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ABSTRACT

Deep learning models excel in computer vision tasks with
large labeled datasets but often struggle with performance
degradation under domain shifts to unlabeled target domains.
Unsupervised Domain Adaptation (UDA) mitigates this chal-
lenge by transferring knowledge from a labeled source do-
main to an unlabeled target domain. In this paper, we propose
Self-Contrastive Learning for Domain Adaptation (SCoDA),
a novel framework that combines self-supervised contrastive
learning with distributional alignment techniques to learn
domain-invariant representations. SCoDA jointly optimizes
domain alignment and classification by using contrastive
loss to reduce feature gaps while preserving task perfor-
mance through source supervision. Experiments on UDA
benchmarks demonstrate that SCoDA outperforms tradi-
tional baselines, achieving accuracy improvements without
relying on target labels. These results highlight SCoDA’s
effectiveness in addressing complex domain shifts and its
potential for real-world applications. Our code is available at
https://github.com/viniavena/SCoDA.

Index Terms— Domain adaptation, contrastive learning,
self-supervision, feature alignment, representation learning.

1. INTRODUCTION

Deep learning has transformed computer vision, driving enor-
mous advances in tasks such as image classification, object
detection, and semantic segmentation. Nevertheless, these
achievements mostly rely on large labeled datasets, which are
costly and time-consuming to collect. Meanwhile, the abun-
dance of unlabeled data generated by sensors and devices in-
vites the use of self-supervised learning (SSL) [1], which en-
ables models to extract meaningful representations from un-
labeled data through auxiliary pretext tasks. This reduces the
reliance on manual labeling and supports scalable solutions.
Despite the advances brought by SSL techniques, a key
challenge remains: most models assume that training and test-

This study was supported in part by the Coordenacdo de
Aperfeicoamento de Pessoal de Nivel Superior - Brasil (CAPES) - Fi-
nance Code 001, CNPq grants 408255/2023-4, 309304/2021-0, and
310942/2021-7, FAPERJ grants E-26/204.122/2024s, E-26/204.562/2024
and E-26/201.021/2022, FAPESP grants 23/00673-7 and 23/00811-0, and
Development and Research Foundation Fundep - Rota 2030.

ing data are drawn from the same distribution [2]. This as-
sumption rarely holds in practice, as models face distribution
shifts, caused by anything from small variations in lighting
and resolution to drastic changes in background or environ-
mental conditions, degrading performance [3]. Addressing
these shifts without labeling target data is critical for robust
and generalizable models.

Unsupervised Domain Adaptation (UDA) [4] seeks to
bridge this gap by transferring knowledge from a labeled
source domain to an unlabeled target domain. Recent ad-
vances in SSL, particularly contrastive learning (CL), have
demonstrated promise in learning robust, transferable feature
representations [5, 6]. Contrastive learning encourages posi-
tive sample pairs (e.g., augmentations of the same image) to
cluster together while separating them from negative pairs,
fostering domain-invariant features suitable for UDA.

This work presents Self-Contrastive Learning for Domain
Adaptation (SCoDA), which integrates self-supervised con-
trastive learning and Maximum Mean Discrepancy (MMD) [7]
to align source and target feature distributions while pre-
serving task performance. Unlike prior methods, SCoDA
simultaneously optimizes domain alignment and classifica-
tion, overcoming the limitations of approaches that decouple
these processes. Using a unified loss function and simulta-
neously training the encoder and classifier, SCoDA ensures
more robust, domain-invariant representations.

The main contributions of this work are:

* aunified framework, SCoDA, that simultaneously opti-
mizes domain alignment (via MMD) and task-specific
learning (via contrastive and classification losses);

* a novel approach to contrastive learning using original
and augmented images to enhance feature robustness
and domain invariance; and

* validation of the proposal using UDA benchmarks,
demonstrating significant improvements over state-of-
the-art methods.

The remainder of this paper is structured as follows:
Section 2 reviews related work in domain adaptation and
contrastive learning. Section 3 details the proposed SCoDA
framework, including its architecture and loss functions.
Section 4 presents the experimental setup and performance



results. Section 5 concludes the paper and outlines directions
for future research.

2. RELATED WORK

Unsupervised Domain Adaptation (UDA) addresses perfor-
mance degradation caused by distribution shifts between
source and target domains. Adversarial UDA methods, such
as DANN [8] and ADDA [9], promote domain invariance
by balancing a domain classifier to distinguish the source
from target features, while a feature encoder is optimized
to confuse the classifier; however, they often face training
instability. Similarly, approaches based on Generative Adver-
sarial Networks (GANs) [10], which perform image-to-image
translation, are computationally expensive and rely on com-
plex min-max optimization, posing practical challenges in
real-world scenarios.

Divergence-based methods, such as Maximum Mean
Discrepancy (MMD) [11] and Wasserstein Distance [12],
minimize feature space discrepancies to enforce alignment.
MMD-based approaches, such as DRCN [13], combine fea-
ture alignment with target reconstruction to improve domain
adaptation. Nonetheless, the success of these methods de-
pends on high-quality embeddings that preserve relevant
semantics while discarding domain-specific noise.

Self-supervised learning (SSL) offers a powerful alterna-
tive by learning representations without labeled data. The
use of pretext tasks like rotation prediction [14] and jigsaw
solving [15] has been extended to UDA, demonstrating im-
proved transferability [16]. However, their reliance on care-
fully crafted pretext tasks limits generalization under severe
domain shifts.

Contrastive learning (CL) enhances domain adaptation by
promoting intra-class compactness and inter-class separabil-
ity [17]. Contrastive Adaptation Networks (CAN) [18] use
pseudo-labeling for alignment, but their dependence on clus-
tering introduces significant noise. CDA [19] integrates con-
trastive and MMD-based alignment but does not jointly opti-
mize feature extraction and task-specific training, leading to
suboptimal results.

As summarized in Table 1, most frameworks in the liter-
ature focus on specific techniques, such as divergence min-
imization or contrastive learning, often without leveraging
the combined strengths of these approaches. In contrast, the
SCoDA framework combines MMD for domain alignment
with self-supervised contrastive learning into a unified loss
function. This enables simultaneous learning of domain-
invariant representations and task-specific objectives, ensur-
ing robust adaptation across diverse domains.

3. PROPOSED METHOD

SCoDA consists of three main components: an encoder F'(-),
a domain alignment head G(-), and a classification head

Framework MMD SSL CL Joint Opt.
DANN [8] v
ADDA [9] v

Xu et al. [16] v v
CAN [18] v v
DRCN [13] v v
CDA [19] v v v

SCoDA (ours) v v v v

Table 1: Comparison of domain adaptation frameworks.
SCoDA combines MMD, self-supervised learning (SSL), and
contrastive learning (CL) into a unified framework with joint
optimization, addressing limitations of prior methods in do-
main alignment and task-specific learning.

C(+), as illustrated in Figure 1. The encoder extracts fea-
tures from both source and target domain samples, while the
domain alignment head calculates the Maximum Mean Dis-
crepancy (MMD) to ensure statistical alignment between the
feature distributions of the domains. The classification head
predicts labels for the source samples using supervised learn-
ing, leveraging aligned features for improved task-specific
performance.

SCoDA differs from traditional contrastive learning by
forming positive pairs between the original image, used for
classification, and an augmented version, used to enhance
representation robustness. Data augmentations, inspired by
the analysis in SImCLR [6] regarding the effectiveness of dif-
ferent transformations, include random cropping, color jitter,
Gaussian blur, and grayscale conversion. These transforma-
tions preserve semantic content while introducing variability,
promoting robust and transferable representations.

3.1. Contrastive learning strategy

Contrastive learning plays a central role in SCoDA, improv-
ing feature robustness and domain invariance by maximizing
the similarity between positive pairs and minimizing it for
negative pairs. In our implementation, a positive pair consists
of an original image « € {Xg, X7} with its augmented ver-
sionz ~ T (z). Negative pairs are formed from embeddings
of different samples within the same mini-batch, encourag-
ing the model to push apart representations of unrelated data
points. This process reinforces the distinction between differ-
ent features in the embedding space, enhancing the discrimi-
native power of the learned representations.

Feature embeddings for the source and target domains, Zg
and Zr, are extracted using the shared encoder F(-). For a
given sample, each positive pair is represented as z; = F(x;)
and z;7 = F(z]). The contrastive loss for each domain
is computed using the normalized temperature-scaled cross-
entropy loss (InfoNCE [5]):
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Fig. 1: Overview of the proposed SCoDA framework. For a given input image = € {Xg, X1}, features are extracted using
a shared encoder F'(-), yielding embeddings Zs = F(Xg) and Zy = F(X7r) for source and target domains, respectively.
Positive pairs associate the original image x, used in supervised classification on Zg via the classification head C(-), with its
augmented version 2 ~ 7T (), employed in contrastive learning. The domain alignment head G(-) computes the Maximum
Mean Discrepancy (MMD) to minimize the distance between Zg and Zr in a Reproducing Kernel Hilbert Space (RKHS) [20],
ensuring domain invariance. The overall loss L., effectively aligns the source and target domains.

exp(sim(z;, 2;7)/7)
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where zj is the embedding of the positive pair corresponding
to z;, z; represents the embedding of a different sample in the
batch, 7 is the temperature parameter, and sim(-, -) denotes
the cosine similarity, a standard metric to measure the align-
ment between two normalized vectors. By reinforcing the
similarity of positive pairs and pushing apart negative pairs,
the model learns a more robust and domain-invariant embed-
ding space, facilitating domain adaptation.

3.2. Domain alignment via MMD

To align source and target feature spaces, we employ Maxi-
mum Mean Discrepancy (MMD) [7], a kernel-based method
that measures distributional differences by comparing mean
embeddings in a Reproducing Kernel Hilbert Space (RKHS).
MMD operates as a statistical test to evaluate the similarity
between the source and target distributions, under the assump-
tion that aligned distributions share similar statistical proper-
ties in the RKHS.

Unlike Kullback-Leibler divergence [21], which requires
precise probability density estimates, MMD compares distri-
butions using kernel functions in a high-dimensional space,
making it computationally efficient and suitable for scenarios
with limited samples.

In SCoDA, MMD is applied to the feature representations
extracted by the encoder F'(-) to minimize domain discrepan-
cies. Formally, MMD is defined as:
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where Zg = {z7,...,25} and Zp = {z],..., 2T} are the
features from the source and target domains, respectively, and
k(-,-) is a Gaussian Radial Basis Function (RBF) kernel [20].
By minimizing this metric, SCoDA enforces statistical align-
ment between the feature spaces, enabling domain-invariant
learning.

3.3. Training procedure

The training process in SCoDA integrates supervised and self-
supervised learning objectives to align source and target do-
mains while optimizing task-specific performance. As illus-
trated in Figure 1, the total loss Lo, combines cross-entropy
for classification, contrastive loss for feature robustness, and
MMD for domain alignment. To train the network with la-
beled source data, we minimize the cross-entropy loss, ensur-
ing accurate task-specific learning in the source domain:

N
1
Lelass = _N ZIOgPG(yi|Zi)7 3)
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where Py(y;|z;) denotes the predicted probability for the
ground-truth label y; given input features z;, and N is the
batch size. The embeddings used for classification are further
refined through the contrastive objective, ensuring alignment
between domain-invariant features and task-specific repre-
sentations.

The overall training objective is defined as:

ngin Etotal == Eclass + « (Econts + EcontT)
+ B IMMD(Zs, Zr)|, )

where 6 represents the trainable parameters of the model. The
hyperparameter o controls the contribution of the contrastive
objective, encouraging robust feature representations, while (3
regulate domain alignment to mitigate distribution shifts.



Therefore, by processing batches containing labeled
source samples and unlabeled target samples simultaneously,
the framework effectively trains the encoder, alignment head,
and classification head to produce domain-invariant and dis-
criminative representations. Note that in the test phase, only
the encoder F'(-) and the classification head C(-) are used for
label inference, while the contrastive and MMD branches are
disabled.

3.4. Implementation details

Our SCoDA implementation employs ResNet-50 [22] as the
base encoder, which is fine-tuned during training. The en-
coder is followed by a bottleneck consisting of a linear layer
mapping the encoder’s output to a 256-dimensional space,
then a ReLU activation and a dropout layer for regularization.
The classification head, a single linear layer, predicts class la-
bels using the extracted features. The training was performed
for 100 epochs using the AdamW optimizer with a learning
rate of 5 x 10, weight decay of 1 x 10~%, and a batch size of
32, while a Cosine Annealing scheduler dynamically adjusted
the learning rate.

4. RESULTS

4.1. Experimental setup

All experiments were conducted on well-established domain
adaptation benchmarks based on digit classification datasets.
As depicted in Figure 2, the selected benchmarks evaluate
SCoDA’s ability to handle domain shifts with variations in
color, style, and resolution. The evaluated scenarios are (A —
B indicates that A is the source and B the target domain):

e SVHN — MNIST (S—M): from colorful street-view
house numbers [23] to simple grayscale handwritten
digits [24];

* MNIST — MNIST-M (M—MM): adapting to images
with color patches overlaid on noisy backgrounds [8];

e MNIST — USPS (M—U): shifting to lower-resolution
handwritten digits [25].

These benchmarks are widely used in domain adaptation
research due to their well-defined challenges, such as sig-
nificant variations in color, resolution, and style [8]. These
diverse shifts help assess the framework’s ability to learn
domain-invariant representations and generalize to real-world
scenarios

To contextualize the improvements achieved by the pro-
posed method, a source-only baseline was established as a
reference point. This baseline follows the same ResNet-50 ar-
chitecture and optimization settings as SCoDA but is trained
exclusively on the labeled source domain without domain
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Fig. 2: Examples from the three domain adaptation bench-
marks used in this study. On the left, source domains are
represented; on the right, target domains.

adaptation techniques. It serves as a lower bound, highlight-
ing the degradation in performance when domain shifts are
not explicitly addressed.

4.2. Comparison with the state-of-the-art

We compare the performance of SCoDA with state-of-the-
art unsupervised domain adaptation (UDA) methods on the
selected benchmark datasets. Table 2 presents the accuracy
results on the target domain, comparing SCoDA against var-
ious methods, including adversarial training (DANN [8],
ADDA [9]), divergence minimization (MMD [11]), self-
supervised (DRCN [13]), and contrastive learning (CDA [19])
approaches.

Framework S—M M-MM M-—-U
Source-only  68.9 56.6 82.2
DANN [8] 73.8 76.7 90.8
ADDA [9] 76.0 - 89.4
MMD [11] 71.1 76.9 -
DRCN [13] 81.9 - 91.8
CDA [19] 76.2 60.2 94.2
SCoDA 92.1 85.1 96.6

Table 2: Comparison of related state-of-the-art domain adap-
tation methods on the selected benchmark datasets. Each
result represents the accuracy achieved on the target do-
main, highlighting the effectiveness of different methods in
handling specific domain shifts. A dash (-) indicates that
the corresponding method did not report results for that
source—target pair.

The results indicate that SCoDA achieves substantial ac-
curacy improvements over the source-only baseline, with
absolute accuracy gains of 23.2%, 28.5%, and 14.4% for
S—M, M—MM, and M—U, respectively. These improve-
ments confirm the framework’s effectiveness in mitigating
domain gaps. These improvements confirm that the frame-
work effectively addresses domain shifts.

Notably, SCoDA consistently outperforms previous state-
of-the-art methods across all evaluated tasks. For S—M, it



attains 92.1%, outperforming DRCN (+10.2%). For M—U,
it achieves 96.6%, exceeding CDA by 2.4%. On the chal-
lenging M—MM task, SCoDA reaches 85.1%, significantly
outperforming both DANN (76.7%) and MMD (76.9%) by
over 8%.

This superior performance can be attributed to its joint
optimization of domain alignment (via MMD) and feature
discrimination (via contrastive learning). Unlike previous
methods that decouple these processes, SCoDA aligns feature
distributions while preserving class-discriminative properties,
ensuring that domain-invariant representations remain useful
for classification.

4.3. Ablation study

We conducted a sensitivity analysis to evaluate the impact
of key components in the SCoDA framework, focusing on
the SVHN — MNIST benchmark (S—M). In each configura-
tion, exactly one component of the full framework is modified
while the others remain fixed. The experiments include analy-
ses of divergence minimization, pretext tasks, and the impor-
tance of joint optimization. Table 3 summarizes the results,
grouping configurations into distinct themes.

Configuration Acc (%)
SCoDA (full) 92.1
Without MMD 77.8
SWD [12] replacing MMD 85.3
Rotation prediction [16] replacing CL 78.7
Separate encoder-classifier optimization 65.1

Table 3: Ablation study showing target domain accuracy
(%) results on the SVHN — MNIST domain adaptation task.
Configurations are grouped into: divergence minimization —
MMD [7] and SWD [12]; pretext tasks — contrastive learn-
ing (CL) [6] and rotation prediction [16]; joint vs separate
encoder-classifier optimization strategies [19].

Primarily, we analyzed the impact of MMD in the diver-
gence minimization step. Removing MMD caused a 14.3%
accuracy drop, while substituting it with the SWD divergence
metric [12] led to a reduction of 6.8%. However, SWD in-
curred a 26% increase in training time, making MMD the best
choice for domain alignment.

Next, the impact of Contrastive Learning (CL) as the pre-
text task for the self-supervised training of the encoder was
evaluated. Replacing CL with rotation prediction [16] re-
duced accuracy by 13.4%, indicating that simple pretext tasks
are insufficient for capturing the rich semantic relationships
needed for effective domain adaptation.

Lastly, we examined joint optimization, where the en-
coder and classifier are trained simultaneously. Training

them separately, as in CDA [19], caused a sharp accuracy
drop to 65.1%, even below the source-only baseline (68.9%).
This highlights joint optimization’s role in aligning domain-
invariant features while preserving their relevance for classi-
fication, emphasizing the importance of end-to-end training.

The results of this ablation study confirm that each com-
ponent of SCoDA plays a crucial role, and their integration is
key to achieving state-of-the-art domain adaptation.

5. CONCLUSION

This paper introduced Self-Contrastive Learning for Domain
Adaptation (SCoDA), a unified framework that integrates
self-supervised contrastive learning with Maximum Mean
Discrepancy (MMD) for domain alignment. By jointly opti-
mizing domain adaptation and classification, SCoDA demon-
strated significant improvements over existing methods in
benchmark tasks, achieving accuracy gains of up to 19%
over the source-only baseline. These results highlight the
potential of SCoDA to address challenging domain shifts, en-
suring robust and transferable representations across diverse
scenarios.

Ablation studies provided deeper insights into SCoDA’s
key components. The incorporation of MMD was shown to
significantly reduce domain discrepancies, while the use of
contrastive learning as a pretext task enabled the model to
learn rich, domain-invariant representations. Additionally,
joint optimization of the encoder and classifier proved essen-
tial for aligning feature spaces with task-specific objectives.

In future work, we will extend SCoDA to more complex
benchmarks and tasks beyond classification, such as seman-
tic segmentation.A key research direction is reducing false
negatives in self-supervised contrastive learning to improve
feature robustness. In addition, the integration of pseudo-
labeling strategies could refine target predictions iteratively,
leveraging both labeled source and pseudo-labeled target data
to enhance domain adaptation.
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