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ABSTRACT OF THE DISSERTATION

Domain Adaptation for Fair and Robust Visual Categorization

by

Subrahmanya Sai Tarun Kalluri

Doctor of Philosophy in Computer Science

University of California San Diego, 2024

Professor Manmohan Chandraker, Chair

Recent advancements in visual categorization have led to significant improvements across
various applications, but these models still struggle to generalize effectively to under-represented
regions and demographics, directly impacting the fairness and inclusivity of computer vision
systems. While domain adaptation has been proposed as a solution to bridge domain gaps using
unlabeled data, its effectiveness in handling complex distribution shifts remains insufficiently
explored.

This dissertation explores efforts to enhance robustness and transferability in computer
vision through domain adaptation. First, we introduce an efficient mechanism to scale domain

adaptation to categorization tasks with hundreds of classes. Next, we introduce GeoNet, a dataset

X1V



designed to benchmark and analyze geographical disparities in visual categorization tasks. Later,
we present our work on using language as a powerful tool to guide the learning of transferable
representations across different domains in images and videos, followed by UDABench, a new
unified framework aimed at standardizing the training and evaluation of domain adaptation
algorithms along with share key insights from this framework. Lastly, we identify significant
open research questions that could further advance the concepts discussed in this dissertation.
The primary contributions of this dissertation are to highlight the limitations of current do-
main adaptation methods in addressing new geographical shifts and to develop novel techniques

for domain transfer using language guidance and contrastive learning methods.
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Chapter 1

Introduction

In recent years, the field of computer vision and deep learning has been propelled by the
emergence of large-scale foundational models, which unlock remarkable capabilities in various
tasks across scene understanding, robot navigation, text-to-image synthesis and nuanced multi-
modal dialogue. However, their reliance on uncurated, web-sourced data presents new challenges,
where the biases in training data can lead to unfair outcomes for under-represented subgroups
and their lack of robustness outside their training domain limits their universal adoption. These
limitations extend to several applications such as autonomous driving, disease monitoring, re-
mote surveillance and personal-assistive technologies. For instance self-driving technologies
would significantly improve mobility and road-safety in high traffic-density geographies like
Asia and Africa, but most benchmark datasets are instead collected from US or Europe with little
to no representation from other countries, with notable domain gaps preventing robust transfer
across geographies. This dissertation focuses on improving the generalizability of vision models
across under-represented domains in various real-world settings using improved techniques for
unsupervised adaptation.

As we transition to real-world adaptation scenarios, practical datasets often include
numerous categories, leading to challenges like reduced inter-class discriminability. To address
this, we introduce MemSAC, a novel variant of contrastive loss enhanced by a feature memory

bank, designed to improve discriminative transfer across large-scale datasets. Our approach



efficiently handles an arbitrary number of classes with minimal negative alignment, setting new
state-of-the-art results on challenging datasets such as DomainNet and CUB-200.

In the subsequent chapters, we address the lack of suitable benchmarks for assessing
the geographical sensitivity of existing methods that has been a major obstacle to progress in
geographical fairness research. To tackle this issue, we introduce GeoNet, a large-scale dataset
and evaluation benchmark focused on studying geographical disparities in standard vision tasks.
GeoNet is the largest dataset of its kind for training and evaluation in geographical adaptation.
With it, we analyze key aspects of geographic distribution shifts and reveal the limitations of
several modern algorithms in overcoming these domain gaps. GeoNet not only allows researchers
to evaluate the effectiveness of state-of-the-art algorithms for universal deployment but also
encourages the development of robust AI models that can adapt to dynamic geographic changes
while maintaining high performance.

Recently, natural language has proven effective in enhancing the robustness and open-
vocabulary capabilities of vision models. However, its role in addressing domain shifts remains
underexplored. Building on the insight that language, with its richer semantics, tends to experi-
ence fewer domain shifts than images while offering better discriminative power, we developed
a novel framework that leverages easily accessible text descriptions to guide the transfer of
discriminative knowledge from labeled source data to unlabeled target data, effectively bridging
domain gaps.

Finally, to foster open-source efforts in the field of unsupervised domain adaptation,
we propose a standardized framework for implementing and evaluating domain adaptation
algorithms using a unified testbed. Through an extensive empirical study, we discover several
interesting and non-trivial observations pertaining to the role of backbone architectures, amount

of unlabeled target data and pre-training data in unsupervised adaptation.



1.1 Outline

The dissertation is organized as follows. In Chapter 2, we first provide some background
on the relevant topics presented in this dissertation. In the following chapters, we introduce
different innovations in handling new challenges in unsupervised adaptation for large-scale
real-world data.

In Chapter 3, we introduce a new method that leverages the similarity between labeled
data from the source domain and unlabeled data from the target to improve knowledge transfer
across domains. The method includes a memory-augmented approach that efficiently identifies
relationships between pairs of data points when operating with large number of classes and
small batch sizes. We also introduce a new variation of the contrastive loss function, which
encourages the model to maintain consistency within the same class across domains while
ensuring clear separation between different classes. This approach helps preserve the model’s
ability to discriminate between categories as it adapts from the source domain to the target
domain, making it more effective for large-scale datasets with potentially fine-grained classes.

In Chapter 4, we introduce a novel problem of geographical domain adaptation, studied
through the lens of a new large-scale dataset called GeoNet. We first explain the process of
collection, curation and filtering the dataset to represent geographical diversity, and study various
kinds of domain shifts unique to geographical disparity between domains including context
shift, design shift and label shift. We then use our benchmark to study the competence of
current domain adaptation methods in addressing geographical transfer and analyze the role of
large-scale pre-training in imparting geographical robustness to downstream models.

In Chapter 5, we introduce a new language-guided domain adaptation mechanism specifi-
cally designed to excel in those scenarios where both source and target domains have natural
language supervision in the form of captions or alt-text. We design a framework for efficiently
leveraging naturally available or easily generated text supervision to reduce domain shifts and im-

prove cross-domain transfer in image and video classification tasks. Through a novel cross-modal



distillation framework which transfers predictions from text to visual space, we achieve superior
transfer performance on challenging GeoNet dataset for images as well as newly introduced
Ego2Exo dataset for videos.

In Chapter 6, we explore the various factors that affect the success of modern unsu-
pervised domain adaptation (UDA) methods through a controlled empirical study. We created
UDA-Bench, a new PyTorch framework that standardizes training and evaluation for domain
adaptation, allowing for fair comparisons across different UDA methods. Our study using
UDA-Bench shows that: (i) the advantages of adaptation methods decrease with more advanced
backbone architectures, (ii) current methods don’t fully make use of unlabeled data, and (iii)
pre-training datasets have a significant impact on later adaptation performance in both supervised
and self-supervised settings. These findings provide valuable insights into unsupervised adapta-
tion, challenging previous assumptions based on intuition or empirical observations without a
standardized framework.

Finally, in Chapter 7, we summarize and discuss potential future directions inspired
by the ideas presented in this dissertation for improving robustness for future computer vision

models.



Chapter 2

Background

The traditional ML pipeline evaluates and tests a model’s performance on data that
matches the distribution used in training. However, learning-based methods often experience
a significant drop in performance and accuracy when faced with test data from a different
distribution than the training data. To overcome the infeasibility of collecting labeled data from
each application domain, a suite of methods have been recently proposed under the umbrella
of unsupervised domain adaptation (UDA) [97, 138, 142, 20, 21, 139, 69, 195, 196, 260, 98,
248, 104, 207, 110, 238, 107, 106, 15, 269] that allow training using only unlabeled data from
the target domain of interest while leveraging supervision from a different source domain with
abundant labels.

There exists several design choices pertaining to the alignment objective used in domain
adaptation including MMD distance [138, 142, 99, 252, 11, 161, 140, 226], higher-order corre-
lations [150, 212, 211, 104], optimal-transport [47, 179, 50] or generative methods [19, 198],
but the paradigm which has seen the greatest success has been adversarial discriminative train-
ing [69, 226, 225, 247, 139, 224, 28, 196]. A key goal of adversarial methods is to align the
feature representations of the source and target domain using GAN-based objective to make
these domains indistinguishable to a domain discriminator trained to classify between the source

and target domains. This is realized by using a discriminator based loss on unlabeled samples



from source and target along with the classifier loss on the labeled source images.

c%otal = cg/ﬂsup +A- Zadversariala (2.1)

where A is a hyper-parameter to select the strength of adaptation. While adversarial objective
adopted in popular works like DANN [69] and ADDA [225] rely on global domain alignment,
in Chapter 3, we use the adversarial objective in CDAN [139] as the backbone to design our
approach since it is capable of class-specific alignment more suited to our eventual objective of
many class adaptation. More details on the working of CDAN are presented in Sec. 3.3.1.

On the other hand, geographic robustness is a key barrier to ensure equitable and fair
deployment of computer vision models. While geographical sensitivity in large-scale data is
a well-known artefact [57], the role of domain adaptation in bridging the domain gap across
geographies with idiosyncratic distribution shifts is relatively under-studied. While algorithms
for bridging geographic domain gaps have been proposed in [39, 108, 235], they are restricted
to road scenes with limited number of classes. A major hindrance has been the lack of suitable
benchmark datasets for geographic adaptation, so several datasets have been recently proposed to
address this issue [204, 58, 170, 182]. Different from these, we aim to study this problem using
evaluation benchmarks which are much larger in scale thereby facilitating training of domain
adaptation algorithms.

A crucial observation through Chapter 4 is that a majority of domain adaptation algo-
rithms do not efficiently work for bridging geography-specific shifts, and one of the major
reasons for this is their sole reliance on pixel-level reasoning in aligning distributions. How-
ever, additional information in the form of text supervision, which is ubiquitously available for
many web-sourced images, is shown to be highly effective in grounding the representation of
images [172]. We leverage this fact to design a new domain adaptation method using cross-
modal distillation from text modality to visual modality. A fundamental building block in our

framework is the BERT [56] model for sentence classification. BERT (Bidirectional Encoder



Representations from Transformers) is a deep learning model that leverages a bidirectional
transformer architecture for natural language processing tasks. The core idea is to pre-train the
model using a masked language model (MLM) objective, where tokens are randomly masked,
and the model predicts them based on surrounding context. Formally, BERT optimizes the

likelihood:

M = —Zicmasked logP(xi|xcontext)- (2.2)

BERT also uses a next sentence prediction (NSP) objective to learn sentence relationships. This
approach enables BERT to achieve state-of-the-art results on tasks like QA and text classification,
significantly improving transfer learning in NLP. In Chapter 5, we adopt a variant of pre-trained
BERT model from HuggingFace [197] called Distill-BERT and fine-tune it on the captions for
the task of sentence classification.

Furthermore, we also develop a new adaptation task between ego and exo views of a
video, by sourcing data from the popular Ego4d [80, 81] dataset. Ego4D is a massive dataset of
first-person (egocentric) videos collected from diverse individuals worldwide. Egocentric video
recognition aims to understand actions, objects, and interactions from a wearer’s perspective.
Unlike traditional (exocentric) videos filmed from a fixed viewpoint, egocentric videos offer
a unique first-person perspective, enabling development of Al systems that can mimic human
perception and interaction with the environment. Owing to the natural dominance of exocentric
videos in the internet, there exists a domain gap between ego and exocentric videos, which we
seek to bridge.

Finally, following the observation that most domain adaptation methods are trained and
evaluated using individual training frameworks and evaluation protocols, we try to unify them
using standardized implementation for fairer comparisons. While prior works in the litera-
ture highlighted this issue in other related tasks in computer vision such as semi-supervised
learning [159], metric learning [152, 185], transfer learning [146], domain generalization [84],

optimization algorithms [41], contrastive learning [46], GANSs [143] and self-supervised learn-



ing [78, 157, 75], we extend these efforts to the case of unsupervised domain adaptation.
More detailed related work for Chapters 4, 5, 3 and 6 will be provided in Chapters 4.2,

5.2, 3.2 and 6.2 respectively.



Chapter 3

Memory-augmented Sample Consistency
for Large-Scale Domain Adaptation

While the field of domain adaptation decisively pushed the needle towards more equitable
and robust models, their evaluation and utility is mostly restricted to small-scale datasets,
preventing their use in real-world problems with plentiful categories. Carrying adaptation
across larger-scale supervised datasets with many categories introduce additional challenges for
unsupervised domain adaptation like small inter-class discriminability, that existing approaches
relying only on domain invariance cannot handle sufficiently well. In this chapter, we propose
MemSAC, which exploits sample level similarity across source and target domains to achieve
discriminative transfer, along with architectures that scale to a large number of categories. For
this purpose, we first introduce a memory augmented approach to efficiently extract pairwise
similarity relations between labeled source and unlabeled target domain instances, suited to
handle an arbitrary number of classes. Next, we propose and theoretically justify a novel variant
of the contrastive loss to promote local consistency among within-class cross domain samples
while enforcing separation between classes, thus preserving discriminative transfer from source
to target. Overall, our algorithm proposed in this work served as state-of-the-art for long time
on the highly challenging DomainNet dataset before the introduction of better vision-language

models like CLIP [173] and SigL.IP [255].
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Figure 3.1. Accuracy(%) of various methods proposed for unsupervised domain adaptation with
respect to the number of training classes from DomainNet[165](R—C). While most methods
perform equally well for smaller number of categories (10-30), the benefits diminish with
increasing number of classes in the dataset, to the extent that the performance drops even below
the source-only baseline for few methods, while MemSAC obtains significant gains (~ 15%)
even on large scale datasets with many classes [165].

3.1 Introduction

It is well known that deep neural networks often do not generalize well when the
distribution of test samples significantly differs from those in training. Unsupervised domain
adaptation seeks to improve transferability in the presence of such domain shift, for which a
variety of approaches have been proposed [12, 13, 69, 139, 140, 138, 141, 21, 20, 195, 226,
224,225, 248, 38, 83, 155, 62]. Despite impressive gains, most approaches have been largely
demonstrated on datasets with a limited number of categories [187, 166].

We first ask the question of whether existing domain adaptation methods scale to a
large number of categories. Surprisingly, the answer is usually no. To illustrate this, consider
Figure 3.1, which plots the absolute gain over a source-only model obtained by well-known
adaptation methods (including DANN [69], MCD [196], SAFN [248], CAN [110], FixBi [155])
with respect to number of classes sampled from the DomainNet dataset [165]. While all methods

provide similar benefits over a source-only model in smaller-scale settings with 10-30 classes,
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Figure 3.2. (MEMory augmented SAmple Consistency (MemSAC) The proposed method
uses a memory bank and a sample consistency loss to identify source samples across a large
number of categories that likely belong to the same class as an unlabeled target example, then
pulls them together in feature space while pushing away samples from all other classes. Notice
that without the proposed feature aggregation, a target anchor sample might not find any positive
pairs (0) leading to noisy consistency estimates.

the gains reduce when faced with a few hundred classes, where accuracies may even become
worse than a source-only model.

We postulate that the above limitations with a larger number of categories arise due to
lower inter-class separation and a greater possibility of negative transfer. Our key design choices
stem from simple yet effective mechanisms developed in other areas such as self-supervised
learning that can significantly benefit many-class domain adaptation. The resulting method,
MemSAC (MEMory augmented SAmple Consistency), achieves impressive performance gains
to establish new state-of-the-art on datasets such as DomainNet (345 classes) and CUB (200
classes). In the same illustration above, MemSAC obtains large improvements of 14.6% over a
source-only baseline for 275 classes and 12.7% for 345 classes.

Our first insight for many-class domain adaptation pertains to class confusion, where
several classes possibly look similar to each other. Classical adversarial approaches [69, 196,
247, 248, 110] which rely on domain alignment alone do not acknowledge this, giving rise to
negative transfer as two seemingly close classes might align with each other. This problem is

exacerbated in the extreme case of fine-grained datasets, where all the classes look similar to each
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other. On the other hand, class specific alignment strategies [155, 62, 195, 164, 110, 155] suffer
from noisy pseudo-labels leading to poor transfer. We observe that the contrastive loss is shown
to be highly successful in learning better transferable features [89, 35, 32, 245, 92, 149, 76, 82]
and seek to extend those benefits to many-class domain adaptation. We achieve this with a
novel cross-domain sample consistency loss which tries to align each sample in source domain
with related samples in target domain, achieving tighter clusters and improved adaptation in
the process. We provide theoretical justification for the effectiveness of our proposed loss by
showing that it is akin to minimizing an upper bound to the input-consistency regularization
recently proposed in [237], thereby ensuring that locally consistent prediction provides accuracy
guarantees on unlabeled target data for unsupervised domain adaptation.

Our second insight pertains to architectural choices for training with a large number
of categories. While having access to plentiful positive and negative pairwise relations per
training iteration is desirable to infer local structure, the number of possible pairs are inherently
restricted by the batch-size which is in turn limited by the GPU memory. We efficiently tackle
this challenge in MemSAC by augmenting the adaptation framework with a lightweight, non-
parametric memory module. Distinct from prior works [89, 234], the memory module in
our setting aggregates the labeled source domain features from multiple recent mini-batches,
thus providing unlabeled target domain anchors meaningful interactions from sizeable positive
and negative pairs even with reasonably small batch sizes that do not incur explosive growth
in memory (Fig. 3.2). Our architecture scales remarkably well with the number of categories,
including the case of fine-grained adaptation [233] where all classes belong to a single subordinate
category [257, 22]. Moreover, MemSAC incurs negligible overhead in terms of speed and GPU
memory during training and testing, making it an attractive choice for real-world usage of
large-scale adaptation.

We highlight our key contributions as follows:

1. A novel cross-domain sample consistency loss to enforce closer clustering of same category

12



samples across source and target domains by exploiting pairwise relationships, thus

achieving improved domain transfer even with many categories (Sec. 3.3.2).

2. A memory-based mechanism to handle limited batch-sizes by storing past features and
effectively extracting similarity relations over a larger context for large scale datasets

(Sec. 3.3.4).

3. Theoretical justification of the proposed losses in terms of the input-consistency regular-

ization proposed in [237] for domain adaptation (Sec. 3.4).

4. A new state-of-the-art that outperforms all prior approaches by a significant margin on
datasets with a large number of categories, such as 4.02% and 4.65% improvements in ac-
curacy over the baseline which does not use our loss on the challenging DomainNetdataset

with 345 categories and CUB-Drawings with 200 categories, respectively (Sec. 3.5).

3.2 Relation to Prior Literature
3.2.1 Fine Grained Domain Adaptation

Fine grained visual categorization deals with classifying images that belong to a single
subordinate category, such as birds, trees or animal species [240, 229]. While fine grained
classification on within domain samples has received much attention [258, 264, 214, 257, 22,
129, 265], the problem of unsupervised domain adaptation across fine-grained categories is
relatively less studied [71, 49, 250, 233]. All prior works often demand additional annotations
in the form of attributes [71], weak supervision [49], part annotations [250] or hierarchical
relationships [233] in one of the domains which might not be universally available. In contrast, we

propose a method that performs fine-grained adaptation requiring no such additional knowledge.

3.2.2 Contrastive Learning

The success of contrastive learning [87, 86, 6, 237] in extracting visual representations

from unlabeled data has attracted wide interest [89, 35, 32, 245, 92, 149, 76, 82]. A unifying
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Figure 3.3. An overview of MemSAC for domain adaptation During each iteration, the
256-dim source feature embeddings computed using &, along with their labels, are added to
a memory bank .# and the oldest set of features are removed. Pairwise similarities between
each target feature in mini-batch and all source features in memory bank are used to extract
possible within-class and other-class source samples from the memory bank. Using the proposed
consistency loss (%) on these similar and dissimilar pairs, along with adversarial loss (.4,
we achieve both local alignment and global adaptation.

idea in those works is to encourage positive pairs, which are often augmented versions of the
same image, to have similar representations in the feature space while pushing negative pairs
far away. However, all those prior works assume that all positive and negative pairs in the
contrastive loss come from the same domain. In contrast, we propose a variant of contrastive
loss to handle multi-class discriminative transfer by enforcing sample consistency across similar

samples extracted from different domains.

3.3 Unsupervised Adaptation using MemSAC

In unsupervised domain adaptation, we have labeled samples 2™ from a source domain
with a corresponding source probability distribution P, labeled according to a true labeling

function f*, and % = f*(2"*). We are also given unlabeled data points 2"* sampled according
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to the target distribution P;. We follow a covariate shift assumption [12], where we assume that
the marginal source and target distributions Py and P, are different, while the true labeling function
f* is same across the domains. The labels belong to a fixed category set % = {1,2,...,C} with
C different categories. Provided with this information, the goal of any learner is to output a
predictor that achieves good accuracy on the target data .Z;. A key novelty in our instantiation
of this framework lies in proposing an adaptation approach that works well even with a large
number of classes C, by efficiently handling class confusion and discriminative transfer. The
overview of the proposed architecture is shown in Fig. 3.3. & and ¢ are the feature extractor and

the classifier respectively. The objective function for MemSAC is given by
rngn%up(%sv 2, 0) + )Ladvgadv(%s7 27, 0) + lsc%c(%sa N 2 6)7 3.1

where .7}, is the supervised loss on source data, or the cross-entropy loss between the predicted
class probability distributions and ground truths computed on source data. .%,,;, is the domain
adversarial loss which we implement using a class conditional discriminator (Eq. (3.2)) and %5,
is our novel cross-domain sample-consistency loss which is used to enforce the local similarity
(or dissimilarity) between samples from source and target domains (Eq. (3.4)). A.q» and A are
the corresponding loss coefficients. We use %;(€ 2™*) and %;(€ Z) to denote labeled source
and unlabeled target mini-batches respectively, which are chosen randomly at each iteration from

the dataset.

3.3.1 Class Conditional Adversarial Loss

We adopt the widely used adversarial strategy to learn domain-invariant feature rep-
resentations using a domain discriminator ¢ (., ) parametrized by @. To address the novel
challenges presented by the current setting with large number of classes, we adopt the multilinear
conditioning proposed in CDAN [139] to fuse information from the deep features as well as the

classifier predictions. Denoting f = &'(x) and g = %'(&'(x)), the input /(x) to the discriminator
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¢ is given by h(x) = T (g, f)(x) = f(x) ® g(x), where ® refers to the multilinear product (or
flattened outer product) between the feature embedding and the softmax output of the classifier.

The discriminator and adversarial losses are then computed as

Y —log(¥(hi; ©)) + —- ‘Z—log(l -9 (hi0) L=y (32)

We note that our contributions are complementary to the type of alignment objective used. In
Tab. 3.3a, we show significant gains starting from another adversarial objective (DANN [69])

and MMD objectives (CAN [111]) as well.

3.3.2 Cross Domain Sample Consistency

To achieve category specific transfer from source to target, we propose using much finer
sample-level information to enforce consistency between similar samples, while also separating
dissimilar samples across domains. Since our final goal is to transfer the class discriminative
capability from source to target, we define the notions of similarity and dissimilarity as follows.
For each target sample x; from a target mini-batch %; as the anchor, we construct a similar set
B = {x € HBy|f*(x) = f*(x;)} and dissimilar set " =%\ A}, consisting of source samples

and use this knowledge of sample-level similarity in the following sample consistency loss

L= — Z —log Z exp(i;/7) (3.3)

JEA, e, Yic,exp(9ij/7)

where ¢;; measures the cosine similarity metric between two feature vectors i and j, given
by the equation (¢;;j=9¢(fi, f j):%) and 7 is the temperature parameter used to scale the
contributions of positive and negative pairs [32, 96]. .Z;. # denotes the sample consistency loss
computed using the mini-batch. Distinct from standard constrative loss [149, 32] that typically

derives positive pairs from augmented versions of the same image, our loss in Eq. (3.3) is

well-suited to handle multiple positive and negative pairs for each anchor, similar to supervised
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contrastive loss [113].

3.3.3 KkNN-based Pseudo-Labeling

There are two challenges in directly using the sample consistency loss in Eq. (3.3).
Firstly, unlike prior approaches [92, 32, 149] that use random transformations of same image to
construct positives and negatives, the target data in unsupervised domain adaptation is completely
unlabeled, so we do not have the similarity information readily. To address this issue, we
use a k-NN based pseudo-labeling trick for all the target samples in a mini-batch. In every
iteration of the training, for each target sample x; from the target training mini-batch %;, we
find k nearest neighbors from the source training mini-batch %, which are computed using the
feature similarity scores ¢; y,. x; is then assigned the label corresponding to the majority class
occurring among its neighbors. We use a value of k=5. Such an approach for pseudo-labeling
is independent of, thus less sensitive to, noisy classifier boundaries helping us extract reliable
target pseudo-labels during training. Once %, is pseudo-labeled, it is straightforward to compute
,%’j " in Eq. (3.3). The second challenge is lack of representation for all classes in a mini-batch,

which we address next.

3.3.4 Memory Augmented Similarity Extraction

From Eq. (3.3), we can observe that if the source and target mini-batches %, and
2, contain completely non-intersecting classes, then the pseudo labeling of targets and the
subsequent sample consistency loss would be noisy and lead to negative impact. This problem
is exacerbated in our setting with a large number of classes, as randomly sampled %, and %,
usually contain many images with mutually non-intersecting categories. While one solution
is to increase the size of mini-batch, it comes with significant growth in memory which is not
scalable.

Therefore, we propose using a non-parametric memory bank ./ that aggregates the

computation-free features, along with the corresponding labels, across multiple past mini-batches
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from the source dataset. We note that if the size of the memory bank |.#| is sufficiently large,
then source samples from all the classes would be adequately present in .#, providing us with
authentic positive and negative samples for use in the sample consistency loss. Furthermore,
since the memory overhead of storing the features in the memory bank itself is negligible
(we only store the computation-free features), proposed adaptation approach can be scaled
to handle arbitrarily large number of classes, as datasets with larger classes only requires us
to correspondingly increase the size of ., thus decoupling the similarity computation with
mini-batch size or dataset size. Different from prior approaches that augment training with
memory module [245, 89, 234], our approach aggregates features from multiple source batches,

thus helping target samples to extract meaningful pairwise relationships from different classes.
Initializing and updating the memory bank

To initialize the memory bank, we first bootstrap the feature extractor for few hundred
iterations by training only using .5, and %4, losses before introducing our consistency loss
%, and start populating .# . After this, we follow a queue based approach for updating the
memory bank similar to XBM [234]. In each iteration, We remove (dequeue) the oldest batch of
features from the queue and insert (enqgueue) the fresh mini-batch of source features (computed as
{&(x)|x € A,}) along with the corresponding source labels. Alternative strategies for updating

M , such as a momentum encoder [89], yielded similar results.
Sample consistency using memory bank

We can now use . as a proxy for % (and similar set .#' as a proxy for %’j@) in
assigning the target pseudo labels and in the sample consistency loss in Eq. (3.3). |.#| is often

much higher than | %

, 80 access to larger number of source samples from .# provides k-NN
pseudo labels that are more reliable, with richer variety of positive and negative pairwise relations.

The final sample consistency loss used in MemSAC is
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Z Z —log Z exp(¢i;/7) . (3.4)

@
¥ I=) o] Yic.nexp(9i;/7T)

3.4 Theoretical Insight

Recently, Wei et al. [237] provide theoretical validation for contrastive learning. Specifi-
cally, under an expansion assumption which states that class conditional distribution of data is
locally continuous, they bound the target error of a classifier C parametrized by 6 by encouraging

consistent predictions on neighboring examples. The regularization objective R(6) is given by

R(6) = minE, [xglﬁ)l( (x:0) #C(x;0))],

where .4 (x) is the neighborhood of a sample x (Eq 1.2 in [237]). We now show the connections
that can be drawn between our loss and the theory proposed in [237]. For this purpose, we work
with the following approximations. Firstly, we approximate the neighborhood .4 (x) of a sample
x with the similar set defined in Sec. 3.3.2, that is .4 (x) = % . Next, we approximate the hard
condition that the classifier outputs of two images be equal 1(C(x;0) # C(x’; 6)), with the soft

probability Pr(C(x;0) # C(x; 6)). Starting with the above objective, we have

max 1(C(x;0) #C(¥;0))

xXeN(x)
< Z Pr (x;0) #C(xX';0))
xXeN (x
~ | B \— Y. Pr(C(x;0) =C(x;0))
x'eRBy

eXP(¢xx/)
[ :
<|%#] y 62%1 Yrvemexp(d(x,x'))

exp(¢x,x’)
X ER lee&? eXp(‘P (xaxl>)

— R(0) = méaxEx
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where we used the softmax similarity between samples x, x’ in the feature space as a proxy for the
equality of their classifier outputs and changed max to sum with the bound. Under these specific
assumptions, we can now see that the input-regularization objective R(6) is strongly reminiscent
of our sample consistency loss. Using Eq. (3.4), we minimize the negative log-likelihood of
the similarity probability, which is equivalent to maximizing the similarity probability of like
samples. Therefore, our sample consistency objective is akin to minimizing an upper bound on
the input consistency regularization proposed in [237]. Furthermore, optimizing such an objective
is shown to achieve bounded target error for unsupervised domain adaptation. Specifically, under
the assumption that the pseudo label accuracy on target data is above a certain threshold, [237]
showed that bounded error on target data is achievable using the consistency regularization
(Theorem 4.3 ). In MemSAC, we realize this assumption by first training the feature extractor
only using supervised (.Z5,,) and adversarial (.Z,4,) losses as explained in Sec. 3.3.4 before
introducing our proposed sample consistency loss. To the best of our knowledge, we are the
first to instantiate the regularization proposed in [237] for large scale domain adaptation, and

showcase its effectiveness in achieving significant empirical gains.

3.5 Experimental Analysis for MemSAC
3.5.1 Datasets

Consistent with the key motivations that distinguish MemSAC from prior literature
in domain adaptation, we focus on large-scale datasets with many categories to underline its
benefits. First, DomainNet [165] is a large-scale dataset for UDA covering 6 domains and a total
of 500k images from 345 different categories. It is an order of magnitude larger compared to
prior benchmarks and serves as a useful testbed for evaluating many-class adaptation models.
We follow the protocol established in prior works [190, 169, 216] to use data from 4 domains,
namely real (R), clipart (C), sketch (S) and painting (P), showing results on all 12 transfer tasks

across these 4 domains.
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For evaluating our method on fine-grained dataset, we use CUB (Caltech-UCSD birds)
which is a challenging dataset originally proposed for fine-grained classification of 200 categories
of birds, while CUB-Drawings [233] consists of paintings corresponding to the 200 categories
of birds in CUB. We use this dataset pair, consisting of 14k images in total, for evaluation of
adaptation on images with fine-grained categories. This setting can be challenging as appearance
variations across species can be subtle, while pose variations within a class can be high. Thus,
discriminative transfer requires precisely mapping category-specific information from source to

target to avoid negative transfer.

3.5.2 Training Details

We use a Resnet-50 [91] backbone pretrained on Imagenet, followed by a projection
layer as the encoder & to obtain 256 dimensional feature embeddings. The discriminator ¢ is
implemented using an MLP with two hidden layers of 1024 dimensions. We use a standard
batch size of 32 for both source and target in all experiments and for all methods. The reported
accuracies are computed on the complete unlabeled target data for CUB-200 dataset following
established protocol for UDA [139, 248, 233, 196], and the provided testset for DomainNet.
The crucial hyper-parameters in our method are Ay, temperature T and memory bank size |.Z|.
For all datasets, we choose A, = 0.1 and T = 0.07 based on the adaptation performance on the
C — D setting on the CUB-200 dataset. We use a memory bank size of 48k on DomainNet
dataset and 24k on CUB-200 dataset owing to its smaller size. For experiments on MemSAC,
we report mean and standard deviation over 3 random seeds. We compare MemSAC against
traditional adversarial approaches (DANN [69], CDAN [139], MCD [196]) as well as the current
state-of-the art (SAFN [248], BSP [38], RSDA [83], CAN [110], ILADA [207], FixBi [155],
HDAN [48] and ToAlign [238]). We re-implement baselines using code and hyper-parameters

provided online by respective authors.
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Table 3.1. Accuracy scores on DomainNet-345 using Resnet-50 backbone. Best values are in
bold and the next best are underlined. MemSAC performs better than all other methods on most
of the tasks. "Uses hierarchical label annotation. *prediction uses ensemble classifiers. $Uses
class-balanced sampling.

Source Real— Clipart— Painting— Sketches—

Target C P S R P S R C S R C P Avg.

ResNet-50 41.61 42.79 29.66 241 2724 32.15 49.52 32.55 26.73 38.75 40.89 275 35.98
MSTN [247] 27.25 32.98 2435 28.17 2114 24.15 30.74 19.85 225 2431 26.22 23.56 25.44
RSDA [83] 27.28 35.83 2435 3698 2494 31.12 41.32 26.1 2471 29.46 26.22 27.79 29.68
BSP [38] 34.51 39.14 27.57 4056 2671 30.72 40.83 24.56 26.85 36.54 32.37 28.08 32.37
MCD [196]* 36.34 36.58 24.95 4032 25.83 32.12 43.65 29.66 25.7 34.16 39.11 26.89 32.94%
ILADA [207]% 46.45 39.01 35.4 47.94  26.68 36.33 43.00 26.62 27.3 48.85 47.68 32.23 38.128
SAFN [248] 38.11 45.96 29.20 4596  30.00 34.65 54.44 3474 30.64 45.29 47.43 38.01 39.54
DANN [69] 45.93 44.51 35.47 46.85  30.52 36.77 48.02 3476 32.15 47.1 46.45 38.47 40.58
CAN [110]} 40.71 37.77 33.7 5493 3141 37.37 51.05 33.64 30.95 5213 42.19 32.04 39.82%
PAN [233]" 49.25 48.18 36.46 49.66  33.27 38.78 51.89 36.01 32.94 49.12 50.94 39.89 43.03 7
CDAN [139] 50.15 48.35 39.01 5002 33.39 39.3 5221 36.44 33.68 48.46 49.27 38.65 43.24
HDAN [48] 46.30 47.52 34.39 4991 3398 37.98 5526  40.82 32.77 49.04 49.77 40.04 43.15
FixBi [155]* 51.18  49.19 39.65 50.02 3459 4117 52.21 36.44 33.68 50.84 53.51 41.67 44.51%
ToAlign [238] 50.82 50.72 35.17 4952 33.88 41.41 57.92 43.51 36.29 47.96 55.46 41.61 4545
MemSAC [Ours] 54.34%° 52273 41.74%3  544%3 36.87+* 42450  5324%2 4139%4 37.22%2 53333 55312 44.56%°3 47.26
Tgt. Supervised ~ 72.59 62.66 65.12 80.92  62.66 65.12 80.92 72.59 65.12 80.92 7259 62.66 70.32

3.5.3 MemSAC Excels On Many-class Adaptation

The results for the 12 transfer tasks on DomainNet are provided in Tab. 3.1. Firstly,
methods such as RSDA (29.68%) and SAFN (39.54%) that achieve best performance on smaller
scale datasets (like Office-31 [187] and visDA-2017 [166]) provide only marginal or no benefits
over the more traditional adversarial approaches such as DANN (40.58%) and CDAN (43.24%)
on DomainNet with 345 classes, indicating that large-scale datasets need different techniques
for adaptation. Next, we compare against PAN [233], which requires a label hierarchy as
additional information for training. For this supervision, we use the one level of hierarchy
proposed in DomainNet [165]. Even when provided with access to hierarchical grouping labels
in source, PAN (43.03%) achieves no improvement over CDAN (43.24%). In contrast, our
method MemSAC that combines global adaptation using a conditional adversarial approach and
local alignment using sample consistency to alleviate negative achieves an average accuracy of
47.26%, with a significantly better performance than all the prior approaches across most of the

tasks.
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Table 3.2. Results on fine-grained adaptation on 200 categories from CUB-Drawings dataset.
Bold and underline indicate the best and second best methods respectively. TUses hierarchical
label annotation.

Resnet-50 MCD SAFN CAN RSDA DANN HDAN FixBi CDAN ToAlign PAN MemSAC

[196] [248] [110] [83] [69] [48] [155] [139] [238] [233]
C—D 60.88 50.18 60.29 52.18 61.04 62.09 60.25 68.20 68.12 64.43 70.53 71.78
D—C 42.07 38.56 41.34 50.05 44.20 47.73 52.40 49.47 53.83 50.54 55.38 59.48
Avg. 51.47 44.37 50.82 51.11 52.62 54.91 56.33 58.84 60.98 57.48 62.96 65.63

3.5.4 MemSAC Achieves new State-of-the-art in Fine-grained Adapta-
tion

We also illustrate the benefit of using MemSAC for adaptation on fine-grained categories
in Tab. 3.2 on the CUB-Drawings dataset. Although fine-grained visual recognition is a well-
studied area [258, 257, 22, 40, 64], domain adaptation for fine grained categories is a relevant
but less-addressed problem. Notably, methods like MCD, SAFN and RSDA perform worse
or only marginally better than a source only baseline. PAN [233] uses supervised hierarchical
label relations in source across 3 levels and obtains an average accuracy of 62.96%, while
MemSAC obtains a state-of-the art accuracy of 65.63% using only single level source labels, thus
outperforming all prior approaches on this challenging setting with minimal assumptions. This
underlines the benefit of enforcing sample consistency using MemSAC for adaptation even in

the presence of fine-grained categories in order to effectively counter negative alignment issues.

3.5.5 MemSAC Complements Multiple Adaptation Methods

The proposed memory-augmented consistency loss is generic enough to improve many
adaptation backbones. As shown in Tab. 3.3a for the case of R—C and C—R transfer tasks from
DomainNet, MemSAC can be used with most adversarial as well as MMD based approaches.
MemSAC improves adversarial approaches DANN and CDAN by 3.35% and 4.29% respectively,
and MMD-based approach CAN by 1.75% indicating that our proposed framework is competitive

yet complementary to many existing adaptation approaches.
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Table 3.3. Ablations on DomainNet-345 dataset. In Tab. 3.3a, we show the complementary
nature of our method, which works suitably well with other domain adaptation backbones, in
addition to CDAN used in Tab. 3.1. In Tab. 3.3b, we show that MemSAC also is very efficient
when used with other backbone architectures such as Resnet-101. For a more detailed analysis
on the effect of architectures, please refer to Sec. 6.4.1 in Chapter 6.

(a) Accuracy values of MemSAC using DANN and CAN adaptation backbones on DomainNet-345
classes. Note improved accuracy using MemSAC on top of both the backbones.

Source
Target

Real—

Clipart—

Painting—

Sketches—

C P S

R P S

R C S

R C P

DANN [69]

4593 44.51 3547

DANN + MemSAC 49.67 48.61 39.14

46.85 30.52 36.77
49.81 35.1 40.59

48.02 34.76 32.15
50.04 38.51 36.61

47.1 46.45 38.47
50.31 50.8 42.73

40.58
44.32

CAN [110]
CAN + MemSAC

40.71 37.77 33.7
43.79 38.99 36.71

54.93 31.41 37.37
55.36 32.41 39.46

51.05 33.64 30.95
52.48 35.21 32.89

52.13 42.19 32.04
54.15 44.60 33.02

39.82
41.59

(b) Results on DomainNet-345 dataset with Resnet-101 backbone and batch size of 24.

Source
Target

Real—

Clipart—

Painting—

Sketches—

C P S

R P S

R C S

R C P

Avg.

Resnet-101
DANN [69]
MCD [196]
CDAN [139]
SAFN [248]
ToAlign [238]
MemSAC

45.62 44.24 33.12
4771 44.1 3599
41.11 39.01 26.1
5247 48.0 40.42
4493 46.52 28.2
50.10 48.27 35.98
56.25 52.96 42.22

41.96 27.07 33.07
48.33 32.00 38.54
40.77 28.26 33.02
46.63 32.42 39.18
37.2 31.11 363
50.24 31.41 41.10
53.52 37.46 43.46

48.54 3492 29.84
48.13 34.57 34.23
45.49 33.03 29.1
48.81 37.92 35.39
53.32 36.95 32.48
54.60 43.67 36.82
53.38 42.69 39.65

35.87 42.64 28.01
48.19 48.56 39.67
38.29 423 29.51
45.69 48.92 37.31
44.12 53.46 40.05
50.15 54.32 42.06
53.17 55.29 44.29

37.07
41.67
35.49
42.76
40.38
44.89
47.86

3.5.6 MemSAC Improves Adaptation Even With Larger Backbones

We employ Resnet-101 as a backbone in Tab. 3.3b and compare against other adaptation
approaches with the same backbone. We note that the benefits obtained by MemSAC over
prior adaptation approaches also hold for larger backbones, as shown for R—C and C—R of
DomainNet dataset. For a more detailed analysis on the effect of architectures, including recent

advances such as transformer backbones, please refer to Sec. 6.4.1 in Chapter 6.

3.5.7 Analysis and Discussion

Ablation studies

We show the influence of various design choices of our method in Tab. 3.4 on the CUB-

200 dataset. First, we show in Tab. 3.4a that both the global domain adversarial method, which
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Table 3.4. Ablation results. Effect of (a) Loss coefficients, (b) temperature scaling, and (c)
choice of similarity functions on accuracy of MemSAC on the CUB-Drawing adaptation.

(a) Effect of various components (b) Effect of the temperature (¢) Accuracy using various choices for

of loss function in (3.1). T in (3.4). Pij-
Method Ly Le C—D D—C Avg Acc T C=D D—C Avg Acc Similarity Pij _ C—»D D—C Avg. Acc
Source No No 6088 4207 5147 Inv. Bue. (L+|lfi=fiIF)™ 7100 5721 64.23
CDAN  yes No 68.12 5383 6098 106836 5346 6091
) . 3.82 : ) ) N
Z.0my No yes 6445 4113 5279 0068; ;};2 gg,;ul; gi,gg Gaussian  exp(—||fi— f;|P) 70.10 5084 6047
MemSAC yes yes 71.78 59.48 65.63 . . . . Cosine fif; 7178 59.48 65.63
with L
W/0 Lgc
0.09 —
g
0.08
2z
20.07
£
("]
 0.06
()]
=
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v bl

0 10k 20k 30k 40k 50k 60k 70k
Training Iteration

Figure 3.4. Mean similarity score for within-class samples vs. training iteration shown for
D—C on CUB-Drawings.

we implement using CDAN, as well as local sample level consistency loss are important to
achieve best accuracy, as evident from the drop in accuracy without either of those components.
Next, we investigate the effect of the temperature parameter 7 in Tab. 3.4b which we use to
suitably scale the contributions of positive and negative pairs in %, loss function (Eq. (3.4)).
We find that 7 = 0.07 gives the best performance on the cosine similarity metric. Finally, in
Tab. 3.4c, we note that the performance using other choices of the similarity function ¢(.),
namely Euclidean similarity and Gaussian similarity is inferior to using Cosine similarity. We

also observed that cosine similarity is more stable to train under severe domain shifts.
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Figure 3.5. Comparison of accuracy vs. granularity of labels on CUB-Drawings dataset for
4 levels of label hierarchy.

Why does MemSAC help with large number of classes?

We propose our sample consistency loss in Eq. (3.4) to encourage tighter clustering of
samples within each class, which is important in many-class datasets where class confusion is a
significant problem. The main motivation of the proposed sample consistency loss is to bring
within-class samples (that is, samples from the same class across source and target domains)
closer to each other, so that a source classifier can be transferred to the target. To understand this
further, in Fig. 3.4, we plot the mean similarity score during the training process. We define the
mean similarity score as }.._ , i i, averaged over all the target samples j € %; in a mini-batch,
which indicates the affinity score between same-class samples across domains. We observe that
using the proposed loss, the similarity score is much higher and improves with training compared
to the baseline without the consistency loss, which reflects in the overall accuracy (Tab. 3.1,

Tab. 3.2).
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MemSAC achieves larger gains with finer-grained classes

We show the appreciating benefits provided by MemSAC as the close granularity of the
dataset becomes more pronounced. For this purpose, we chose the 4 levels of label hierarchy
provided by PAN [233] on the CUB-Drawings dataset. The levels L3, L2, L1 and LO contain
different granularity of bird species, grouped into 14, 38, 122 and 200 classes, respectively. The
L0 level contains the finest separation of classes, while the level L3 with 14 classes contains the
coarsest separation. We observe from Fig. 3.5 that with coarser granularity, MemSAC performs
as good as the baseline method CDAN, whereas with finer separation of the categories (L3
— L0), use of sample consistency loss provides much higher benefit (> 3% improvement on
both tasks). This confirms our intuition that sample level consistency benefits accuracies in

fine-grained domain adaptation.
MemSAC alleviates class confusion for similar classes

In Fig. 3.6 we use the DomainNet dataset to show the accuracies on every coarse category,
along with the number of finer classes in each coarse category. We find that MemSAC provides
consistent improvement over CDAN (marked by 1) on most categories and any drops in accuracy
(marked by |) are negligible. Our improvements are especially greater on categories with fine-
grained classes like trees (+13.3%), vegetables (+6.7%) and birds (+5.6%), underlining the

advantage of MemSAC to overcome class confusion within dense categories.
Larger memory banks improve accuracy

A key design choice that we need to make in MemSAC is the size of the memory bank
A . Intuitively, small memory banks would not provide sufficient negative pairs in the sample
consistency loss and lead to noisy gradients. We show in Fig. 3.7 for the two tasks in CUB-
Drawings that accuracy indeed increases with larger sizes of memory banks (a memory size of
32, which is same as batch-size, indicates no memory at all and performs worse). We also find

that the optimum capacity of the memory bank may even be much higher than the size of the
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Figure 3.7. Effect of memory bank proved alignment and feature separation with Mem-
size on CUB-Drawings dataset. SAC.

Size of memory bank

dataset. For example, the “drawing” domain has around 4k examples, but from Fig. 3.7, D—C
achieves best accuracy at memory size of 25k, indicating that it would help to have multiple
copies of the same instance in the memory bank. This is in contrast to prior works using memory
based contrastive learning [89, 245] since those works use a single positive sample from the
memory and treat all other samples as negatives. But in our case, we can allow multiple positives

and negatives into the sample consistency loss (Eq. (3.4)), so having multiple copies of the same

instance is beneficial.

Feature alignment using MemSAC

In Fig. 3.8, we compare the feature alignment between a plain source-only baseline with-

out any adaptation (Fig. 3.8a), as well as tSNE obtained after adaptation using CDAN Fig. 3.8b
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Figure 3.9. Similarity score of kNN based
pseudo-labeling compared with classifier
based pseudo-labeling.
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Figure 3.10. Effect of K in choosing the
nearest neighbors on the target accuracy. As
shown, a value of K in the range of 1-20
works best.

and MemSAC Fig. 3.8c. As shown, the source and target features are more perfectly aligned for
the case of MemSAC compared to other approaches, showing evidence for stronger cross-domain

alignment.

3.5.8 Ablations on KNN-based Pseudo-labeling

A crucial choice made in the design of MemSAC is the use of KNN-based pseudo-labeling
instead of directly using the classifier predictions on unlabeled target samples as pseudo-labels
for all the target samples. This follows from the observation that the kNN based pseudo-labeling
is generally robust to noisy classifier boundaries, especially amidst domain shifts. Moreover, with
the help of the memory bank, the neighborhood from which the nearest neighbors are computed
is much larger than the size of the mini-batch. We verify this intuition in Fig. 3.9, where the
mean similarity score between the samples from the same class is much higher when trained
using the proposed kNN based pseudo-labeling technique as compared to the classifier based
pseudo-labeling technique. Furthermore, we analyze the effect of the choice of the parameter K
in Fig. 3.10. Our accuracy is robust to most values of K in the range of 1-20. At large values

of K, however, the accuracy falls steeply due to large amounts of noise in the pseudo-labels.
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Table 3.5. Role of memory module and kNN pseudo labeling. As shown, the best target accuracy
is achieved when using memory bank in combination with KNN based pseudo-labeling technique,
further validationg our design hypothesis.

W/KNN Classifier PL

w/ Mem. 47.26 44 81
w/o Mem. 43.32 4324

Table 3.6. MemSAC with different values of momentum parameter pt. The best accuracy is
observed using no momentum updates, or at y = 0.

u C—=D D—=C Avg. Acc.

0 73.97 61.94 67.95
0.5 6861 5524 61.92
09 68.89 5524 62.06

0.999 71.43 58.81 65.12

Additionally, in Tab. 3.5, we show that both the memory bank and kNN based pseudo-labeling
are crucial to achieve performance gains using the consistency loss, as removing one of them (or

both of them) results in significant drop in performance.

3.5.9 Queue Updates using Momentum Encoder

We now discuss possible alternative strategies to update the memory bank. For this
purpose, we generalize the update rule using a momentum encoder, proposed in [89]. After
the initial bootstrapping phase where we train the encoder on source data for few iterations,
we initialize the momentum encoder .% using the state of the encoder &. After that, at every

iteration, the parameters of the momentum encoder 6 & are updated as follows.

67 =(1—p)*6s+(1)* 0z (3.5)

Here, u is called the momentum parameter, and controls the speed of updates. The source
features encoded in the memory bank .# are obtained by a forward pass on .%, while the source

features used to compute the supervised loss as well as all the target features are computed using
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Figure 3.11. Training Curves for D — C (Fig. 3.11a) Mean similarity score of within class
samples vs. Training iterations. (Fig. 3.11b) Pseudo-label accuracy vs. Training iterations.
(Fig. 3.11c) Final target accuracy vs. Training iterations

a forward pass on &. We note that the original update rule discussed in Sec. 3.3.4 is just a special
case of Eq. (3.5), which is obtained by putting it = 0.

The intuition behind using such a momentum based encoder is that it gives features with
a slow drift through the training, and hence can support larger queues. We use such a momentum
update on MemSAC and show results for CUB-Drawings dataset in Tab. 3.6 We found no benefit
using such a momentum encoder in our method. This might be because we already bootstrap the
encoder until the features stabilize and achieve a slow-drift phenomenon, and using momentum
based updates on top of that might not improve accuracy. In light of these results, designing

better memory bank update schedules is left as a potential direction for future work.

3.5.10 Training Curves

In Fig. 3.11, we show the trends for the mean similarity score, pseudo label accuracy as
well as the final target accuracy during training. We compare between MemSAC which uses a
consistency based loss, with an approach which does not contain such a consistency constraint.
We observe that using our sample consistency loss gives a higher value of mean similarity score,
pseudo-label accuracy as well as final target accuracy during training, and each of them improve

with training indicating the effectiveness of our proposed loss.
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3.6 Summary

In this chapter, we presented MemSAC, a simple and effective approach for unsupervised
domain adaptation designed to handle a large number of categories. We propose a sample
consistency loss that pulls samples from similar classes across domains closer together, while
pushing dissimilar samples further apart. Since minibatch sizes are limited, we devise a novel
memory-based mechanism to effectively extract similarity relations for a large number of
categories. We provide both theoretical intuition and empirical insights into the effectiveness
of MemSAC for large-scale domain alignment and discriminative transfer. Through extensive
experiments, we showcase the strong improvements achieved by MemSAC over prior works,
setting new state-of-the-arts across challenging many-class adaptation on DomainNet and fine-
grained adaptation on CUB-Drawings.

This chapter is a reprint of the material as it appears in “Memsac: Memory augmented
sample consistency for large scale domain adaptation” by Tarun Kalluri, Astuti Sharma, and
Manmohan Chandraker, which was published in Proceedings of the European Conference on

Computer Vision, 2022. The dissertation author was the primary investigator and author of this

paper.

32



Chapter 4

Benchmarking Unsupervised Adaptation
Across Geographies

With the ever-increasing trend of collecting and using web-scale data for training large-
scale visual categorization models, a pertinent questions needs to be raised regarding the geo-
graphic composition of such training data, and the resulting biases that will invariably trickle
down into the downstream models when deployed in real world. For a rough estimation, an
approximate geographic composition of several standard computer vision datasets is studied
in [57], and presented in Fig. 4.1. As shown, it is apparent that there exists mismatch between
the datasets fueling the progress in modern computer vision and the demographies potentially
consuming this progress. While unsupervised adaptation is generally used to bridge such domain
shifts, their effectiveness is not studied when faced with geographical variations. This chapter
summarizes several contributions we made in studying this problem, which includes a new
dataset, followed by extensive analysis of domain shifts between geographies and benchmarking

robustness of several models against these shifts.

4.1 Introduction

In recent years, domain adaptation has emerged as an effective technique to alleviate
dataset bias [220] during training and improve transferability of vision models to sparsely labeled

target domains [138, 142, 139, 69, 195, 196, 98, 248, 110, 238, 107]. While being greatly
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ImageNet

Figure 4.1. Geographical Distribution of Datasets (from [57]) The plot shows the geographi-
cal distribution of several standard training datasets used in computer vision literature such as
ImageNet [186], MSCoCo [128] and Openlmages [120]. When compared to the population
distribution of the world, which in turn serves as a rough proxy for the demographies consuming
this technology, we see a clear bias and mismatch between the distributions highlighting a
potential limitation of web-sourced datasets.

instrumental in driving research forward, methods and benchmark datasets developed for domain
adaptation [188, 230, 166, 165] have been restricted to a narrow set of divergences between
domains. However, the geographic origin of data remains a significant source of bias, attributable
to several factors of variation between train and test data. Training on geographically biased
datasets may cause a model to learn the idiosyncrasies of their geographies, preventing general-
ization to novel domains with significantly different geographic and demographic composition.
Besides robustness, this also negatively impact the fairness and inclusivity of computer vision
models, as most modern benchmark datasets like ImageNet [186] and COCO [128] suffer from
a significant US or UK-centric bias in data [205, 57], with poor representation of images from
various other geographies like Asia and Africa.

In this chapter, we study the problem of geographic adaptation by introducing a new
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large-scale dataset called GeoNet, which constitutes three benchmarks — GeoPlaces for scene
classification, GeolmNet for object recognition and GeoUniDA for universal domain adaptation.
These benchmarks contain images from USA and Asia, which are two distinct geographical
domains separated by various cultural, economic, demographic and climatic factors. We addi-
tionally provide rich metadata associated with each image, such as GPS location, captions and
hashtags, to facilitate algorithms that leverage multimodal supervision.

GeoNet captures the multitude of novel challenges posed by varying image and label
distributions across geographies. We analyze GeoNet through new sources of domain shift
caused by geographic disparity, namely (i) context shift, where the appearance and composition
of the background in images changes significantly across geographies, (ii) design shift, where
the design and make of various objects changes across geographies, and (iii) prior shift, caused
by different per-category distributions of images in both domains. We illustrate examples of
performance drop caused by these factors in Fig. 4.2a, where models trained on images from
USA fail to classify common categories such as running track and mailbox due to context and
design shifts, respectively.

GeoNet is an order of magnitude larger than previous datasets for geographic adaptation
[170, 182], allowing the training of modern deep domain adaptation methods. Importantly,
it allows comparative analysis of new challenges posed by geographic shifts for algorithms
developed on other popular adaptation benchmarks [188, 166, 230, 165]. Specifically, we
evaluate the performance of several state-of-the-art unsupervised domain adaptation algorithms
on GeoNet, and show their limitations in bridging domain gaps caused by geographic disparities.
As illustrated in Fig. 4.2b for the case of DomainNet [165] vs. GeoNet, state-of-the-art models
on DomainNet often lead to accuracies even worse than a source only baseline on GeoNet,
resulting in negative relative gain in accuracy (defined as the gain obtained by an adaptation
method over a source-only model as a percentage of gap between a source-only model and the
target-supervised upper bound). Furthermore, we also conduct a study of modern architectures

like vision transformers and various pre-training strategies, to conclude that larger models with
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Figure 4.2. Summary of our contributions. (a): Training computer vision models on geo-
graphically biased datasets suffers from poor generalization to new geographies. We propose a
new dataset called GeoNet to study this problem and take a closer look at the various types of
domain shifts induced by geographic variations. (b) Prior unsupervised adaptation methods that
efficiently handle other variations do not suffice for improving geographic transfer.

supervised and self-supervised pre-training offer improvements in accuracy, which however are
not sufficient to address the domain gap. This highlights that the new challenges introduced by
geographic bias such as context and design shift are relatively under-explored, where our dataset
may motivate further research towards this important problem.

To summarize before we move into details, our contribution towards geographic domain

adaptation is four-fold:

e A new large-scale dataset, GeoNet, with benchmarks for diverse tasks like scene classifi-
cation and object recognition, with labeled images collected from geographically distant

locations across hundreds of categories (Sec. 4.3).

e Analysis of domain shifts in geographic adaptation, which may be more complex and

subtle than style or appearance variations (Sec. 4.3.5).

e Extensive benchmarking of unsupervised adaptation algorithms, highlighting their limita-

tions in addressing geographic shifts (Sec. 4.5.2).
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e Demonstration that large-scale pretraining and recent advances like vision transformers do

not alleviate these geographic disparities (Sec. 4.5.3).

4.2 Relation to Prior Literature
4.2.1 Unsupervised Domain Adaptation

Unsupervised domain adaptation enables training models on a labeled source domain
along with unlabeled samples from a different target domain to improve the target domain
accuracy. A large body of prior works aim to minimize some notion of divergence [13, 12]
between the source and target distributions based on MMD [216, 138, 142, 212] adversarial [69,
139, 21, 225, 195, 259, 28, 224], generative [199, 20, 98], class-level [164, 196, 144, 247, 116,
83] or instance-level alignment [238, 207, 232] techniques. Clustering [52, 105, 110, 162, 108]
and memory-augmentation approaches [107] have also been shown to be effective. However,
most of these works are shown to improve performance using standard datasets such as Office-
31 [188], visDA [166], OfficecHome [230] or DomainNet [165], where the distribution shifts
typically arise from unimodal variations in style or appearance between source and target. While
prior works also study semantic shift [14] and sub-population shift [23], we aim to address a
more practical problem of geographic domain adaptation with more complex variations not

covered by prior works.

4.2.2 Geographic Robustness

Many prior works study biases of CNNs towards 3D poses [3, 262], textures [72],
styles [93], natural variations [178, 16, 218] and adversarial inputs [93], but robustness of com-
puter vision towards shift induced by geography is relatively under-explored. While algorithms
for bridging geographic domain gaps have been proposed in [39, 108, 235], they are restricted
to road scenes with limited number of classes. A major hindrance has been the lack of suitable
benchmark datasets for geographic adaptation, so several datasets have been recently proposed

to address this issue [204, 58, 170, 182]. Datasets based on dollar street images [182] highlight
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Table 4.1. Summary Statistics of GeoNet Number of images in train and test splits in each of
our benchmarks. While GeoPlaces and GeolmNet are developed for unsupervised adaptation,
GeoUniDA is developed for universal domain adaptation across geographies.

Split  GeoPlaces GeolmNet GeoUniDA

USA Train 178110 154908 100136
Test 17234 16784 25034
Asi Train 187426 68722 33912
S Test 26923 9636 8478
classes-shared 205 600 62
classes-private - - 138

the geographic differences induced by income disparities between various countries, Ego4D [80]
contains egocentric videos with actions from various geographies, while researchers in [170]
design an adaptation dataset with images from YFCC-100M [66] to analyze geographic shift,
authors in [175] use crowdsourcing to collect geographically diverse evaluation datasets. Adding
to these efforts, we propose a much larger-scale dataset for geographic adaptation consisting of
more diverse categories for place and object classification, across factors of variation beyond

income disparities.

4.3 Dataset Creation and Analysis

We present an overview of our data collections pipeline in Fig. 4.3 and the overall
summary of collected datasets in our benchmark in Tab. 4.1, including the number of images
and categories from each of our settings. For creating our dataset, we broadly consider US and
Asia as the two domains, as these two geographies have considerable separation in terms of
underlying cultural, environmental and economical factors, while also providing the appropriate
level of abstraction and leaving enough data from each domain to perform meaningful analysis.
Although Asia is less homogeneous than USA with greater within-domain variance, our adopted
geographical granularity follows from the amount of data we could retrieve from different
countries using concepts in GeoNet, where we observed general paucity in images from many

low-resource countries on Flickr.
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Figure 4.3. Pipeline for Collecting GeoNet Dataset We show a summary pipeline used to
collect and curate images in the GeoNet dataset. We first select the concept names from existing
datasets, followed by retrieving images from web pertaining to these concepts. Next, we use
the geotags in the metadata of the collected images, whenever available, to geo-categorize the
images into distinct regions. Finally, to curate the dataset we filter noisy labels and images before
creating the train and test splits from each geography.

4.3.1 GeoPlaces

We propose GeoPlaces to study geographic adaptation in scene classification, which
involves predicting the semantic category of the place or location present in the image [266]. In
contrast to object classification, it is necessary to accurately identify and understand various inter-
actions and relationships between the objects and people in the scene to predict the appropriate
scene category. In spite of rapid progress in datasets [246, 266] and methods [29] for this task,
robustness of scene classification networks to unseen domains in general, and across geographies

in particular, has received little attention, for which our benchmark would set a new course.
Selecting concepts and images

We use the 205 scene categories from Places-205 [266] to build GeoPlaces, as these
semantic categories cover a wide range of real world scenes commonly encountered in most
geographies. We build our GeoPlaces benchmark from the labeled Places-205 dataset [267].
We first collect the unique Flickr identifier (Flickr-id) associated with each image in the
Places-205 dataset, and then use the publicly available Flickr API! to extract the GPS location
of the image. Since only a fraction of images belong to Flickr and a further smaller fraction
contain valid geotags, we end up with around 400k images from 205 classes with associated

geographical information. Of these, 190k images are from the US domain, and we use 178k

IFlickr.com/services/api/explore/Flickr.photos.geo.getLocation
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of them for training and 17k for testing. In Asia domain however, we obtain only 27k images.
To match the scale of images from both domains, we perform an additional step and manually

collect more images as explained next.
Additional data

Due to the inherent US-centric bias of photo-sharing websites like Flickr, a major portion
of images are US-based. In order to collect more images from the Asia domain, we directly
scrape images from Flickr using the 205 category names from Places-205 as the seed concepts.
As many Asian users often post descriptions and tags for pictures in languages other than English,
we use translations of these seed concepts in English to Asian languages, namely {Hindi, Korean,
Japanese, Chinese, Russian, Hebrew}, and use these along with the original concepts, as the
augmented or expanded concepts. Then, we search Flickr for images which match the criterion
that (i) they are geotagged in Asia, and (ii) the tags associated with the image match with exactly
one of the categories in the expanded concept list (which we assign as the label). We collect
around 190k images this way, and use this as the training set. Since images collected from
web tend to be nosier than human labeled ones, we use the manually labeled 27k images from

Places-205 as the test set for Asia domain to ensure robust benchmarking.

4.3.2 Geolmnet

We propose the GeolmNet benchmark to investigate the domain shift due to geographical
disparities on object classification. Different from existing object-level datasets for domain
adaptation [166, 165, 188, 230], GeolmNet provides domain shifts induced by geographic

disparities.
Dataset curation

We collect images in the GeolmNet benchmark from the WebVision dataset [124], which

itself is scraped from Flickr using queries generated from 5000 concepts in the Imagenet-5k
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I GeoPlaces-USA
GeoPIaces—AsiaJ

(b) GeoImNet

Figure 4.4. Class distribution in GeoNet Percentage of images per class from USA and Asia
domains shown for the GeoPlaces benchmark in a and GeolmNet benchmark in b. The label
distributions are long-tailed in both, and the dominant and tail classes are widely different across
geographies in each setting indicating a strong prior shift. (Best viewed in color, zoom in to see
the class names).

dataset [51]. We then follow the same pipeline as explained above for GeoPlaces benchmark,

and identify the GPS coordinates of each images using its F1ickr-id.
Concept selection

Although the original dataset contains 5000 classes, many of these classes are indigenous
to a particular geography. For example, Bengal Tigers are found in Indian subcontinent, and
Bald Eagle is a North-American bird. Since unsupervised domain adaptation typically demands
matching label spaces across source and target, we select 600 categories out of the original 5000
with at least 20 images in each domain from each category. We then assign roughly 15% of

images from each domain into the test set and use the remaining as the training images.
Dataset filtering

WebVision is webly supervised [36], which does not guarantee object-centric images or

clean labels. Therefore, we remove all the images from the dataset which have more than one
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(a) GeoPlaces (b) GeolmNet

Figure 4.5. Context Shift in GeoNet A few examples showing the nature of context shifts
across categories from GeoPlaces benchmark in (a), and GeolmNet benchmark in (b), arising
due to a variety of differences between geographical disparity. For example, outdoor scenes
(shopfront, marketplace) reflect the demographies across geographies, indoor-scenes (living
rooms, cafeteria) reflect cultural and economic variations and wildlife images reflect the habitat
and climatic variations.

Castle Candle

Figure 4.6. Design Shift in GeoNet We show examples illustrating the design shifts for the
cases of castle from GeoPlaces and candle from GeolmNet. Note that differences in designs
of castles as well as the variety of objects like candles found across geographies lead to design
shifts between the domains.

tag that match our selected concepts (the 600 chosen categories) to handle multi-labeled images.
Furthermore, we manually quality-check all the test images and remove all the images with noisy
labels. Finally, we perform de-duplication to remove images from the training set which are very
similar to those in the test set. The final label distribution for both US and Asia domains in both

our benchmarks is shown in Fig. 4.4.
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Figure 4.7. Geographical Distribution of images from USA and Asia domains. We show
the images per geographical sub-region in both domains on GeoNet. As shown, in Asia, a
majority of images are from Japan, India, Korea, China and Taiwan while in USA, a majority of
images are from populous regions like California and New York. Note that the color-bar scale is
linear for USA and log-scale for Asia.

4.3.3 GeoUniDA

Universal Domain Adaptation (UniDA) [254] facilitates domain adaptation between
source and target domains that have few private classes, in addition to shared classes which
are common to both. While this is a realistic problem, prior works [254, 193, 191, 119]
use benchmarks created from existing UDA datasets for evaluation. However, our proposed
geographical adaptation setting gives us an unique opportunity to design benchmarks for UniDA
such that the private categories from the source and the target are a natural reflection of the

presence or absence of these categories in the respective geographical domains. In order to select
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the shared and private categories for our Geo-UniDA benchmark, we first start with the 1000
categories in the original Imagenet-1k dataset [186], and select top 200 categories each in the
USA and Asia domains that have the most number of images from the WebVision dataset. Out
of these, we use the 62 common classes as the shared categories, and the remaining 138 as the

private classes in each domain.

4.3.4 Geographic Distribution of Images

While we broadly categorize Asia and USA to be the two major geographical domains,
not all sub-regions in these geographies have equal representation. We show the geographic
distribution over respective geographies in Fig. 4.7, by leveraging the per-image GPS metadata
provided in GeoNet. For images from Asia from Fig. 4.7c for GeoPlaces and Fig. 4.7d for
GeolmNet, we observe a large fraction of images from Japan, India, Korea, China and Taiwan,
while some countries are more sparsely represented. Likewise, in USA in Fig. 4.7a and Fig. 4.7b,
we observe a significant share of images from California, New York and Florida than other
regions. These distributions reflect the larger user demographic biases in photo-sharing websites

like Flickr from where all our images have been taken from.

4.3.5 Analysis of Distribution Shifts

We denote the source dataset using Dy={X;, Y}, and assume that X;~P;(x), and the joint
distribution (Xj, ¥5)~Ps(x,y), where Ps(x) and P(x,y) are the image marginal and image-label
joint distribution respectively. Target dataset D, = {Xj,Y;} and target distributions P;(x) and
P,(x,y) are defined similarly, and the domain discrepency assumption states that Py(x,y) # P, (x,y).
In order to formulate domain shift across geographies, we define f; as the part of image referring
to the foreground objects (corresponds to the salient objects in a scene) and by to be the rest of
the image corresponding to the background regions (corresponding to the surrounding regions
or context). For example, for the task of classifying living room in Fig. 4.5a from GeoPlaces,

common objects like sofa and table are foreground, while floor, roof and walls are backgrounds.
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We make a simplifying assumption that an image is completely explainable using its foreground
and background and replace the class-conditional distribution of the images P(x|y) with the joint
class-conditional P(by, fy|y). Further, we also assume that given a class label, the background is

conditionally independent of the foreground. Then,

P(x,y) = P(xly)-P(y)
= P(bx, fxly)-P(y)

= P(bily) - P(flbr,y) - P(y)

— P(x,y) = WW@ 4.1)
context  design prior

We define the class-conditional background distribution P(by|y) as context, while the
class-conditional object distribution P(f,|y) as design and the label distribution P(y) as prior.
Note that standard covariate shift assumption [12] assumes uniform domain discrepency across

all the images (Ps(x)#P,(x)), which does not hold for geographic adaptation due to the diverse

source of variations. We analyze each of these from a geographic adaptation perspective next.
Context shift

We define context shift to be the changes in the context around an object or scene given
by Ps(by|y) # P;(bx|y). Deep learning models are generally sensitive to object contexts and
backgrounds, and learn spurious correlations that impede their ability to recognize objects and
scenes in novel contexts [44, 42, 209, 184]. In geographic adaptation, context shift can be caused
by differences in cultural or economic factors across geographies, and few examples illustrating
context shift from GeoPlaces and GeolmNet are shown in Fig. 4.5. While prior works already
introduce context shift for domain adaptation [170], a key difference lies in their modeling
assumption that the context is irrelevant while training, while in our case context might play a

key role in improving scene classification on GeoPlaces.
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Design shift

We define “design” shift as the change in object structure, shape and appearance, where
the foreground objects belonging to the same semantic category look different across geographies,
given by Ps(fi|y) # P.(fx|y). Few examples are shown in Fig. 4.6, where categories like castle
from GeoPlaces and candle from GeolmNet datasets look widely different due to high intra-class
variance, although they belong to the same semantic category. It is important to note that context
and design shifts might also occur within a domain or within a geography. However, it is easier
to account for intra-domain variations on labeled source datasets than ensuring robustness to new

and unlabeled geographies.
Prior shift

The label distributions across the domains in our benchmarks widely differ due to natural
prominence or rarity of the classes according to the geography, as shown in Fig. 4.4, where the
head classes of one domain might be tail classes in another. This leads to a prior shift where
P;(y) # P;(y). For example, categories like railway station, outdoor markets, monasteries are
common in Asia while baseball stadiums are more common in USA. Prior works examining
prior shift or label shift across domains [8, 70, 256, 130, 4] generally assume that the class
conditionals remain the same, which is not true in the case of geographic adaptation due to

context and design shifts as illustrated above.

4.4 Visualizing Sample Images

We show few sample images from selected classes across both USA and Asia domains in

GeoPlaces benchmark in Fig. 4.8, Fig. 4.9 and GeolmNet benchmark in Fig. 4.10, Fig. 4.11.
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Figure 4.8. Sample images showing the domain gap between USA (left) and Asia (right)
domains for classes garbage dump, race course, phone booth and cafetaria from
GeoPlaces.
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Ice Cream Parlor-USA

Figure 4.9. Sample images showing the domain gap between USA (left) and Asia (right) domains
for classes art gallery, kitchenette, conference roomand ice-cream parlor from
GeoPlaces.
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Figure 4.10. Sample images showing the domain gap between USA (left) and Asia (right) do-
mains for classes Yorkshire Terrier, bouquet, sea anemone and dog from GeolmNet.
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Water Bottle-USA

Samosa-USA Samosa-Asia

Figure 4.11. Sample images showing the domain gap between USA (left) and Asia (right) do-
mains for classes Field Mustard, Water Bottle, Tramway and Samosa from GeolmNet.

4.5 Experimental Results
4.5.1 Domain Shifts in Proposed Datasets

We illustrate the severity of domain differences across geographies using the drop in
accuracy caused by cross-geography transfer in Tab. 4.2. Specifically, we train a Resnet-50 [91]

model using images only from one domain, and compute the accuracies on both within-domain
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Table 4.2. Top-1/Top-5 accuracies of Resnet-50 models across geographically different train and
test domains. Note the significant drop in accuracies caused by the geographical domain shifts in
each setting.

GeoPlaces
Train | / Test — USA Asia Drop (%)
USA 56.35/85.15 36.27/63.27 -20.08/-21.88
Asia 21.03/44.81 49.63/78.45 -28.60/-33.64
GeolmNet
Train | / Test — USA Asia Drop (%)
USA 56.35/77.95 36.98/63.42 -19.37/-14.53
Asia 40.43/64.60 60.37/80.22 -19.94/-15.62

Table 4.3. USA — Asia comparison between GeoNet and its label-balanced version. Non-trivial
gaps between the geographies still exist even after accounting for prior shift between the domains.

Original Balanced
USA Asia A USA Asia A
GeoPlaces 56.35 36.27 20.08% 55.52 426 12.92%
GeolmNet 56.35 36.98 19.37% 5272 373 1542%

and cross-domain test sets. Since a lot of categories in GeoNet are close (example, train station
vs. subway station), we use both top-1 and top-5 accuracies to report the performance. We
observe a significant drop in accuracy caused by direct transfer of models across domains which
can be attributed to the geographic bias in the training data. For example, a model trained on
GeoPlaces benchmark on US images gives 56.35% Top-1 accuracy on US images, but only
36.27% on images from Asia with a notable drop of 20%.

On the GeolmNet benchmark, within-domain testing on images collected from USA
gives 56.35% top-1 accuracy while cross-domain testing on Asia images gives only 36.98% with
a drop of 19.37%. The 36.98% accuracy is also much inferior to the supervised accuracy on the

Asia domain (60.37%) which can be considered as the target upper bound.
Meta-category wise error analysis for GeolmNet

We relate the drop in performances across geographies to the proposed notions of domain
discrepency in geographic adaptation like context and domain shifts in Fig. 4.12a. Specifically,

since the concepts in GeolmNet are sourced from ILSVRC, we leverage the wordnet hierarchy
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Figure 4.12. (a) Drop in accuracies for each meta-category in GeolmNet. Groups that showcase
context and design shifts suffer a larger drop in accuracy. (b) GradCAM visualization of
predictions of a USA-trained model on Asia images show that prominent context and design
shifts across geography hurts accuracy. (a) is from GeoPlaces, (b,c,d) are from GeolmNet.

to group our 600 classes into 9 meta-labels. We then average the accuracy within each meta-
class from USA— Asia domain transfer, and plot the difference in accuracy across domains per
meta-label in Fig. 4.12a. We note that categories in the meta-label “animals” have minimum
design-shift across domains, but suffer from context shift due to shifts in weather and habitats
across geographies leading to significant drop in accuracy. On the other hand, many categories
in “equipment” and “object”(like candle, broom, sewing machine) have prominent design shifts
(Fig. 4.6) leading to notable performance drop. Finally, categories in “food” (like bottled water,
ice-cream) have minimum change in both design and context and hence suffer the least fall in

accuracy across domains.
GradCAM visualization of the failure cases

We present few examples in Fig. 4.12b of predictions made on Asia test images by
a model trained on USA, along with their GradCAM visualizations. As shown, when the
model focuses on the context and background, it fails to generalize to new scenes from target
geographies with notable shifts in context (kitchen classified as art studio). Even in cases when
the model accurately focuses on the foreground object, it sometimes leads to incorrect predictions
due to design shifts between geographies, where oil lamp is accurately localized, but predicted

as bouquet.
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Table 4.4. UDA on GeoNet Top-1 and Top-5 accuracies of various unsupervised adaptation
methods on GeoNet. Most of the methods fail to sufficiently handle cross-geography transfer on
both GeoPlaces and GeolmNet benchmarks and often give lower accuracies even compared to a
baseline model trained only using source data calling attention to the need for novel methods
that can handle domain shifts beyond style and appearance.

Method GeoPlaces GeolmNet
USA — Asia  Asia — USA USA — Asia  Asia — USA

Top-1 Top-5 Top-1 Top-5 Top-1 Top-5 Top-1 Top-5
Source Only 36.27 63.27 21.03 44.81 3698 6343 40.43 64.6
DANN [69] 29.58 5523 16.59 35.32 32.88 5777 38.42 62.90
CDAN [139] 3048 5594 17.01 36.26 3594 60.21 39.88 63.74

MCC [104] 30.09 5585 17.17 36.85 3571 60.48 39.86 64.00
SAFN [248] 3250 5793 1434 35.68 3240 5843 36.26 61.58
MDD [260] 34.18 59.10 17.81 36.44 36.26  62.13 40.15 6391
MCD [196] 3349 5941 16.57 34.74 25.60 4845 36.69 60.68

ToAlign [238] 29.86 56.16 16.32 33.58 32.13 58.64 3798 63.17
MemSAC [107] 34.68 60.52 15.75 32.83 36.71 63.16 40.34 64.40

Tgt. Supervised 49.63 7845 56.35 85.15 60.37 80.22 56.35 77.95

Separating the prior shift

To further delineate prior shift from context and design shifts, we curate a balanced subset
out of GeoNet such that each category has about 200-300 images, and drop categories which
have fewer images (about 3 /4" of the categories remain). From Tab. 4.3, the drop in accuracy
after addressing the prior shift is 12.9% on GeoPlaces and 15.4% on GeolmNet, compared to
20.08% and 19.37% on the original datasets, showing that non-trivial accuracy drops caused
by context and design shifts still exist even after accounting for label imbalance between the

domains.

4.5.2 Benchmarking Domain Adaptation

We study the effectiveness of prior unsupervised adaptation algorithms in bridging novel
notions of domain gaps like context shift and design shift on GeoNet. We review various standard
as well as current state-of-the-art domain adaptation methods to examine their geographical

robustness.
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Table 4.5. Universal domain adaptation methods on GeoUniDA.closed-set and open-set
refer to the closed set and open set accuracies, and H-Score is the harmonic-mean of the two.
Note the significant gap that still exists with target supervised accuracy on closed-set labels with
the best adaptation method DANCE [192].

Method closed-set open-set H-Score ‘ Target Sup.
UniDA [254] 27.64 43.93 33.93
DANCE [192] 38.54 78.73 51.75 70.70%

OVANet [193] 36.54 66.89 47.26

Architecture and training details

We follow the standard protocol established in prior works [139, 196, 107] and use
an ImageNet pre-trained Resnet-50 [91] as the feature extractor backbone and a randomly
intialized classifier layer. We use a batch size of 32 and SGD with a learning rate of 0.01 for
the classifier head and 0.001 for the already pretrained backbone. We report the top-1 and top-5
accuracy numbers using the test splits from each benchmarks. We perform comparisons between
traditional adversarial methods (DANN [69], CDAN [139]), class-aware adaptation methods
(MCC [104], MDD [260]), non-adversarial methods (SAFN [248], MCD [196]) as well as recent
state-of-the-art (ToAlign [238], MemSAC [107]). We train prior works using their publicly

available code and adopt all hyper-parameters as recommended in the respective papers.
Existing UDA methods do not suffice on GeoNet

We show the Top-1 and Top-5 accuracies of all the transfer settings from GeoNet in
Tab. 4.4. A key observation is that most of the domain adaptation approaches are no better, or
sometimes even worse, than the baseline model trained only using source domain data, indicating
their limitations for geographic domain adaptation. For example, on GeoPlaces, training using
data from USA achieves a top-1 accuracy of 36.27% on test data from Asia test images, while the
best adaptation method (MemSAC) obtains lesser accuracy of 34.7%, indicating negative transfer.
Likewise, on GeolmNet, a USA-trained source model achieves 36.98% on test images from Asia
which is comparable to the best adaptation accuracy of 36.71%. To further illustrate this, we

define relative accuracy gain as the improvement in accuracy obtained by a method over a source-
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only model as a percentage of gap between a source-only model and the target-supervised upper
bound (which is 100% if the method achieves the target supervised upper bound). From Fig. 4.2b,
it is notable that the same adaptation methods that yield significantly high relative accuracy
gains on DomainNet [165] yield negative relative accuracy gains on GeoNet, highlighting the
unique the nature of distribution shifts in real-world settings like geographic adaptation that
challenge existing methods. These observations also suggest that future research should focus
on context-aware and object-centric representations in addition to domain invariant features to

improve cross-domain transfer amidst context and design shifts.
Universal domain adaptation on Geo-UniDA

We run SOTA universal domain adaptation methods (You et.al. [254], DANCE [192]
and OvaNET [193]) on the Geo-UniDA benchmark of GeoNet. Following prior works [193],
we adopt the H-score metric which is a harmonic mean of closed-set and open-set accuracies
giving equal importance to closed set transfer as well as open set accuracy. In Tab. 4.5, we show
that DANCE [192] outperforms both You et.al. [254] and OVANet [193] on the Geo-UniDA
benchmark. We also show that a significant gap still exists between target supervised accuracy
when trained using supervision (70.7%) and best adaptation accuracy (38.5%) on our benchmark,
highlighting the limitations of existing methods to efficiently address universal adaptation in a

geographic context.

4.5.3 Large-scale Pre-training and Architectures

It is common to use large scale self-supervised [89, 25, 32, 37, 26, 88] and weakly-
supervised [103, 210, 145] pre-trained models as starting points in various downstream appli-
cations. While recent works explored role of pre-training on domain robustness [114], we are
interested in the extent to which large scale pre-training effectively preserved robustness when
fine-tuned on geographically under-represented datasets. We investigate the performance of a

variety of methods on GeoNet in terms of backbone architectures, pre-training strategies and
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supervision.
Experimental setup

Our backbone architectures include Resnet50 [91] as well as the small (ViT-S), base (ViT-
B) and large (ViT-L) vision transformers [61]. In terms of supervision, in addition to the standard
supervised pre-training on ImageNet-1k, we also consider self-supervised methods MoCo-
V3 [37], SWAV [25], DINO [26], MAE [88] trained on ImageNet-1k, the weakly supervised
SWAG [210] trained on 3.6B uncurated instagram images and CLIP [172] trained on 400M
image-language pairs [202]. We denote {Backbone-Supervision-Data} for different model
choices (for example, Resnet50-sup-IN1k indicates a Resnet50 pre-trained on supervised data
from ImageNet-1k).

For evaluating geographic robustness of these models, we first take the pre-trained model
and fine-tune it on training data from a “source” geography, then evaluate the performance
on test data from the “target” geography. We show the results using USA as the source and
Asia as the target from the GeoPlaces and GeolmNet benchmarks in Fig. 4.13. For reference,
we also report accuracy after fine-tuning on labeled data from the target geography for each
{Backbone-Supervision-Data} pair (denoted as target-supervised), which serves as an upper

bound for the transfer performance.
Large-scale pretraining is not geographically robust

From Fig. 4.13, we make a few observations. Firstly, comparison between Resnet50 and
ViT-S which have roughly the same number of parameters suggests the superiority of the vision
transformer architectures over CNNs. For example, ViT-S-sup-IN1k is better than Resnet50-
sup-IN1k, and ViT-S-moco-IN1k is better than Resnet50-moco-IN1k, indicating that global
reasoning using self-attention layers in vision transformers benefits context-dependent tasks
like GeoPlaces. Next, comparing different pre-training strategies, we observe that MoCo gives

best accuracy on ViT-S and ViT-B, while supervised pre-training outperforms other approaches
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Figure 4.13. Effect of large-scale pre-training on geographical robustness We show that
most architectures and pre-training strategies exhibit significant cross-domain drops when fine-
tuned on geographically biased datasets. Shown for USA— Asia on GeoPlaces and GeolmNet.

on large models like ViT-L. However, the gap between target supervised accuracy and the best
adaptation accuracy achieved using either Resnet50 or any of the vision transformers is still high,
highlighting the need for better transfer strategies.

In terms of data, weakly-supervised pre-training using billion-scale dataset 1G3.6B
(ViT-B-swag-3B) shows significant improvements over self-supervised training methods like
MAE (ViT-B-mae-IN1k) and DINO (ViT-B-dino-IN1k). But despite training on massive-scale
data, ViT-L-swag-3B and ViT-L-clip-400M are still inferior to the target supervised accuracies,
revealing the limitations of current pre-training strategies towards robust cross-geography transfer
after fine-tuning. While the success of large-scale pre-training strategies are well-documented on
popular datasets like ImageNet, our results indicate that similar benefits might not be observed

when application domains significantly differ from pre-training or fine-tuning datasets [45].

4.5.4 Zeroshot Classification Using Vision-Language Models

While the benchmarking analysis so far has focused on the robustness of models when
fine-tuned on geographically biased data (such as USA data) and tested on unseen geographies
(such as Asia data), an emerging application prospect lies in directly using strong vision-language
frontier models such as CLIP [172] for prompt-based zero-shot classification. It is important to
examine the geopgraphical robustness of these models because of their reliance on web-scale data
during training, and wide adoption either as an open-vocabulary recognition model [121, 73, 60]

or strong pre-training models for downstream fine-tuning [243].
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Figure 4.14. Zeroshot Accuracy of VLM models on GeoNet We show the zeroshot accuracy
of large-scale VLM models CLIP [173] and SigLIP [255] on the GeoNet dataset across various
geographies. Despite being trained on billion-scale image-text pairs, there still exists wide
disparity in recognizing concepts from dominant geographies like USA and under-represented
geographies like Africa and South America.

We adopted two strong zeroshot models, CLIP [173] and SigL.IP [255] to verify their
robustness properties on GeoNet dataset. Since no training is required, we use more diverse data
from all over the globe, and compute accuracy for each continent separately. We use standard
text-prompts such as An image of a classname for probing the models, and show our results in
Fig. 4.14. As shown, there still exists significant disparity between the accuracy obtained by
these models on dominant geographies like USA and under-represented geographies like Africa
and South America. For instance, CLIP achieves an accuracy of 55.2% on USA images but only
46.9% on Africa and 49.2% on images tagged from South America. While SigLIP is better then
CLIP on most domains owing to its larger pool of training data [34], it still suffers from accuracy

drops of upto 5% between geographies, highlighting the need for developing geographically

robust vision-language models.

4.6 Summary

Through this chapter, we introduce a new dataset called GeoNet for the problem of
geographic adaptation with benchmarks covering the tasks of scene and object classification.

In contrast to existing datasets for domain adaptation [166, 165, 188, 230], our dataset with
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images collected from different locations contains domain shifts captured by natural variations
due to geographies, cultures and weather conditions from across the world, which is a novel and
understudied direction in domain adaptation. Through GeoNet, we analyze the sources of domain
shift caused by changes in geographies such as context and design shift. We conduct extensive
benchmarking on GeoNet and highlight the limitations of current domain adaptation methods as
well as large-scale pretraining methods towards geographical robustness. In Chapter 5, we will
introduce a language-guided solution for addressing the challenging problem of geographical
transfer.

This chapter is a reprint of the material as it appears in “Geonet: Benchmarking unsuper-
vised adaptation across geographies.” by Tarun Kalluri, Wangdong Xu, Manmohan Chandraker,
which was published in Proceedings of the IEEE/CVF Conference on Computer Vision and
Pattern Recognition, 2023. The dissertation author was the primary investigator and author of

this paper.
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Chapter 5

Improving Domain Transfer in Images
and Videos using Language Guidance

In this chapter, we investigate the limitations of classical image-alignment based adap-
tation methods in bridging geographic domain shifts, and propose text-based adaptation as an
effective alternative. We introduce a new solution for domain transfer using language as an
effective guiding mechanism. By making simple assumptions about the availability of weakly-
correlated textual metadata during training from source and target domains, we design a simple
knowledge transfer mechanism to handle domain shifts. This is particularly important in current
scenarios where there are growing applications with access to textual metadata which can be used
for robust fine-tuning across geographies. Further, we extend the boundaries of unsupervised
adaptation into videos by first introducing a new benchmark called Ego2Exo and showing the

effectiveness of our method on this unique setting.

5.1 Introduction

Despite great strides in the performance in several applications of computer vision
recent years, achieving robustness to distribution shifts at test-time still remains a challenge. In
particular, a fundamental need to improve generalization to domains without manual supervision
arises due to the cost and scarcity of acquiring labeled images. A dominant paradigm to

address this limitation has been unsupervised domain adaptation (UDA), which uses labels
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Figure 5.1. A summary of our insights for LaGTran: In a domain transfer setting with
labeled source and unlabeled target domain data, we observe significantly more drop incurred
while transferring an image-classifier trained on source images to target (17.1%), compared to a
text-classifier trained on corresponding text descriptions of source images (9.5%). We use this
insight to build a simple framework called LaGTran that leverages these text descriptions easily
available in both domains to improve transfer in images and videos.

from a related source domain along with distribution alignment techniques to bridge the domain
gap [69, 139, 196, 248, 207, 238, 30, 270]. Despite their noted success, their limitations
in addressing challenging transfer beyond regular domain shifts [187, 230, 166] is recently
highlighted [170, 109]. We posit that a part of this limitation potentially stems from their
dependence on pixel-level data alone to bridge domain gaps, as accurately characterizing shifts
and devising bridging strategies solely based on images becomes challenging beyond standard
domain shift scenarios.

In contrast, we propose an alternative approach to ease transfer across such challenging
shifts by instead leveraging ubiquitously available language guidance during training. Our
framework, called LaGTran for Language Guided Transfer Across Domains, is surprisingly
simple to implement, yet shows extreme effectiveness and competence in handling transfer across
challenging domain shifts in images and videos compared to any image-based adaptation method.
Our key insight lies in observing that text guidance, which is readily available in the form
of metadata for internet-sourced datasets or easily generated with emerging image captioning

models, requires no human annotation while offering a more suitable avenue in transferring
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discriminative knowledge even across challenging domain shifts.

We further illustrate this property in Fig. 5.1, where we examine the transferability of
image and text classifiers trained using image or text supervision respectively between USA
and Asia domains from the GeoNet dataset [109]. We observe significantly less drop (9.5%)
when applying a text classifier trained on the source text to target text, compared to 17.1% drop
incurred when transferring an image classifier to classify target images. As text operates in a
significantly lower-dimensional space, language modality naturally tends to have lesser domain
gaps as opposed to images or videos. Furthermore, text descriptions often contain valuable
attributes and identifiers that enhance the ability to accurately recognize images in a standard
classification setting, suggesting more favorable domain robustness and discriminative properties
of language descriptions compared to images.

We incorporate these observations to improve transfer in a scenario where the source
domain has text descriptions accessible along with the labels, but the target domain only has text
descriptions corresponding to the images. Accordingly, we first train a text classifier using the
source domain language descriptions and labels and transfer this classifier to assign pseudo-labels
to the target text descriptions, which, from Fig. 5.1, would yield more robust pseudo-labels
compared to the common image-based transfer [134, 215, 117]. We, therefore, directly use these
pseudo-labels as supervision for the unlabeled target images to train an image classifier jointly
with source labels. This simple technique, free of any complicated adaptation mechanisms,
shows remarkably strong performance surpassing competitive baselines and prior UDA methods.

To further demonstrate the broad usefulness of LaGTran beyond images, we introduce
and study a novel benchmark for transfer learning in videos called Ego2Exo, which focuses
on the previously under-explored challenge of transferring action recognition between ego
(first-person) and exo (third-person) perspectives in videos [125, 158, 171, 251] from a transfer
learning standpoint. We curate Ego2Exo benchmark using cooking videos from the Ego-Exo4D
dataset utilizing key step annotations to assign action labels and atomic action descriptions

for textual guidance. Our language-aided transfer shows remarkable utility in this challenging
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setting, significantly outperforming prior Video-UDA methods [31, 239].
To summarize before we delve into details, our contributions in addressing domain

transfer using language is three-fold.

e A novel framework LaGTran highlighting the feasibility of incorporating various forms of

readily available text supervision in enhancing transfer across domain shifts (Sec. 5.3.1).

e A new dataset Ego2Exo to study the problem of cross-view transfer in videos with fine-
grained labels covering a diverse pool of actions and free-form text descriptions providing

language guidance (Sec. 5.4.5).

e Demonstration of the competence of LaGTran across a variety of domain shifts, with non-
trivial gains over UDA methods on challenging datasets like GeoNet (+10%), DomainNet

(+3%) and the proposed Ego2Exo (+4%) datasets (Sec. 5.4).

5.2 Relation to Prior Literature
In this section, we review the existing literature which are closely related to our problem.

5.2.1 Language Supervision in Computer Vision.

The recent proliferation of internet-sourced datasets highlights the ready availability
of natural language supervision without the need for any labeling or annotation efforts in
images [219, 27, 201, 145, 54] and videos [147, 10, 80, 81]. This availability of language
supervision has been effectively utilized to learn scalable weakly supervised models [145, 210],
robust vision-language representations [172, 103, 167, 53, 200, 127, 263, 77], text-conditioned
generative models [183, 176, 189] and improving sampling techniques for self-supervised
learning [68]. Even in the absence of associated language supervision, recent innovations
showed the potential of generating correlated descriptions for images using image-to-text or
image captioning models [122, 133, 1]. Despite this ubiquity and proven effectiveness of

language supervision for vision tasks, little attention has been directed at leveraging their utility
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in improving transfer learning across domains. In this work, we use language guidance to develop
a straightforward mechanism to improve image and video classification on domains without

manual supervision.

5.2.2 Domain Robustness Using Language Supervision.

Recent emergence of large-scale pre-trained vision-language foundational models such
as CLIP [172] enabled strong zero-shot generalization across diverse domains and tasks [55].
However, the zeroshot inference using frozen pre-trained models still fall short of supervised fine-
tuning [172, 167, 5], which in-turn suffers from poor generalization to distributions outside the
fine-tuning data [118, 242]. Prior works explored robust fine-tuning of zero-shot models, but do
not leverage target domain data [227] or language supervision [242, 79] during fine-tuning. While
recent works incorporate language guidance for domain generalization [67, 236, 131, 101, 148],
they mostly rely on domain or class descriptors and do not leverage semantically richer free form
text supervision from target images during transfer. In contrast to these efforts, we show that
incorporating language aided transfer yields a remarkably effective framework for improving

domain robustness.

5.3 Method Details

Problem description and background

We consider the setting of unsupervised cross-domain transfer, with access to labeled
data from a source domain % : {X{, yg}i\ﬁ , along with unlabeled data from a target domain % :
{X,i }fvz’l , where X;~P;, X;~PF;, N; and N; are the number of samples in source and target domains,
and the covariate shift assumption means marginal distributions P # P, [13, 12]. However,
different from prior works, we additionally assume access to natural language descriptions,
denoted by c;, corresponding to each image or video input in both source and target domains
during training. Consequently, we denote the labeled source domain with &g : {X!,yi, cg}i\ﬁ , and

the unlabeled target domain with &, : {X/, ¢! }fvz’l These text descriptions are readily available
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Figure 5.2. An overview of training using LaGTran: We operate in a setting where the
labeled source domain and unlabeled target domain data possess cheaply available or easily
generated language descriptions for each image. LaGTran proceeds by first training a BERT-
classifier # using source captions and labels (Eq. (5.1)), and using the trained model to generate
pseudo-labels ¥, for the target captions and corresponding images (Eq. (5.2)). We then use this
generated supervision along with source domain data in jointly training a Vision classifier ¢ for
image or video classification (Eq. (5.3)).

through associated metadata in web-collected images [145], or can be effortlessly generated with
state-of-the-art image-to-text models [122]. In Sec. 5.4, we show robust performance using text
descriptions derived from a variety of sources, including: image metadata (e.g., alt-text, hashtags)
for web-sourced images, state-of-the-art image captioners for manually curated datasets, as well
as action descriptions or narrations in videos. Note that our setting requires language descriptions
¢; only during training and not during inference or deployment, and therefore incurs no speed or

memory overhead at test-time when compared with prior approaches.

5.3.1 LaGTran for Cross-Domain Transfer

The training pipeline used in LaGTran for cross-domain transfer is summarized in
Fig. 5.2, where we first train a BERT sentence classifier using the (text, label) pairs from the
source domain dataset, and utilize this trained classifier to infer predictions on all the descriptions
from the target domain. We then use these predictions as pseudo-labels for the target images,

and train a joint vision classifier along with the labeled source domain images.
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Training the text classifier

We use the supervised text-label pairs from the source domain (cf,y!) and train a
BERT [56] sentence classifier 4 to predict the category label from an input text description,

using the training objective
¢* =argminE, ) g ZLce(Z(ci;9).i), (5.1)
¢

where ¢ denotes the parameters of the BERT classifier and .Zg is the supervised cross-entropy
loss. We adopt a pre-trained Distill-BERT [197] model from HuggingFace as the sentence
classifier Z(;¢), and fine-tune it on the source domain data. We observed sub-optimal perfor-
mance using other pre-trained backbones such as T5 [174] or GPT-2 [173] (Tab. 5.5). Across all
datasets and experiment settings used in this work, we feed the raw text descriptions directly
into the sentence classifier network without any preprocessing or manual curation. We observed
remarkable robustness of the trained classifier in handling several challenges posed by unfiltered
text, including their variable lengths across images, language barriers prevalent in geographi-
cally diverse data, unrelated tags and descriptions commonly found in web-sourced images or
potentially imperfect captions from state-of-the-art captioning models.

To further illustrate our motivation to use text classifier for label transfer, we show the
tSNE visualizations of the feature embeddings derived from a source-trained sentence classifier,
and compare them to the features derived from a source-trained image classifier in Fig. 5.3.
Evidently, the features computed using the text classifier (Figs. 5.3c and 5.3d) are well-separated
(more intra-class separation) and well-aligned (less inter-domain separation) compared to image
classifier (Figs. 5.3a and 5.3b) further validating our hypothesis that the text descriptions of

same-class images from both within and across domains lie close to each other.
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(c) (d

Figure 5.3. tSNE visualization of cross-domain features on GeoNet. We show improved
domain-alignment with better class-separation in source and target when extracting features
from a text-classifier (Figs. 5.3c to 5.3d) compared to features from image-classifier (Figs. 5.3a
to 5.3b) highlighting better transferability through text modality. (Source in orange and target in
blue).

Cross-modal supervision transfer

We distill the powerful discriminative knowledge learned from text into images through
cross-modal (text to image) supervision transfer in the target domain. Specifically, we first freeze
the weights of the source-trained BERT classifier % and compute pseudo-labels on all the target

images using their corresponding text descriptions. For an image x} with caption ¢,

9 = argmax %(ck; ¢*), (5.2)
¢

where % is the set of categories in the classification task. Using these predictions, we construct a

pseudo-labeled target dataset, given by D, = {4, 3% }f\i ,- Finally, we combine this pseudo-labeled

1)

target images along with manually labeled source domain images to train an image classifier
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backbone ¥.

argmin  E  Zcg(9(xi;0),yi) +
0 (xiyi)~Ps

E  Zce(¥(xi;0),y) (5.3)

(xi:9i)~
Note that the inference is performed exclusively using the trained image-based classifier ¢ (; 0*)
on image inputs, and neither the text inputs nor the sentence-classifier % is needed or used at

test-time.

5.3.2 Extending LaGTran to Handle Outliers

Owing to the simplicity in the design, LaGTran can easily be extended to the case where
the target domain potentially contains outlier samples from outside the category set, also called
open-world or universal adaptation (UniDA) [254, 191]. While classical transfer necessitates
complete matching between source and target category spaces, open-world transfer relaxes
this requirement, allowing the possibility of encountering images from previously unseen and
outlier categories during test-time in the target domain [254, 191]. The task is then to accurately
classify a test-image into one of % categories shared between source and target domains while
simultaneously detecting outlier images from target private classes. To suit LaGTran for UniDA,
we modify Eq. (5.2) to additionally label predictions made by the text-classifier network 2 with

an outlier class using maximum softmax probability threshold [95] after training.

argmaxq, %(ci;¢*) if maxy, B(cl;0%) > 1
Yi= (5.4)
|€s|+ 1 otherwise,

where 7 is a threshold used to detect outlier samples during inference. We then proceed to
train a downstream classifier on |%’|s+1 classes using data from supervised source and pseudo-

labeled target data from shared classes as well as the outlier class. During inference, we assign
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a test-image to one of the % classes or the special outlier class based on the prediction. We
heuristically choose T = 0.75 and do not ablate on this. We show in Sec. 5.4.4 that this simple
extension yields highest accuracy on the challenging GeoUniDA dataset [109], highlighting the

versatility of LaGTran to handle diverse styles of domain transfer.

5.4 Experimental Results

We first study the effectiveness of LaGTran on standard image datasets (Sec. 5.4.1)
and extensions to open world transfer (Sec. 5.4.4). We then show our results on a new dataset
for transfer between ego-exo views in videos (Sec. 5.4.5) followed by extensive ablations and

insights into our framework (Sec. 5.4.6).

5.4.1 LaGTran for Image Classification

Datasets

We adopt GeoNet [109] and DomainNet [165] datasets which together cover a range of
domain shifts across varying difficulty levels. GeoNet is the largest dataset for domain adaptation
with more than 750k images, proposed to study a practical real-world problem of geographic
disparities in images for two tasks - Geolmnet for image classification from 600 classes and
GeoPlaces for scene recognition from 205 classes. DomainNet is a challenging dataset proposed
for adaptation with 400,000 images from 345 classes. Following prior work [238, 107], we show
our results on all 12 transfer settings from the 4 most studied domains real, clipart, sketch and
painting. We use a ViT-base [61] backbone as the image encoder on the GeoNet, and follow

prior work [270] and use Swin-base backbone [136] for experiments on DomainNet.
Training details

We use a ViT-base [61] backbone as the image encoder on the GeoNet dataset, and follow
prior work [270] and use Swin-base backbone [136] for experiments on the DomainNet data.

Both the backbones are pre-trained on ImageNet-1k, and we add a 2-layer MLP on top of the
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computed features as the classifier head. Across all transfer settings, we train these backbones
for 90,000 iterations using the objective function specified in Eq. (5.3), employing SGD with a
learning rate of 3e-4 and batch size of 64 from each domain, along with a cosine decay schedule.

For the text classifier, We use a pre-trained Distill-BERT [197] model from HuggingFace
as the sentence classification model A(;¢), and fine-tune it for five epochs over the source
domain data using AdamW optimizer with a learning rate of 5e-5 and cosine decay over the
training schedule. We observed sub-optimal performance using other pre-trained backbones such

as T5 [174], GPT-2 [173] or text encoder in CLIP [172] (Sec. 5.4.6).
Source of text supervision

For GeoNet, we use text supervision from the metadata publicly released along with the
dataset, and concatenate the tags, alt-text and free-form captions provided for each image to
create the text descriptions. For the DomainNet dataset, since no associated text descriptions are
provided, we use a BLIP-2 [122] model to generate short captions for each image from all the
domains. Note that our method only requires text during training, and inference is done solely

based on images.
Baselines used for comparison

A possible argument for the effectiveness of text supervision might be the direct presence
of label information in the text description, eliminating the need for any manual supervision at
all. To study this in greater detail, we devise two strong baselines to derive pseudo-labels directly
using the text descriptions in the target without using any source domain data as follows. We
first use a pre-trained Sentence-BERT [181] encoder, and compute the label embeddings of all
the category names as L. € RI?Ixd , where d is the embedding dimension of the sentence encoder,
followed by zero-shot inference using: (i) TextMatch, where we compute the embedding
of each text description ¢} € R!*4 from the target domain, and assign pseudo-label to the

label with the highest similarity score with the text embeddings: y; = argmax (¢! -LT), and
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Table 5.1. LaGTran outperforms all prior methods by >10% on average with the challenging
Geolmnet benchmark with 600 classes and GeoPlaces with 205 classes designed for geographical
transfer (Sec. 5.4.2). All methods use a ViT-B backbone. Tdenotes domain aware-prompting.
Best values in bold, second best underlined. U:USA, A:Asia.

Geolmnet GeoPlaces
U—A A—U U—A A—U

Average

Unsupervised Adaptation

Source Only 52.46 51091 4490 36.85 46.53
CDAN [139] 54.48 53.87 4288 36.21 46.86
MemSAC [107] 53.02 54.37 42.05 38.33 46.94
ToAlign [238] 55.67 55.92 4232 38.40 48.08
MDD [260] 51.57 50.73 42.54 39.23 46.02
DALN [30] 55.36  55.77 41.06 4041 48.15
PMTrans [270] 56.76 57.60 46.18 40.33 50.22

Zeroshot Classification
CLIP' [172] 49.84 53.83 43.41 54.34 50.36

TextMatch 49.68 54.82 53.06 50.11 51.92
nGramMatch 49.53 51.02 51.70 49.87 50.93
LaGTran 63.67 64.16 56.14 57.02 60.24

(i) nGramMatch, where we additionally compute the set of all n-grams {w} for each text
description ¢; for n = {1,2,3,4} and find the embeddings for each of these ngrams separately:
W e RI"IXd The pseudo-label is then assigned to the label with the highest similarity score with
the best matching ngram: y; = argmax | max,, (W -LT). Once the pseudo-labels are generated,
we proceed with training a joint model using Eq. (5.3) as before. In addition to these, we
also compare the zero-shot classification obtained using CLIP [172] with ViT-base backbone.
We adopt domain-aware prompting following prior work [67, 131], where we incorporate the
domain information into the prompt-text (eg: A sketch of a <class> instead of A photo

of a <class> to classify sketch images).

5.4.2 LaGTran Outperforms Prior Works on GeoNet

We present results for GeoPlaces and Geolmnet benchmarks in Tab. 5.1. As noted in

[109], previous UDA methods often fall short of bridging geographic disparities, highlighting the
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Table 5.2. LaGTran sets new state-of-the-art on DomainNet-345 dataset, outperforming prior
methods and baselines in most tasks. All models use Swin-B backbone, and UDA numbers
are taken from [270]. Tdenotes domain aware-prompting. Best values in bold, second best
underlined. R:Real, C:Clipart, S:Sketch, P:Painting.

Source Real— Clipart— Sketch— Painting—
Target C S P R S P R C P R C S Avg.

Unsupervised Adaptation

Source Only 63.02 49.47 60.48 70.52 56.09 52.53 70.42 6591 54.47 73.34 60.09 48.25 60.38
MCD [196] 39.40 25.20 41.20 44.60 31.20 25.50 34.50 37.30 27.20 48.10 31.10 22.80 34.01
MDD [260] 52.80 41.20 47.80 52.50 42.10 40.70 54.20 54.30 43.10 51.20 43.70 41.70 47.11
CGDM [63] 49.40 38.20 47.20 53.50 36.90 3530 55.60 50.10 43.70 59.40 37.70 33.50 45.04
SCDA [123] 54.00 42.50 51.90 55.00 44.10 39.30 53.20 55.60 44.70 56.20 44.10 42.00 48.55
SSRT-B [215] 69.90 58.90 66.00 75.80 59.80 60.20 73.20 70.60 62.20 71.40 61.70 55.20 65.41
MemSAC [107] 63.49 42.14 60.32 72.33 54.92 46.14 73.46 68.04 52.75 74.42 57.79 43.57 59.11
CDTrans [249] 66.20 52.90 61.50 72.60 58.10 57.20 72.50 69.00 59.00 72.10 62.90 53.90 63.16
PMTrans [270] 74.10 61.10 70.00 79.30 63.70 62.70 77.50 73.80 62.60 79.80 69.70 61.20 69.63

Zero-shot Classification
CLIPT [172] 72.39 60.90 66.81 81.37 60.90 66.81 81.37 72.39 66.81 81.37 72.39 60.90 70.38

TextMatch 71.36 64.30 65.32 81.25 65.65 64.85 81.09 72.65 63.94 §81.08 70.84 64.17 70.14
nGramMatch  68.92 59.82 63.15 76.35 61.72 62.87 76.35 69.28 62.51 76.04 68.52 60.52 67.17

LaGTran 77.30 68.25 67.35 81.31 67.03 66.81 80.78 75.62 68.08 79.23 73.80 63.44 72.41

challenge of geographical transfer with image data alone. Notably, LaGTran achieves 60.24%
average Top-1 accuracy on all transfer tasks, beating all previous UDA methods and strong
baselines by significant margins, providing solid validation to our transfer approach using lan-
guage guidance. Specifically, LaGTran outperforms the source-only baseline by ~14% and best
adaptation approach PMTrans [270] by ~10% on the average accuracy, highlighting the natural
benefit conferred by training while leveraging text supervision in source and target domains.
LaGTran even surpasses zeroshot accuracy using domain-aware prompting on CLIP [172] by
~10%, while being trained on order of magnitude fewer data compared to CLIP’s hundreds of
millions of image-text pairs. Remarkably, we also outperform the strongest baseline TextMatch
by ~8%, underlining the fact that in cases when the text descriptions might not always have
embedded label information directly, using labels from a source domain still has significant

advantage.
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Table 5.3. Results on open-world transfer on GeoUniDA shows strong performance of LaG-
Tran even with target outlier classes, achieving the highest H-score. Baseline numbers takes
from [109].

Method Closed Set Acc. Open Set Acc. H-score
Source Only w/MSP 38.00 73.90 50.20
UniDA [254] 27.64 43.93 33.93
DANCE [191] 38.54 78.73 51.75
OVANet [193] 36.54 66.89 47.26
LaGTran 52.98 72.35 61.16

5.4.3 LaGTran is Highly Effective on DomainNet

We summarize the results on DomainNet in Tab. 5.2, where LaGTran yields large
gains over several prior UDA methods and all the competitive baselines, setting new state-
of-the-art on this challenging dataset. Notably, many prior methods return lesser numbers
than directly training on a source model [196, 260, 63, 123], indicating their poor scalability
to natural domain shifts in large-scale data. While more recent innovations in UDA such as
self-training [215] and patch-based mixing [270], as well as zeroshot inference using CLIP
offer improved performance, LaGTran still outperforms these methods on most tasks. Finally,
our superior accuracy compared to both baselines TextMatch and nGramMatch, that employ
target-only pseudo-labeling, underscores the significance of having access to supervised text

data and labels from a source domain for enhanced target accuracy.

5.4.4 LaGTran Improves Transfer with Outliers

We show our results on open-world transfer setting using the GeoUniDA dataset [109],
which examines unsupervised transfer across geographies in the presence of geographically
unique classes in both source and target along with common classes. Specifically, GeoUniDA
contains 62 shared classes between source and target, along with 138 private categories in each
domain. We follow OVANet [193] to adopt the H-score evaluation metric, which gives equal

importance to closed-set and open-set accuracies by measuring the harmonic mean of both. In
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addition to standard works that address outlier detection through universal adaptation [254, 193,
191], we also train a baseline model using only the source domain data performing test-time
outlier detection using MSP thresholding [95]. As shown in Tab. 5.3, LaGTran achieves a
H-score of 61.16%, significantly surpassing the baseline source-only accuracy as well as all prior
universal adaptation approaches by >10%, indicating that language guidance naturally provides

a strong signal to detect target samples while handling outliers in open-set target domain data.

5.4.5 LaGTran for Video Domain Adaptation

So far, we showed the effectiveness of LaGTran for domain transfer for image datasets.
However, videos also provide new challenges for cross-domain transfer, where language guidance
can aid in helping bridge the domain shifts. We next extend these ideas to a new video adaptation

dataset.
Ego2Exo dataset

Despite rapid advances in methods [31, 151, 43, 239] and benchmarks [151, 168] for
video domain adaptation, little insight is available into their ability to address challenging settings
such as transfer between ego (first-person) and exo (third-person) perspectives in videos. While
prior efforts studying ego-exo transfer require paired videos from both views [171, 208] or do
not leverage unlabeled data in the target [125, 158, 251], limited works looked into the aspect of
unsupervised domain transfer from ego to exo views due to the lack of a suitable benchmark.

Therefore, we introduce a new benchmark called Ego2Exo to study transfer between the
ego and exo views in videos. We curate our dataset using the recently proposed Ego-Exo4D [81],
utilizing their keystep annotations for action labels, and atomic descriptions as text supervision.
We manually remap the labels to a coarser hierarchy to ease the difficult task of predicting
very fine-grained action classes from short segments (eg: add coffee beans vs. add coffee
grounds).

Our proposed Ego2Exo consists of video segments labeled with actions from one of the
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24 keysteps, and we split these video segments into two equal groups classwise, and collect
ego-videos from one group and exo-videos from the other to create our adaptation benchmark.
We finally obtain 4100 ego-videos and 4986 exo-videos capturing mutually exclusive actions
and scenes. The atomic action descriptions from all the timestamps within each segment,
whenever available, form the text supervision for that segment. The same procedure applied to
the validation videos yields 3147 segments with both ego and exo views. The distribution of
the duration of segments in the benchmark, along with the label distribution for ego and exo

domains is presented in Fig. 5.4. The final category list in Ego2Exo is as follows:

Cook
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Make chai tea
Make milk tea
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Figure 5.4. Dataset Statistics for Ego2Exo: Fig. 5.4a Shows the distribution of segment
durations of action videos from Ego2Exo which range from 0.4sec-1min. Fig. 5.4b shows the
long-tail of category distribution in Ego2Exo indicating the challenge in robust classification and
transfer.

Curating the dataset

To provide text supervision to our algorithm, we use the atomic action descriptions
provided in Ego-Exo04D dataset. These descriptions provide a narrative of the events in the video,
presented in free-form text from the perspective of a third-party observer. Unlike keystep labels,
which are defined between specific start and end times within a video, these text descriptions
are associated with distinct timestamps, or a single point in time within the video. To create
correspondence mapping between the keystep segments and text descriptions, we adopt the
method outlined in EgoVLP [127] as follows: to generate a text description for a segment, we
compile all text descriptions that fall within the timestamps defined by the start and end times
of that segment. If multiple timestamps exist, we concatenate the corresponding texts; if no
timestamps are available, we include no associated text with the segment. Furthermore, we
concatenate the annotations provided by multiple annotators in creating the text description.

Our proposed Ego2Exo consists of video segments labeled with actions from one of
the 24 keysteps, with corresponding text descriptions for each segment. We split these video
segments into two equal groups classwise, and collect ego-videos from one group and exo-videos
from the other to create our adaptation benchmark. The same procedure applied to the validation

videos yields 3147 validation segments with both ego and exo views. An illustration of the
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Label: Brew Coffee Label: ?

...... Prepare the water. ... Prepare water for
Bring a kettle of water brewing. Steep the
to boil.. grounds...

Figure 5.5. Illustration of transfer setting in Ego2Exo Our Ego2Exo benchmark studies
domain transfer between the ego and exo modalities in videos. We provide textual descriptions
of the actions to serve as the language supervision for each snippet of video.

transfer setting in Ego2Exo is presented in Fig. 5.5.
Training details for videos

We use the pre-computed Omnivore-base [74] features which are provided along with
the EgoExo04D dataset for training and evaluation. Since different keysteps may be represented
by largely different timespans (Fig. 5.4a), we collect all features that fall within the start and
end times of a segment, and pool these features together to form a 1536-dimensional feature
representation of that segment. We then train a 2-layer MLP classifier on top of these features,
using the labeled source feature as well as pseudo-labeled target features following Eq. (5.3).
Note that this training strategy is equivalent to training an MLP classifier on top of frozen
Omnivore backbone. For fair comparison, we follow the same strategy for training all the other
baselines as well as prior adaptation methods. For methods that require a temporal sequence of
features [239, 31], we sample 8 equally spaced features from the complete set of segment features,
and use this feature sequence as input. We follow similar strategy for evaluation, and use features

pre-extracted from the validation videos for testing. We use the top-1 accuracy on the validation
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Table 5.4. Results on Ego2Exo benchmark LaGTran achieves the highest accuracy compared
to prior video UDA methods as well as zeroshot video-text pre-trained models. Best values in
bold, second best underlined. All methods use pre-extracted omnivore-base features, EgoVLP
and LaVILA use Timesformer-base backbone.

Ego—Exo Exo—Ego Avg.

Unsupervised Adaptation

Source Only 8.39 15.66 12.03
TA3N [31] 6.92 27.95 17.44
TransVAE [239] 12.06 23.34 17.70
Zero-shot Video Recognition

EgoVLP [127] 5.89 19.35 12.62
LaVILA [263] 5.86 23.16 14.51
TextMatch 10.36 13.57 11.97
nGramMatch 11.50 15.46 13.98
LaGTran 12.34 30.76 21.55
Target Sup. 17.91 33.19 25.55

set for evaluation. We compare LaGTran for video with prior UDA approaches [28, 239] as well

as Video-CLIP based methods with domain-aware prompting [127, 263].
LaGTran efficiently handles cross-view transfer in videos

Firstly, we highlight the importance of studying robustness across ego and exo views in
Tab. 5.4 by examining the ego-test accuracy of a model trained directly on ego videos, which
achieves 33.19%, compared to a model transferred from exo-videos, which only achieves 15.66%.
Similarly, a model trained on ego videos achieve only 8.4% for recognition in exo view, compared
to a potential 17.91% achievable by training directly on exo videos, indicating a significant
domain shift. Current state-of-the-art video adaptation methods [239] yield limited gains to
bridge these gaps, highlighting the need for novel approaches to address this challenge. Moreover,
zeroshot video classification accuracy using EgoVLP [127] and LaVILA [263] also show limited
gains. Notably, LaGTran which efficiently leverages action descriptions available alongside the

videos, achieves an accuracy of 21.55% on average significantly outperforming the source-only
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Figure 5.6. Impact of the amount of text supervision on the target accuracy. LaGTran
outperforms strong UDA methods while requiring text supervision from only 20% of samples in
GeoNet and 50% in DomainNet, with potential for further enhancement with increased text data.

baseline by 9% and prior adaptation methods by >4%. LaGTran also outperforms pseudo-
labeling using nGramMatch or TextMatch, as the text descriptions, independently developed
from keystep labels, often lack utility for deciphering the action category labels on their own.
We also note the substantial scope for further improvement in future, both in terms of the low

within-domain accuracy as well as the remaining gap to supervised target accuracy.

5.4.6 Analysis and Ablations

How much text supervision is needed for LaGTran?

Since natural language supervision is fundamental to LaGTran, we analyze the impact
of the amount of supervision available on the eventual target accuracy. We retrain LaGTran
by assuming text supervision from only (% of images in both source and target domains,
where u = {10,20,30,50,75,100}%, and simply discard the target images that do not have
corresponding textual supervision. As shown in Fig. 5.6, LaGTran outperforms image-only
method PMTrans [270] even with just 20% text supervision in GeoNet( Fig. 5.6a) and 50% in
DomainNet( Fig. 5.6b), indicating its high data efficiency. Notably, the graph remains unsaturated,
suggesting the potential for further improvement through the collection of more cheaply available

text supervision in the target domain.
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Table 5.5. Comparison of text-classifier backbones using text-classification accuracy on
GeoNet and DomainNet datasets. BERT backbone outperforms other text-pretrained backbones
and vision-language pre-trained CLIP-T.

Model params (M) Geolmnet GeoPlaces DomainNet
T5-small [174] 60.87 73.93 63.61 68.57
CLIP-T [172] 63.16 79.87 66.45 71.15
GPT-2 [173] 124 77.88 66.65 69.60
DistilBERT [56] 67.1 83.53 69.31 71.43

Effect of text classifier backbone.

We compare different choices of text classifiers such as DistilBERT [197], T5-Small
[174], GPT2 [173] as well as text branch of CLIP [172] (CLIP-T) using text-classification accu-
racy on our datasets. We refer readers to the respective papers for details on their architectures
and pre-training datasets. From Tab. 5.5, DistilBERT yields best text-classification accuracy on
all our three benchmarks, outperforming text-only models like TS and GPT?2. Despite large-scale

vision-language pre-training, CLIP-T did not yield substantial benefits.
Nearest neighbors using image and text features.

We show the top-2 nearest neighbor retrievals using text-features computed from source-
trained text-classifier as opposed to image-features in Fig. 5.7. We observe more robust retrievals
based on text-features corresponding to the captions of the images, rather than the images directly
signifying the reduced domain gap in the text space. We also note a failure case in the last row of
Fig. 5.7, where neither the text features nor the image features could retrieve the image from the

correct class church.
Importance of source domain images.

While the majority of our accuracy gains stem from the text guidance, the source domain
images providing noise-free supervision are also important in learning strong models on the

target domain. We observed that joint training using source and pseudo-labeled target yields
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Figure 5.7. Visualization of nearest neighbors of the leftmost source image, using text-trained
and image-trained features, along with ground truth labels for each image from GeoNet. We
observe better “same-class” retrievals using text-captions due to reduced domain gap, as opposed

to images.

improvements of 1.57% for DomainNet and 0.8% on Ego2Exo benchmarks compared to target-

only training. More importantly, training jointly on source and target allows deploying a single

joint model across both domains as opposed to domain specific models, greatly optimizing

inference costs.
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5.5 Summary

We introduce a novel framework called LaGTran to use readily available text supervision
and enhance target performance in unsupervised domain transfer scenarios. We first start with
the observation that traditional domain alignment approaches yield limited benefits beyond
well-understood domain shifts, followed by insights that language provides a semantically
richer medium of transfer with reduced domain gaps. This leads to a language-guided transfer
mechanism where we train a text classifier on language descriptions from a source domain
and then use its predictions on descriptions from a different target domain as supervision
for the corresponding images. Despite being conceptually simple and straightforward, we
show the remarkable ability of our method to outperform competitive prior approaches on
challenging benchmarks like GeoNet and DomainNet for images and proposed Ego2Exo for
videos. Through an emphasis on cost-effective or easily producible text supervision, we open
new possibilities for advancing domain transfer in scenarios with limited manual supervision.
Although LaGTran achieves state-of-the-art performance across all studied datasets, it relies on
external vision-language models for textual guidance in the absence of metadata, potentially
constraining its applicability in scenarios where the pre-trained VLM models fail to offer reliable
and discriminative text supervision. Additionally, while exhibiting fewer domain discrepancies,
there remain non-trivial gaps even within the text modality that may reduce the accuracy of
pseudo-labels in the target domain, which can be potentially addressed by incorporating text-
adaptation mechanisms into our framework[102].

This chapter is a reprint of the material as it appears in “Tell, Don’t Show!: Language
Guidance Eases Transfer Across Domains in Images and Videos” by Tarun Kalluri, Bodhisattwa
Prasad Majumder, and Manmohan Chandraker, which was published in Proceedings of the
International Conference on Machine Learning, 2024. The dissertation author was the primary

investigator and author of this paper.
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Chapter 6

Revisiting Common Assumptions in Un-
supervised Domain Adaptation Using a
Standardized Framework

In order to truly understand the utility of various domain adaptation algorithms, it is
imperative to conduct fair training and standardized evaluation among all the current methods.
In this chapter, we highlight our efforts towards this objective, where we develop UDA-Bench,
a novel PyTorch framework that standardizes training and evaluation for domain adaptation
enabling fair comparisons across several UDA methods. Using UDA-Bench, we conduct
comprehensive empirical study into the impact of backbone architectures, unlabeled data quantity,
and pre-training datasets revealing that: (i) the benefits of adaptation methods diminish with
advanced backbones, (ii) current methods underutilize unlabeled data, and (iii) pre-training data
significantly affects downstream adaptation in both supervised and self-supervised settings. In
the context of unsupervised adaptation, these observations uncover several novel and surprising
properties, while scientifically validating several others that were often considered empirical
heuristics or practitioner intuitions in the absence of a standardized training and evaluation

framework.
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Figure 6.1. A summary of our contributions though UDABench. We examine the effective-
ness of SOTA UDA approaches using our proposed framework UDA-Bench by revisiting the
role of backbone architectures (Fig. 6.1a, Sec. 6.4.1), unlabeled data (Fig. 6.1b, Sec. 6.4.2) and
pre-training data (Fig. 6.1c, Sec. 6.4.3) with several useful observations.

6.1 Introduction

Deep neural networks for image classification often suffer from dataset bias where
accuracy significantly drops if the test-time data distribution does not match that of training,
which often happens in real-world applications. To overcome the infeasibility of collecting
labeled data from each application domain, a suite of methods have been recently proposed
under the umbrella of unsupervised domain adaptation (UDA) [97, 138, 142, 20, 21, 139, 69,
195, 196, 260, 98, 248, 104, 207, 110, 238, 107, 106, 15, 269] that allow training using only
unlabeled data from the target domain of interest while leveraging supervision from a different
source domain with abundant labels.

These UDA methods have been greatly successful in improving the target accuracy
on benchmark datasets under a variety of distribution shifts [187, 166, 230, 24, 165]. While
literature in the area has predominantly focused on proposing new algorithms or loss functions, a
holistic understanding of several fundamental assumptions that influence real-world effectiveness
of domain adaptation has been lacking. In this work, we address this through a large-scale

empirical study of three major factors that potentially influence performance the most, namely,

1. Choice of backbone architecture: With recent advances in architecture designs such as

vision transformers [61, 222, 136] and improved CNNs [137] we study which architectures
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suit domain transfer, and verify compatibility of existing adaptation methods with these

backbones.

2. Amount of unlabeled data: Since the promise of unsupervised adaptation rests on its
potential to leverage unlabeled target domain data, we study how much unlabeled data can

really be digested by the adaptation methods.

3. Nature of pre-training data: We examine whether pre-training the backbone on simi-
lar data as the downstream adaptation task is more beneficial than commonly adopted

ImageNet pre-training across several supervised and self-supervised pre-training strategies.

We believe that such insights into the behavior of UDA methods have been previously
hindered due to varying choices of adaptation-independent factors like initialization, learning
algorithm and batch sizes. To address this, we first propose UDA-Bench, a new PyTorch
framework that standardizes these factors across multiple UDA methods and offers a unified
training and evaluation platform for unsupervised adaptation. Using this framework, we study
various UDA methods for image classification under different factors of variation. Among prior
works which shared similar motivations as ours [114], the absence of standardized evaluation
limits fair comparisons between UDA methods, where our distinction lies in establishing such a
framework for consistent UDA training and evaluation. Through our analysis, we discover several
new insights, while scientifically validating several phenomenon which were only considered
empirical heuristics or practitioner intuitions due to the lack of a standardized approach. These

are outlined in Fig. 6.1, and can be summarized as follows:

1. Recent advancements in vision transformers such as Swin [135] and DeiT [223] exhibit
superior robustness against diverse domain shifts when compared to the conventional
choice of ResNet-50 (see Tab. 6.1). However, incorporating these advancements into
current UDA methods tends to diminish their benefits, leading to significant changes to the

relative ranking among the methods. As a result, older and simpler UDA methods often
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achieve comparable or even superior accuracies compared to more recent methods (see

Fig. 6.3 and Sec. 6.4.1).

. Reducing the amount of unlabeled target data by up to 75% resulted in only a 1% decrease
in target accuracy across all UDA methods studied (see Fig. 6.4), suggesting that that
current UDA methods saturate quickly, and are not well-equipped to exploit the increasing
availability of inexpensive unlabeled data (see Sec. 6.4.2). This observation also contra-
dicts the prevailing theory underpinning modern UDA research proposed in Ben-David et.
al. [12], which suggests an inverse relation between the amount of unlabeled target data

and target error, highlighting the discrepency between theory and practice.

. Pre-training data matters for downstream adaptation, but in different ways for supervised
and self-supervised pre-training. In supervised setting, pre-training on similar data as the
downstream adaptation task significantly improves the accuracy compared to standard

ImageNet pre-training (see Tab. 6.2).

. In self-supervised setting, object-centric pre-training datasets enhance accuracy for object-
centric adaptation, while scene-centric pre-training datasets are better suited for scene-
centric tasks (see Tab. 6.3). This trend holds across different types of pre-text tasks in

self-supervised pre-training (see Sec. 6.4.3).

Through a comprehensive analysis using our unified training and evaluation framework,

our recommendations serve a dual purpose - enabling researchers in identifying future oppor-

tunities for developing more effective adaptation algorithms with fair comparisons, as well as

guiding practitioners in maximizing the benefits derived from current UDA methods.

We build our codebase using PyTorch following several open-source deep-learning

libraries like Detectron [244] and PyTorch3D [177]. The overarching motivation in designing

UDA-Bench is to standardize evaluation and training of existing unsupervised adaptation methods

to facilitate fair comparative studies like ours, while also enabling quick prototyping and design
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of new adaptation methods in the future. UDA-Bench is designed to be flexible to incorporate
newer architecture backbones, classifier modules, optimizers, loss functions, dataloaders and
training methods with minimal effort and design overhead, allowing researchers to build upon
existing adaptation methods to develop new innovations in unsupervised adaptation.

Our framework is publicly available to continue improving our understanding of UDA

methods.

6.2 Relation to Prior Literature

While the primary focus of most works in unsupervised adaptation is on algorithmic
innovations to improve adaptation, our emphasis throughout this chapter lies in identifying
several key method-agnostic factors that impact performance of UDA methods, and conducting
a comprehensive empirical study along these factors for a better understanding of these methods.

Many recent works aim to enhance our understanding of the factors impacting the
success of state-of-the-art methods through carefully crafted empirical analysis. A common
theme in these works is to keep the algorithm itself fixed, but study several other factors
which hold non-trivial importance in determining the performance of the algorithm. Within
computer vision, these works span the areas of semi-supervised learning [159], SLAM [156],
metric learning [152, 185], transfer learning [146], domain generalization [84], optimization
algorithms [41], few-shot learning [33], contrastive learning [46], GANs [143], fairness [77] and
self-supervised learning [78, 157, 75]. Prior works also established standardized benchmarks to
facilitate fair comparisons and quick prototyping [152, 217, 156]. Our work follows suit, where
we develop a unified framework for UDA methods, and devise a controlled empirical study to
revisit several standard training choices in unsupervised adaptation.

The works closest to ours in domain adaptation are [114], which carries UDA study
but without a unified training framework, [154, 153], which study UDA methods through fair

validation methods and [112] which studies adaptation for video segmentation. Different from
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these, our work lays emphasis on several other key factors that impact adaptation such as
architectures, quantity of unlabeled data and nature of pretext data used in pre-training through

design of a new standardized evaluation framework.

6.3 Analysis Setup

The task of unsupervised domain adaptation (UDA) aims to improve performance on a
certain target domain with only unlabeled samples (D;={X; }) by leveraging supervision from
a different labeled source domain Dy={Xj,ys}. We assume that the source images are drawn
from X;~P;, and target images from X;~F;. We assume a covariate shift [12] between the
domains, which arises when P;#P;, although other forms of shift have also been studied in
literature [216, 7, 70, 2]. The task of UDA is then to learn a predictive model using {Xj, X;,y;} to
improve performance on test samples from the target domain F;. While recent literature focuses
on novel training algorithms or loss functions to improve transfer, we instead aim to study
their effectiveness under several important but often overlooked axes of variations pertaining to

backbone architectures, unlabeled data quantity and backbone pre-training strategies.

6.3.1 The Need for UDA-Bench Framework

Ensuring fair comparisons between different UDA methods necessitates controlling
algorithm-independent factors during training and inference. However, we identify a problematic
practice in most UDA methods where they are trained on different frameworks with different
choices in various training hyper-parameters and settings, making fair comparison across these
works difficult. To highlight this issue, we compute the plain source-only accuracy using original
code-bases of various UDA algorithms in Fig. 6.2. Essentially, we take the open-source code base
for the methods, switch off all the adaptation losses, and train the model only on the source dataset
to compute the target accuracy. Ideally, this accuracy, which acts as the baseline, should be the
same across all the methods since it is independent of any adaptation. In practice, however, we

observe that this baseline accuracy varies significantly between various UDA codebases, pointing
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Figure 6.2. Need for UDA-Bench. We illustrate the disparity between various codebases
proposed for prior UDA methods by highlighting the different accuracy numbers obtained for
a plain source only model. Computed without any adaptation, it should ideally match across
implementations which is clearly not the case. To enable fair comparisons across UDA methods,
we propose UDA-Bench, a new PyTorch framework to standardize training and evaluation across
various methods.

to an underlying discrepency in various training choices adopted by these works unrelated to
the adaptation algorithm itself. For example, unique to the respective methods, MDD [260]
uses a deeper MLP as a classifier, MCC [104] uses batchnorm layers in the bottleneck layer,
CDAN [139] uses 10-crop evaluation and AdaMatch [15] uses stronger augmentation on source
data.

To alleviate this issue, we create a new framework in PyTorch [163] for domain adap-
tation called UDA-Bench and implement several existing methods in this framework. Our
framework standardizes different UDA methods with respect to adaptation-independent fac-
tors such as learning algorithm, network initialization and batch sizes while simultaneously
allowing flexibility for incorporating algorithm-specific hyperparameters like loss coefficients
and custom data loaders within a unified framework. All our comparisons and analyses in the
current chapter are implemented using this framework, while using the same adaptation-specific
hyperparameters proposed in the original papers in our re-implementation. We also verified that
our re-implementations reproduced the original accuracies when using the hyper-parameters

from the respective codebases. UDA-Bench, along with all our implementations, is publicly
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released to the research community to enable fair comparisons and fast prototyping of UDA

methods in future works.

6.3.2 Axes of Variation

We choose backbone architecture (Sec. 6.4.1), amount of unlabeled data in the target
(Sec. 6.4.2) and the nature of data/algorithm used in pre-training the backbone (Sec. 6.4.3) as
the different axes of variation in our study. The deliberate focus on backbone, data size, and
pre-training factors is driven by the recognition that these factors hold the most potential to
influence deep learning training in general and UDA algorithms in particular, while also being
the most understudied in prior UDA literature. By analyzing these factors, we seek to offer
insights into salient properties of UDA and provide practical guidance for enhancing accuracy

through optimal design choices.

6.3.3 Adaptation Methods

The selection of methods in our comparative study is not intended to be exhaustive
of all the adaptation methods proposed in the literature thus far. Instead, we aim to provide
a representative sample of works spanning a diverse range of model families from standard
to state-of-the-art, although our inferences should readily transfer to any UDA method. In
particular, the types of UDA methods we study include adversarial (DANN [69], CDAN [139]),
non-adversarial (MDD [260], MCC [104], DALN [30]), consistency-based (MemSAC [107],
AdaMatch [15]), alignment-based (ToAlign [238]) and pseudo-label based [269] methods.

6.3.4 Adaptation Datasets

Following popular choices in UDA literature, we use visDA [166], OfficeHome [230],
DomainNet [165] and CUB200 [233] datasets in our analysis. VisDA studies synthetic to real
transfer from 12 categories, OfficeHome contains 65 categories across four domains, DomainNet

contains images from 345 categories from 6 domains while CUB200 is designed for fine-grained
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adaptation.

6.3.5 Evaluation Metrics

We report results using the accuracy on the test set of the target domain while correcting
for a problematic practice in prior literature. In most prior works using OfficeHome and CUB200
datasets, the same set of data doubles up as the unlabeled target used in training as well as the
target test set used to report the results. To avoid possible over-fitting to target unlabeled data,
we create separate train and test sets for these datasets (using a 90%-10% ratio), and use images
from train set as labeled or unlabeled data during training and report final numbers on the unused
test images. While this could lead slightly different numbers from those reported in the original

papers, it also leads to fair comparison with the source-only baseline.

6.3.6 Hyper-parameters

In all our re-implementations of prior works, we use the default hyperparameters sug-
gested by the original methods to keep the number of experiments manageable. Each method
in the unlabeled data volume study (Sec. 6.4.2) takes about 24 hours to run on an NVIDIA
A10 GPU, so 8 methods, across 4 settings, 6 data fractions and 3 random trials costs ~14000
GPU hours. Likewise, the experiments in Sec. 6.4.1 cost 18640 GPU hours and Sec. 6.4.3 cost
about 17356 GPU hours (including the pre-training). Incorporating experiments to seek optimal
hyperparameters for several UDA methods on top of this would have incurred impractical levels

of expenses.

6.4 Methodology and Evaluation

6.4.1 Which Backbone Architectures Suit UDA Best?

Motivation

Although ResNet-50 [90] backbone is a widely adopted standard in domain adaptation
research [139, 196, 194, 15, 107, 238], several recent architectures [61, 222, 137] have emerged
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Table 6.1. Comparison of domain robustness of various vision architectures on standard
adaptation datasets. We use the source accuracy (A,) and the target accuracy (A;) of a model
trained only on source data to calculate the relative drop in accuracy (05, =100 % (A; — A;) /A,
lower the better). Swin transformer shows consistently better robustness to domain shifts on
several benchmarks.

Model ResNet-50 Swin-V2-t ConvNext-t ResMLP-s DeiT3-s ResNet-50 Swin-V2-t ConvNext-t ResMLP-s DeiT3-s
#Params 24.12M 27.86 M 28.10 M 29.82M  21.86 M 24.12M 27.86 M 28.10M 29.82M 21.86 M
DomainNet (R—C) CUB200 (CUB—Draw)
Source Accuracy (Ay, 1) 81.86 85.99 84.37 82.68 84.52 81.00 87.75 85.88 84.62 88.12
Target Accuracy (A, 1) 44.85 55.51 50.80 46.62 50.75 52.60 58.90 52.74 53.41 56.36
Relative Drop (oy, |) 45.21 35.45 39.78 43.61 39.95 35.0 32.88 38.50 36.88 36.05
Abs. Drop (A — A, |) 37.01 30.48 33.57 36.06 33.77 28.40 28.85 33.14 31.21 31.76
OfficeHome (Ar—Pr) GeoPlaces (USA—Asia)
Source Accuracy (As, 1) 60.10 76.17 74.72 69.69 71.76 57.17 63.11 60.39 58.99 61.65
Target Accuracy (A4,,1) 53.33 72.56 70.77 65.90 67.18 36.12 42.53 40.30 38.11 40.34
Relative Drop (oy, |) 11.26 4.74 5.29 5.44 6.38 36.82 32.61 33.27 35.40 34.57
Abs. Drop (A, — A, ]) 6.77 3.61 3.95 3.79 4.58 21.05 20.58 20.09 20.88 21.31

as feasible alternatives with better performance. While a more recent method PMTrans [269]
adopts a ViT backbone, all the prior methods were still compared using a ResNet-50 backbone.
Therefore, we aim to study if the recent advances in vision transformers confer additional benefits
to cross-domain transfer, and how ViT-specific methods [269] compare to classical methods
while using a same backbone. While robustness properties of vision transformers to adversarial
and out-of-context examples have been widely studied [9, 17, 206, 261, 268], our analysis differs
from these by focusing on the cross-domain robustness properties of these architectures on
standard UDA datasets and investigating their potential as an improved backbone for UDA

methods.
Experimental setup

Along with ResNet-50, we choose four different vision architectures which showed great
success on standard ImageNet classification benchmarks: DeiT [222], Swin [136], ResMLP
[221], and ConvNext [137]. We use newer versions of DeiT (DeiT-11I [222]) and Swin (Swin-
V2 [136]) as they have better accuracy on ImageNet. We use the variants of these architectures
which roughly have comparable number of parameters as ResNet-50, namely DeiT-small, Swin-
tiny, ResMLP-small and ConvNext-tiny. All of them are pre-trained on ImageNet-1k, so their

differences only arise from specific architectures. We use all pre-trained checkpoints from the
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timm library [241].

Across the architectures, we uniformly use a batch size of 32, SGD optimizer with an
initial learning rate of 0.003 and cosine decay. For data augmentation, we first resize the images
so that the shorter size is 256 and then choose a random 224 x 224 crop followed by random
horizontal flip. However, we use a crop size of 256 instead of 224 for Swin transformer due to
its input size. We train the networks for a total of 75k iterations on DomainNet and CUB200
with validation performed at every 5k steps, and for 30k iterations on the smaller OfficeHome
dataset with validation at every 500 steps. We use early stopping on the test set to choose the
best accuracy.

For the classifier, we use a 2-layer MLP with a hidden dimension of 256. The input
dimension for the MLP, though, varies depending on the output dimension of the backbone
architecture used. For Resnet-50, it is 2048, for Swin-t and ConvNext-t it is 768 and for Deit-s

and ResMLP-s it is 384.
Newer architectures show better domain transfer

For a model trained only on source-domain data (no adaptation), we use the accuracy on

the source test-set (Ay) and the accuracy on the target test-set (A;), to define relative cross-domain

accuracy drop Gs,:’%‘; % 4 100. While this metric is sensitive to the absolute value of the source

accuracy (Ay), we nevertheless find that it serves as a good indicator of cross-domain robustness.
Additionally, we also show the absolute accuracy drop from source to target (A,—A;) to discount
the effect of original source accuracy. From Tab. 6.1, vision transformer architectures have the
least value of oy (least cross-domain drops) indicating better robustness properties compared
to CNNs or MLPs. Specifically, Swin-V2-t pre-trained on ImageNet-1k showed least relative
drop (0Oy) across all the datasets. Notably, on Real—Clipart from DomainNet, using Swin
backbone with plain source-only training alone yields 55.5% accuracy, which is already higher
than SOTA UDA methods that use ResNet-50 (54.5%) [107], indicating that using an improved

backbone may have the same effect as using a complex adaptation algorithm on the target
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accuracy. While the general competence of ViT-backbones is well known, our study confirms
that these improvements also extend to the case of out-of-domain robustness. We also observe
that the relative ranking of different architectures widely varies across datasets, highlighting that

the type of domain transfer influences domain robustness.
UDA gains diminish with newer architectures

We next ask the question if these benefits are complementary to the UDA method
itself, and explore the viability of incorporating these advanced architectures into existing UDA
methods. From Fig. 6.3, we observe that most methods do yield complimentary benefits over a
source-only trained baseline even with newer architectures, but the relative improvement offered
by UDA methods over this baseline tends to diminish when using better backbones. Looking at
the relative gain in accuracy over a source-only baseline, on Real—Clipart in Fig. 6.3a, the best
adaptation method provides 20% relative gain over the baseline using ResNet-50, which falls to
just 7% with Swin and 10% with DeiT backbone. Similarly, the relative gains offered by best
UDA methods fall from 18% with ResNet-50 to 8% using Swin on Art—Product in Fig. 6.3d.
These observation also holds for visDA Fig. 6.3b and CUB200 Fig. 6.3c datasets. The trends
using the absolute accuracy drop also remain the same, while the relative drop further accounts
for the strong source domain accuracy using advanced backbones. These results seem to suggest
that the impact of many UDA methods is not really independent of the backbone used, and often
tends to diminish in presence of better backbones which have better domain robustness properties.
Furthermore, the relative ranking of the best adaptation method and backbone changes across
datasets, and is not consistent. For example, an older and simpler method like CDAN gives best
accuracies in Fig. 6.3a with Swin, ConvNext and DeiT, while MCC outperforms other methods
with a ResMLP backbone.

While prior works like [114] only show this trend for classical UDA methods [139, 196]
without using a standardized framework, we additionally show that this issue extends to more

recent state-of-the-art UDA algorithms [238, 30, 107] as well, including methods using vision
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Figure 6.3. Better backbones diminish gains from UDA. For each UDA method, we show
the gain in accuracy relative to a baseline trained only using source-data. Across datasets, we
observe that benefits offered by UDA approaches over the baseline diminish with backbones that
have improved domain-robustness properties.
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transformer backbones [269] using the proposed UDA-Bench, yielding several novel observations.
For instance, we show in Fig. 6.3 that the current SOTA method PMTrans [269] performs worse
than DALN on CUB200 and CDAN on DomainNet when all of them use the same DeiT backbone,
highlighting the key need to standardize backbones and architectures before comparing different

methods.

6.4.2 How Much Unlabeled Data Can UDA Methods Use?

Motivation

Although UDA holds great potential in leveraging unlabeled data from a target domain
to enhance performance, an insight into their scalability properties in relation to the quantity of
unlabeled data is lacking. These scaling properties are important to inform us which method has
the greatest potential to improve performance when more unlabeled data becomes accessible,

motivating us to study how much unlabeled data do UDA methods actually consume.
Experimental Setup

To study the effects of data volume, we sample {1, 5, 10, 25, 50, 100} % of the data from
the target domain and run the adaptation algorithm using each of these subsets as the unlabeled
data. We repeat the experiment with three different seeds in each case and report the mean
accuracy to eliminate sampling bias. To avoid tail effects, we perform stratified sampling so that
the label distribution is constant across all the subsets. Specifically, we sample x% of data from
each category individually which helps to preserve the tail properties of the resulting sub-sampled
dataset. We also make sure that all categories have at least 1 image in the sub-sampled dataset.
Note that the label information in the target is used only during sampling, but not during training.
We note the possibility of hyper-parameter sensitivity to the amount of target unlabeled data,
but do not preform any additional tuning to keep the number of experiments manageable. We
restrict to using DomainNet and VisDA in our analysis as those are the largest available datasets

for domain adaptation. The already tiny data volume in OfficeHome and CUB200 prevents their
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use in a scalability study like this.
UDA accuracy does not increase with more unlabeled data.

Remarkably the trends from Fig. 6.4 indicate that on all the settings the accuracy achieved
by the unsupervised adaptation saturates rather quickly with respect to the unlabeled data. This
trend holds for almost all of the studied adaptation methods, including adversarial [139], non-
adversarial [15], consistency based [107] and pseudo-label based [269] methods. The gains
remain less than 2% in most cases even when scaling unlabeled data four-fold (from 25% to
100%). For example, on R—C (Fig. 6.4a), the accuracy achieved at using just 25% of the
unlabeled data is within 1% of the accuracy obtained at 100% of the data using any adaptation
method. In P—R, (Fig. 6.4b) the accuracy plateaus much earlier, at around 10 — 15% of the
unlabeled data. Similar results are observed using a different backbone like DeiT with a purely
transformer-based method PMTrans [269] (Fig. 6.4d), where the performance saturates after
using only 10% of the unlabeled data. These results suggest that even in cases where abundant
unlabeled data becomes available, current UDA methods cannot leverage the potential benefits
of this data to enhance performance.

Furthermore, we juxtapose this observation with a similar ablation using source labeled
data, and identify that source supervision has a more pronounced effect on the target accuracy
than target unlabeled data. Specifically, we use {1,5, 10,25,50, 100} % of source labels and train
the UDA methods on each subset. We run three random seeds and plot the mean accuracy in
Fig. 6.5. We observe that the scaling trends of target accuracy with respect to source labeled data
are much more favorable towards improving performance. For example, doubling the number
of source labels from 50% to 100% improves target accuracy by ~ 9% on average across UDA
methods. In contrast, the improvement in doubling the target unlabeled data from 50% to 100%
is less than 0.5% on average. This confirms the fact that labels have a more pronounced impact
on target accuracy even when they arise from a different domain, compared to unlabeled data

from the same domain.
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Figure 6.4. How much unlabeled data can UDA methods use? Across different adaptation
datasets and backbones (Resnet50 in a, b, ConvNext in ¢ and DeiT in d), we find that the
performance of several UDA methods saturates quickly with respect to amount of target data,
showing their limited efficiency in utilizing the unlabeled samples. In most cases, using only
25% of the data results in < 1% drop in accuracy.

Investigating poor data efficiency of UDA methods

We hypothesize that the main reason behind poor unlabeled sample efficiency is the
underlying adaptation objective employed, which fails to effectively utilize growing amounts
of unlabeled data. As an example, we take the objective of domain classification, which forms
the backbone of several adversarial UDA methods [69, 139], and examine its data efficiency.
We plot the accuracy of the domain discrimination objective itself against the quantity of
unlabeled samples in Fig. 6.6a for different settings from DomainNet. We notice that the domain
classification accuracy reaches a plateau after using approximately 25% of the data, potentially
explaining the saturation of the adaptation accuracy in methods that rely on this objective for

bridging the domain gap. While this explains adversarial alignment based methods, we posit
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Figure 6.5. Source labels vs. Target unsupervised data We show that collecting more labels
from source dataset, even when it is from a different domain, has a more profound influence on
the target accuracy (a) compared to collecting more unlabeled data from the target domain using
current UDA methods (b). Results shown on Real—Clipart setting from DomainNet dataset.

that similar limitations impact other types of adaptation approaches including self-training,

pseudo-label or consistency-based methods.
UDA empirical data efficiency does not match theory.

The above observation stands in stark contrast to the theoretical framework of domain
adaptation established by Ben-David et al.[12], which underpins several UDA methods. Their
theoretical analysis suggests an inverse relationship between target sample size and target error
(Theorem 2 from [12]), further highlighting the importance of empirical study like ours using

a unified framework like UDA-Bench to understand the bridge between theory and practice.
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Our observation from UDA is also different from prior scalability studies in supervised [213],
weakly-supervised [210] and self-supervised learning [78] literature, where increasing labeled or

unlabeled data significantly enhances performance.
Similar results hold for other sampling techniques

In addition to the class-balanced sampling procedure in Fig. 6.4, we also show results
using two other sampling techniques, random sampling and split-class sampling in Fig. 6.6b and
Fig. 6.6¢ respectively. In Fig. 6.6b, we randomly select x% of images from the whole dataset
without any class-aware sampling, and show the general observation that UDA methods reach a
performance plateau after utilizing a limited amount of unlabeled data holds, where using only
50% of the unlabeled data resulted no drop in performance for most of the methods. In Fig. 6.6c,
we adopt a split-class sampling technique, where we first randomly select half the classes, and
remove 2x% of data from these classes while keeping images from the rest of the classes the
same. This sampling technique would reveal insights into scenarios where the tail properties of
the category distribution exhibit significant skewness, and adding unlabeled data translates to
correcting the skewed tail property of the dataset. However, the gains yielded from adding more
unlabeled data is still limited. Even when the overall trends look positive with non-saturated
performance, the absolute gain is still less than 2% while doubling the amount of unlabeled data

from 50% to 100%, matching the observations made with other sampling techniques.

6.4.3 Does Pre-training Data Matter in UDA?

Motivation

Following recent works that reveal the importance of pre-training data in influencing
downstream accuracy [46], we revisit a standard practice in UDA to adopt ImageNet pre-trained
backbone irrespective of the downstream adaptation task. While Kim et al. [114] share similar
motivations as ours, a notable distinction lies in their focus on scaling pre-training data and

architectures, while we offer complementary insights by exploring the relationship between the
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Figure 6.6. (a)Saturation of the domain classification accuracy is observed even with small
amount of unlabeled data, potentially explaining the poor sample efficiency of UDA methods
employing adversarial domain alignment. (b,c) Role of the sampling technique adopted We
study the behavior of UDA methods with respect to target unlabeled data using two additional
sampling techniques: random sampling in (b) and split-class sampling in (c). Our observation
that UDA methods under-utilize unlabeled data holds for both of these cases as well.

type of pre-training and downstream adaptation maintaining a constant datasize.

Experimental setup

We use ImageNet [186], Places-205 [266] and iNaturalist-2021 [228] as datasets during
pre-training. While ImageNet contains images from diverse natural and object categories, Places-
205 is designed for scene classification and iNaturalist contains images of bird species. We
select 1M images each from ImageNet, Places-205 and iNaturalist datasets (indicated as IN-
IM, PL-1M and NAT-1M respectively) to keep the size of the pre-training datasets constant,
allowing us to decouple the impact of nature of data from the volume of the dataset. In terms of

pre-training methods, we use supervised pre-training using labeled data, along with recent state-
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Table 6.2. In-task Supervised pre-training helps domain adaptation. We analyze the rela-
tionship between data used for supervised pre-training and downstream adaptation for source-only
transfer as well as several UDA methods including MemSAC [107], ToAlign [238], MDD [260]
and DALN [30]. We show that in-task supervised pre-training significantly helps adaptation. All
models use ResNet-50 backbone. IN:ImageNet, PL:Places-205, NAT:iNaturalist.

Plain Transfer (no adapt) ToAlign [238] MemSAC [107] MDD [260] DALN [30]
Pre-training DNet GeoP CUB DNet GeoP CUB DNet GeoP CUB DNet GeoP CUB DNet GeoP CUB
IN-IM 41.46 3455 50.20 49.29 3042 62.78 50.75 3298 62.92 42.40 30.84 59.84 4759 2685 6145
PL-IM 35.14 4195 40.83 3855 349 5529 4193 40.16 54.22 3494 3790 51.14 39.21 36.23 50.74

NAT-1IM 33.77 31.53 58.77 37.65 26.81 67.47 38.67 29.99 67.34 3229 26.79 63.72 37.30 24.69 66.80

of-the-art self-supervised methods SWAV [25], MoCo-V3 [37] and MAE [88], which broadly
cover the three families of clustering, contrastive and masked auto-encoding based methods
for self-supervised learning. We train SWAV on ResNet-50, MoCo on ViT-S/16 and MAE on
ViT-B/16 architectures, along with supervised pre-training on ResNet-50, thereby extending our
inferences to a diverse pool of pretraining data and architectures. For the downstream adaptation
tasks, we use Real—Clipart on DomainNet, CUB—Drawing on CUB200 and USA— Asia on
GeoPlaces covering three distinct application scenarios for adaptation on objects, birds and
scenes respectively. To prevent overlap between pre-training and adaptation data, we remove
images from Places-205 that are also present in GeoPlaces and remove images from iNaturalist

that belong to the same class as those in CUB200.
Supervised pre-training using in-task data helps UDA

In our analysis, we loosely consider pre-training on ImageNet, iNaturalist and Places205
to be in-task pre-training for downstream adaptation on DomainNet, CUB200 and GeoPlaces
respectively due to the matching style of images. We show our results using supervised pre-
training on Resnet-50 in Tab. 6.2 for plain source-only transfer (no adaptation), as well as
adaptation using ToAlign, MemSAC, MDD and DALN. Across the board, we observe that
in-task pre-training always yields better results on downstream adaptation even when using
the same amount of data. Focusing on plain transfer from Tab. 6.2, the de-facto choice of

ImageNet pre-training gives 50.2% on CUB—Drawing transfer task, while just switching the
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Table 6.3. Self-supervised pre-training and domain adaptation. We find that self-supervised
pre-training on object-centric images (on ImageNet) help downstream accuracy on object-centric
adaptation (on DomainNet and CUB200), while scene-centric pre-training (on Places205) benefit
adaptation on scene-centric GeoPlaces task. IN:ImageNet, PL:Places-205, NAT:iNaturalist

SwAV (ResNet50) [25] MoCo-V3 (ViT-s/16) [37] MAE (ViT-b/16) [88]

Pretraining DNet GeoP CUB DNet GeoP CUB DNet GeoP CUB
IN-IM 36.51 3576 31.59 30.48 31.13 40.7 38.58 35.85 52.34
PL-1M 30.86 4226 27.44 2745 35.89 39.49 3476 381 4525
NAT-1M 28.01 29.01 30.12 25.66 27.82  40.03 33.78 31.68 494

(a) Plain Transfer (No Adaptation)

SwAV (ResNet50) [25] MoCo-V3 (ViT-s/16) [37] MAE (ViT-b/16) [88]

Pretraining DNet GeoP CUB DNet GeoP CUB DNet GeoP CUB
IN-1M 44.6 3633 5181 3433 3035  52.61 4491 34.07 64.26
PL-1M 3648 41.14 3949 30.83 35.51  46.99 39.56 37.00 53.68
NAT-1M 31.6 28775 45.65 28.24 26.01 48.46 38.48 2874 59.7

(b) Using MemSAC Adaptation

pre-training dataset to iNaturalist2021 yields 58.7% accuracy with an absolute improvement of
8.5%. Likewise, we observe a non-trivial improvement of 7.4% absolute accuracy for GeoPlaces
(34.5% to 41.9%) using Places205 for pre-training even without any adaptation, challenging
the common assumption of using an ImageNet-pretrained model irrespective of the downstream
task. We hypothesize that supervised pre-training on in-task data creates strong priors with more
relevant features, thereby enhancing generalization on similar downstream tasks. Consequently,
we conclude that selecting in-task pre-trained models is a viable approach to improve accuracy,
particularly when target unlabeled data is unavailable. While similar observations have been made
before in continual pre-training [180] or language models [85], our difference lies in highlighting
this behavior for the specific case of UDA through a unified framework and controlled empirical

study.
In-task pre-training is complementary to UDA method

We also observe that these benefits obtained from in-task supervised pre-training comple-

ment the advantages potentially obtained using UDA methods, resulting in additional improve-
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ments in accuracy. From Tab. 6.2, on CUB200, we observe 17.1% and 17.3% improvement using
MemSAC and ToAlign respectively together with in-task pre-training, over standard practice
of ImageNet-pretraining and fine-tuning on source data (12% from changing the backbone and
further 5% from the adaptation), setting a new state-of-the-art on CUB200 dataset using in-task
pre-training. On the other hand, a significant mismatch between the pre-training dataset and the
downstream domain adaptation dataset (such as Places and Birds datasets), noticeably reduces
the accuracy by >10% in most cases, underlining the dependence of model’s generalization
ability to the pre-training data. While these findings may seem intuitive, it is important to note
that all UDA methods consistently utilize ImageNet pre-training as the default, irrespective of
the adaptation dataset. This may lead to practitioners assuming ImageNet pre-training as the
optimal choice, potentially overlooking performance gains achievable by employing alternative

pre-trained models tailored to the target task, as demonstrated by our empirical study.
Nature of pre-training images matter for self-supervised learning

We show results for self-supervised setting in Tab. 6.3. We first note that supervised
pre-training (Tab. 6.2) achieves much higher accuracies after downstream adaptation compared
to self-supervised pre-training. This is expected, as supervised pre-training captures richer
object semantics through labels inherently benefiting any downstream task, while self-supervised
learning relies on pretext tasks that may not impart equivalent semantic understanding. In terms
of pre-training data, we observe that both CUB200 and DomainNet benefit from self-supervised
pre-training on ImageNet, while GeoPlaces still benefits from pre-training on Places205. This
observation holds for both source-only transfer (Tab. 6.3a) as well as adaptation using MemSAC
(Tab. 6.3b). We posit that in a self-supervised setting, the nature of images in the datasets
(whether object-centric or scene-centric) plays a crucial role in downstream transfer. Specifically,
unsupervised pre-training on object-centric images from ImageNet leads to improved image
classification accuracies on DomainNet and CUB200. Conversely, unsupervised pre-training on

scene-centric Places205 showcase better transfer performance in place recognition tasks on the
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Figure 6.7. Newer backbones give limited returns or perform worse than baseline. For
each of the UDA methods, we show the gain in accuracy relative to a baseline trained only
using source-data. For methods like SAFN [248] and MCD [196], we observe that the relative
improvement over a source-only baseline is negative in most cases. Further, the gains observed
by other methods like BSP [38] and ILADA [207] are not same across architectures.

GeoPlaces dataset. Among the two object-centric datasets, we find that the diversity of images
in ImageNet is better for effective transfer compared to specific domain-based datasets like
iNaturalist, as also highlighted in prior works for self-supervised learning [46]. Furthermore, this
property is consistent across different kinds of self-supervised pretext tasks like SwWAV, MoCo

and MAE.

6.5 Additional Results on Other UDA Methods

In addition to the wide variety of UDA methods already studied, we reinforce our
observations using results from four additional adaptation methods: BSP [38], ILADA [207],
SAFN [248] and MCD [196]. The observations for the effect of backbone architecture is
presented in Fig. 6.7 and the study for the effect of unlabeled target domain data is presented in
Fig. 6.8.

Resonating with the observations made in Sec. 6.4.1, we show in Fig. 6.7 that the gains
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Figure 6.8. Unlabeled Data-efficiency of UDA algorithms Across both DomainNet and visDA
datasets, the performance of UDA methods exhibits diminishing returns with increasing amounts
of unlabeled data. In most cases, utilizing only 25% of the available unlabeled data results in a

performance drop of less than 1%, suggesting that collecting additional unlabeled data is unlikely
to yield significant improvements for these methods.

obtained by UDA method are not independent of the backbone. For instance, on CUB200
dataset, BSP [38] and ILADA [207] gives 20% and 15% relative gain respectively, but using
DeiT diminishes these gains to 12% and 3% respectively. Similarly, on visDA, the improvements
using ResNet is much higher than improvements offered on other backbones like ConvNext
and DeiT. Moreover, as demonstrated in previous research [107], other unsupervised domain
adaptation (UDA) algorithms, such as SAFN [248] and MCD [196], under-perform compared to
a source-only baseline, and the disparity worsens when employing these algorithms with newer
architectures.

Similarly, from Fig. 6.8, the performance of the additional adaptation methods studied
also plateaus quickly, reaching near saturation after utilizing only 20% of the available unlabeled
data. Further addition of unlabeled data yields negligible performance gains. This suggests
that collecting additional unlabeled data is unlikely to yield significant improvements for these

methods, corroborating the observations noted in Sec. 6.4.2 for several other UDA methods.
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Figure 6.9. Results on TinyImageNet vs. TinyImageNet-C We show the similar observations
regarding backbone architectures and data volume hold also for a non-standard adaptation dataset.
We use images from TinyImageNet as the source and snow-3 perturbations from TinyImageNet-C
as the target.

6.6 Additional Results using TinyImageNet

To further examine the presented trends on non-standard adaptation datasets, we show
results using images from the TinylmageNet dataset as the source domain and snow perturbations
from TinylmageNet-C [94] as the target domain. We train models using the 200 classes in
each dataset, and use report accuracy on the target domain. In Fig. 6.9, we show that the broad
trends observed for other adaptation datasets also hold for this novel setting. Specifically, from
a, adaptation gains are much lesser with recent architectures (like ConvNext and DeiT) and
from b, performance saturates in-spite of adding unlabeled data, further corroborating the main

inferences from our study.
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6.7 Summary

In this work, we provide a holistic analysis of factors that impact the effectiveness UDA
methods developed for image-classification, most of which are not apparent from standard
training and evaluation practices. Through our innovation called UDA-bench that facilitates
fair comparisons across UDA methods, we perform a controlled empirical study revealing key
insights regarding the sensitivity of these methods to the backbone architecture, their limited
efficiency in utilizing unlabeled data, and the potential for enhancing performance through
in-task pre-training - where existing UDA theory proves highly inadequate for explaining several
of our novel empirical observations. In terms of limitations of the study, we only consider
UDA designed for classification in this work, and our findings might or might not hold for
other problem areas such as domain adaptive semantic segmentation. We also acknowledge the
potential existence of other unexplored factors that may impact the performance of UDA methods
beyond those studied here, and offer UDA-Bench as a suitable avenue for future research in
this direction. Further, we mainly focus on the standard setting in unsupervised adaptation,
but believe that a deeper understanding of algorithms in such conventional settings forms the
backbone for future studies in other variants including source-free [126], semi-supervised [190]
and universal [254] DA methods. Several other avenues like adaptation of vision-language
models [172, 255] and emerging generative models [183, 132] are also left to a future work.

This chapter is a reprint of the material as it appears in “UDA-Bench: Revisiting Common
Assumptions in Unsupervised Domain Adaptation Using a Standardized Framework™ by Tarun
Kalluri, Sreyas Ravichandran, and Manmohan Chandraker, which was published in Proceedings
of the European Conference on Computer Vision, 2024. The dissertation author was the primary

investigator and author of this paper.
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Chapter 7

Conclusion and Future Work

In this dissertation, we addressed several challenges in training and deploying robust
computer vision models and introduced innovations to tackle these issues effectively. However,
with the growing trend of using vast amounts of web-scale data in open-ended frontier model
training [18], there is a pressing need to reconsider key formulations of domain adaptation to
suit the evolving landscape of computer vision. In this chapter, we explore several potential
extensions of the ideas presented in this dissertation, offering a range of avenues for future
research and practical application. These suggestions aim to build on the foundations laid out
in the previous chapters, providing researchers and practitioners with new directions to further
advance the field of domain adaptation for fair and robust computer vision.

While visual categorization is the most fundamental task in computer vision, there is
an increasing emphasis on moving towards more structured prediction tasks like semantic seg-
mentation [203], instance segmentation [115], image captioning [122] and open-world question
answering [231]. Therefore, it is important to understand the key aspects of geographical domain
robustness for these tasks and derive effective solutions that suit large-model training. Specifi-
cally, a potential direction exists in extending ideas in language-guided adaptation for tasks like
segmentation in autonomous driving scenarios where geographic transferability is a fundamental
necessity, but pixel-level annotation are costly and cumbersome to gather. Likewise, evaluat-

ing geographic diversity of various personal assistants deployed in mobile phones for solving
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tasks like open-ended dialogue, knowledge-based question answering or image generation is an
important direction to be studied.

A major focus in this dissertation is on closed-world prediction tasks where the categories
are known beforehand, but there have also been several parallel efforts to extend these ideas
to more open-world scenarios where new categories might be encountered at test-time during
deployment [254, 100, 253]. Therefore, investigating the solutions for geographic transferability
amidst such open world setting yields models which can be deployed with better robustness
guarantees. Furthermore, an increasing trend in machine learning of late is to download a
large-scale pre-trained model trained on noisy web-scale data provided through an api [160] or
open-weight access [65] and then fine-tune the model on custom data for various downstream
tasks. In this setting, the access to the original source data is restricted or not available at all, so a
potential future work is to extend the ideas of domain adaptation presented in this dissertation
to suit the setting with no access to the source data or source weights, yet attain robustness to
downstream data through efficient fine-tuning techniques.

A significant challenge also lies in addressing constantly evolving domains during a
model deployment in the wild. This calls for innovations in the areas of continual adaptation
of frontier models where an efficient feedback loop should be designed that can automatically
identify potential biases in an open-world and continuously adapt to the changing needs of
robustness with minimal human annotation efforts. Certifying guarantees to problems in open-set
biases [59] is rarely studied in the literature, and it would be an important and exciting research

direction to extend the ideas of domain adaptation to such a challenging scenario.
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