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Abstract

Domain generalization (DG) for image classification is a crucial task in machine learning
that focuses on transferring domain-invariant knowledge from multiple source domains to
an unseen target domain. Traditional DG methods assume that classes of interest are
present across multiple domains (domain-shared), which helps mitigate spurious correla-
tions between domain and class. However, in real-world scenarios, data scarcity often leads
to classes being present in only a single domain (domain-linked), resulting in poor gener-
alization performance. This thesis introduces the domain-linked DG task and proposes a
novel methodology to address this challenge.

This thesis proposes FOND a Fairness-inspired cONtrastive learning objective for Domain-
linked domain generalization, which leverages domain-shared classes to learn domain-
invariant representations for domain-linked classes. FOND is designed to enhance gener-
alization by minimizing the impact of task-irrelevant domain-specific features.

The theoretical analysis in this thesis extends existing domain adaptation error bounds
to the domain-linked DG task, providing insights into the factors that influence generaliza-
tion performance. Key theoretical findings include the understanding that domain-shared
classes typically have more samples and learn domain-invariant features more effectively
than domain-linked classes. This analysis informs the design of FOND, ensuring that it
addresses the unique challenges of domain-linked DG.

Furthermore, experiments are performed across multiple datasets and experimental set-
tings to evaluate the effectiveness of various current methodologies. The proposed method
achieves state-of-the-art performance in domain-linked DG tasks, with minimal trade-offs
in the performance of domain-shared classes. Experimental results highlight the impact of
shared-class settings, total class size, and inter-domain variations on the generalizability
of domain-linked classes. Visualizations of learned representations further illustrate the
robustness of FOND in capturing domain-invariant features.

In summary, this thesis advocates future DG research for domain-linked classes by
(1) theoretically and experimentally analyzing the factors impacting domain-linked class
representation learning, (2) demonstrating the ineffectiveness of current state-of-the-art
DG approaches, and (3) proposing an algorithm to learn generalizable representations for
domain-linked classes by transferring useful representations from domain-shared ones.
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Chapter 1

Introduction

Machine learning (ML) has seen significant success across various fields, such as computer
vision [50], natural language processing [71], and healthcare [32]. The primary objective
is to create models capable of learning general and predictive insights from training data,
which can be applied to new data. Traditional ML models are typically trained assuming
that training and testing data are identically and independently distributed i.i.d. [67].

However, this assumption often does not hold in real-world scenarios. There are of-
ten variations (i.e. domain-shifts) between training and testing data, leading to severe
degradation in predictive performance [73,35]. These domain shifts, for example, can be
identified as differences in imaging equipment for medical imaging and changes in light-
ning and product types for defect detection tasks in intelligent manufacturing systems.
Gathering data, including enough potential domain shifts to train ML models, is costly
and sometimes not feasible. Consequently, improving the generalization capability of ML
models is crucial in both industry and academic research.

1.1 Domain Generalization

The research field of domain generalization (DG) addresses these challenges by developing
machine learning techniques to learn discriminative representations that can generalize to
data distributions (domains) different from those observed during training, i.e. out-of-
distribution (OOD) [88]. In other words, the domain generalization task relaxes the i.i.d
assumption by allowing source domain distribution(s) at the train time to be different
from the target domain (test data). Given this goal, the guiding principle in modern
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Figure 1.1: Illustrating domain-linked ();) and domain-shared ()s) classes. This
figure illustrates a shape classification task where the domains are represented by color.
During training, some classes are expressed in multiple domains (e.g., circle) while others
are expressed in only one domain (e.g., triangle).

DG algorithms is to learn representations that are invariant to source (training) domains
and hence generalizable to unseen target (test) domains [/, 79]. As a result, recent works
aim to explicitly reduce the representation discrepancy between multiple source-domains,
by leveraging distribution-alignment [11,52], adversarial networks [30, 80], domain-based
feature-alignment [29,55, 70], meta-learning, and few-shot approaches [20, 34,19 62, 82].

1.2 Domain-Linked Class Generalization

However, existing DG methods rely on classes being observed in multiple source domains
and/or focus only on the overall accuracy. In the real world, however, classes of interest
may often be observed in specific domains (domain-linked, )r), setting them apart from
those observed in multiple domains (domain-shared, Ys). For clarity, refere to Fig. 1.1 for
a visual illustration of domain-linked ().) and domain-shared (Ys) classes. This figure
illustrates a shape classification task where the domains are represented by color. During
training, some classes are expressed in multiple domains (e.g., circle) while others are
expressed in only one domain (e.g., triangle).

The lack of data diversity in domain-linked classes leads to generalization challenges
in applications such as quality control in manufacturing and food inspection, where cer-
tain defects (classes) are often unique/linked to particular types of products (domains) [6].
Similar observations are made in healthcare [10], autonomous driving [18], and fraud detec-
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Figure 1.2: Domain-linked ();) and domain-shared ()s) performance discrepan-
cies. This graph displays the domain-linked and domain-shared classification accuracies
of current DG methods (referred to as Baselines) alongside the proposed methodology,
FOND, and its variations. These values represent averages across the evaluation datasets.
Chapter 5 introduces these baselines and datasets along with a more detailed analysis.

tion [2] applications where classes of interest may only be tied to particular demographics,
regions, etc. In this thesis, we focus on prominent DG datasets (which will be introduced
later in this section) to enable comparisons with established DG methodologies and to
encourage future research on application-specific settings.

Challenges with domain-linked class generalization arise because models tend to exhibit
extreme bias towards spurious domain-specific patterns in the absence of observations
across domains [39,83]. As shown in Fig. 1.2, the performance discrepancies between
domain-linked and domain-shared classes can be extremely severe. Consequently, we seek
to improve the generalizability of domain-linked classes while minimizing the domain-
shared performance trade-offs; this task has not been sufficiently studied.



1.3 Thesis Contributions and Overview

Motivated by the success of pre-training with classes/objectives different from downstream
tasks [22], this thesis explores the question — Can we transfer useful representations from
domain-shared classes to domain-linked classes? This thesis answers this in the affirmative,
identifying the cases where it makes sense to utilize the representations learned by domain-
shared classes to boost the performance of the domain-linked ones. The contributions of
this thesis can be summarized as follows:

1. Identifying the severe performance discrepancy between domain-linked and domain-
shared class performance in existing domain generalization methods to further stim-
ulate research in this area.

2. Proposing FOND; the first method for improving domain-linked class generalization
using representations learned from domain-shared classes.

3. Leveraging existing domain adaptation theory to analyze when and why domain-
shared classes usually generalize better than domain-linked ones.

4. Accomplishing state-of-the-art performance for domain-linked DG while providing
practical insights into the data scarcity conditions that affect their generalizability.

Chapter 2 formalizes definitions related to domain-linked class generalization and of-
fers a review of existing literature on important theoretical motivations and methodologies
for domain generalization. Furthermore, Chapter 3 provides some preliminary theoreti-
cal analysis on the factors impacting domain-linked class performance. Leveraging these
insights, Chapter 4 introduces a contrastive learning and fair-learning inspired objective
to disentangle spurious correlations between domain and class, denoted FOND, a Fairness-
inspired and cONtrastive Domain-linked learning strategy. Chapter 5 evaluates FOND and its
variants on different types of domain-shifts, domain-shared class distributions, and total
number of classes. To this end, these experiments summarize 360 trials for each of the
ten selected DG baselines, including SOTA [15,76], on three established DG benchmark
datasets — PACS [33], VLCS [10], and, OfficeHome [70]. We find that FOND improves
domain-linked class performance when observing a high enough number of domain-shared
classes. Interestingly, we observe that ERM is still a strong baseline, but FOND and its vari-
ants achieve a remarkable overall performance improvement of +9.3 over ERM on average
(26.9% improvement), with a gain of 39.2% on VLCS. We also compare the domain-shared
performance with SOTA, showing that domain-linked performance can be significantly
boosted with a modest domain-shared class performance trade-off. Finally, conclusions,
limitations and future work are discussed in Chapter 6.
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Chapter 2

Background

This chapter reviews the existing domain generalization literature relevant to this thesis,
identifies gaps in current knowledge, and situates this thesis within the broader academic
context to justify its necessity.

2.1 Problem Formulation

To understand the core of domain generalization in machine learning, it is essential to first
define what we mean by a domain within the context of image analysis tasks. In simple
terms, a domain represents a particular data distribution, including the input space (e.g.,
images, text) and the corresponding output labels.

Definition 2.1.1 (Domain). Let X denote a nonempty input space (e.g., images, text,
etc.) and Y an output label space. We denote as specific domain as S = {(x;,y;)}j—; ~
DS X9 x Y5, wherex € XS CR? andy € Y° C Z.

With the concept of a domain in place, we can now delve into the notion of domain
generalization (DG). DG is a task that involves learning from multiple source domains to
develop representations that generalize well to unseen target domains. This is crucial in
scenarios where the model needs to perform accurately even on data distributions it has
never encountered during training.

Definition 2.1.2 (Domain generalization). Assume K source (training) domains S =
{8"]i=1,.., K}, where S* = {(xé», y;) L, denotes the i-th source domain with n; samples,



are available during training with the joint distributions between each pair of domains are
different: D% # D% 1 < i # j < K. The goal is to learn a robust and generalizable
predictive function h : X — Y from the set of K source (training) domains S to achieve
a minimum prediction error on an out-of-distribution target-domain T ~ DT : XT x YT

(i.e. DT # D% forie{1,..,K}).

This thesis evaluates methods under the closed-set domain generalization assumption (i.e.
yr = Ufil ySl) where no source-domain expresses all target classes (i.e., Yo < YT for
i € {1,..., K}). Furthermore, during training, there exists a set of classes expressed in only
one source domain, i.e. domain-linked classes )y, .

Definition 2.1.3 (Set of domain-linked classes). Y, = {y : |[{S7|S" € S,y € Y5'}| = 1}.

Similarly, classes expressed in multiple domains, i.e. domain-shared classes Vs as shown
below. Here, YT = Y, UYs and YV N Vg = 0.

Definition 2.1.4 (Set of domain-shared classes). Vg = {y : [{S/|S" € S,y € Y5'}| > 1}.

In summary, the learning objective is to identify a generalizable predictive function
h: X — Y to achieve a minimum predictive error on an out-of-distribution (also referred
to as unseen) test domain 7' under the previously outlined conditions. In this thesis, the
predictive function & is modelled as a neural network M = (FoG)(x) = G(F(x)) composed
of a feature extraction F' and classification G network.

2.2 Literature Review

The main idea behind modern domain generalization algorithms is to learn input repre-
sentations that are unaffected by changes in the source (training) domain, i.e. domain
invariant representations [1,79]. Chapter 3 will briefly introduce and explore the theoret-
ical motivations behind domain invariant representation learning.

2.2.1 Data Manipulation

These techniques primarily focus on data augmentation and generation techniques to assist
the learning of domain invariant representations. Typical augmentation techniques include
affine transformations (e.g., rotations, scaling, translations, reflections) in conjunction with
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Figure 2.1: Illustrating domain-invariant (color-invariant) representation (shape) learning.

additive noise, cropping and so on [23,61]. These basic techniques are widely employed
across different machine learning applications as they enhance the generalization of a model
by reducing the likelihood of over-fitting to training data. However, more complex tech-
niques are gaining popularity, especially adversarial data augmentation. Adversarial data
augmentation techniques enhance generalizability by learning to identify optimally chal-
lenging input augmentations. For example, approaches like CrossGrad [59] perturb the
input along the direction of greatest domain change while changing the class label as lit-
tle as possible. In a similar grain, Volpi et al. [72] and, more recently, Kim et al. [31]
learn augmentations that mimic fictitious target domains to improve model generalizabil-
ity. Furthermore, innovations in data generation have also positively impacted domain
generalization research. Interestingly, although diffusion-based techniques [15] are grow-
ing in popularity, simple image-mixing data generation techniques such as CutMix [11],
Mixup [81] and Dir-Mixup [62] remain competitive [7].

Training data is vital for machine learning since a model’s generalizability is a function
of the diversity of the training data available [67]. Consequently, domain generalization
methods — including the technique proposed in this thesis — should be used in conjunc-
tion. Therefore, this thesis only seeks to improve the differentiable objectives that guide
the learned input representations and does not evaluate data manipulation techniques.
Furthermore, it is essential to consider the added complexity of leveraging these data gen-
eration techniques.



2.2.2 Multi-Domain Feature Alignment

Most existing DG approaches belong to this category. These techniques minimize the
differences between learned features/representations from multiple source domains. The
guiding principle is that image representations invariant to domain shifts should be more
robust to any unseen target domain shift [79]. Fig. 2.1 visualizes the difference between
class representation (i.e. shapes) distributions vary when they are domain-specific versus
domain-invariant.

For example, domain invariance can be achieved by aligning the distribution of im-
age representations between different domains. Consequently, various statistical distance
metrics are borrowed to measure these distribution differences. For example, learning algo-
rithms such as CORAL [63] and M®SDA [46] minimize moments such as mean (1st-order
moment) and variance (2nd-order moment) calculated over multiple training domains.
Other methodologies use measures like Wasserstein distance or KL Divergences [71, 87].
Learning algorithms like DIRT [11] and MDA [21] learn how to transform feature distri-
butions across multiple domains before minimizing their discrepancies.

However, these multi-source alignment strategies are not limited to the feature space.
Methods like PGrad [70] and Fishr [52] successfully apply techniques on the optimization
gradients themselves. Furthermore, recent research provides a causal perspective to learn-
ing domain invariant representations. These algorithms (e.g., CausIRL [13]) derive their
insights from structural causal models to capture the underlying data generalization pro-
cess. In addition, algorithms like EQRM [15] argue that alignment techniques that optimize
for average performance provably lack robustness to out-of-distribution data [13]. Their
research proposes a different probabilistic framework, which we also analyze in this thesis.
Unsurprisingly, these approaches require observing multiple domain shifts for a given class
to identify domain invariant representations. We demonstrate that this severely degrades
the generalization performance of domain-linked classes.

Another popular approach for achieving domain-invariance is formulating the image
representation learning as an adversarial game (i.e., domain adversarial training). Ganin
et al. [18] popularized this approach with the Domain-adversarial neural network (DANN),
which adversarial trained a generator and discriminator. Simply speaking, a discriminator
is trained to distinguish representation source domains, while a generator seeks to fool the
discriminator by learning domain-invariant image representations. Further adaptations
of this methodology were made to gradually reduce the discrepancy between learned fea-
tures from different domains [19,35,60,77,89]. However, since there is a 1:1 correlation
between ), classes and their domains, adversarial domain discriminators may use class-
discriminative features to predict the source domain. Therefore, the feature generated



would be penalized for capturing these task-relevant features.

2.2.3 Contrastive Learning

Contrastive learning is an important and prevalent feature alignment technique in the do-
main generalization literature. Popularized by Chen et al. [12], this technique makes pair-
wise comparisons between samples such that similar ones (i.e. positive pairs) are embedded
close to each other while dissimilar samples (i.e. negative pairs) are not. Current con-
trastive techniques focus on multi-domain image comparisons to ignore spurious domain-
specific features while learning task-relevant ones; see [3%] and the references therein.

Motiian et al. [12] provided one of the earliest implementations of this strategy for
the domain generalization task, inspiring future DG research with varying contrastive loss
functions [25, 26,55, 78]. A contribution worth noting is SelfReg [29], which adopted and
popularized applying the contrastive objective of linearly interpolated representations from
random pairs across domains. This improved the learned feature space’s smoothness and
generalization to unseen domains. However, we experimentally observe that these method-
ologies can still generate significant performance discrepancies between domain-shared and
domain-linked classes. Therefore, Chapter 4 communicates how this discrepancy can be
alleviated by focusing on specific types of positive and negative pairs.

2.2.4 Meta-Learning

The introduction of the meta-learning technique in ML literature greatly improved the
ability to adapt large pre-trained models between different learning tasks [71]. The ra-
tionale for applying meta-learning to domain generalization is to emulate domain shifts
during training, hoping the model can better handle domain shifts in unseen domains.
These approaches divide the source domains into non-overlapping meta-train and meta-
test episodes. The popular MAML [17] architecture inspires most DG meta-learning ap-
proaches, most notably the foundational MLDG [31] and ARM [82] methods that have

become popular base DG architectures [62, 86]. However, meta-learners still suffer chal-
lenges when classes cannot be observed in both the meta-train and meta-test episodes.
Consequently, approaches like Transfer [$0] combine meta-learning with adversarial tech-

niques to identify more generalizable representations.



2.2.5 Fairness

Notions of fairness in DG require equalizing appropriate statistical measures across pro-
tected attributes (e.g., race, gender) [10] to reduce performance biases. We can formulate
these notions of fairness as (conditional) independence statements between random vari-
ables: prediction outcome M (X)), protected attribute A, and class Y [28]. For example,
demographic parity (M(X)LA) requires the prediction outcomes to be the same across
different groups; equalized odds (M(X)LA|Y') requires that true and false positive rates
are the same across different groups; equalized opportunity (M (X)LA|Y = y) requires that
only true positive rates are the same across different groups [17,75]. Motivated by this
research, we impose a fairness-inspired learning objective to learn generalizable represen-
tations for domain-linked classes.

2.2.6 Label Shift in Domain Generalization

The focus on domain-linked class generalization falls under the broad and recognized con-
cept of label-shift in DG literature. Label shift occurs when source/target domains have
different class distributions. This, however, is too broad of a categorization; therefore, pub-
lished DG methodologies primarily focus on one of two types: 1) Algorithms like [13,37,80]
assume distribution differences in training domains while maintaining that all classes are
present in each source (training) domain; 2) Algorithms like [9, 30] focus on identifying
unknown (novel) target-domain classes, i.e., open-set generalization. This thesis uniquely
focuses on improving the performances of classes present in only one domain while main-
taining that all target classes are observed during training. Furthermore, all the baselines
were selected to cover a variety of DG methodologies that expect (implicitly and explicitly)
differences in label distributions across domains.

2.3 Datasets

Formalized by Definition 2.1.2, the DG task requires using multiple training domains to
learn a robust and generalizable predictive function to achieve a minimum prediction error
on an unseen (i.e., out-of-distribution) target domain. Consequently, several image classi-
fication datasets featuring different distribution shifts are available. Among them, PACS,
VLCS, and Office-Home are the three most popular image-classification datasets [73], each
featuring four different domain shifts across their respective set of classes; refer to Figure 2.2
for samples. PACS [33] is a 9,991-image dataset consisting of four domains corresponding

10
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Figure 2.2: Visualizing the domain shifts for each evaluation dataset. Note how
PACS and OfficeHome exhibit more obvious domain variations than VLCS.

to four different image styles: photo (P), art (A), cartoon (C) and sketch (S). The four do-
mains hold seven object categories: dog, elephant, giraffe, guitar, horse, house and person.
VLCS [16] is a 10,729-image dataset consisting of four domains corresponding to four dif-
ferent datasets: VOC2007 (V), LabelMe (L), Caltech101 (C) and SUN09 (S). Each of the
four domains hold five object categories: bird, car, chair, dog and person. OfficeHome [70]
is a 15,588-image dataset consisting of images of everyday objects organized into four do-
mains: art-painting, clip-art, images without backgrounds and real-world photos. These
domains hold 65 object categories typically found in offices and homes. Subsection 5.1.1
goes further into detail about the properties of these datasets and their importance when
analyzing the generalization strength of different learning approaches for domain-linked
classes

2.4 Motivation

Existing approaches presuppose all classes are expressed in multiple domains or seek to
maximize average generalization accuracy. However, these methodologies demonstrate
large performance discrepancies between domain-linked and domain-shared classes. Since
these domain-linked classes are of interest in real-world settings, there is a need to under-
stand the factors that impact their performance and build models that can improve their
generalizability to unseen domains.

11



Chapter 3

Theoretical Analysis

This chapter theoretically grounds the challenge of minimizing the generalization error
bounds of domain-linked classes compared to domain-shared ones. Chapter 4 then applies
these insights to develop the proposed algorithm; FOND. Since domain adaptation (DA) is
closely related to domain generalization (DG), we begin our error bounds analysis there
in Section 3.1. Section 3.2 communicates its extension to a multi-source setting, and
Section 3.3 focuses on the key terms. Then Section 3.4 motivates the notion of domain-
invariant learning. Last, with the groundwork laid by the previous sections, Section 3.5
provides the intuitions on what makes domain-linked classes generalization hard.

3.1 Reviewing Domain Adaptation Error Bounds

The main idea behind modern domain generalization algorithms is to learn consistent input
representations across source (training) domains for a given class. To improve understand-
ing of this principle, it is crucial to delve into the generalization bounds established by
Ben-David et al. [3] on domain adaptation before applying it to DG. Note that unlike
for domain generalization, domain adaptation assumes access to unlabeled data from the
target (test) domain during the machine learning model training stage.

Given a predictor h from a hypothesis class H, the research by Ben-David et al. [3]
focuses on bounding the target domain error er(h) using the tractable source (training)
domain error eg(h), since we do not have access to the true target domain labels. Ben-David
et al. [3] demonstrates that er(h) can be bounded by four terms which are summarized by
Theorem 3.1.1. First is the expected source domain error €g(h). Second is a measure of the

12



discrepancy between the source and target distributions. To this end, Ben-David et al. [3]
proposes a new divergence metric dyax(+,-) which they demonstrate can be estimated
from finite samples. Third, the error is bounded by the complexity (expressiveness) of
the hypothesis space H, i.e., the VC dimension d [(6], and the number of i.i.d. training
samples m. Last is the ideal joint risk A = %g[l {er(h) —€s(h)} communicating the lowest

possible difference a learning algorithm can attain between target and source domains.

Theorem 3.1.1 ( [3] Thm. 2). Let H be a hypothesis space with a VC dimension of d. If
US, U are unlabeled samples of size m each drawn form D° and DT respectively, then for
any § € (0,1), with probability of at least (1 — &) (over the choice of samples), for every
h € H, the target domain error er(h) is bounded by:

2d1og(2m) — log(3)

m

)+ A (3.1)

1.
ET(h) S Es(h) + §dHAH(L{S,L{T) + 4\/

where dyax (Us,Ur) is the estimate of dyan (D, DT) on the two sets of finite data samples.

The benefit of this error-bound is that it makes no assumptions about the relationships
between the source and target domains. This is because, under domain adaptation (DA)
settings, unlabelled target data is available to estimate the HAH divergence.

3.2 Extension to Multiple Source Domains

In the domain generalization setting, however, using multiple source domains during train-
ing is common practice. Consequently, we now seek to bound the target domain error ey
of a predictor h € H that empirically minimizes a convex combination of the K source
domain errors, €,(h) defined as follows,

ea(h) = Z a;e;(h) (3.2)

~

h = arg min €a(h) (3.3)

given a domain weight vector oo = (o, ..., ux) where > " a; = 1.
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Now, similar to Theorem 3.1.1 in Section 3.1, Ben-David et al. [3] bounds the target
domain error of this predictor ep(h), in Theorem. 3.2.1, with respect to four terms: 1) The
best target predictor h%.; 2) The HAH divergence between the target and individual source
domains; 3) The number of training samples m and the complexity d of the hypothesis

space; 4) The ideal joint risk between the target and individual source domains.

Theorem 3.2.1 ( [3] Thm. 4). Let H be a hypothesis space of VC dimension d. For each
i€{1,..,K}, let S* be a labeled sample of size B;m generated by drawing B;m points from
DS If h € H is the empirical minimizer of eo(h) for a fived weight vector a on these
samples and h% = minyeq er(h) is the target error minimizer, then for any ¢ € (0,1), with
probability at least 1 — 6,

er(h) < ex(his) + 2 (Z o ) (el = el (3.4

=g 2m
K

+ ) (2N + dyan(S',T))

=1

where A\; = minpey{er(h) + €;(h)}.

3.3 Simplifying the Error Bounds

In practice, we assume A—closeness (i.e., \; = 0) because of the enormous capacities of
neural networks; this assumption is often made in DG and is experimentally validated [65].
Without loss of generality, we use the Landau notation in Eq. (3.5) to simplify Eq. (3.4).
Since er(h%.) is fixed, we only focus on the dyaz and O(m™!') terms to compare the target
error bounds of predictors h focused on either domain-linked or shared classes.

er(h) < er(hp) + Om™) + > a; dyyan(S',T) (3.5)

i=1

3.4 Optimizing the Fixed Source-Target Divergence

Further analysis of these error bounds is obstructed even with the simplification since
the dataset’s source-target domain divergence is a fixed property. Thankfully, however,
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although the source-target domain divergence is fixed, one may learn a mapping function
feF; F:X — Z that maps the original input data x € X to some representation
space Z, to reduce the source-target dyay distribution divergence, i.e., dyaw (f(S?), f(T)).
This is the impetus of domain-invariant representation learning that inspires all published
research in domain adaptation and generalization.

Consequently we can reformulate predictors h € H ; H : X — ) as a composition of
an encoding function f € F ; F : X — Z and a decoding function g € G ; G: Z — Y,
i.e., h = go f. Therefore, we now have a way to improve the target domain error bound e
by empirically minimizing a risk R defined as a sum of the convex combination of the K
source domain errors €,, Eq. (3.2), and source-target distribution divergences d,(h). We
define this risk-minimizing predictor as h where f is the corresponding encoder as follows,

da(h) = ZaidHAH(f(Si)a f(T)) (3.6)
R(h) = e;(h) + da(h) (3.7)
h = arg Ihrél?gl R(h) (3.8)

3.5 Comparing Domain-Linked and Domain-Shared
Generalization Error Bounds

We now use the definitions and error bounds introduced in the previous sections to gain
insights into the consistent experimental performance differences between domain-linked
and domain-shared classes. Suppose we have a set of K source domains S* for ¢ € [1, K],
that each contributes ; - m samples (noting S, a; = 1), with m denoting the total
dataset size for a particular class. The domain-linked setting could simply be represented
as a single source S* generalization task with the resulting target domain error bound,

er(hn) < er(hy) + Oa; 'm™") + dyan(fi(S7), J(1)) (3.9)

where h; is the single source empirical risk R; minimizer,
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Ri(h) = €i(h) + duan(f(S), £(T)) (3.10)
h = arg min Ry(h) (3.11)

with the corresponding mapping function fl Similarly, the domain-shared setting would
be represented as a K source generalization task with the target domain error bound,

er(hs) < er(hy) + O(m™) + Zaz duan(fs(S), f(T)) (3.12)
where h is the K source empirical risk R, Eq. (3.7).

3.5.1 Domain-Shared Classes Typically Have More Samples

The domain-linked, Eq. (3.9), and domain-shared, Eq. 3.12, error bounds communicate
a dependence on the number of available samples. Given a dataset of m samples for a
particular class, a class from a single source domain S* contributes o; - m samples, i.e.,
O(a;'m™). The inclusion of additional domains, making the class domain-shared, would
have > «; - m samples, resulting in a lower error bound, i.e., O(m™) < O(a; 'm™1).

3.5.2 Domain-Shared Classes Learn Domain-Invariant Features

Last we compare the source-target dyay distribution divergence terms between the domain-
linked dyaz(fi(S%), fi(T)) and domain-shared Y21 | Qi dHAH(fS(Sz) fs(T )) settings. We
are primarily interested in comparing the ability of fl and fs, from h; and hs respectively,
to encode the source S® and target T samples close together.

Unfortunately, we cannot identify empirical risk (R and R;) minimizing predictors h,
and corresponding decoders f , since unlike for DA, the DG task does not access the target
domain samples required to estimate the source-target distribution divergences. Therefore,
published DG research operates on the experimentally validated assumption that an encod-
ing function f that reduces the representation discrepancy of samples from multiple source
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domains is more likely to reduce the source-target representation discrepancy [1,30]. Con-
sequently, we can justifiably use source-source dyay distribution divergence as a surrogate
and redefine the empirical risk as,

K K

R = call) + 3" 0 Y duanl F(57), £(57)) (313)

Observe that this surrogate is not helpful for the domain-linked (single source) setting
since any predictor i with encoder f would minimize dyaw(f(S?), f(S7)) for i = j. As a
result, the domain-shared encoder fs is expected to learn more domain-invariant mappings
through the joint minimization of the source-domain error ¢, and divergences d,. In
contrast, the domain-linked encoder f; is only selected by minimizing the source-domain
error. Therefore, it is justifiable to expect that the domain-linked source-target divergence
would be greater than the weighted sum of domain-shared source-target divergences,

dHAH(ﬁ(*gi)v fz(T)) > Zai dHAH(fS(Si)a fs(T)) (3.14)

=1

These intuitions align with theoretical understandings about the importance of di-
versifying training data by collecting/generating more of it and augmenting what is al-
ready there [07]. Furthermore, the empirical results corroborate this theoretical intuition.
Namely, increasing the number of available source domains improves the domain-invariance
of learned representations, leading to more reliable target domain generalizations.
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Chapter 4

Fair Contrastive Learning for
Domain-Linked Class Generalization

The goal of a domain generalization learning algorithm is twofold; the learner aims to
accurately predict the target class Y and also tries to be insensitive to task-irrelevant
domain-specific variations (e.g., image styles in the PACS dataset), which we will denote
as A. In other words, we are interested in learning a feature encoder (e.g., neural network)
F(X) = Z that contains as much information as possible about the target Y while at the
same time filtering out domain-specific information A, i.e., domain invariant representa-
tions [3,85]. We can represent this learning objective as an information bottleneck [64]
expressed by Eq. (4.2) where I(-,-) denotes the mutual information between a pair of
random variables and A a scaling factor.

12,Y) =YY Puy(zy)log ( Pz y) ) (4.1)

SeZ yoy Pz (2) Py (v)

max [(Z,Y) = M(Z, A) (4.2)

4.1 Motivating Contrastive Learning

A naive classification loss (i.e., categorical cross-entropy) is primarily focused on maxi-
mizing the first term in Eq. (4.2), I(Z,Y), namely making the learned representations Z

18



of an input X maximally informative of its corresponding label Y. However, since the
domain generalization objective does not make the i.7.d. assumption, Z will likely encode
irrelevant domain-specific correlations A, resulting in a model with observable poor gen-
eralization abilities [73,88]. Consequently, pairwise (e.g., image representation to image
representation) contrastive learning is an incredibly prevalent additional learning objec-
tive to minimize I(Z, A). Contrastive learning regulates the learned representations Z
by asserting that representations from the same class should be embedded close together
while separating those from different classes. Illustrated by Figure 4.1, this improves the
differentiability between classes.

: N | @@

=

g A B @

z Naive z

5 A . . 5

g Contrastive Learning g -

: 2 O
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< <
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Feature Dimension 1 Feature Dimension 1

Figure 4.1: Ilustrating the effects of contrastive learning on learned representations.

4.2 Method

4.2.1 Focusing on Specific Pairwise Relationships

Unfortunately, assuming that we can arrive at a representation Z that preserves all the
relevant information about Y while removing all domain-specific information is unrealistic.
Referencing Figure 4.1, although the boundaries between classes (shapes) are more distin-
guishable, they are still clustered by the domain (colours). We also observed this when
plotting the learned representations of real-world datasets in Subsection 5.2.4, especially
when only optimizing the classification loss (i.e. the ERM baseline).

In alignment with the analysis provided in Chapter 3, observing domain variances allows
models to learn representations that reduce the average distribution divergence between
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learned source and target domain data representations. Since algorithms do not observe
enough domain variances in ), data comparison to ) data, their classification accura-
cies are much worse; refer to Figure 1.2. Therefore, unlike current contrastive learning
approaches, we must treat ), and )s classes differently.

Maximizing the mutual information between positive (same-class) inter-domain sam-
ples guides domain-invariant learning [!1,53]. For example, in Figure 1.1, an algorithm
observing pairwise relationships between samples from domain-shared )g classes may ob-
serve that encoding edge features increases mutual information while color reduces it.
Furthermore, due to the success of hard negative mining in representation learning liter-
ature [38,54,84], we hypothesize that negative (different-class) intra-domain comparisons
are more informative than negative inter-domain comparisons for reducing spurious domain
and class correlations. For example, in Figure 1.1, an algorithm may achieve color invari-
ance by minimizing mutual information between samples from different classes (shapes)
but from the same domain (color). Additionally, you can refer to Figure 4.2 for a visual
demonstration of the difference between inter-domain positive and intra-domain negative
pairs using the PACS evaluation dataset.

Therefore, we define a feature extractor F' : X — H to take an input samples x € X and
generate representation vectors, h € H C R% . We regularize the representation vectors
by applying a contrastive objective to the output of a projection network @) : H — Z that
generates normalized, lower-dimensional representations z € Z C R%. The goal of the
contrastive objective defined by Eq. (4.3) is to maximize the cosine similarity of projected
representations z between samples from the same class and minimize those that are not.

B a(zi,z,) - exp(z; - 2,/ 7)
‘deom = \P_éﬂ Z IOg = 2 (43)
iel peP(i) > B(zi,25) - exp(zi - 2;/7)
Jen\{i}
o(zi,2,) = {a, if S(Zi). # S(z,), where a > 1 (4.4)
1, otherwise
b, if S(z;) = 95(z;),v; ., where b > 1
e 2) = { #) = 5 7 (4.5
1, otherwise

Let i € I = {1...N} be the index of a sample (denoted as the anchor) where N denotes
the batch size. P(i) = {p € I\{i} : y, = y;} is the set of indices of all positives in the
batch. The a function increases the cosine similarity weight of the anchor z; and positive
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Figure 4.2: Illustrating contrastive pair types using the PACS dataset. Given
a picture-style (domain) image of a dog (class), the red connections denote intra-domain
negative (different class) pairs. In contrast, the green connections denote inter-domain
positive (same class) pairs. Image classes in the PACS dataset are split between four
domains: picture, art, cartoon and sketches; refer to Section 2.3 for more information on
the evaluation datasets.

z, sample if they are inter-domain (i.e., S(z;) # S(z,)) pairs; refer to Eq. (4.4). Note that
S(z;) denotes the domain S € S that z; belongs to. Additionally, the 5 function increases
the cosine-similarity weight of the anchor z; and z; if they are negative, intra-domain (i.e.,
S(z;) = S(z;)) pairs; refer to Eq. (4.5).

4.2.2 Transferring Domain-Invariant Representations
Increasing the weight of positive inter-domain similarity metrics through « in Eq. (4.3)
biases the model towards domain-shared )s generalization since these metrics are not

present between domain-linked ), class samples. Therefore, we draw inspiration from
notions of fair learning in DG literature to learn generalizable features for ), classes.
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Notions of fair learning in DG literature aim to make predictive outcome Y of a model
M (X) independent of protected attributes A (e.g., gender, race, age) present in a dataset
[10,47,75]. Directly applying this notion of fair learning by defining the protected attribute
A as whether a sample belongs to a domain-shared or domain-linked class would make the
prediction outcome M (X) = Y entirely dependent on A.

To overcome these challenges, we constrain the error rates across domain-shared and
domain-linked classes. The objective is to enforce that the domain-invariant represen-
tations learned from domain-shared Ys classes also improve the generalizability of the
disadvantaged domain-linked ));, classes. The violation of this objective is measured by
Eq. (4.6). We observe in Chapter 5 that this leads to significant improvements in )y,
classes, given the model observes a sufficient number of Vg classes; this is denoted as the
High shared-class experimental setting defined in Subsection 5.1.2. Since the task is image
classification, the corresponding task loss, L.k, is categorical cross-entropy.

Laisc = |£%Lsk - E%Ssk: (4-6>

Algorithm 1 FOND Training Algorithm

Require: Source datasets S; Feature extractor F'; Projection network @); Classification network
G; Positive pair weight «; Negative pair weight 5; Loss regularizers Azgom and Agise
while Not Converged do

B={(x}y"), (x2%y?),.., K y5) > Sample a batch from K source domains S
Br = {(h',y"), (h2,y?), ..., (WE,y5)} « F(B) > Generate the feature vectors
Bo = {(z!,y), (2%, y?), ..., (25, y%)} + Q(Br) > Generate the feature projections
Lydom < {Bg,a, B} > Calculate the contrastive loss; Eq. (4.3)
Be <+ G(Br) > Generate the classification logits
B(CL), B(Ciq) «— {Bc} > Separate logits based on ground-truth label group, i.e. Yy, or Vg
L fair {B(CL), B(éq)} > Calculate the Yy, vs Vg discrepancy loss; Eq. (4.6)
Liask < {Bc} > Calculate the classification loss
Lrond = Liask + Azdom - Ladom + Adise * Ldise > Calculate the overall loss; Eq. (4.7)
end while
return F, G

4.2.3 Overall Learning Objective

We refer to the combination of these learning objectives as FOND, i.e., a fairness-inspired
contrastive learning objective for domain-linked class generalization; we summarize the
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overall learning objective as follows:

‘CFOND = ‘Ctask + )\xdom : ‘Czdom + )\disc : ﬁdisc- (47)

To reiterate, we learn domain-invariant representations by focusing on specific pairwise
sample relationships through the contrastive loss L,4om defined by Eq. (4.3). We then
require these representations to improve domain-linked class generalizability by imposing
a fairness-inspired performance discrepancy loss between ), and )s classes through the
Laise loss defined by Eq. (4.6). Furthermore, Algorithm 1 provides the steps performed for
each mini-batch update, Section 4.4 outlines the model architecture and Subsection 5.1.4
outlines additional implementation details with code available at https://github.com/
criticalml-uw/fond.

4.3 Variations

Based on the values assigned for a and b in the o (Eq. (4.4)) and 5 (Eq. (4.5)) functions,FOND
can be represented in multiple ways. This thesis focuses on the variants presented in
Table. 4.1 with evaluations provided in Table. 5.2 and Section 5.2.5.

Table 4.1: Variations of the FOND algorithm.

Components
Variant L.iom « [ Laise
FOND\FBA v - - -
FOND\FB v v - -
FOND\F v ¢ ¢ -
FOND v v Vv v

4.4 Model Architecture

Referring to Figure 4.3 we now explain each module of FOND.

The Feature Eztraction Network, F(.), takes a training input sample x € S and gen-
erates a representation vector, h = F(x) € R where dp = 512. We used the ResNet-18
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Figure 4.3: Visualizing the FOND model architecture. For an input, x, the feature
extractor F(.) generates a representation vector, h. The network G(.) performs the down-
stream classification task, and Q(.) generates the low-dimension representation z used for
the contrastive objective, Eq. (4.3).

architecture [23] pre-trained on ImageNet [I1] common to most image recognition DG
methods. Additionally, the hidden representations are normalized, ||h|| = 1, since this has
experimentally been shown to improve performance [57].

The Projection Network, Q(.), takes the representation vector h and non-linearly projects
it to a lower-dimensional vector z = P(h) € R% where dg = 256. Additionally, the pro-
jection vector is normalized ||z|| = 1. These projections are used for FOND’s contrastive
learning objective Eq. (4.3). Previous works [12,27] validate separating the representa-
tions h used for downstream tasks and those for contrastive objectives z. The network is
implemented by a 2-layer MLP with a ReLLU activation function between the layers.

The Classification Network, G(.), performs the image classification downstream task
with the representations generated by F(.), i.e., h € R . The network’s output is a vector
of dimension |Yr| denoting the softmax label probabilities of the input x. The network is
implemented by a 2-layer MLP with a ReLLU activation function between the layers.
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Chapter 5

Experiments

The domain-linked and domain-shared generalization strength of FOND, its variants and
baselines are primarily evaluated by varying three important factors. First, we vary the
amount of domain-linked/shared classes present in a dataset by creating High and Low
shared-class settings for each dataset as detailed in Subsection 5.1.2. Second, we perform
our evaluations across different types of inter-domain shifts. This was primarily examined
by comparing the VLCS dataset with PACS since they are similar in size. While PACS
has larger and more distinguishable domain shifts, VLCS has more subtle real-world shifts.
Last, we observe how different sizes of target classes impact generalization. This was
examined by comparing PACS and OfficeHome since they are of similar style-based domain
variances and sizes, but OfficeHome has ~10x more classes and around ~7x less samples
per class. Subsection 5.1.1 outlines more details on these datasets.

For rigorous, fair and reproducible evaluation, we mirrored the DomainBed [21] test-
bed to be consistent with DG literature. We report class-averaged classification accuracy
and standard errors for )y, classes. Reported values arise from three Monte-Carlo runs for
three datasets across four domains, five random hyper-parameter selections, and the Low
and High-shared settings. Overall, the extensive experiments summarize the results of 360
experiments for each of the 11 methodologies and 3 FOND variants (i.e. 5040 trials).
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5.1 Setup

5.1.1 Datasets

To evaluate ); performance with respect to inter-domain variations and the number of
classes, we required keeping consistent a) dataset sizes and b) number of domains. There-
fore, introduced in Section 2.3, we chose DG literature gold standard datasets [$8]: PACS,
VLCS, and OfficeHome, as shown in Figure 2.2. While PACS [33] (Figure 2.2b) and Of-
ficcHome [70] (Figure 2.2c) datasets share similar style-based domain-variations, there is
a ~10x difference in class size. Furthermore, although VLCS [16] (Figure 2.2a) and PACS
have similar class sizes, VLCS expresses nuanced real-world domain variations. Table 5.1
summarizes the differences in the evaluation datasets.

5.1.2 Defining Shared-Class Distribution Settings

We define two shared-class distribution settings — Low and High — denoting the relative
number of shared classes |Vs| with respect to the total |Yr|. Table 5.1 communicates the
different properties of the datasets and the number of ), versus Vg classes for the Low and
High shared-class distribution experimental settings. In the Low setting ~ 1/3 of the classes
are domain-shared; ~ 2/3 in the High setting. ), and s classes were randomly selected
and assigned round-robin to each source-domain. Domain-linked classes only exist in one
training (source) domain. Domain-shared classes do not exist in all training domains; they
are randomly placed in only two of the three training domains.

Table 5.1: Evaluation dataset properties and class distribution settings. This
table communicates the defining characteristics of each evaluation dataset introduced in
Subsection 5.1.1 and the number of domain-linked /shared classes present in the High and
Low class distribution settings introduced in Subsection 5.1.2.

Properties ‘ Settings (| Vs : |Vi])
Datasets # Domains # Classes # Samples Domain Shift Type ‘ Low-shared High-shared
PACS 4 7 9,991 Style-Based \ 3:4 5:2
VLCS 4 5 10,729 Real-World \ 2:3 4:1
OfficeHome 4 65 15,588 Style-Based 25:40 50:15
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5.1.3 Baselines

Baselines were selected to a) cover a variety of foundational DG methodologies that are
b) well represented in DG literature and have ¢) been benchmarked against DomainBed
[21]. Therefore, we evaluate: naive empirical risk minimization, ERM; popular distribution-

alignment, CORAL [03]; contrastive mixing, RSC [25] predecessor, SelfReg [29]; contrastive
CLIP-based [50] method, CAD [55]; popular meta-learning baselines, ARM [32] and MLDG [31];
adversarial meta-learning network, Transfer [30]; causal representations, CausIRL [l3];

gradient optimization, PGrad [76]; probabilistic framework, EQRM [15].

5.1.4 Implementation

For consistency, all algorithms have a fine-tuned ResNet-18 backbone [23] pre-trained on
ImageNet [14]. Specifically, we replace the final (softmax) layer, insert a dropout layer and
then fine-tune the entire network. Since minibatches from different domains follow different
distributions, batch normalization degrades domain generalization algorithms [58]. There-
fore, we freeze all batch normalization layers before fine-tuning them. The training data
augmentations include random size crops and aspect ratios, resizing to 224 x 224 pixels,
random horizontal flips, random color jitter, and random gray scaling. The experiments
ran on different GPUs: NVIDIA RTXA6000 and NVIDIA GeForce RTX2080.

5.1.5 Hyper-Parameter Search

We perform five random search attempts for each algorithm over a joint distribution of
all their hyper-parameters. This is repeated for each of the five sets of hyper-parameters,
and the set maximizing the average domain-linked ) accuracy is selected. This search is
performed across three different seeds where all hyper-parameters are optimized anew for
each algorithm, dataset and partial-overlap setting. The hyper-parameter search space for
each algorithm is provided in the attached code.

5.1.6 Model Selection

Given K domains, we train K models, sharing the same hyper-parameters 6. Each model
holds a different domain. During the training of each model, 80% of the training domain
data is used for training, and the other 20% is set aside as part of the validation set
for model selection. We evaluate each model on 100% of the held-out (target) domain
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data and average the ) accuracy of these K models over their held-out domains. This
gives us an estimate of the quality of a given set of hyper-parameters. This strategy was
chosen because it aligns with the goal of maximizing expected performance under out-
of-distribution domain variations without picking the model using the out-of-distribution
data. The )Y, accuracy performance across held-out domains and final averages for each
dataset, algorithm and shared-class setting are displayed in Table 5.2.

5.2 Results

5.2.1 Impact of Shared-Class Settings and Total Class Size

We report the performance under the Low and High shared class settings in Figure 5.2
and Table 5.2. FOND relies on observing domain-shared classes, therefore it only demon-
strates top-4 performance in the Low setting. In the High setting, we observe that FOND
consistently outperforms all baselines as shown in Table 5.2. Strikingly, FOND results in a
39% performance improvement over the best baseline (ERM) for VLCS. Figure 5.2 (top)
shows some interesting trends. While VLCS and OfficeHome’s performance seems to im-
prove from Low to High, this is not true for PACS. Does this mean that the shared setting
does not help? To probe this further, in Figure 5.2 (bottom), we track only those classes
which were domain-linked in both Low and High settings to see how an increase in domain-
shared classes impacts the performance of domain-linked classes. We see that, in fact, for
both VLCS and PACS FOND improves the performance for domain-linked classes! However,
another interesting trend presents itself for OfficeHome. First, we observe that FOND out-
performs all other baselines in the High setting. But when we track classes present in both
the Low and High settings, their performance decreases; refer to Figure 5.2f (bottom).
We note that for small class-size datasets (PACS & VLCS), the transition from Low to
High entails making only 2 domain-linked classes become domain-shared. However, for Of-
ficeHome, 25 classes become domain-shared, resulting in algorithms prioritizing the larger
domain-shared corpus.

5.2.2 Impact of Inter-Domain Variations
To analyze the impact of domain differences, we turn to dataset characteristics. As shown

in Figure 2.2, VLCS domains are real-world, while in PACS and OfficeHome, domain
differences are more obvious. We find while FOND outperforms all baselines for each of the
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Table 5.2: Y, class accuracies under the Low and High settings. FOND accomplishes
state-of-the-art (SOTA) performance for domain-linked classes by transferring domain-
invariant representations from domain-shared ones. In alignment, we observe FONDs large
performance improvements when transitioning from the Low to High setting. The bolded
and underlined values denote the first and second-best accuracy scores. Additionally, (-red)
and (+blue) values indicate performance differences relative to the naive ERM baseline.

Datasets
Setting Algorithm VLCS PACS OfficeHome Average
ERM 50.7 &+ 1.0 36.5 £+ 0.5 38.5 £ 0.4 41.9 (0.0)
CORAL [63] 45.5 + 1.6 33.3 £ 0.8 40.7 £+ 0.2 39.8 (-2.1)
MLDG [34] 50.8 + 2.0 38.0 =+ 0.1 38.1 £ 0.1 42.3 (+0.4)
ARM [82] 47.7 &£ 0.9 36.8 £ 1.3 39.0 £ 0.1 41.2 (-0.7)
SelfReg [29] 46.6 + 1.2 32.4 £ 0.4 40.0 £ 0.3 39.6 (-2.3)
Low CAD [55] 45.5 = 1.5 33.0 &+ 0.9 36.9 + 1.2 38.5 (-3.4)
Transfer [80] 48.3 £ 0.6 36.4 £ 1.8 38.1 + 0.3 40.9 (-1.0)
CausIRL [13] 45.8 £ 0.9 33.6 = 0.9 40.9 £+ 0.2 40.1 (-1.8)
EQRM [15] 49.1 £ 1.1 37.4 £ 0.7 39.9 £+ 0.2 42.1 (+0.2)
PGrad [76] 49.0 £ 0.7 34.4 £ 0.5 39.0 £+ 0.3 40.8 (-1.1)
FOND 48.0 &+ 0.4 35.3 £ 1.2 40.3 £+ 0.3 41.2 (-0.7)
FOND\F 48.5 + 1.0 35.3 £ 0.5 40.6 & 0.6 41.5 (-0.4)
FOND\FB 50.0 £ 0.2 33.2 £ 0.5 41.0 & 0.5 41.4 (-0.5)
FOND\FBA 46.6 £ 1.0 354 +£ 1.2 41.0 + 0.4 41.0 (-0.9)
ERM 51.8 &+ 3.3 14.7 £+ 2.2 37.5 + 0.6 34.6 (0.0)
CORAL [63] 49.8 + 4.2 13.7 £ 1.0 38.9 £ 0.2 34.1 (-0.5)
MLDG [34] 45.2 + 3.4 13.8 + 0.5 37.4 £ 0.7 32.1 (-2.5)
ARM [82] 49.0 £ 1.4 16.2 + 2.9 38.4 4+ 0.2 34.5 (-0.1)
SelfReg [29] 41.9 + 0.2 134 + 1.2 39.5 £ 0.6 31.6 (-3.0)
CAD [55] 51.7 &+ 5.8 13.1 + 0.7 364 +£ 1.4 33.7 (-0.9)
High Transfer [80)] 48.9 £ 3.0 16.0 £ 1.6 36.8 £ 0.2 33.9 (-0.7)
CausIRL [13] 48.9 £+ 2.5 13.3 £ 1.5 39.2 £ 0.2 33.8 (-0.8)
EQRM [15] 45.4 + 3.5 17.9 + 2.0 37.8 &£ 0.1 33.7 (-0.9)
PGrad [76] 40.2 £ 1.8 12.6 = 1.4 39.0 £+ 0.8 30.6 (-4.0)
FOND 72.1 + 3.5 19.1 £+ 0.6 40.6 £ 0.4 43.9 (+9.3)
FOND\F 51.7 £ 6.0 17.5 + 1.4 40.8 £ 0.6 36.7 (+2.1)
FOND\FB 44.0 £+ 2.3 154 + 0.6 41.7 + 0.7 33.7 (-0.9)
FOND\FBA 51.3 &+ 2.8 17.3 +£ 1.3 39.1 £ 0.5 35.9 (+1.8)
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Overall

—8— FOND —&— ERM —@— PGrad FOND\F —8— FOND —8— EQRM —8— CORAL FOND\F —&— FOND =@~ SelfReg =&~ CORAL FOND\F

Overall Overall

(a) VLCS (b) PACS (c) OfficeHome

Figure 5.1: Visualizing the ), and )s performance trade-offs on the High shared-
class distribution setting. FOND outperforms all baselines on )}, classes while retaining
competitive Vg class performance, especially as the total number of target classes increases
(left to right). Plotted are the best domain-linked and overall accuracy baselines.

datasets (Table 5.2), the results for VLCS are the most prominent. In fact, each baseline
struggles with PACS and OfficeHome. The theoretical analysis sheds light on this trend.
Specifically, from Thm. 3.2.1, we see that the distribution divergence dya (S?, T') between
source and target plays a major role in effective transfer, putting a fundamental limit on
performance. Interestingly, FOND can leverage domain-shared classes to boost performance.

5.2.3 Impact on Domain-Shared Classes

While this work aims to improve domain-linked performance, a natural question arises
regarding the impact on the domain-shared classes. In Figure 5.1, we present a comparative
analysis of the Y, vs. Vs vs. overall accuracy to analyze this performance. Current research
on domain generalization mainly concentrates on enhancing overall accuracy. However,
this narrow focus hides important details about the strengths and weaknesses of each
learning algorithm and which one to choose. For each dataset, FOND results in a striking
improvement in ) accuracy compared to the best baselines while retaining competitive
Y, and overall accuracy. We also observe that different FOND variants (FOND\F) can be
used to reconcile the trade-off in the real world.
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Figure 5.2: Tracking all domain-linked ), classes (top) versus only those present
in both Low and High settings (bottom). The domain-linked classes tracked in the
High setting are a subset of those in the Low setting; refer to Subsection. 5.1.2. We report
the average over domain-linked classes in the Low and High settings in Table 5.2 (and the
top plot). However, we also track the performance changes of only those domain-linked
classes in both Low and High settings.

5.2.4 Visualizing Learned Representations

In Figure 5.3 we visualize latent representations from the PACS-High dataset via t-SNE
plots [05]; source-domain (Photo, Art and Sketch) representations are colored by class and
domain. Target-domain (Cartoon) representations are colored by class. To gain insight
into the method’s strong performance during the High shared-class distribution setting,
we analyze the representations learned by ERM (naive-baseline), ARM (top-performing-
baseline) and FOND (top-performing-method); refer to Table 5.2. On source-domain data,
the ERM class-colored clusters are distinctly sub-clustered by domain (e.g., broken circle
in Figure 5.3a and Figure 5.3b). Whereas ARM (Figure 5.3d and Figure 5.3e¢) and FOND
(Figure 5.3g and Figure 5.3h) demonstrate more domain-invariant representations since
their classes are not as distinctly clustered by domain. Furthermore, for domain-linked ),
class samples, FOND (e.g., solid circle in Figure 5.3i) yields more generalizable representa-
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Figure 5.3: t-SNE learned representation visualization for the PACS-High
dataset. Each row visualizes the representations of the naive (ERM), top-performing-
baseline (ARM) and our (FOND) algorithm. Source-domain (Photo, Art and Sketch) rep-
resentations are colored by class and domain. Target-domain (Cartoon) representations
are colored by class. We highlight domain-linked };, class generalization (solid circle) and
domain-invariant learning (broken circle) in Subsection 5.2.4.

tions than ARM (Figure 5.3f) and ERM (Figure 5.3c). While all methods struggle on the
pink class, FOND empirically maintains top performance.

5.2.5 Analyzing FOND Variants

We observed that the performance between variants (introduced in Table. 4.1) also depends
on the abovementioned factors. In this section, we seek practical insights into each variant.
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Shared-Class Settings. This, to reiterate was examined by creating High and Low
shared-class settings for each dataset. The fairness objective — FOND variant — benefits
domain-linked classes as the number of domain-shared samples increases. Consistent with
this hypothesis, we observe a > 7% increase over other variants when moving from the
Low to High shared-class setting in Table 5.2. However, in the Low shared-class setting,
across all datasets, it is better to pay more attention to inter-domain positive — via o« —
and intra-domain negative pairs — via . This is because, with less domain-shared data,
it is harder to assert the fairness objective. In alignment, we observe that the fairness-free
variant, FOND\F, outperforms all other variants in the Low setting.

Domain Variations. When domains are not significantly distinguishable (i.e., VLCS
dataset), there is no perceived benefit in domain-aware regularizers (i.e. [, a inclusive
variants); therefore, the class-aware fairness constraint (FOND variant) is best yielding a
10% average improvement over all other variants. With significant domain variances (e.g.,
PACS), focusing on harder negatives via the  parameter improves domain-linked perfor-
mance across both Low and High settings, i.e., FOND with § (FOND\F) outperforms the
variant without it (FOND\FB) by 2.1% on average.

Number of Classes. Given a sufficient number of domain-shared classes (High setting),
the fairness objective is more accessible to impose with fewer classes and, therefore, con-
sistently yielded the best results on the low-class PACS and VLCS datasets. When the
number of classes increases (~10x in OfficeHome), the number of positive inter-domain
pairs increases, and we observe that the a-only variant FOND\FB is the strongest.
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Chapter 6

Conclusion

6.1 Summary of Contributions

Domain generalization (DG) in real-world settings often suffers from data scarcity, leading
to classes only observed in specific domains, i.e. they are domain-linked. Traditional DG
methods often neglect the performance of classes observed only in these (domain-linked
classes, focusing instead on overall accuracy. This thesis shifts this focus by improving out-
of-distribution generalization for these domain-linked classes, transferring domain-invariant
knowledge from domain-shared classes with minimal performance trade-offs through the
FOND methodology. A significant contribution of this research is the identification of the
severe performance discrepancy between domain-linked and domain-shared class perfor-
mance in existing DG methods, which serves to stimulate further research in this area. By
leveraging existing domain adaptation theory, this thesis analyzes when and why domain-
shared classes usually generalize better than domain-linked ones, providing a theoretical
foundation for the approach.

The experiments conducted in this research were designed to evaluate the effective-
ness of FOND, its variants and baselines in addressing the generalization challenges when
optimizing for both domain-linked and domain-shared classes. Therefore, this thesis evalu-
ated domain-linked class generalization with respect to varying shared-class distributions,
types of inter-domain shifts and the number of target classes. The findings demonstrate
that FOND not only improves the generalization of domain-linked classes but also maintains
competitive performance for domain-shared classes. This empirical evidence underscores
the robustness and versatility of the proposed method in service to future research.
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6.2 Limitations

Despite the promising results, the proposed method has limitations. FOND, like all baseline
models, struggles in settings with Low shared-class availability. While useful, the binary
distinction between domain-linked and domain-shared classes may not fully capture the
complexities of real-world data distributions. Additionally, the computational demands of
DG research, particularly the extensive validation cycles required for each dataset, algo-
rithm, hyper-parameter search space, and shared-class distribution setting, highlight the
need for more resource-efficient methods. Furthermore, the fairness-inspired objective Lg;s.
is conditioned on a class being represented in multiple domains, which in the real world
may result from representation inequalities of protected attributes and/or classes only ob-
served in specific domains (or rarely observed in others). Therefore, careful consideration is
required when deploying fairness-based DG research since they could make decisions that
unfairly impact particular groups.

6.3 Future Research

One of the primary goals of this thesis is to stimulate further research on developing
domain generalization methods that do not yield significant performance discrepancies be-
tween domain-linked and domain-shared classes. Consequently, several avenues for future
research should be pursued to build on the insights gained from this research.

6.3.1 Adaptive Methods for Varying Sharedness Levels

Future research is needed to develop methods that can dynamically adapt to varying lev-
els of class sharedness, moving beyond the binary distinction between domain-linked and
domain-shared classes. In the real world, classes are often distributed unevenly within and
across domains. Therefore, creating models that flexibly handle different degrees of class
overlap between domains would be an impactful solution. A similar challenge has been
observed in the context of data scarcity in long-tailed classification (50 — 1000 classes) [20].
Still, we show that DG models struggle even for a modest number of classes, highlighting
a need to develop methods that can address this challenging scenario.
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6.3.2 Interdisciplinary Applications and Real-World Datasets

This thesis analyzes the challenges of domain-linked class generalization on well-established
but well-curated datasets with distinct domain shifts. To validate their effectiveness in
real-world deployments, more research is needed to evaluate FOND and similar DG methods
in various interdisciplinary fields, such as healthcare, finance, and autonomous systems.
These settings present a unique challenge because most DG approaches assume that source
(training) domains are distinctly different, whereas, in the real world, these differences may
not be as noticeable. Furthermore, collaborations with domain experts can provide valuable
insights into practical challenges and help refine the models for specific use cases.

6.3.3 Effects of Including Domain-Shared Classes but
Optimizing for Domain-Linked Ones

While this research focused on improving domain-linked class generalization, we were still
interested in developing a classification model that remained effective for domain-shared
classes. However, it would be very informative to investigate if including domain-shared
classes during training for a classifier that would only perform inference on the set of
domain-linked classes could be beneficial. The driving motivation behind this hypothesis
is that including auxiliary classes during training may help a classification model identify
better domain-invariant features.

Here is a thought experiment. Referring back to Figure 1.1, let us say we wanted to
train a classifier for the triangle and diamond classes, which are only expressed in the blue
and green domains. Suppose we wanted this classifier to learn domain-invariant features
like colour invariance. In that case, it might be helpful for the model to observe samples
from the domain-shared circle class featured in both the red and blue domains.

6.3.4 Leveraging The Prior Knowledge of Foundation Models

Lastly, leveraging the cross-domain prior knowledge embedded in large foundation models
can substantially improve domain generalization. Pre-trained on extensive and diverse
datasets, foundation models possess rich representations that may be fine-tuned for specific
downstream tasks [09] and now recently domain generalization [5].
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