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ABSTRACT
Recent advances in self-supervised learning have significantly im-
proved visual representation learning, creating better alternatives
to supervised methods in image understanding tasks. Motivated
by the demand for robust features under low-quality image scenar-
ios, we propose adapting the SimCLR framework to operate in the
frequency domain using quantized DCT coefficients from JPEG-
compressed images. We aim to investigate the integration of the
Discrete Cosine Transform (DCT) with self-supervised contrastive
learning to enable visual representation learning. To evaluate the
learned representations, we apply linear classification and JPEG ar-
tifact removal tasks, employing ResNet-50 and Vision Transformer
(ViT) encoders. Results indicate that ViT-based embeddings, espe-
cially when combined with spatial or frequency-domain inputs,
mitigate performance loss degraded by compression. Furthermore,
artifact removal experiments with modified UNet architectures
show that incorporating ViT embeddings and attention maps can
slightly improve reconstruction quality. These findings suggest that
frequency-domain self-supervised learning is a promising direc-
tion for building robust and transferable visual representations.
However, the observed gains remain modest and limited by compu-
tational constraints.
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1 INTRODUCTION
Visual representation learning is fundamental for many computer
vision tasks, including image classification [29], tagging [13], object
detection [27], semantic and instance segmentation [15], and image
restoration [9]. The effectiveness of these tasks depends directly on
the quality of the visual features and representations.

Following the success of foundation models [2] in Natural Lan-
guage Processing (NLP), computer vision has also advanced signifi-
cantly, developing its own suite of foundation models that introduce
novel architectures and also adopting key principles from NLP. Vi-
sion Transformers (ViTs), in particular, have emerged as a powerful
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architecture for large-scale visual representation learning [11]. No-
tably, models such as DINO [5] and its successor DINOv2 [22] have
demonstrated the effectiveness of ViTs in self-supervised contexts.
These models learn high-quality representations without requiring
manual annotations and transfer well across a wide range of tasks.

One of the central techniques in training visual foundation mod-
els in a self-supervised paradigm is contrastive learning, which
optimizes the agreement between similar instances while maximiz-
ing the separation of dissimilar ones in the latent space [17, 20].
Frameworks such as SimCLR [6, 7], MoCo [14], and CLIP [25]
have established new standards in self-supervised and weakly-
supervised learning. These methods demonstrate the effectiveness
of contrastive objectives for learning transferable visual features
without manual annotation.

Traditionally, computer vision techniques, such as those briefly
presented, operate in the spatial domain, where images’ pixels
are directly analyzed to extract features. These methods employ
convolutional operations and other pixel-based transformations to
understand visual patterns. However, recently, frequency domain
approaches have gained increasing interest, particularly in specific
domain applications such as image restoration and classification.
These approaches transform images into a frequency representation,
often revealing structural patterns that may not be as apparent in
the spatial domain [19].

A widely used frequency-based technique in image processing
is the Discrete Cosine Transform (DCT), a key component of JPEG
compression. DCT decomposes image blocks into frequency com-
ponents, isolating low-frequency elements (global structure) and
high-frequency elements (fine details and textures). This transfor-
mation enables direct manipulation of DCT coefficients within the
media bitstream, offering advantages such as improved compres-
sion efficiency, artifact removal, and feature extraction for machine
learning models [23]. Busson et al. [3, 4] used DCT coefficients in
deep models for artifact reduction in JPEG/MPEGmedia, improving
decompression quality. These findings support the broader hypoth-
esis that frequency-domain representations can be effectively used
in downstream vision tasks and motivate their integration into
representation learning frameworks.

Despite its utility in compression and restoration, the use of DCT
for learning high-level visual representations using self-supervised
techniques remains underexplored. This represents a promising
opportunity to investigate whether DCT-derived representations
can be used in self-supervised learning frameworks to improve
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the robustness and transferability of visual models, particularly in
scenarios involving image degradation or compression.

The DCT offers several advantages that make it an attractive
choice for self-supervised representation learning, such as Frequency-
Domain Insights, Quality Factor Variability, and Efficiency and
Scalability.

Additionally, frequency-based approaches can offer practical
advantages in resource-constrained environments. For instance,
transmitting highly compressed images and performing analysis
or restoration directly from the DCT coefficients on the client side
can significantly reduce data transmission overhead and minimize
network resource usage.

In this context, we hypothesize that the variability introduced
by DCT quantization can serve as an effective form of data aug-
mentation for contrastive learning. By training models to recognize
consistent content across varying compression levels, we aim to
develop robust, discriminative, and generalizable representations.

To investigate this hypothesis, we propose adapting the SimCLR
framework [6, 7], replacing raw image inputs with quantized DCT
coefficients. Furthermore, we evaluate and compare two different
encoder architectures: the standard ResNet-50 used in SimCLR, and
the Vision Transformer (ViT), which has shown strong performance
in recent self-supervised learning settings. We selected ResNet-
50 and ViT as representative architectures of convolutional and
transformer paradigms, respectively. This allows assessing whether
frequency-domain contrastive learning benefits more from local
convolutional features or from the global self-attentionmechanisms
typical of transformers.

We evaluate the learned representations using two complemen-
tary approaches. First, we adopt the standard linear evaluation
protocol [1], where a linear classifier is trained on top of the frozen
pre-trained encoders. Second, we apply the representations in a
practical downstream task, JPEG artifact removal, using the learned
features to guide the reconstruction of compressed images. The
goal is to determine whether the learned representations can be
effectively applied to classic image tasks, particularly in scenarios
involving low-quality or compressed images.

By addressing this, our research aims to explore the underuti-
lized synergy between frequency-domain transformations and self-
supervised learning. It contributes a novel perspective to devel-
oping efficient and robust visual representations, particularly for
applications involving limited bandwidth or degraded visual input.

The remainder of this work is organized as follows: section 2
reviews the related works, highlighting advancements in visual
representation learning, the use of DCT with downstream tasks in
the frequency domain. section 3 outlines the proposed framework,
including the adaptation of SimCLR for DCT-based augmentations
using varying quality factors, the definition of the ResNet-50 and
ViT encoders, and the pre-training process of both versions. In
section 4, we describe the experiments that evaluate the learned
representations and analyze their respective results. Finally, sec-
tion 5 presents the final considerations, limitations, and future
works.

2 RELATEDWORKS
Numerous self-supervisedmodels for visual representation learning
have successfully employed contrastive learning [6–8, 14] as well as
other training paradigms [12, 26] to generate robust, generalizable
representations.

Furthermore, similarly to developments observed in NLP, Vi-
sion Transformers have also been integrated into self-supervised
visual learning methods, further enhancing their representational
capabilities.

Chen et al. [10] investigated ViTs in self-supervised represen-
tation learning. Their empirical evaluations demonstrate that self-
supervised ViTs can achieve competitive results compared to con-
volutional neural networks, particularly when scaled to larger ar-
chitectures. This study underscores the potential of ViTs in self-
supervised learning contexts and provides practical insights into
effective training methodologies.

Ling et al. [21] proposed a novel deep clustering method that
effectively integrates Vision Transformers (ViTs) with contrastive
learning for image clustering tasks. Experiments conducted on
eight benchmark datasets demonstrate VTCC’s (Vision Transform-
ers for Contrastive Clustering) superior clustering performance and
improved training stability compared to existing state-of-the-art
approaches. The findings highlight the efficacy of ViTs in captur-
ing global dependencies when combined with contrastive learning
principles, positioning VTCC as a significant advancement in self-
supervised deep clustering research.

These studies have successfully integrated Vision Transformers
with contrastive learning for visual representation learning. They
operate exclusively in the conventional spatial domain, applying
their methods directly to image pixels to learn spatial features and
properties. Our work, on the other hand, aims at exploring the
frequency domain to enable learning visual representation with the
DCT information.

The DCT has been applied in domain-specific machine learning
tasks, particularly in image restoration and artifact removal. For
instance, Jiang et al. [18] proposed the Flexible Blind Convolutional
Neural Network (FBCNN), designed to address JPEG compression
artifacts across varying quality factors (QFs). FBCNN predicts the
QF of a compressed image and embeds this information into the re-
construction process, allowing users to adjust the balance between
artifact reduction and detail retention according to their preferences.
Extensive experiments demonstrate that FBCNN outperforms exist-
ing state-of-the-art methods in both quantitative metrics and visual
quality, offering a versatile and effective solution for real-world
JPEG artifact removal.

Ouyang and Chen [23] introduced the DCTransformer, an ap-
proach for recovering quantized Discrete Cosine Transform (DCT)
coefficients in JPEG-compressed images. While existing recovery
methods often operate in the pixel domain, DCTransformer works
directly in the DCT domain, effectively capturing both spatial and
frequential correlations through a dual-branch architecture. They
introduce a luminance-chrominance alignment head to unify fea-
tures across different color components. Extensive experiments
demonstrate that DCTransformer outperforms state-of-the-art tech-
niques in mitigating JPEG artifacts and restoring image quality.
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Yang et al. [31] also introduced D2LNet, a method that integrates
spatial and frequency domain information to reduce artifacts in
JPEG-compressed images. D2LNet addresses this by first transform-
ing spatial domain images to the frequency domain using the Fast
Fourier Transform (FFT). It then employs two core modules: the
Amplitude Correction Module (ACM) and the Phase Correction
Module (PCM), which collaboratively facilitate interactive learn-
ing between spatial and frequency domain information. Extensive
experiments on both color and grayscale images demonstrate that
D2LNet outperforms previous state-of-the-art methods in mitigat-
ing JPEG artifacts, highlighting the effectiveness of incorporating
dual-domain learning in image restoration tasks.

As shown, several works have successfully applied Vision Trans-
formers (ViTs) in self-supervised visual representation learning [10,
21], but all operate exclusively in the spatial domain. A substantial
portion of the literature uses frequency-domain methods, particu-
larly DCT, in downstream image processing applications such as
artifact removal [18, 23, 31]. These studies underscored the benefits
of frequency-domain information but do not address representation
learning.

In contrast, our work is unique in combining self-supervised vi-
sual representation learning with frequency-domain, applying the
DCT. While previous works either focus on DCT for task-specific
solutions or on representation learning in the spatial domain, our
method bridges these perspectives. Aiming at learning generaliz-
able visual representations directly from DCT-transformed inputs,
we hypothesize that our approach is able to support multiple down-
stream tasks, such as classification and artifact removal.

3 DCT-BASED CONTRASTIVE
REPRESENTATION LEARNING

In this work, we aim to explore the potential of DCT for creating
general visual representations using self-supervised contrastive
learning. By varying the quality factors in the quantization table,
we propose to generate augmented views of the same image that
emphasize different frequency components, thereby creating a rich
and diverse set of training samples for contrastive learning.

The DCT has long been a core image processing component,
particularly in compression algorithms such as JPEG. By transform-
ing image data from the spatial domain to the frequency domain,
the DCT separates an image into its constituent frequency compo-
nents, enabling efficient representation and manipulation of visual
information. This property makes the DCT particularly well-suited
for tasks such as image compression, artifact removal, and feature
extraction [24, 30].

The Simple Framework for Contrastive Learning of Representa-
tions (SimCLR) [6] has proven highly effective for self-supervised
representation learning in computer vision. At its core, SimCLR
learns representations by contrasting augmented views of the same
image, encouraging the model to focus on semantically meaningful
features while remaining invariant to superficial transformations.
In this work, we adapt SimCLR, illustrated in Figure 1, to operate
in the frequency domain by applying DCT and quantization with
two different quality factors in the augmented image inputs. With

this adaptation, we aim to enable the model to learn representa-
tions invariant to variations in image quality, making it particularly
well-suited for tasks involving compressed or low-quality images.

Figure 1: Adaptation of SimCLR framework [6] with DCT
extraction augmentation. Both 𝑥

′′
𝑖 and 𝑥

′′
𝑗 are the DCTs ex-

tracted from the augmented images and quantized using
quality factors 𝑞𝑓1 and 𝑞𝑓2, respectively.

1. Input Image Augmentation: For each input image, with
size 224 x 224, two distinct but identically sized augmented
views,𝑥 ′

𝑖 and𝑥
′
𝑗 , are generated using standard spatial-domain

augmentations, including random flipping, zooming, color
jittering, and brightness adjustments. These augmentations
guarantee that the model is exposed to a diverse set of trans-
formations, improving its ability to generalize.

2. DCTTransformation andQuantization: Each augmented
image 𝑥 ′

𝑖 and 𝑥
′
𝑗 is partitioned into non-overlapping 8 x 8

blocks, and a 2D DCT is applied to transform these blocks
into the frequency domain. The resulting DCT coefficients
are quantized using two different quality factors:
a. For 𝑥 ′′

𝑖 , the DCT coefficients are quantized with quality
factor 𝑞𝑓1 = 10.

b. For 𝑥 ′′
𝑗 , the DCT coefficients are quantized with quality

factor 𝑞𝑓2 = 50.
3. Base Encoder Network: The quantized DCT coefficients,

𝑥
′′
𝑖 and 𝑥 ′′

𝑗 , are fed into a shared encoder network 𝑓 (.). The
encoder outputs feature representationsℎ𝑖 andℎ 𝑗 for the two
augmented views. As in Chen et al. [6, 7], we use the popular
ResNet, specifically defining a ResNet-50 architecture as our
base encoder. We also propose using a Vision Transformer
as an alternative encoder. The ViT base encoder is defined
as:
a. Given that the DCT blocks are 8 x 8, we also define this

as the input patch size.
b. The number of patches is defined as 𝑁 = 𝐻𝑊 /𝑃2, where

𝐻 is the image height,𝑊 width, and 𝑃 is the patch size.
Thus, the resulting number of patches is 784, which also
is the input sequence length for the Transformer.
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c. The Transformer uses a constant 384 as the length of the
latent vector through its layers.

The ViT base encoder is implemented as defined by Dosovit-
skiy et al. [11], but uses a reduced configuration consisting of
12 transformer blocks with 6 attention heads, as described in
DINO [5]. The ViT processes the quantized DCT coefficients
as input tokens, using self-attention mechanisms to capture
global relationships between frequency components.

4. Projection Head: The representations produced by the base
encoder are passed through a projection head composed of
three fully connected layers, following the findings of Chen
et al. [7], which show that deeper projection heads can im-
prove the results. We also added batch normalization layers
between the fully connected layers to stabilize and acceler-
ate training. The projection head maps the representations
to a lower-dimensional space where the contrastive loss is
applied, with 𝑧𝑖 = MLP(ℎ𝑖 ) and 𝑧 𝑗 = MLP(ℎ 𝑗 ).

5. Contrastive Loss: TheNormalized Temperature-Scaled Cross
Entropy (NT-Xent)[6], loss function is used to maximize the
similarity between 𝑧𝑖 and 𝑧 𝑗 (positive pair) while minimizing
the similarity with representations of other images in the
batch (negative pairs). The function is defined as:

ℓ𝑖, 𝑗 = − log
exp(sim(𝑧𝑖 , 𝑧 𝑗 )/𝜏)∑2𝑁

𝑘=1 ⊮[𝑘≠𝑖 ] exp(sim(𝑧𝑖 , 𝑧𝑘 )/𝜏)

where sim(𝑧𝑖 , 𝑧 𝑗 ) = 𝑧𝑇𝑖 𝑧 𝑗/(∥𝑧𝑖 ∥∥𝑧 𝑗 ∥) is the cosine similar-
ity between 𝑧𝑖 and 𝑧 𝑗 . 𝜏 is the temperature parameter. The
denominator sums over all negative pairs (i.e., all views 𝑘
that are not 𝑖 or 𝑗 ). And ⊮[𝑘≠𝑖 ] is an indicator function that
ensures 𝑘 ≠ 𝑖 . The final loss is computed across all positive
pairs, both (𝑖, 𝑗) and ( 𝑗, 𝑖), in a mini-batch.

6. Memory Mechanism: As introduced by Chen et al. [7], we
also adopt a memory bank to increase the number of views
used as negative examples, attempting to reduce the large
batch sizes demanded by SimCLR.

The use of two different quality factors, 𝑞𝑓1 = 10 and 𝑞𝑓2 = 50,
is central to this adaptation. By quantizing the DCT coefficients
with varying quality factors, we generate two distinct views of the
same image that emphasize different frequency components. We
chose 𝑞𝑓1 = 10 because the lower quality factor results in stronger
quantization, discarding more high-frequency information. This
produces a compressed representation with visible artifacts, chal-
lenging the model to focus on the underlying structure of the image.
On the other hand, a higher quality factor preserves more high-
frequency details, resulting in a less compressed representation. We
chose 𝑞𝑓2 = 50, mainly because studies have claimed that for qual-
ity factors above 50, metrics typically indicate minimal perceptual
degradation, suggesting that the human eye cannot easily distin-
guish between the original and compressed images. This provides
the model with richer information about fine textures and edges.

Contrasting these two views encourages the model to learn rep-
resentations that are invariant to compression artifacts while retain-
ing sensitivity to semantically meaningful features. This approach
aligns with the goals of contrastive learning, where the model is
trained to recognize similarities between different views of the
same image.

Adapting the framework to use DCT coefficients offers several
key advantages. First, it provides frequency-domain insights, as
operating in the frequency domain allows the model to access struc-
tural information that may not be apparent in the spatial domain.
This is particularly beneficial for tasks involving compressed or low-
quality images, where frequency-domain representations can reveal
critical details obscured by compression artifacts or noise. Second,
the framework benefits from invariance to quality variations. By
contrasting images quantized with two different quality factors,
the model learns to recognize the underlying content of the image
regardless of compression quality, making it robust to artifacts and
noise. Finally, the approach maintains scalability, as DCT-based
preprocessing is computationally efficient and can be seamlessly
integrated into large-scale self-supervised learning pipelines. To-
gether, these advantages make the adapted framework well-suited
for learning robust and generalizable visual representations.

To validate our proposal, we experimented with training the
adapted SimCLR with the two versions of encoders: ResNet-50 and
the ViT encoder. Next, we detail the training procedure of the two
versions.

3.1 Contrastive Training Setup
In our experiments, we used Google Colab with a TPU v2-8 (8-core)
accelerator, which represented the optimal available computational
resource. We used the ImageNet-1K ILSVRC-2012 dataset [28] for
training our contrastive visual representation models. While the
complete dataset comprises 1,281,167 training images and 50,000
validation images across 1,000 object classes, hardware constraints
necessitated working with a subset of 200 classes randomly selected
only from the training set, resulting in 255,674 training images.

For model training, we implemented distinct batch size configu-
rations to accommodate architectural differences: a 512 batch size
was used for the ResNet-50 encoder, while the larger ViT architec-
ture required a reduced batch size of 96 to maintain computational
feasibility. This adaptation ensured stable training while optimizing
resource utilization, given our hardware limitations.

The training protocol for our Visual Representation Contrastive
Models was developed through systematic experimentation and
hyperparameter optimization. Both model variants employed a 100-
epoch training process with early stopping based on contrastive
accuracy monitoring. We employed the AdamW optimizer with a
weight decay of 0.0001, coupled with a cosine decay learning rate
schedule incorporating a 20-epoch warm-up period. This configu-
ration was empirically determined to provide optimal convergence
while preventing overfitting.

3.1.1 ResNet-50 Encoder Training. The ResNet-50 encoder archi-
tecture follows the standard implementation described in He et al.
[16], generating 2048-dimensional embeddings. To gain an initial
understanding of the quality of learned representations during con-
trastive training, we conducted an exploratory evaluation using
dimensionality reduction and visualization.

Through Principal Component Analysis (PCA), we projected the
high-dimensional embeddings onto a 2D plane, as shown in Fig-
ure 2. The visualization suggests that paired DCT representations,
quantized with quality factors 10 (circles) and 50 (diamonds), respec-
tively, tend to maintain proximity in the embedding space despite
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their differing compression levels, while clearly distancing from
unrelated instances. While this pattern appears consistent with
the contrastive learning objective of clustering similar instances,
further analysis would be needed to fully validate these observa-
tions and characterize the quality and effectiveness of the learned
representations.

Figure 2: Visualization of validation embeddings generated
with the ResNet-50 encoder. Circles are the embeddings from
DCTs quantized with qf=10. Diamonds are the embeddings
from DCTs quantized with qf=50.

3.1.2 ViT Encoder Training. Following the same training protocol
described previously, we additionally trained a Vision Transformer
(ViT) encoder that generates 384-dimensional embeddings. When
applying the same PCA-based visualization approach, preliminary
observation from Figure 3 suggests that the ViT embeddings may be
learning some degree of the contrastive relationships between DCT
pairs. The visualization reveals that representations of the same
image quantized with different quality factors (10 and 50) tend to
maintain closer proximity in the embedding space when compared
to unrelated samples, which could indicate that the ViT encoder is
capturing certain aspects of the semantic similarity between aug-
mented views while distinguishing dissimilar instances. However,
further analysis is needed to characterize the effectiveness of the
embeddings and their full applications.

Beyond generating final embeddings, the ViT encoder offers
additional interpretable representations through its attention mech-
anisms. As a transformer-based architecture, the ViT produces
attention scores in each of its multi-head attention layers, which
can be aggregated and visualized as attention maps. These maps
indicate how strongly different regions of the input (in our case,
DCT coefficient patches) contribute to the final representation at
each layer.

The visualizations of these attention maps, shown in Figure 4,
suggest that some attention heads appear to focus on particular
regions of the frequency spectrum, potentially corresponding to
semantically meaningful features in the image. For instance, cer-
tain heads consistently attend to lower-frequency DCT coefficients
(typically representing broader shapes and structures), while others

Figure 3: Visualization of validation embeddings generated
with the ViT encoder. Circles are the embeddings from DCTs
quantized with qf=10. Diamonds are the embeddings from
DCTs quantized with qf=50.

Figure 4: Attention scores visualization. The original image is
quantized with 𝑞𝑓 = 10 and passed through the ViT encoder.
The attention maps highlight regions of interest, demon-
strating the potential model’s ability to focus on meaningful
features.

show activation patterns around mid-frequency components (often
corresponding to textures and edges). However, we emphasize that
these observations require a more rigorous quantitative evaluation
to fully characterize the relationship between attention patterns
and semantic content.

4 DOWNSTREAM TASKS EXPERIMENTS
To assess the quality and practical utility of the learned repre-
sentations, we conducted experiments using two complementary
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approaches: (1) the standardized linear evaluation protocol follow-
ing Chen et al. [6], and (2) a practical JPEG artifact removal task.
The linear evaluation protocol provides a standardized benchmark
for assessing representation quality by training a simple linear
classifier on frozen features, while the artifact removal task tests
the representations’ utility in a concrete application scenario. De-
tailed methodologies and results for both evaluation approaches
are presented in the following sections.

4.1 Linear Classifier Evaluation
This approach measures the linear separability of the features by
training a simple linear classifier on top of frozen encoder outputs,
without updating the encoder weights. It provides a standardized
method for comparing the discriminative power of different repre-
sentations.

The evaluation process involves using both ResNet-50 and ViT
encoders, pre-trained using the proposed DCT-based contrastive
learning approach. During the linear evaluation phase, the encoder
weights remained frozen, ensuring that classification performance
directly reflected the quality of the learned embeddings.

We performed the evaluation using a subset of 200 categories
from the ImageNet-1K validation set, with 10,000 images. This sub-
set matched the classes used in the pre-training phase. To maintain
consistency with the self-supervised training setup, we applied a
similar set of data augmentations—random flipping, zooming, color
jittering, and brightness changes—but with reduced intensity.

A linear classifier was then trained on top of the frozen represen-
tations. The classification head consisted of a single fully connected
layer, followed by batch normalization and dropout for regulariza-
tion. The training was performed using stochastic gradient descent
(SGD) with an initial learning rate of 0.005, a cosine decay schedule,
and a warmup period of 10 epochs. All models were trained from
scratch, as we are using a random subset of the dataset.

4.1.1 Results for Linear Classifiers Evaluation. We conducted three
evaluation setups to compare the effectiveness of different input
modalities and to examine the contribution of the learned embed-
dings.

In the first setup, we trained a linear classifier using raw images
compressed at quality factors (QFs) 50 and 10, establishing baseline
results. We then evaluated the impact of combining these inputs
with embeddings extracted from the ViT encoder.

As shown in Table 1, classification performance decreases with
reduced image quality. Top-1 accuracy drops from 53.36% and
78.64% top-5 at QF 50 to 44.00% top-1 and 70.64% top-5 at QF 10.
Combining ViT embeddings with image inputs did not lead to
improvement in this setting. For QF 50, the hybrid input slightly un-
derperformed the baseline, reaching 52.72% top-1 and 78.48% top-5
accuracy. A similar pattern is observed for QF 10, where the com-
bination achieved 42.08% top-1 and 71.44% top-5 accuracy. These
results suggest that the ViT embeddings, while informative, may
not have provided additional discriminative power beyond the raw
image features in this experimental setup. The observed differences
across folds, as reflected by the standard deviations, are relatively
small, indicating stable behavior of the models across data splits.

The second setup, summarized in Table 2, uses only frequency
domain data—specifically, quantized DCT coefficients with QFs 10

Table 1: K-fold (k=5) results for Linear Evaluation of ViT
embeddings combined with images in the spatial domain.

data QF Encoder
arch

top-1 acc (%)
with s.d.

top-5 acc (%)
with s.d.

Image 50 - 0.5336 ± 0.04 0.7864 ± 0.02
Image 10 - 0.4400 ± 0.03 0.7064 ± 0.03
Image +
Embedding 50 ViT 0.5272 ± 0.03 0.7848 ± 0.01

Image +
Embedding 10 ViT 0.4208 ± 0.02 0.7144 ± 0.02

and 50—and evaluates both raw DCTs and DCTs combined with
ViT embeddings. The accuracy is generally lower than with spatial
images, with a top-1 accuracy of 30.64% at QF 50 and 23.06% at QF
10. Combining DCTs with embeddings results in a slight improve-
ment. At QF 50, top-1 accuracy increases to 34.16%, and at QF 10,
it rises to 36.88%. The top-5 accuracy also improves considerably,
particularly at QF 10, reaching 62.88% compared to 43.99% without
embeddings. This indicates that the embeddings contribute mean-
ingful complementary information that supports class separability
even in severely compressed conditions. Additionally, the standard
deviations are within acceptable bounds, indicating consistent per-
formance across folds.

Table 2: K-fold (k=5) results for Linear Evaluation of ViT
embeddings combined with images’ DCTs

data QF Encoder
arch

top-1 acc (%)
with s.d.

top-5 acc (%)
with s.d.

DCT 50 - 0.3064 ± 0.03 0.6512 ± 0.17
DCT 10 - 0.2306 ± 0.02 0.4399 ± 0.03
DCT +
Embedding 50 ViT 0.3416 ± 0.04 0.5952 ± 0.04

DCT +
Embedding 10 ViT 0.3688 ± 0.03 0.6288 ± 0.02

The final setup, shown in Table 3, evaluates classifiers trained
exclusively on embeddings. As anticipated, accuracy in this case
is substantially lower due to the absence of visual input. Still, ViT
consistently outperforms ResNet-50 across both QFs. For example,
at QF 10, ViT achieves 12.40% top-1 and 22.40% top-5 accuracy,
whereas ResNet-50 achieves 6.80% and 12.00%, respectively and the
standard deviations remain within low ranges, indicating stability
again. This may indicate that ViT-based representations retain more
semantic information under compressed training conditions.

In summary, these experiments show that:
• Compression degrades classification accuracy, but learned
embeddings help recover part of the lost performance;

• DCT-based inputs are viable but less discriminative than
spatial images; however, embeddings can still provide a slight
improvement under low-quality conditions;

• ViT encoders generally produce more informative embed-
dings than ResNet-50 in the tested settings.

Together, these findings are consistent with the hypothesis that
DCT-based contrastive learning, particularly when paired with ViT
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Table 3: k-fold (k=5) results for Linear Evaluation of ViT and
ResNet-50 encoder embeddings

data QF Encoder
arch

top-1 acc (%)
with s.d.

top-5 acc (%)
with s.d.

Embedding 50 ViT 0.0879 ± 0.02 0.1959 ± 0.02
Embedding 10 ViT 0.1240 ± 0.02 0.2240 ± 0.02
Embedding 50 ResNet-50 0.0480 ± 0.02 0.1400 ± 0.01
Embedding 10 ResNet-50 0.0680 ± 0.02 0.1200 ± 0.03

encoders, can support learning transferable representations under
varying image quality conditions.

4.2 JPEG Artifact Removal Evaluation
The JPEG artifact removal task focuses on reducing or eliminating
distortions introduced by lossy JPEG compression, which typically
manifest as blocking artifacts, blurring, ringing effects, and quan-
tization noise. The goal is to reconstruct a higher-quality image
that closely resembles the original uncompressed version while
preserving essential fine details and textures.

For this experiment, we randomly selected 3,100 images from the
ImageNet validation set (guaranteeing no overlap with pretraining
data) and divided them into 3,000 training images and 100 validation
samples. Each image was processed as follows:

• Converted to DCT domain using 8𝑥8 blocks;
• Quantized with QF 10 as model input;
• Quantized with QF 50 as reconstruction target.

This setup challenges the model to recover higher-frequency
components discarded during aggressive QF 10 compression, ef-
fectively learning an artifact-removal mapping between low- and
high-quality DCT representations.

The frozen pre-trained ResNet-50 and ViT encoders, without
any fine-tuning, were employed to extract the embeddings and
attention maps. The ResNet-50 embeddings were extracted from
the final global average pooling layer. For the ViT encoder, the
embeddings were also extracted from the global average pooling
layer following the transformer layers, and the attention maps were
derived from the mean attention scores from the first transformer
block.

Building on Busson et al. [3, 4], which demonstrated the efficacy
of UNet architectures for DCT-based artifact removal, we use the
UNet network as our baseline model. To enable the integration
of the embeddings and/or the attention maps extracted from the
attention scores with the UNet decoding process, we also modify
the UNet architecture with two dedicated fusion mechanisms: (1) a
feature concatenation for combining DCT coefficients with encoder
embeddings, and (2) an attention gating module for incorporating
spatial attention maps. This dual adaptation allows flexible experi-
mentation with three input configurations: DCT coefficients alone,
DCT-enhanced embeddings, or their combination with attention
guidance.

In the first mechanism, we project the embedding to match the
UNet bottleneck feature space. Then, the projected embedding is
reshaped and tiled across spatial dimensions, aligning with the
bottleneck feature map. The tiled embeddings are then concate-
nated channel-wise with the UNet features, creating a composite

representation that merges global semantic information from the
encoder with local frequency patterns from the DCT coefficients.

The attention maps integration follows a more dynamic ap-
proach. During decoding, we resize the attention maps to match
the current feature resolution. Then, a 1x1 convolution with a sig-
moid activation is used to process the attention maps, transforming
them into spatial importance weights that highlight regions re-
quiring special focus. Finally, the attention map is applied through
element-wise multiplication to the decoder feature maps to focus
on important regions.

Thus, we trained 5 distinct UNet versions to isolate the contri-
bution of each component:

#1 DCT Baseline Model: Uses only the quantized DCT coeffi-
cients as input;

#2 DCT + ResNet-50 Embedding: Combines the quantized
DCT coefficients with frozen ResNet-50 embeddings;

#3 DCT + ViT Embedding: Combines the quantized DCT co-
efficients with frozen ViT embeddings;

#4 DCT +Attentionmap: Combines the quantized DCT coeffi-
cients with the mean attention maps from the ViT encoder’s
first transformer layer;

#5 DCT + Attention map + ViT Embedding: Full integra-
tion of the quantized DCT coefficients, ViT embedding, and
the mean attention maps from the ViT encoder’s first trans-
former layer.

All models were trained for 1,000 epochs using the Adam opti-
mizer (𝑙𝑟 = 10−4) with Mean Squared Error (MSE) loss, minimizing
the difference between predicted and target DCT coefficients. To
measure the performance of the model at artifact removal, we em-
ployed three standard image quality metrics:

• Peak Signal-to-Noise Ratio (PSNR): to provide a quantitative
measure of how well the reconstructed image approximates
the original image in terms of pixel-level accuracy;

• Structural Similarity Index (SSIM): to evaluate the perceived
quality of an image by comparing luminance, contrast, and
structure between the original and reconstructed images.
And;

• Normalized Root Mean Square Error (NRMSE): to measure
the normalized difference between the original and recon-
structed images.

This multi-metric approach enables a comprehensive analysis
of both quantitative reconstruction accuracy and perceptual arti-
fact removal performance. To apply these metrics, we convert the
model’s outputs to the spatial domain that, as the inputs, are in the
frequency domain.

4.2.1 Results for Artifact Removal Evaluation. The experimental
results presented in Table 4 reveal the notable potential for the appli-
cation of the learned representations with the proposed integration
architectures for JPEG artifact removal.

The marginally superior performance of model #3 (DCT + ViT
embedding), with SSIM: 0.64, and PSNR: 23.86 dB, compared to
the baseline, with ΔSSIM +0.01, and ΔPSNR +0.06 dB, and model
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Table 4: Results for a linear evaluation on the artifact removal
task. SSIM and PSNR are expected to increase while NRMSE
is expected to decrease.

# Unet Version SSIM↑ PSNR↑ NRMSE↓
1 DCT baseline 0.63 23.80 0.14
2 DCT + Resnet-50 embed-

ding
0.62 23.76 0.14

3 DCT + ViT embedding 0.64 23.86 0.14
4 DCT + attention map 0.64 23.90 0.14
5 DCT + attention map +

ViT embedding
0.63 23.74 0.15

#2 (DCT + ResNet-50 embedding) variant may indicate that trans-
former architectures could possess certain advantages for frequency-
domain processing. This observation is consistent with the theo-
retical framework, suggesting that ViTs’ patch-based self-attention
mechanism might better preserve the block-wise relationships in
DCT coefficients, though the relatively small performance differ-
ences require cautious interpretation.

The variant #4 (DCT + attention map) model’s performance, with
PSNR: 23.90 dB, appears to demonstrate the potential benefits of
spatially adaptive processing for artifact removal. These results
may support the hypothesis that dynamic feature modulation may
help address localized compression artifacts, though the identical
SSIM scores (0.64) across multiple variants suggest the perceptual
improvements might be less pronounced than the pixel-level gains.

The reduced performance of the variant #5 (combined ViT at-
tention map + ViT embedding model), with PSNR: 23.74 dB, and
NRMSE: 0.15, could potentially indicate challenges in feature inte-
gration strategies. Some plausible explanations might account for
this observation, such as:

• Information Redundancy: ViT embeddings and attentionmaps
may encode overlapping frequency-space information;

• Scale Conflict: Global embeddings could interfere with local
attention guidance;

• Projection Effects: The linear embedding projection may dis-
tort pre-trained feature relationships.

Moreover, the metric-specific patterns offer additional insights
worth considering:

• The narrow SSIM range (0.62-0.64) may suggest that struc-
tural similarity is largely maintained across variants;

• The wider PSNR variation (23.74-23.90 dB) could indicate
differential sensitivity to architectural modifications;

• The stable NRMSE values (0.14), except for the #5 variant
(0.15), might reflect generally robust feature integration.

These findings suggest that the ViT embeddings may maintain
the global frequency relationships, whilst the attention maps seem
to mitigate local artifacts better due to their spatial awareness. The
ResNet-50 embeddings appear compromised by the DCT block
misalignment, suggesting that convolutional operations may dis-
rupt block-wise frequency relationships, even though, theoretically,
they should benefit from spatial invariance. These interpretations
remain provisional pending further ablation studies, but are consis-
tent with established principles of frequency-domain processing
and the observed metric variations across architectures.

5 CONCLUSIONS
This work investigated the integration of the Discrete Cosine Trans-
form (DCT) with contrastive learning to enable visual representa-
tion learning under varying image quality conditions. We proposed
a frequency-domain adaptation of the SimCLR framework, using
quantized DCT coefficients as input and training encoders based
on ResNet-50 and Vision Transformer (ViT) architectures. This de-
sign aimed to exploit DCT’s structural properties, particularly its
ability to separate low- and high-frequency image components and
simulate compression-induced distortions.

To assess the quality of the learned representations, we per-
formed linear classification under different conditions. Results in-
dicate that the classification accuracy degrades as image quality
decreases, and that combining spatial inputs with learned embed-
dings does not improve linear classification performance. While
DCT-only inputs performed worse than spatial images, their com-
bination with embeddings led to measurable gains, especially in
more degraded scenarios. ViT consistently outperformed ResNet-50
across conditions, reinforcing its ability to learn robust features
from frequency-domain signals.

While the performance gap between frequency-domain and
spatial-domain baselines suggests areas for further optimization,
this work highlights the potential of compressed-domain learning
and contributes to ongoing efforts toward efficient, flexible, and
label-free visual understanding.

We further evaluated the learned representations in a JPEG arti-
fact removal task using a UNet-based decoder. The best-performing
configuration used ViT embeddings alongside DCT coefficients,
achieving marginal improvements in PSNR and SSIM. The integra-
tion of ViT attention maps also contributed positively, although
combining embeddings and attention maps showed diminishing
returns, likely due to redundancy or integration conflicts. In con-
trast, combining both the embeddings and the attention maps did
not improve performance, possibly due to redundancy or feature
integration conflicts.

These findings demonstrate that frequency-domain contrastive
learning is a viable strategy, particularlywhen pairedwith transformer-
based architectures. Although performance gains were modest, the
results support further exploration of compressed-domain learn-
ing as a complementary pathway to traditional spatial-domain
approaches.

This study presents encouraging preliminary evidence but re-
mains limited by computational resources and dataset scale. Broader
evaluations, including additional quality factors, datasets, and down-
stream tasks such as segmentation or retrieval, are left for future
work. Moreover, quantitative analyses of ViT attention patterns
and systematic ablation studies could clarify the roles of frequency
components and architecture design. Despite these constraints, the
proposed DCT-based contrastive approach opens new possibilities
for efficient compressed-domain learning and multimedia process-
ing.
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