 - Wt> - §Hwt+1 - WtHQ-

133

(7.20)

(7.21)

(7.22)
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Taking expectation, we can get:
E[L(0s41,w:)] > E[L(0;, wy)] — noBAVoIL(0r, wi), VoL(Oy41/2, wt))
LY PUAYN
> E[L(6:,w1)] — B[ VoL(0h,w0)|? — TEIVoL(Bh, 1)

)
— %E“VGH"th/%wt) — VoL (0, wy)|* — %E||90(‘9t+1/2awt)||2

> E[L(0), w)] — 2

l 2
VL6, ) = B g0 (61,0

l
O go Br412, 1)

3 l2 2
> E[L (6, wr)] — (57 + =522 + I (291 + pl + 1) E[| VoL (61,
Po’ng g, _ o?
(2 Ze 12 +92))—

{
E[L(9t+lawt+1)] > E[L(9t+1>wt)] + ﬁwE<VwL(9t+1,Wt), Vw]L(etawt)) nw]E“gLU(et?wt)H

> E[L (61, w0)] + LB VuL(0h, w)|* = LB VL (@141, 0)
2 1773; 2
— VL0, wi) || — TEH%(@,%)H
w l 2 w
E[L(r+1,w0)] + S EI|VLL(6r, ) [* = Z2El go 0rs12,00)|

R
]Eng(et,wt)HZ

o I
> EL(r.w0)] + (2 — ZEB) VL (0w

I Inan, o?
— (Ina (2% + pl + DB VaLi(6h, n) |2 = (5 + 2 (5% + 2)) -
(7.23)
Then we construct a potential function in the same way as [353]:

Vi =V (0, w) = L*(0:) + a[L*(0:) — L(6;, wy)],

where o > 0 is a preset parameter. Then we come to evaluate the descending relationship of

the potential function V.
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Combining the above inequalities, we get the potential function descending relationship:
E[Vin] — E[V]

= (14 a)(E[L(0:41)] — E[L™(6,)]) — (E[L(Or41, wigr)] — E[L(6:, wi)])

<(1+a) ”;a — 5pl — 2Lny(4p%1% + 2pl + 2))E[ VL*(6,) >

[7729 (1+ pl) + L (4p°1 + 2pl + 2)|E[|[ VL (6;) — VoL (0, wy) || (7.24)
Ln2o? 3 [?
+ (50%2 + 2) ;7;;4 b —a{-(50+ ”2"9 + 3 (20%2 + pl + 1)E| VL (0, wp) |
l2p2779 l"?e 272 o’ Nw 5773; 2
- (T + 7(5,0 I*+ 2))M + (7 - T)EHV(«)L(Qtawt)”

2

a2 4 pl+ D)E|VoL () — (Mo 4 D% 522 4 0
(I (20°F + pl + D)E(VoL (6, ) |* = (2 + =5GP +2)) 371 (7:29)

— ——(1 + ) (1 — 5pl — 2Lng(4p°1* + 2pl + 2))E| VL*(6,)]?

1
+(1+ @)(%(1 + 500) + L (4p°F + 2p1 + 2))E[ VL (6:) = Vol (6, wr) ||

3ne  12p*ng
«

+al(5 5 5 (2017 + pl 4+ 1)) + lngn.(20°1 + pl + 1)|E|| VoL (6;, wy)|?

77w lnw
- a5 = S2)E(V. L (0, wy)|?

L2 2p%n,  In2

+[(1+ o) (522 +2) ;79 + o ’;"e + %(5;)212 +2))

1772 lngnw 272 o?

oy olho 5212 4 9y 2 .
+ af 5 + 5 (5p°1% + ))]M (7.26)

IN

—{%(1 +a)(1 — 5pl — 2Lng(4p42 + 20l + 2))

3 | 1Pp*ne
— 2«
[(—- 5 +—5 5 + Inj

E[VL(@)]* + {(1+ a)(

2071 + pl + 1)) + Ingn.(20°1° + pl + 1)]}

A

1
21+ pl) + Lni (4p*1% + 2pl + 2))

N |

3 12p?

- g TR0+ pl+ 1) + I (20°8 + pl + 1]}

* w l w L ;
E|[VL*(6:) — VoL (6, ) |2 = (%2 — i)Env L(0r,w0)|? + [(1+ @) (55 +2) 5L
2

W_w 3o = 279 o
(= + (5p~l* + 2))]M (7.27)

Pp*ng  In}

+

272
5 5 5p°1° +2)) +

+ o
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Since we have the following property according to Lemma 2 and the PL condition 12:

IVIL*(6:) = Vo f (60, wi) || < Ulw™(0:) — will < K[V f (0, wi)]-

So we can further the above inequality as follows:
E[Vit1] — E[V]]

< — {51+ a)(1 = 5pl — 2L (49 + 2l + 2))

[(3779 l2p2779
2 2

T 1772; 2 Mo 1 204 212
— {a(; — 7) —r(1+ 04)(5(1 + 5,0[) + Lnz(4p°1° + 2pl + 2))

— 20 5 (20°1 + pl + 1)) + Ingn, (2071 + pl + DYE[VL*(6,) ||

3 2
42020 1 B2 10022 4 pl 4 1) + U (2678 + gl + DB VLB )|

L

+ [(1 4+ a)(5p%1* + 2) 5

2

2 InZn,
5212+ 2)) + a2 4+ o 5272 4 9)))

Pp*ng %(
2 2 M

+

+ of 5 5

Then we require the parameters satisfy: o = 16, pl <1 60 Mo (2pl + 1)kl < & 64, K2l < —= 128,

p < % andn, < 64K2ny.

So the inequality can be further simplified as:

E[Vin] — E[V]]

11 41 o?
< _8_77€E“VL*(‘9t)H2 - —2n9/<;2]E||wa(8t,wt)H2 + 129m4l779M

(7.28)

Telescoping the above inequality we can get:

80 o?
—ZEHV]L* (6,)]> < Tt T(E[Vo] —E[Vr]) +960,@4zngﬁ (7.29)
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Further, we can evaluate the first term that:
E[W] — E[Vr] < E[V,] — rgnn]E[V(G,w)]

< E[L*(6)] —~ min EIL(9)] + o (E[L" ()] ~ EIL(8,0)])

= E[L*(6)] - mn EIL*(9)] + 7,

where we denote the initial error as: Ag = E[L*(6y)] — E[L (6o, wo)].

Therefore, the inequality 7.29 can be further evaluated as:

T-1
80 o?
=Y E|VL*(6)|* < E[L*(6)] — min E[L*(¢ Ao + 960r Iy —
F 2 BIVL GO < gy (L 00— EIL0)) + 3+ 9605t

(7.30)

when we select g = \/ MEL ?%Q;:Zﬁ%mﬂ“ @D and samples can be minibatch, the conver-

gence can be bounded by:

ZE”VL* ||2<320\/3m4l(E[L*(90)]—mingE[L*(H)])a2:O( K2 ) (731)

11MT

7.2 Proof for EVIL

This section provides the proof of Proposition 2. First, by applying the selected invariant
parameters, we can have the label prediction Y¢ = sgn (6, Z¢) = sgn((m o 6)7 Z¢) where

sgn(-) returns the sign of input value. Further, we have:

(mof) Z¢ = \/—MmTze (7.32)

- \/_ [mle [0,Minv]> miG[va,M]] [me]’ ZS(M’]

" 1
= |: 16[0 M”w]Zzenv + M—mz—'re[Mmu,M]ZSar‘| : (733)

’L’I'L’U var

Then the error produced by the current sparse network for a given environment is:

1 NER .
En® = SE(xeyone [1 - Yeye} =2 [1 _E [WW” . (7.34)
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Here we simplify the expectation on samples from distribution e as [E°.
e evre e 1 T r7eNye
E [YY} — E° [sgn(--m" Z°)Y

1
= > Py =y|E {Sgn(MmTZe) | Ye = y] Y. (7.35)

ye{—l,l}

e 1 T ry7e e 1 T rr7e e 1 T rr7e e
R g g R = — —_— < =
E[sgn(MmZ)\Y 1} P{MmZ>O|Y 1}P{MmZ_O|Y 1]
1
= 2P [MmTZe >0|Ye= 1} —1. (7.36)
Similar to Zhang et al. [184], we observe that:
Pl TZe<0|ye=1|=P ! TZ¢>0|Y°=~1 (7.37)
—m = —_= —Im = — .
M - M ’
and plug Equation (7.36) into Equation (7.35) to get:
1
Err® =P [MmTZe <0|Y*= 1} : (7.38)

Similar to Equation (7.33), we further decompose Equation (7.38):

1
Erre = ]P) [M—m;;[o,Mznv]anU + M mz—'rE[Minv,M]Zga'r S 0 | Ye — 1:|
1
S P [Fm;[O,Minv}anv S 0 ‘ Y= 1} + P |: miTE[MimJV[]ZSar S 0 ‘ Y= 1:| :

(7.39)

Since all elements in Z; , are equal to Y'¢, the first term equals 0, thus the equality also holds.

Then, we have:
e 1 T e e

Here we assume each element of Z¢ and m are independent with each other, we can have

Ernr =P [miZe . <0|Y°e= } It is obvious that there is only one situation when the

var,s

error occurs, i.e., m; = 1 and Z¢

var,i

< 0. Only in this scenario, the sparse training strategy
would update the mask to value 0. Therefore, P [m; = 0] = 1 — p°. For other cases where

P [Z > O] = p°, the value of each m; is randomly initialized and stays intact since there

var,i
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is no error, hence, P [m; = 0] = P [m; = 1] = £. So, fori € [M;,, M],P[m; = 0] = 12

and P [m; = 1] = %e.

To further bound the error, we denote mZz¢|, = mm;[ My M) Zvar> and have:
B =P |[mZ7],,, <0]v* =1]
=P |mZ,, —E|mZ7,,| < -E|mZ7,,| | v =1]
<P W7, B [@7,,] = &7, ] 1y =1 o

T r7el 1 e e
E [[mze]mr] =K [Sgn(M—mje[MmmM]Zvar) | Y° = ].:|
1 e e
= 2P {mm;[va,M]Z’UW' >0 | Y¢ = 1:| -1
= (p°)? — 1. (7.42)

Therefore, Err® < 2e2(()*~1*Moar — O(e=#)"), In contrast to the idealized bound that
achieves 0 error in Zhang et al. [184], when 6 is initialized with the unit norm and given a
small p°, the error could be considerably large. This is because the error produced by the
variant parameters is largely decided by the probability p®, which could further affect the
pruning process. Based on such an intuition, we propose to enhance the pruning strategy by

adding an additional regularization that leverages domain knowledge.

Specifically, the regularization considers the errors from distinguishing different distributions

using variant parameters:
a 1 . 1 .
En = SExyee [1 - DD| =5 [1-E [DD]] |

where D = sgn(f 7¢) = sgn(((1 —m) o0 0)" Z°). (7.43)

var
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Similar to Equation (7.38), we can have:

1
Errd—P[M(l—m)TZEgoyD—1

1 e (&
=P [ (1- m)z‘Te[o,Mm}va + (1— m)zTe[Mm,M]Z <0|D= 1} .

Minv Mvar var
(7.44)
Since all elements in Z;,, equal to D, we can have:
d 1 T e
Err® =P [ — (L = m)ici0,01,) Zinw < 0| D = 1} . (7.45)

Therefore, for i € [0, M), Pm; =1] = 1 — % and P[m; = 0] = %. As a result, the

regularization can complement the mask by finding the invariant parameters with at least

M’U(J.’I‘
M 9

probability 1 — <. Moreover, based on a given sparsity ratio R =

5 1.e., only M;,,

elements from Z¢ would be selected by m, the erroneous mask that produces classification
error can be further constrained from being too much. Particularly, from P [m; = 1] =

1 — £.,i € [0, Miy,], we can have P[m, = 1] = Mm% _ ¢ Mo j ¢ (7f,,, M

instead of % which is calculated based on random initialization. Hence, we can again bound

the classification error as:

— 1
E [[mZe]mr] = 2P [M—mje[Minu,M]Ze >0 | Y¢ = 1:| -1

var
var

quinv
= pr iy 7.46
b Mvar ’ ( )
Bn < P|([mZ7,, - E|mZ],,|| > E|mZ],,| | v =1]
< 26_2(7‘1;%37%@—1)2MW _ 0(6_(pe)2) (7.47)

7.3 Proof for MVT

This section provides the proof of Theorem 5.

Pretraining distribution formulation. We based on the in-context learning framework

proposed by Xie et al. [298]. In this framework, a latent concept ¢ from a concept space P
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defines a pretraining distribution p over prompt tokens o observed from a vocabulary space
O. To generate the desired content, we first sample a concept from a prior p(¢) and then
sample the tokens conditioned on the concept. We denote the total length of the pretraining

examples is 7"
p(o1,...,or) = / p(o1,...,07|P)p(d)do. (7.48)
peD

The conditional probability p(oy, ..., or|¢) is defined by a Hidden Markov Model (HMM).
Based on the concept ¢, a transition matrix of the HMM hidden states hy, ..., hy from a

hidden state space H can be found.

Prompt distribution formulation. During the in-context learning process, we sample a
prompt from a new distribution py,ompe, Which contains n independent exemplars and 1 query
example, which are all conditioned on a shared prompt concept ¢*. The goal is to predict the
next token based on the exemplars and the query example. Specifically, the i-th exemplar O;
consists of a tokenized image feature x; = O;[1 : k.|, a text description to claim the class of
the image y; = O;[k, : k, + k,], and a binary prediction to judge whether the claim of the
image is “True” or “False”, which is denoted by z; = O, [k, + k, : k, + k, + 1] at the end of

each exemplar. The generating process of the i-th exemplar is as follows:

(1) First generate a start hidden state 75" from prompt start distribution p,ompt;
(2) Given hi'"*, generate the exemplar sequence O; = [x;, y;, z;] from p(O;|hs*™, ¢*),

the generate exemplars are conditioned on a given prompt concept ¢*.

The query example () is sampled similarly without the binary prediction z,, i.e. Q = [z, y,].
Between each exemplar and the query example, there is a special delimiter token o™

denoting the end of each exemplar sequence. The prompt can be formulated as follows:

o delim delim delim
[SnaQ] - [5171791,2170 y L2, Y2, 22,0 yooos Ly Yny Zn, O axqayq] ~ Pprompt,

(7.49)

where 5, denotes the n independent exemplars for in-context demonstration.

Denoising In-context learning task. In our denoising in-context learning, the output pre-

diction z for each image and text pair [x,y] is sampled based on the prompt distribution
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pprompt(zyxy Z/)
Zq ™ pprompt(zlxa y) = Ehgm”wppmmpt(hg“m\Q) [p(2]@Q, th”? ")), (7.50)

where h;t“""t denotes the hidden state corresponding to the first token of (), i.e., the first token

of z,.

Our goal is to analyze the in-context predictor f,,(x,,y,) = argmax, p(2|S,, 4, y,) Which
outputs the most likely prediction over the pretraining distribution p conditioned on the ex-
emplars .S,, sampled from the prompt distribution p,,omp:. We assume the in-context pre-

dictor is trained by 0 — 1 error with n training examples:

EO—I(fn) - Exq,yq ~ pp7'ompt[1[fn<xq> 7é yq]]a (751)

and same for the prediction z;:

K'O—l(fn) = qu,yq,zq ~ pprompt[l[fn('rqv yq) 7& ZqH‘ (752)

One major difference of our denoising in-context learning strategy is that we not only use
positive exemplars that show exact image-text match, i.e., (z,y) ~ p(2,y) = Pprompt (T, V),
we also have negative exemplars where image and text are not corresponding to each other.
To construct such a prompt, we have to first select the ideal y, based on the matching result
of x and y, we can further obtain the prediction z. Therefore, in the following theoretical

proof, we propose to conduct two-step analyses on y and z, respectively.

7.3.1 Assumptions

Our theoretical framework is built upon Xie et al. [298], whose assumptions are also applied

to our analysis.

ASSUMPTION 16 (Delimiter hidden states). Let the delimiter hidden states D be a sub-
set of H. For any h™ € D and ¢ € @, p(o®im|hieim @) = 1 and for any h ¢ D,
p(Odelim’h7 ¢) = 0.
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ASSUMPTION 17 (Bound on delimiter transitions). For any delimiter state h%"™ € D and
any hidden state h € H, the probability of transitioning to a delimiter hidden state un-
der ¢ is upper bounded p(h™"™|h, ¢) < c, for any ¢ € ® \ {¢*}, and is lower bounded
p(h@eim|h ¢*) > ¢ > 0 for ¢*. Additionally, the start hidden state distribution for delimiter

hidden states is bounded as p(h®™|¢) € [c3, c4).

ASSUMPTION 18 (Distribution shift from prompt start distribution). We assume that the
prompt start distribution pp,omp: is close in TV distance to all hidden transition distributions

(under @*) starting from a delimiter hidden state:

max TV(ppmmpt(h)||p(h|hde“m, %)) < 1/4. (7.53)

hdelim D

Here, T = Dprompt (Ymaz|Q) — MaXy2y. . Dprompt(Y|Q) is the margin between the most likely

label Yoy = arg maxy, Pprompt(Y|Q) and the second most likely label.
ASSUMPTION 19 (Well-specification). The prompt concept ¢* is in P.

ASSUMPTION 20 (Regularity). The pretraining distribution p satisfies: (1) Lower bound on
transition probability for the prompt concept ¢*: for any pair of hidden states h,h' € H,
p(h|W, ¢*) > c5 > 0. (2) Start hidden state is lower bounded: for any h € H, p(h|¢p*) >
cs > 0. (3) All tokens can be emitted: for every symbol o, there is some hidden state h € ‘H
such that p(o|h, ¢*) > cg > 0, (4) The prior p(¢) has support over the entire concept family

® and is bounded above everywhere.

Except from the above five adapted assumptions from Xie et al. [298], we have an another

mild assumption:

ASSUMPTION 21 (Distribution consistency). The pretraining distribution p and prompt dis-

tribution pprompt Satisﬁ’ \V/(qu, yq) ~ ppromptu p(xqu yq) = pprampt (xqa yq)

This assumption indicates that the chosen prompt distribution is a sub-distribution of the
pretraining distribution and the joint distribution of z, and ¥, is consistent across p and
Pprompt- This assumption avoids the situations where there are concept shifts between p and

Dprompts i-€., all Y ~ Ppromye are known in p and can find an exact match for each z, in p.
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7.3.2 Theoretical Proof

We first show that given a query image x,, when conditioned on a concept ¢* and prompt .S,,,
the most probable text output token for y, is the same as the class in the prompt distribution
Pprompt With maximum probability. Then, we show that: in our denoising in-context learning,
when achieving the most likely prediction z output by the MLLM predictor, the class text
Y, 1in the pretraining distribution p is the same as the one found by the prompt distribution

Dprompt. Which is the exact match for the give image z,,.

Before we start analyzing the binary prediction z, we first investigate the most probable class

y given prompt and query image arg max, p(y|S,, z,).

THEOREM 22. Assume that the above assumptions hold, if for all ¢ € ®, ¢ # ¢*, the
concept ¢* satisfies the distinguishability condition: 2521 KLij(¢*|6) > s + €0,

then as n — oo, the prediction y according to the pretraining distribution is

arg myaxp(y\Sn, Tg, ¢") — arg mixppmmpt(y\xq). (7.54)

Thus, the in-context predictor f, achieves the optimal 0 — 1 risk: lim, o Lo—1(fn) =

lnff ﬁ(),l (f)

The detailed proof of this theorem is similar to Xie et al. [298], please refer to the Section D

of the original paper.

Under this assumption, the in-context predictor is guaranteed to have the highest probability
of generating the class description y that exactly matches the query image x,. In another

way, when z,, does not belong to y, the probability p(y|.S,, z,) is less than the optimal value.

LEMMA 6. Under the same condiction of Theorem 22, the prediction z according to the

pretraining distribution is

arg m?xp(z]Sn, Tgy Yg, @) — arg MAX Pprompt (z|Tg, Yq)- (7.55)
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Lemma 6 can be easily derived based on Theorem 22 by considering y as a fixed prompt.

THEOREM 23. Assume that the above assumptions hold, as n — oo, when achieving the
largest prediction probability of z given prompt under concept ¢*, the corresponding class

description y follows the same y obtained from the prompt distribution:

arg m;xxp(z[Sn, Tg, Y, PF) — arg m;xxppmmpt(z\xq, Y) (7.56)

PROOF. Since we already have Theorem 22, if we can prove that
arg max p(y|Sy,, x4, ¢*) = arg max p(z|Sy, x4, y, ¢*), (7.57)
Yy Yy

arg manppmmpt (ylzy) = arg m3prT0mpt(z|xqa Y), (7.58)

then we can complete the justification.

p(2|Sn, g, Yy, ¢%) = Z p(z|hflt“”)p(hflt“”\5n,xq,y,¢*). (7.59)
hzta'rte’]_t

By expanding the last term, we have:

(g, ylhg ™™, S, @ )p(h")

p
PR | S, g, y, ¢7) = (7.60)
(hg | Sn, g, y, &) T y)
, hstm"t’sn7 *
Pl ulh;e, 5, 6°) a6
p(zq,y)

where p(hflt‘"t) is considered as a constant. Moreover, based on Assumption 21, the joint
distribution p(z,,y) is predefined by the pretraining distribution, which does not affect the

marginal distribution of z, thus we can have

p(xq’ylhztart7 Sna ¢*) _ p(y|5n, xq’ h;tart’ ¢*)p(xq|h2mrt) (7 62)
p(zq,y) p(zq,y) '

< P(Y[Sns g, by ™, ¢ )p(aq|h"). (7.63)
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Since the change of i does not affect the quantity of p(z|h;'*""), therefore, applying argmax

on both sides of the equation holds for finding the optimal y:

argmyaxp(z|5n,xq,y,¢*):argm?jix Z p(z\hgt‘m)p(y]Sn,xq,hzt“’"t,qﬁ*) (7.64)

hztar'tefH
= argmax p(y| Sy, 24, hi' ™", ¢*). (7.65)
Y
Similarly, we have
o start * start
pprompt(z|xq’ y) - Z p(Z|hq 7¢ )pprompt(hq |£Eq, y)7 (766)

hgtart ceH

o pprampt (:Eq Y | h;tart )pprompt (h;tart )

Porompt (hy "4, y) = (7.67)
? P ! pprompt<xq7 y)

X pprompt (:L‘qa y|h2tart) (768)

X pprompt (y|xqa hztart)pprompt (xq|h2tart)7 (769)

arg m;nx pPTompt(z|xQ’ y) = arg Irlan Z pp'rompt<z|h¢s]mrta QS* )pprompt (y|$q, h;tart)

hztarte%
(7.70)
= arg myaxpprompt (y‘l'q, h;tart)’ (7.71)
where the change of y still does not affect the quantity of pp,ompe (2|25, ¢*). Since
PISn 20 6 = S Pyl Sy 6 Vp(HT S 7). (172)
hStG‘TtEH
( ’SL’ ) — ( |hstart T ) (hstartlx ) (7 73)
pprompt y q pprompt y q s Lq pprompt q q) .
hztartE'H
it is easy to find that
arg myax Pprompt (Y|, htsztmt) = arg myax Pprompt (Y|q), (7.74)
arg max p(y| Sy, z,, hfltc”t, ¢*) = argmax p(y|Sy, T4, ¢7). (7.75)
y y

Thus, we have that as n — oo,

arg m;lxp(ZISm Tq,Y,97) — arg manppmmpt(zlxq, Y). (7.76)
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Lemma 6 and Theorem 23 together show that when given a query image z,, if the chosen
query class description y, is the true class of x4, then under the given assumptions, the binary
prediction z for judging the correctness of the image-text pair would be the maximum value
compared to all other class descriptions y # y,,y € ). Therefore, we can justify that using

an in-context predictor can help identify the true class label of a given image.

7.4 Proof for OOM

This section provides the proof of Theorem 7.

7.4.1 Lower Bound of Our VIB framework

Recall that we have the following factorization:
p(XL XV Y) =p(V,Y[XO, XDp(X°) X P(XY), (1.77)

with Markov chains V' <+ X' «» X© and X! ++ Y 4 X©. Our goal is to maximize the

information redundancy [331, 342]:
max (X9 XL Y) = [(X°; X — I(X9; X'|Y), (7.78)
where the first term is lower-bounded by:

(X9 x> / dz%dz’'dvp(z")p(2°|z")p(v|z') log q(x°|v)p(v]a"), (7.79)

Then, we consider the second term I(X©; X'|Y):

p(z°, 2'|y)
(z°y)p(2ty)

I(XO;XI\Y):/d:L‘deIdyp(xo,xl,y) log (7.80)
p
_ 07,1 o I p(@®, 2 y) I 0 I
= [ de"dzdyp(z®, x ,y)logw—H(Y)+H(Y|X J+HH(XY)+H(XY). (7.81)
p\y|x
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Note that we use the factorization p(z©, 2%, y) = p(y|z")p(2°|z")p(2"), and further ignore the

entropy terms’, then we have:

(X% XY)< / da®dx'dyp(y|2")p(z°|2")p(2") log p(y|a")p(a®|z")p(a") —log h(y|2°),
(7.82)

which is based on the positivity of KL divergence between our classifier 4 (y|2©) and p(y|z°).

To this end, we can lower-bound our objective by combining Equations (7.79) and (7.82):
I(X9Xhy) > /dmodxldvp(xl)p(xo |z p(v|2") log q(x°|v)p(v]ah) (7.83)
- / dz°dz'dyp(yla")p(x®|a")p(a") log p(yla")p(z?|z")p(z") +log h(y|2®) = Leon.

(7.84)

7.4.2 Proof of Theorem

Now we start the proof of Theorem 7.

PROOF.

ASSUMPTION 24 (Relaxed triangle inequality). For the distance functiond : ) x ) — R,

there exists cq > 1 such that Vi, U2, 3 € ﬁd(z)h o) < ca(d(yr, 93) + d(92,U3))-
ASSUMPTION 25 (Inverse Lipschitz condition). For the function d, it holds that Vh,
Eld(h(z1, x2), K (21, 22))] < |L(h) — L(h")], (7.85)
where h* is the Bayes optimal classifier on both x1 and x5; and
Eld(h(z), h*(x))] < [£(h) — L(h7)], (7.86)
where h* is the Bayes optimal classifier on x.

ASSUMPTION 26 (Classifier optimality). For any classifiers h in comparison to the Bayes’

optimal classifier h*, there exists constants ¢ > 0 such that |L(h) — L(h*)]? < e.

'We focus on the optimization of p(Y|X©), and p(Y'|X?) is given and frozen in our setting.
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To bridge h] and hj, we use hj , and h* to denote the Bayes” optimal classifier on both IM
data and all data, respectively. Then, we capture the relationship between the uniqueness of

OOM data given both IM data and the difference in their Bayes’ optimal prediction errors:
|£(h>1k,2) — L(h")|* = |]EXEY|X{,X§,X0€(}L*($IUI;axo)7y)
- EX{,XéEHX{,X%g(h){(x%vX%)vy)P (7.87)

S ’EY|X%,X§,XO£(h*(x117 xé? xo)v y) - EY\X{,Xée(hT(IID X;)a y)|2

(7.88)
< KL(p(y|1, 3, 2°) || p(ylat, a3)) (7.89)
< ExKL(p(ylzy, z3,2°) || p(yla}, a3)) (7.90)
= I(X°,Y|X], X)). (7.91)

Then, we first capture the redundancy between one IM and OOM data given another IM data:

|L(h}) = L(*)]? = [ExEy 1 x1,x0 L(B* (2}, 25, 2°), y) — Exi By xrl(hi(2)), y)[* (7.92)

< |EY|X{,X§,XO€(}L*($ID$£7 xo)’ y) — EY|X{€(hT(xI1)>y)|2 (7.93)
< KL(p(y|a}, w3, 2°) || p(yla1)) (7.94)
< ExKL(p(ylzy, 3, 2°) || plyla})) (7.95)
= (X%, X!, v|Xx]). (7.96)

Further leveraging triangle inequality through the Bayes’ optimal classifier 4* and the inverse

Lipschitz condition, we have:

Ep(:rll,xé,:vo) [d(h; hT,Z)] < Ep(mll,xé,xo) [d(h; h*)] + Ep(:vll,a:;,xo) [d(h’*7 hT,Q)] (1.97)
< |L(RY) = LI + |[L(R") = L(h7,)[? (7.98)

< I(X°, X5, Y|X]) + I(X°,Y|X], X3). (7.99)
Symmetrically, we can have |£(h3) — L(h*)]? < I[(X©, X{,Y|X]) and further obtain:

Ep(mg,mé,zo)[d<h;7 hi2)] < I(XO’ X{v Y|X5) + [(Xou Y|X{7 X%) (7100)
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Then combining with Equation (7.99):

Ey 1 ) d(h7, h3)] < T(X©, XL, YIXD) 4+ I(XO, X1, Y| X]) +2(X°, Y| X, X) (7.101)

'p(xy,x
Finally, based on the decomposition of the task-related mutual information of X©:
I(XO,Y) = I(X°, X3, Y|X)+I(X®, X1, Y|X5)+1(X®, Y| X], X5)+1(X°, X{, X3,Y),
(7.102)

as shown in Figure 6.3, we can achieve:

O‘<h1<7 h;) = ]Ep(xll,xg)[d<h>{7 h;)] < ]<XO7Y> o I<XO7X{7X57Y) + I(XO,Y‘X{,X%%
(7.103)
U



CHAPTER 8

Conclusion

In this thesis, we provide a systematic study on Trustworthy Machine Learning under Distri-

bution Shifts by exploring capability and responsibility under various practical applications.

We first investigate perturbation shifts in Chapters 2 and 3, where both the type and strength
of distribution shift are studied. Specifically, different type refers to benigh OOD data with
changed style and malign OOD data with unseen content; and strengths denotes the intens-
ity of corruption applyed to the OOD data. To solve these problems, we proposed a causal
framework to understand the data generation process and a robust optimization strategy to ef-
fectively enhance the generalization performance against different types of shifts with varied

strengths, demonstrating both explainability, robustness, and adaptability for OOD data.

Then, we study domain shifts in Chapter 3, Chapter 4, and Chapter 5. Particularly, we de-
velop multiple optimization strategies to handle OOD data from various domains, namely,
worst-case optimization, sparse training, and machine-supervised training. For all these
novel techniques, we aim to identify the critical knowledge, i.e., the invariant features in
the data. In this way, our approaches can effectively generalize, meanwhile demonstrating

great adaptability across domains.

Finally, we look into a novel distribution shift, modality shift, and study it in Chapters 5
and 6. We introduce this problem by revealing the modality gap between LLMs and vision
models, which can be addressed by in-context learning to provide learnable signals across

modalities. Further, we extend this problem to uncommon modalities and propose OOM

151
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generalization to uncover the hidden knowledge in novel modalities. We provide an in-
formation theoretic analysis to extract sharable knowledge, which enables generalize across

modalities effectively.

This thesis inspires several extendable studies in the future. First of all, how to achieve gen-
eral intelligence with alignment with human values is one of the most critical questions to
be answered. We are in a pivotal period where there is a rise in general intelligence. When
Al is taking over various tasks from different dimensions, i.e., visual tasks, language tasks,
and physical tasks. It is urgent the develop a systematic, trustworthy protocol to uniformly
regulate every possible dimension. Further, we observe various complexities of different dis-
tribution shifts; existing AI models lack universal capability, hindering their general practice.
For example, LLLMs are still suffering from slight perturbation or adversarial attacks. There-
fore, future Als are required to possess reliable capabilities across various shifts. Finally, Als
are driven by data. However, for some tasks, e.g., modality shift, rare modalities significantly
lack data to generalize. Thus, it is critical to develop self-reflective and trustworthy Als that

can discover rules and patterns to explore an unknown knowledge scope.
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