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Abstract

Self-supervised learning (SSL) methods based on the in-
stance discrimination tasks with InfoNCE have achieved re-
markable success. Despite their success, SSL models of-
ten struggle to generate effective representations for unseen-
domain data. To address this issue, research on unsupervised
domain generalization (UDG), which aims to develop SSL
models that can generate domain-irrelevant features, has been
conducted. Most UDG approaches utilize contrastive learn-
ing with InfoNCE to generate representations, and perform
feature alignment based on strong assumptions to general-
ize domain-irrelevant common features from multi-source
domains. However, existing methods that rely on instance
discrimination tasks are not effective at extracting domain-
irrelevant common features. This leads to the suppression of
domain-irrelevant common features and the amplification of
domain-relevant features, thereby hindering domain gener-
alization. Furthermore, strong assumptions underlying fea-
ture alignment can lead to biased feature learning, reduc-
ing the diversity of common features. In this paper, we pro-
pose a novel approach, DomCLP, Domain-wise Contrastive
Learning with Prototype Mixup. We explore how InfoNCE
suppresses domain-irrelevant common features and ampli-
fies domain-relevant features. Based on this analysis, we pro-
pose Domain-wise Contrastive Learning (DCon) to enhance
domain-irrelevant common features. We also propose Proto-
type Mixup Learning (PMix) to generalize domain-irrelevant
common features across multiple domains without relying on
strong assumptions. The proposed method consistently out-
performs state-of-the-art methods on the PACS and Domain-
Net datasets across various label fractions, showing signifi-
cant improvements.

Code — https://github.com/JINSUBY/DomCLP

Introduction

Self-supervised learning (SSL) methods, particularly based
on the instance discrimination task using contrastive
learning with InfoNCE, have shown remarkable perfor-
mance (Oord, Li, and Vinyals 2018; Chen et al. 2020a; He
et al. 2020; Grill et al. 2020; Caron et al. 2020). Despite
these successes, there is a critical limitation in that they as-
sume pretraining, fine-tuning, and testing data all originate
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Figure 1: (a) In the UDG environment, representations in-
clude both domain-irrelevant common features and domain-
relevant features. (b) T-SNE visualization for SImCLR.

from the same distribution. This assumption often does not
hold in real-world scenarios, where data distribution shifts
frequently occur, leading to previously unseen data. Conse-
quently, while SSL models are capable of generating high-
quality representations for in-domain data, they often strug-
gle to generate effective representations for unseen-domain
data (Zhang et al. 2022b; Harary et al. 2022). To address
this challenge, there has been growing interest in the field
of unsupervised domain generalization (UDG), which aims
to develop SSL models that can learn domain-irrelevant fea-
tures (Zhang et al. 2022b).

In the UDG scenario as depicted in Figure la, there
are multi-domain source datasets with only domain la-
bels and no additional class labels. Each sample contains
both domain-irrelevant common features (e.g. shape, com-
ponents, etc.) and domain-relevant features (e.g. style, back-
ground, etc.). To achieve good generalization performance
on unseen domains, unsupervised domain generalization
(UDG) (Zhang et al. 2022b) aims to learn representations
of domain-irrelevant feature. To learn domain-irrelevant
features, most UDG approaches utilize contrastive learn-
ing based on InfoNCE to generate feature representations,
and perform feature alignment based on strong assump-
tions to achieve domain generalization (Zhang et al. 2022b;



Harary et al. 2022; Liu et al. 2023; Scalbert, Vakalopoulou,
and Couzinié-Devy 2023). To align cross-domain features,
BrAD (Harary et al. 2022) utilized edge-like image trans-
forms, while DN2A (Liu et al. 2023) employed cross-
domain nearest neighbors as positive samples in contrastive
learning. In BSS (Scalbert, Vakalopoulou, and Couzinié-
Devy 2023), they introduced batch style standardization
using Fourier transform for feature alignment. However,
most approaches still struggle to effectively extract domain-
irrelevant common features.

Most UDG approaches rely on instance discrimination
tasks, which are not well-suited for domain generalization.
In contrastive learning with InfoNCE, representations are
learned to distinguish between instances. If the model at-
tempts to differentiate between instances, deep neural net-
works tend to learn features that are useful to discrimi-
nate instances. In UDG environments, they are easy to cap-
ture domain-relevant features rather than domain-irrelevant
common features, because domain-relevant features are
more helpful to distinguish instances across various do-
mains (Robinson et al. 2021; Chen, Luo, and Li 2021;
Geirhos et al. 2020). As a result, the instance discrimi-
nation task suppresses domain-irrelevant features and am-
plifies domain-relevant features, thereby hindering domain
generalization, as shown in Figure 1b.

Another limitation is that previous approaches heavily de-
pend on strong assumptions to align features across multi-
domain. Harary et al. (2022) and Liu et al. (2023) assumed
that if two edge-like images or two images from different
domains are similar, then the images will share domain-
irrelevant common features. Scalbert, Vakalopoulou, and
Couzinié-Devy (2023) assumed that domain-irrelevant com-
mon features will not be lost or distorted even if an image
is style transformed using a Fourier transform. To general-
ize domain-irrelevant common features, they tried to align
features across multiple domains based on these strong as-
sumptions. However, these strong assumptions can lead to
learning biased features or ignoring other important fea-
tures. They reduce the diversity of domain-irrelevant com-
mon features, and only a limited set of common features is
extracted (Robinson et al. 2021; Meng et al. 2022; Liu et al.
2023). To achieve high performance on unseen domains,
we need to effectively generalize diverse domain-irrelevant
common features, rather than relying on strong assumption
based feature alignments that may lead to unintended bias.

To address these limitations, we propose a novel ap-
proach, DomCLP, Domain-wise Contrastive Learning with
Prototype Mixup for unsupervised domain generalization.
First, we theoretically and experimentally demonstrate that
some negative terms in InfoNCE can suppress domain-
irrelevant common features and amplifies domain-relevant
features. Building on this insight, we introduce the Domain-
wise Contrastive Learning (DCon) to enhance domain-
irrelevant common features while representation learning.
Second, to effectively generalize diverse domain-irrelevant
common features across multi-domain, we propose the
Prototype Mixup Learning (PMix). In PMix, to generalize
common features from multi-domain, we interpolate com-
mon features in each domain utilizing mixup (Zhang et al.
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2017). We extract prototypes of features by k-means clus-
tering, and train the model with mixed prototypes by mixup.
It allows the model to effectively learn feature representa-
tions for unseen inter-manifold spaces while retaining di-
verse common feature information. Through our proposed
method, DomCLP, the model effectively enhances and gen-
eralizes diverse common features. We validate our approach
through experiments on PACS and DomainNet datasets,
achieving state-of-the-art performance with improvements
of up to 11.3% on the PACS 1% label fraction and 12.32%
on the DomainNet 1% label fraction.

Related Works
Self-supervised Learning

Self-supervised learning (SSL) aims to learn semantic
features without relying on label information. Recently,
most SSL methods have been based on contrastive learn-
ing with the information noise-contrastive estimation (In-
foNCE) objective (Gutmann and Hyvirinen 2010; Oord, Li,
and Vinyals 2018), which has shown outstanding perfor-
mance (Chen et al. 2020a,b; He et al. 2020; Chen et al.
2020c; Grill et al. 2020; Caron et al. 2020; Hu et al. 2021;
Li et al. 2020a). These methods train models to bring aug-
mented views of the same image closer together and push-
ing augmented views from different images farther apart. Al-
though SSL models are effective at generating high-quality
representations for samples within the same domain, they of-
ten struggle with unseen-domain data distributions. In real-
world scenarios, data distribution shifts often occur, causing
self-supervised models to generate less effective represen-
tations and leading to degraded generalization performance.
To address this challenge, unsupervised domain generaliza-
tion (UDG) has been proposed (Zhang et al. 2022b).

Unsupervised Domain Generalization

Self-supervised learning aims to generalize well on the
given training data, while unsupervised domain generaliza-
tion (UDG) aims to generalize well on unseen domain data.
To extract good representations for unseen domains, the
model needs to learn domain-irrelevant common features.
To achieve this, most UDG approaches utilize contrastive
learning with InfoNCE and strong assumptionss to align fea-
tures. DARLING (Zhang et al. 2022b) first proposed the
UDG task and introduced a new learning technique based
on a graphical probability model. BrAD (Harary et al. 2022)
proposed a self-supervised cross-domain learning method
that semantically aligns all domains to an edge-like domain,
while DN2A (Liu et al. 2023) utilized strong augmenta-
tions to destroy intra-domain connectivity and dual near-
est neighbors to align cross-domain features. BSS (Scalbert,
Vakalopoulou, and Couzinié-Devy 2023) introduced batch
styles standardization using Fourier transforms to align fea-
tures with transformed images.

These methods have improved performance in UDG, but
since most UDG approaches utilize contrastive learning with
InfoNCE, they often suppress domain-irrelevant common
features while amplifying domain-relevant features. Addi-
tionally, the strong assumptions used in existing approaches



can lead to learning biased features or ignoring other im-
portant features, which reduces the diversity of domain-
irrelevant common features (Geirhos et al. 2020; Li et al.
2020b; Robinson et al. 2021; Chen, Luo, and Li 2021).

Proposed Method

We aim to effectively enhance domain-irrelevant common
features and generalize the common features across multi-
domain. To achieve this goal, we propose a novel ap-
proach, DomCLP, Domain-wise Contrastive Learning with
Prototype Mixup for unsupervised domain generalization.

In this section, we show that InfoNCE is not effective to
extract domain-irrelevant features. We theoretically explore
how InfoNCE leads to suppress domain-irrelevant common
features and amplify domain-relevant features. Based on this
analysis, we propose the Domain-wise Contrastive Learn-
ing (DCon) to generate feature representations with en-
hanced domain-irrelevant common features. Furthermore,
we present the Prototype Mixup Learning (PMix) to gener-
alize diverse common features across multi-domain. While
strong assumption-based feature alignment methods reduce
feature diversity during generalization, our method, PMix,
effectively generalizes feature representations to unseen do-
mains while maintaining diverse common features from
multiple domains through mixup.

Problem Formulation of UDG

In the UDG setting, multi-domain source datasets S
{(x:,y")}Ys are provided, containing domain labels y¢
but no class labels y©. The model is trained to gener-
ate domain-irrelevant common feature representations from
these datasets. To evaluate the encoder’s ability to extract

common features, a classifier is trained on a subset of the

multi-domain source labeled data S;, = {(z;, y¢, yf)}ilisf
while keeping the encoder frozen. The model’s performance
is assessed using an unseen-domain target dataset 7'
{(s, 95,y I to verify how effectively the trained en-

coder extracts high-quality common features.

DCon: Domain-wise Contrastive Learning

In contrastive-based SSL methods, augmented samples from
the original image of an anchor sample are treated as positive
samples and pulled closer, while other samples in the batch
are treated as negative pairs and pushed farther apart. The
InfoNCE loss is defined as follows:

exp(zi - 27 /7T)
Lppzq exp(zi - 25, /7)

L = —log (1)

2N
k=1
The representations of the anchor, positive, and negative
samples are denoted as z;, z:r , and 27, respectively. Ad-
ditionally, N refers to the batch size, and 7 represents the
temperature. In contrastive learning with InfoNCE, repre-
sentations are learned to distinguish between instances. If
multi-domain datasets are given, it is more likely to capture
domain-relevant features that are easier to distinguish, rather
than domain-irrelevant common features that are harder to
distinguish (Robinson et al. 2021; Chen, Luo, and Li 2021).
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Figure 2: Each representation z; consists of domain-
irrelevant common features ¢; and domain-relevant features.

As a result, instance discrimination tasks using InfoNCE
tend to suppress domain-irrelevant features and amplify
domain-relevant features.

To verify that InfoNCE is not well-suited for learning
domain-irrelevant common features, we have reformulated
Equation (1) as follows:

exp(zs /1)
exp(z; - Zj_/T) + N + Nf + N

N2 =Y Apginen,) exp(z - 2 /7)
k

E%nfo = IOg (2)

N = Z Lptikenenr, exp(2i - 2, /T)
k
N = Z]l[k;éi,chﬁFic] exp(z; - 2, /T)
k
D; ={j |y} =vi}
Fo={jle>|0i],0i; =¢j — ¢}

We assume that the representation z; can be expressed as
d; + c; (depicted in Figure 2), where d; and c; represent
domain-relevant and domain-irrelevant common features,
respectively. D; is the set of samples from the same domain
of z;, and Fj is the set of samples whose common features
are within a small distance e of those of x;. The complement
of A is denoted by AC. Then, N, Nf , and N] denote the
negative pairs in the same domain, the negative pairs hav-
ing similar common features in the different domains, and
the negative pairs with both different domains and different
common features, respectively. Since ¢, = ¢; + d;k, Niﬁ can
be rewritten as follows:

N = Y expl(ci+di)- (ci+di+0d)/7) (3)
k#i,k€ DS UF;

To minimize L}, the negative terms N,L-ﬁ must be mini-
mized. It is clear that |¢;| and d; - d, should be minimized.
Since z; and x are in different domains, we may assume
that d; and dj, are not parallel or antiparallel to each other.
Since d;;, is negligible, and z; and z are neither parallel
nor antiparallel, |c;| will be close to 0, and d; - di will be a
large negative value. In other words, the common features,
¢;, will be suppressed, while the domain-relevant features,
d; and dg, will be amplified.

To prevent these problems, Nf should not be included in
the negative terms. However, in a UDG environment, it is




Domain visualization (Each color represents a domain)

(a) Toy example (b) SimCLR (c) DCon

Class visualization (Each color represents a class)
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Figure 3: T-SNE visualization of a multi-domain 3D toy ex-
ample. (a) and (d) are the toy example colored by domain
and class, respectively. (b) and (e) are t-SNE visualizations
for SimCLR. (c) and (f) are t-SNE visualizations for DCon.

difficult to accurately identify F; and FC for given x; be-
cause we cannot decompose z; into ¢; and d;. Therefore, we

exclude both NZ-B and N from the negative terms. In other
words, our method performs domain-wise contrastive learn-
ing (DCon), and the objective is as follows:

[fdcon = Z - IOg
%

Figure 3 demonstrates the effectiveness of DCon. We
present the t-SNE (Van der Maaten and Hinton 2008) re-
sults of features by DCon and SimCLR on a 3D toy exam-
ple. The figures in the upper row and lower row are colored
by domain labels and class labels, respectively. Even though
most classes in the toy example are mostly aligned across
domains, the representations from SimCLR are mainly clus-
tered based on domains rather than classes because the
model captures domain-relevant features instead of domain-
irrelevant ones. In contrast, the representations from DCon
are mainly clustered according to classes, as shown in Figure
3c and 3f. This example shows how our DCon is effective to
extract domain-irrelevant common features.

exp(zi - 27 /T)
>k Viktiken,) exp(zi - 21/ T)

“

PMix: Prototype Mixup Learning

Existing UDG approaches tried to generalize common fea-
tures from multiple domains based on feature alignment.
They merge each domain’s feature manifold into a single
manifold through strong assumption-based feature align-
ments (Harary et al. 2022; Scalbert, Vakalopoulou, and
Couzinié-Devy 2023; Liu et al. 2023). However, these strong
assumption-based feature alignments can lead to learning
biased features or reducing the diversity of common fea-
tures (Geirhos et al. 2020; Li et al. 2020b; Robinson et al.
2021; Chen, Luo, and Li 2021).

We do not try to merge each domain’s feature manifold
into a single manifold. We facilitate representation learn-
ing for the inter-manifold space using mixup (Zhang et al.
2017). For example, Figure 4 shows the representations of

18122

Feature Manifold of Domain 1

Domain 1

ooedg plojiuew-1o)u]

Domain 2 Feature Manifold of Domain 2

Figure 4: The framework for Prototype Mixup Learning.

samples from two domains. Each sample places on its re-
spective manifold. Since the model has learned only how to
map samples of seen source domains onto the appropriate
manifolds, it may fail to generate proper representations for
unseen domain data. For instance, let z; be the representa-
tion of an image x; from Domain 1, and z; be the represen-
tation of an image x; from Domain 2. Then, the mixup of z;
and z;, denoted as x;;, can be regarded as a sample from an
unseen domain by the model. The model would generate an
improper representation z;; for x;;.

Since our goal is to train the model to extract domain-
irrelevant common features from any sample, we train the
model to map x;; to a mixup of the common features of z;
and x;. This will encourage the model to learn how to map
samples from an unseen domain into a new manifold within
the representation space. However, since we cannot sepa-
rate domain-irrelevant common features from z; and z;, we
approximate them through clustering. We perform k-means
clustering on each domain separately, and find the clusters
¢; and ¢; which contain x; and x;, respectively. We use the
prototypes, which are the centroids of clusters, p; and p; of
each cluster as the common features of x; and ;. Since sam-
ples with similar representations are grouped into a cluster,
their average can be considered as their common feature.

To generalize common features for unseen domain, we
need a diverse set of common features (Zhang et al. 2022a;
Jiang et al. 2023). To learn common features from diverse
perspectives, we use multiple clustering results. If we want
to extract fine-grained or specific common features, we may
cluster with a large number of clusters. Conversely, if we
need more general or broader common features, we can
cluster with a small number of clusters. We perform k-
means clustering with multiple numbers of clusters, K =
{k1,--- ,kn}. For a cluster number, k,,, we cluster each
domain separately into k,, clusters, and combine the whole
clusters from each domain, which is denoted by C™. We
find the cluster in C™ to which z; belongs, and denote its
centroid as p!"*. The loss function for PMix is as follows:

i

1 N M
['pmix = W Z Z ||p'ZL - f(a(xlj))HQ

i=1 m=1 (5)
xij = )\ZL’Z + (]. — )\)l'j
pij = Api" + (1 = A)py"



where A ~ Beta(a, ) is a mixing coefficient sampled from
the Beta distribution (Zhang et al. 2017), and x; is a ran-
domly selected from the batch. The representations are ex-
tracted through the encoder 6 and the projection head f.
M is the number of clustering results, and N is the num-
ber of training samples. We also apply this mixup-based in-
terpolation to samples within the same domain, as it also
helps learning the feature representations within the same
domain (Zhang et al. 2017; Kim, Lee, and Lee 2024).

Additionally, to enhance clustering quality and extract
well-representative prototypes, we employ prototypical con-
trastive learning (Li et al. 2020a). It makes each representa-
tion closer to its corresponding prototype, and farther from
other prototypes. The loss function for prototypical con-
trastive learning is as follows:

1 N M
»Cpclz WZZ —10g

i=1 m=1

exp(zi - pi"/97")

k’”l
Ej:l exp(z; p;n/%n)

where ¢ denotes the concentration estimation, where a
smaller ¢ indicates larger concentration. The overall objec-
tives can be summarized as follows:

L = Lacon + Epmix + Epc] @)

The overall algorithm related to the total objectives is
provided in the supplementary material. With our proposed
objectives, the model effectively enhances and general-
izes domain-irrelevant common features without relying on
strong assumptions.

(6

Experiments
Setting and Datasets

To verify the effectiveness of our method, we conduct exper-
iments on commonly used UDG benchmark datasets, such
as PACS (Li et al. 2017) and DomainNet (Peng et al. 2019).

PACS dataset (Li et al. 2017) consists four distinct do-
mains: Photo, Art painting, Cartoon, and Sketch. Each do-
main contains images from the same seven categories: dog,
elephant, giraffe, guitar, house, horse, and person. In total,
there are 9,991 images, with each image having dimensions
of 224 x224 x3. This dataset is widely used to evaluate how
well a model can generalize across different visual styles,
from realistic photos to highly abstract sketches. For train-
ing, the other three domains, excluding the target domain,
are used as source domains.

DomainNet dataset (Peng et al. 2019) is a large-scale
dataset for domain generalization. It consists of images from
six distinct domains: Real, Clipart, Painting, Sketch, Info-
graph, and Quickdraw. The full dataset covers 345 cate-
gories, however, we use 20 sub-categories following to the
existing UDG protocol (Zhang et al. 2022b; Harary et al.
2022; Liu et al. 2023; Scalbert, Vakalopoulou, and Couzinié-
Devy 2023). Each image is of varying sizes, typically around
224 %224 x3. The diverse domains and large number of cat-
egories present a challenging scenario for models to learn
domain-invariant features. For training, the other three do-
mains, excluding the three target domains, are used as source
domains. Additional details are provided in supplementary
material.
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Target domain Photo Art. Cartoon Sketch‘ Avg.
Label Fraction 1%
ERM 1090 11.21 1433 18.83 |13.82
MoCo V2 2297 1558 23.65 2527 |21.87
BYOL 11.20 1453 16.21 10.01 [12.99
AdCo 26.13 17.11 2296 23.37 |22.39
SimCLR V2 3094 17.43 30.16 25.20 [25.93
DARLING 27.78 19.82 27.51 29.54 |26.16
BrAD (kNN) 55.00 35.54 38.12 34.14 |40.70
BrAD (linear) 61.81 33.57 43.47 36.37 |43.81
DNZA (kNN) 66.37 42.68 49.85 54.37 |53.32
DN?A (linear) 69.15 46.04 51.19 56.88 |55.82
SimCLR w/ BSS (linear) 43.31 38.96 48.61 48.76 [44.91
SWaV w/ BSS (linear)  39.74 3582 42.59 36.12 |38.57
Ours (KNN) 66.51 56.43 5329 61.79 |59.50
Ours (linear) 71.04 59.20 56.10 62.15 |62.13
Label Fraction 5%
ERM 14.15 18.67 13.37 18.34 |16.13
MoCo V2 37.39 25.57 28.11 31.16 |30.56
BYOL 26.55 17.79 21.87 19.65 |21.46
AdCo 37.65 28.21 28.52 30.56 |31.18
SimCLR V2 54.67 3592 3531 36.84 |40.68
DARLING 44.61 39.25 3641 36.53 |39.20
BrAD (kNN) 58.66 39.11 4537 46.11 |47.31
BrAD (linear) 65.22 4135 50.88 50.68 |52.03
DNZA (kNN) 68.93 46.83 54.40 59.92 |57.52
DNZ2A (linear) 73.16 5220 59.75 66.43 |62.89
SimCLR w/ BSS (linear) 58.16 46.37 55.69 65.63 |56.40
SWaV w/ BSS (linear)  50.58 43.00 53.81 52.61 [50.00
Ours (kKNN) 70.74 60.71 57.01 67.34 |63.95
Ours (linear) 76.79 61.81 62.50 71.87 |68.24
Label Fraction 10%
ERM 16.27 16.62 18.40 12.01 |15.82
MoCo V2 44,19 25.85 3553 2497 |32.64
BYOL 27.01 2594 2098 19.69 |23.40
AdCo 46.51 30.31 3145 2296 |32.81
SimCLR V2 54.65 37.65 46.00 28.25 |41.64
DARLING 53.37 3991 46.41 30.17 |42.46
BrAD (kNN) 67.20 4199 4532 50.04 |51.14
BrAD (linear) 72.17 4420 50.01 55.66 |55.51
DNZA (kNN) 69.73 50.29 59.22 64.95 |61.05
DNZ2A (linear) 75.41 53.14 63.69 68.57 |65.20
SimCLR w/ BSS (linear) 63.29 51.37 59.43 66.09 |60.04
SWaV w/ BSS (linear)  57.82 4591 53.65 55.67 |53.27
Ours (kNN) 70.32 59.86 59.44 67.76 | 64.35
Ours (linear) 77.08 6545 63.99 73.44 |69.99

Table 1: UDG performances on PACS dataset. To evaluate
the target domain, linear and kNN (non-parametric) clas-
sifiers are trained on a few labeled samples from the three
source domains. ERM is the randomly initialized model.
Most of the experimental results are extracted from state-
of-the-art methods (Zhang et al. 2022b; Harary et al. 2022;
Liu et al. 2023; Scalbert, Vakalopoulou, and Couzinié-Devy
2023). Bold values indicate best performances, and all ex-
periments are conducted for 3 folds.



Source domains {Paint U Real U Sketch}

{Clipart U Info. U Quick.}

Target domains Clipart Info. Quick. Painting Real Sketch Overall Avg.
Label Fraction 1%
ERM 6.54 2.96 5.00 6.68 6.97 7.25 5.88 5.89
BYOL 6.21 3.48 427 5.00 8.47 4.42 5.61 5.31
MoCo V2 18.85 10.57 6.32 11.38 14.97 15.28 12.12 12.90
AdCo 16.16 12.26 5.65 11.13 16.53 17.19 12.47 13.15
SimCLR V2 23.51 15.42 5.29 20.25 17.84 18.85 15.46 16.55
DARLING 18.53 10.62 12.65 14.45 21.68 21.30 16.56 16.53
BrAD (kNN) 40.65 14.00 21.28 16.80 22.29 25.72 2235 23.46
BrAD (linear) 47.26 16.89 23.74 20.03 25.08 31.67 25.85 27.45
DN2ZA (kNN) 62.31 23.84 27.50 29.71 37.07 45.48 35.21 37.65
DNZ2A (linear) 68.02 24.45 29.20 31.16 37.91 52.62 37.43 40.56
SimCLR w/ BSS (linear) 61.94 19.58 26.98 27.40 31.55 41.49 32.27 34.82
SWaV w/ BSS (linear) 60.40 20.12 23.09 34.64 38.45 46.90 34.32 37.27
Ours (kNN) 66.06 24.93 31.25 31.77 38.14 51.53 37.89 40.61
Ours (linear) 70.31 28.49 38.10 38.37 43.29 54.81 43.18 45.56
Label Fraction 5%
ERM 10.21 7.08 5.34 7.45 6.08 5.00 6.50 6.86
BYOL 9.60 5.09 6.02 9.78 10.73 3.97 7.83 7.53
MoCo V2 28.13 13.79 9.67 20.80 2491 21.44 18.99 19.79
AdCo 30.77 18.65 7.75 19.97 2431 24.19 19.42 20.94
SimCLR V2 34.03 17.17 10.88 21.35 24.34 27.46 20.89 22.54
DARLING 39.32 19.09 10.50 21.09 30.51 28.49 23.31 24.83
BrAD (kNN) 55.75 18.15 26.93 24.29 33.33 37.54 31.12 32.66
BrAD (linear) 64.01 25.02 29.64 29.32 34.95 44.09 35.37 37.84
DN2ZA (kNN) 66.54 23.98 34.47 37.89 44.65 54.57 41.64 43.68
DNZ?A (linear) 70.10 27.31 36.77 40.93 47.20 60.05 44.98 47.06
SimCLR w/ BSS (linear) 71.21 20.93 32.42 36.68 41.49 52.75 39.73 42.58
SWaV w/ BSS (linear) 70.56 24.35 28.83 46.17 51.21 59.71 43.53 46.81
Ours (kNN) 68.52 26.23 35.59 39.61 48.11 58.20 43.94 46.04
Ours (linear) 73.44 25.18 38.81 43.40 51.38 62.02 46.92 49.04
Label Fraction 10%
ERM 15.10 9.39 7.11 9.90 9.19 5.12 8.94 9.30
BYOL 14.55 8.71 5.95 9.50 10.38 4.45 8.69 8.92
MoCo V2 32.46 18.54 8.05 25.35 29.91 23.71 21.87 23.05
AdCo 32.25 17.96 11.56 23.35 29.98 27.57 22.79 23.78
SimCLR V2 37.11 19.87 12.33 24.01 30.17 31.58 24.28 25.84
DARLING 35.15 20.88 15.69 25.90 33.29 30.77 26.09 26.95
BrAD (kNN) 60.78 19.76 31.56 26.06 37.43 41.38 34.77 36.16
BrAD (linear) 68.27 26.60 34.03 31.08 38.48 48.17 38.74 41.10
DNZA (KNN) 66.73 22.15 35.93 36.42 46.12 57.14 42.21 44.08
DNZ?A (linear) 73.04 28.23 37.80 41.717 50.94 61.69 46.72 4891
SimCLR w/ BSS (linear) 71.95 21.27 3347 39.49 44.67 55.42 41.57 44.38
SWaV w/ BSS (linear) 71.99 24.34 29.82 48.28 52.37 60.55 44.59 47.89
Ours (kNN) 70.39 25.19 36.58 40.25 50.70 58.96 45.11 47.01
Ours (linear) 73.18 27.02 39.21 40.45 51.75 63.70 47.09 49.22

Table 2: UDG performances on DomainNet dataset. Bold values indicate best performances.

Implementation Details

All experiments are conducted using the PyTorch framework
on an NVIDIA RTX 3090Ti GPU. To ensure a fair compar-
ison, we evaluate our approach against existing SSL meth-
ods (Grill et al. 2020; Chen et al. 2020c; Hu et al. 2021; Chen
et al. 2020b) and UDG methods (Zhang et al. 2022b; Harary
et al. 2022; Liu et al. 2023; Scalbert, Vakalopoulou, and
Couzinié-Devy 2023), and all conditions are set according
to the protocols outlined in existing UDG methods. For the
PACS dataset, we use a non-pretrained ResNet-18 (He et al.
2016), Adam optimizer (Kingma and Ba 2014) for 1000
epochs, a weight decay of le-4, an initial learning rate of 3e-
4, and the cosine annealing function as a learning scheduler.
We set numbers of clusters to K = {7, 14,28}, 7,. to 0.07,
and the batch size to 256. For the DomainNet dataset, we use
a pretrained ResNet-18, Adam optimizer for 1000 epochs, a
weight decay of le-4, an initial learning rate of 3e-4, and
the cosine annealing function as a learning scheduler. We
set numbers of clusters K = {20,40, 80}, 7, to 0.07, and
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the batch size to 256. To evaluate the target domain, linear
and kNN (non-parametric) classifiers are trained on a few
labeled samples from the three source domains. For mixup
interpolation, we set both o and S to 4 for beta mixture
on all experiments. According to Liu et al. (2023), strong
augmentation is beneficial for UDG, so we use RandAug-
ment (Cubuk et al. 2020) as the strong augmentation.

Main Results

Results for PACS. The results for the PACS dataset un-
der various label fractions are shown in Table 1. Our pro-
posed method consistently outperforms other state-of-the-
art methods across all target domains and label fractions.
Notably, our method significantly surpasses others in the
1%, 5%, and 10% label fractions, with average perfor-
mance improvements of 11.3%, 8.5%, and 7.3%, respec-
tively. These results clearly indicate that our method is
highly effective for UDG tasks.



Lacon Lpmic Lpei |Photo Art. Cartoon Sketch| Avg.
4 X X 7240 5379 51.09 64.95 |60.56
v 4 X |72.18 58.66 51.38 64.24 |61.62
v X v 6992 5628 5223 6596 |61.10
v 4 v 7074 60.71 57.01 67.34 |63.95

Table 3: Performance on PACS with our proposed modules.
Lgcons Lpmisz, and Ly, represent the loss for domain-wise
contrastive learning, prototype mixup, and prototypical con-
trastive learning, respectively.

# of clusters {k., }2/_, |Photo Art. Cartoon Sketch| Avg.
{7} 65.63 56.43 5497 65.46 |60.62

{7,14} 70.30 58.06 53.54 65.79 |61.92
{7,14,28} (Ours) 70.74 60.71 57.01 67.34 |63.95

Table 4: Effectiveness for varying numbers of clusters.

Results for DomainNet. Table 2 shows the results for the
DomainNet dataset under various label fractions. Our pro-
posed method demonstrates superior performance across all
target domains in the 1% label fraction. In the 5% and 10%
label fractions, it shows the best or highly competitive per-
formance. Overall, our method consistently achieves higher
average accuracy compared to existing methods across all
label fractions, with a particularly notable average improve-
ment of 12.32% in the 1% label fraction.

Ablation Studies

All experiments in ablation studies are conducted on PACS
dataset using 5% labeled data and kNN for 3 folds.

Effectiveness of components. Table 3 presents the perfor-
mance of our method on the PACS dataset with different
combinations of our proposed modules. Using only Lgcon
achieves an average accuracy of 60.56%. When utilizing
both L, and L,, the model’s accuracy significantly
increases to 63.95%, compared to using each module in-
dividually. This improvement is due to Ly, facilitating
the generalization of diverse common features across mul-
tiple domains, while L, enhances the extraction of well-
representative prototypes.

Effectiveness for varying numbers of clusters. Table 4
shows the effect of using different numbers of clusters on the
PACS dataset. It demonstrates that multiple cluster numbers
consistently outperform single cluster settings. As numbers
of clusters increases, the model learns domain-irrelevant
common features with more diverse attributes, As numbers
of clusters increases, the model learns diverse common fea-
tures from different perspectives, leading to enhanced fea-
ture representation and domain generalization.

T-SNE visualization. To better understand the effective-
ness of our proposed method, we conducted a t-SNE visu-
alization (Van der Maaten and Hinton 2008) on the PACS
dataset, comparing it with SimCLR. In Figure 1b, SimCLR’s
representations show clear domain-based clustering, but less
distinct class separation, indicating that SimCLR mainly
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Figure 5: Comparison of t-SNE visualization on PACS. The
source train domains includes art painting, cartoon, sketch.
(a) Our proposed method on train samples with domain la-
bels. (b) Our proposed method on train samples with class

(a) SimCLR ey

(b) Ours

Figure 6: Comparison of Grad-CAM visualization on PACS.

captures domain-relevant features. In contrast, Figure 5
shows the results of our method. Our method’s representa-
tions achieve better class discrimination while maintaining
domain separation. It indicates that our method effectively
captures domain-irrelevant common features. These results
demonstrate that our method is effective to learn domain-
irrelevant common features in UDG.

Grad-CAM visualization. To analyze what the model has
learned from the features, we performed Grad-CAM visu-
alizations (Selvaraju et al. 2017; Gildenblat and contribu-
tors 2021). In Figure 6a, the CAMs of SimCLR show that
the model’s attention is spread across the entire image or
focused on domain-relevant features (e.g., background, tex-
ture). In contrast, Figure 6b shows that the CAMs of our
proposed method focus the model’s attention on the objects
themselves (e.g., giraffes, houses, guitars, and elephants)
while mostly ignoring domain-irrelevant background fea-
tures. This demonstrates that our approach effectively cap-
tures domain-irrelevant common features.

Conclusion

We addressed the issues with existing UDG methods, where
instance discrimination tasks suppress domain-irrelevant
common features and strong assumptions reduce the diver-
sity of common features. To overcome these limitations, we
proposed DomCLP to enhance domain-irrelevant common
features and generalize common features across multiple do-
mains without relying on strong assumptions. The proposed
method demonstrated superior performance on the PACS
and DomainNet datasets.
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