
Received 1 June 2025, accepted 18 July 2025, date of publication 22 July 2025, date of current version 28 July 2025.

Digital Object Identifier 10.1109/ACCESS.2025.3591544

Dual-Stream Contrastive Learning for Medical
Visual Representations Using Synthetic Images
Generated by Latent Diffusion Model
WEITAO YE 1, LONGFU ZHANG2, XIAOBEN JIANG1, DAWEI YANG 3,4,5, AND YU ZHU 1
1School of Information Science and Engineering, East China University of Science and Technology, Shanghai 200237, China
2Department of Pulmonary and Critical Care Medicine, Shanghai Xuhui Central Hospital, Zhongshan-Xuhui Hospital, Fudan University, Shanghai 200237, China
3Department of Pulmonary and Critical Care Medicine, Zhongshan Hospital (Xiamen), Fudan University, Huli District, Xiamen, Fujian 361015, China
4Department of Pulmonary and Critical Care Medicine, Zhongshan Hospital, Fudan University, Shanghai 200032, China
5Shanghai Engineering Research Center of Internet of Things for Respiratory Medicine, Shanghai 200032, China

Corresponding authors: Yu Zhu (zhuyu@ecust.edu.cn) and Dawei Yang (yang_dw@hotmail.com)

This work was supported in part by the National Scientific Foundation of China under Grant 62476088 and Grant 82170110, in part by
Xuhui District Medical Research Project under Grant SHXH202113, in part by the Science and Technology Commission of Shanghai
Municipality under Grant 20DZ2254400 and Grant 20DZ2261200, and in part by Fujian Provincial Department of Science and
Technology under Grant 2022D014.

ABSTRACT Deep learning-based medical image processing methods can enhance diagnostic accuracy
while significantly accelerating clinical decision workflows. However, in order to learn better visual
representations, such approaches usually need substantial amount of expert-annotated data, which are highly
costly. To address this issue, we propose a novel approach called Dual-Stream Contrastive Learning with
Cross-Scale Token Projection (DCL-CsTP), which aims to enhance visual representations and transferable
initializations. Specifically, a latent diffusion model (LDM) is leveraged to generate high-quality synthetic
medical images in order to expand the dataset. Then we utilize the proposed dual-stream architecture that
consists of a global semantic relations stream and a local detail relations stream to learn discriminative
medical image representations from the dataset. Furthermore, a cross-scale token projection is designed
to enable the model to capture various scales of focus in medical images. Comprehensive experiments are
performed on two downstream tasks: medical image classification and segmentation. For multi-classification
of pneumonia, our DCL-CsTP method achieves 95.90% accuracy. For lesions segmentation, our DCL-CsTP
method attains 89.73% dice coefficient on the International Skin Imaging Collaboration 2018 (ISIC 2018)
dataset and 82.50% dice coefficient on the Kvasir-SEG dataset. The performance superiority of the model
pre-trained by DCL-CsTP is conclusively demonstrated through the above experiments on various dataset,
which shows that DCL-CsTP can enhance diagnostic precision and alleviate radiologists’ image screening
burdens.

INDEX TERMS Contrastive learning, cross-scale token projection, dual-stream, latent diffusion model,
medical visual representations.

I. INTRODUCTION
In recent years, due to the exponential growth of medical
imaging and the continuous enhancement of computational
power, an increasing number of researchers have been
utilizing deep learning to enhance the performance ofmedical
image processing by constructing deeper and more complex
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networks [1], [2]. To achieve outstanding performance,
networks typically leverage supervised learning with large
amounts of labeled data [3], [4]. Nevertheless, within the
realm of medical image processing, the collection and
creation of extensive datasets present significant challenges,
largely due to privacy protection considerations [5]. More-
over, even professional radiologists encounter considerable
hurdles in ensuring the reliability and consistency of anno-
tations, particularly when dealing with large-scale medical
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data annotation [6]. Medical image segmentation annotations
acutely demonstrate this challenge, where variations in
annotations made by different radiologists for the same
lesion can be significant [7]. Therefore, performing medical
image processing method under constrained availability of
high-quality annotated data poses a significant technical
hurdle.

To expand the amount of data, generative adversarial
networks (GANs) [8], [9] have been widely used for
generating a large number of synthetic images from existing
datasets. However, the pattern coverage of these GANs is
constrained, rendering them unable to adequately capture
the true breadth of features [10], [11]. Moreover, challenges
including training instability and mode collapse impose
inherent constraints on GANs’ practical applicability [12].
Recently, diffusion models have established a novel pathway
to image generation tasks. In this study, we utilize the latent
diffusion model (LDM) [13], [14] to generate substantial
amount of high-quality synthetic medical images in order to
expand the dataset.

Moreover, to leverage abundant unlabeled synthetic med-
ical images, we employ self-supervised learning (SSL) [15],
[16] to obtain appropriate medical visual representations.
Unlike traditional supervised learning, SSL does not require
manual annotations. Instead, it automatically generates labels
from the input data itself and guides the model through
pre-training with proxy tasks, allowing for the exploration
of intrinsic feature structures and latent relationships within
the dataset [17]. Following this, we fine-tune the network
in downstream tasks with minimal labeled data. SSL
can substantially diminish model reliance on labels and
enhance generalization performance. Recently, contrastive
learning [18], [19], [20], [21], [22], [23], [24], a successful
variant of SSL, has garnered significant attention due to its
exceptional visual feature learning capabilities. Generally,
contrastive learning can be categorized into two approaches:
one utilizes both positive samples and negative samples
during the training process, while the other solely relies
on positive samples. The first kind of methods [18], [19],
[20], [21] train model by pushing augmented views of
distinct images (negative pair) apart while pulling different
augmented views of the same image (positive pair) closer.
These methods employ InfoNCE [22] as their contrastive loss
function. On the contrary, the second kind of methods [23],
[24] solely rely on utilizing the positive pair to maximize
the similarity between two augmented views of an image,
using cosine similarity as their loss function. In detail, the
former places greater emphasis on global semantic relations,
while the latter can pay closer attention to local detail
relations.

Inspired by contrastive learning, recent studies [25], [26],
[27], [28], [29] have adopted it as a pre-training strategy to
improve the performance of downstream tasks. While these
approaches demonstrate promising results, we identify two
critical limitations in current contrastive learning frameworks
when applied to medical imaging:

(1) Incomplete Global-Local Feature Modeling: Most
existing contrastive learning methods focus either on global
semantic relations or local detail relations, but neglect to fuse
both representations effectively.

(2) Limited Capacity of MLP Projection Head: The
multi-layer perceptron(MLP) projection head, commonly
used tomap features before contrastive loss computation, lack
the capacity to effectively model multi-scale features.

To fill these gaps, we propose Dual-stream Contrastive
Learning with Cross-scale Token Projection (DCL-CsTP) for
medical visual representations. Our main contributions are
summarized as follows:

• We leverage a LDM to generate high-quality synthetic
medical images in order to expand the dataset.

• To address the incomplete global-local feature modeling
issue, we propose a novel dual-stream contrastive
learning architecture that consists of a global semantic
relations stream and a local detail relations stream. The
global semantic relations stream utilizes both positive
and negative samples during training to learn global
semantic relations, meanwhile the local detail relations
stream solely leverages positive pairs to capture local
detail relations.

• To overcome the limitation of the MLP projection head,
we design cross-scale token projection to enable the
model to capture various scales of focus in medical
images.

• Combining dual-stream contrastive learning and
cross-scale token projecton, we propose the DCL-CsTP.
Its effectiveness is evaluated on downstream tasks:
medical image classification and segmentation. The
results demonstrate that our DCL-CsTP can surpass
other state-of-the-art contrastive learning methods.

II. RELATED WORK
A. SYNTHETIC IMAGE GENERATION
GANs [8], [9] have been widely used for synthetic image
generation. However, GANs have a problem with mode
collapse, because of this, they fail to capture the entire
diversity of the data distribution and instead produce limited
variations or even repetitions of a few modes. In addition,
GAN training can be notoriously unstable, with the generator
and discriminator struggling to find a Nash equilibrium,
leading to missing or unrealistic samples in the generated
data. Recently, the diffusion model [13] has garnered
significant interest in tackling various problems in deep
learning generation. Compared to traditional GANs, the
advantages of the diffusion model are its lower sensitivity
to hyperparameters and its stability during both training and
generation. Moreover, LDM [14] can reduce computational
complexity by combining the variational autoencoder (VAE)
[30] and the diffusionmodel while generating high-resolution
synthetic images. In this study, we leverage LDM to generate
high-quality synthetic medical images in order to expand the
dataset.
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B. SELF-SUPERVISED LEARNING FOR MEDICAL IMAGES
Given the unique characteristics of medical image data,
manual annotation of massive medical image data is
highly costly. To tackle this issue, SSL has emerged as
a pre-training approach that leverages unlabeled data to
achieve a suitable initialization for subsequent tasks that
have limited annotations available. Chen et al. [31] proposed
a novel self-supervised learning strategy based on context
restoration, aiming to effectively leverage unlabelled images
for improved learning. Cheng et al. [32] introduced an
effective adaptive local prototype pooling module that elim-
inates the need for annotations during training. In addition,
CAiD [33] aimed to enhance instance discrimination learning
by leveraging diverse local context information from unla-
beled medical images, thereby providing more precise and
discriminative information. DiRA [34] utilized restorative
learning, discriminative learning, and adversarial learning
techniques to improve the effectiveness of self-supervised
learning approaches in the domain of medical image analysis.

Contrastive learning, a highly effective form of SSL,
has proven to be an effective approach to extract visual
representations from unlabeled images [35]. Motivated by the
success of contrastive learning, numerous researchers have
incorporated contrastive learning techniques into the field of
medical image processing. Sowrirajan et al. [25] employed
MoCo (Momentum Contrast) pretraining to enhance the
representation learning and transferability of Chest X-ray
models. Zhang et al. [26] derived medical visual represen-
tations by leveraging contrastive learning with paired image-
text data. Furthermore, researchers [36], [37], [38] have also
utilized contrastive learning techniques to advance medical
image segmentation tasks. Despite these efforts, we believe
the existing contrastive mechanisms retains optimization
potential in medical image processing.

FIGURE 1. Overview of the proposed three-stage approach for medical
image model training with limited data.

III. THE PROPOSED METHOD
A. OVERVIEW
As illustrated in Fig. 1, we propose a three-stage approach to
enhance medical image processing with limited labeled data:

(1) SyntheticMedical ImagesGeneration: Employ LDM
to generate substantial amount of high-quality synthetic
medical images.

(2) DCL-CsTP Pretraining: Leverage DCL-CsTP to
pretrain the encoder using both synthetic and real medical
images;

(3) Downstream Task Fine-tuning: Build network for
downstream task with the frozen pretrained encoder (trained
via DCL-CsTP) and a task-specific head. Fine-tuning is
performed on limited labeled real medical images using
supervised learning.

FIGURE 2. The pipeline for medical image generation using latent
diffusion model.

B. MEDICAL IMAGE GENERATION BASED ON LATENT
DIFFUSION MODEL
Compared to traditional diffusion model, we use the
LDM [14] which can reduce computational complexity by
combining the VAE [30]. In detail, LDM consists of two
parts: pixel space and latent space, as shown in Fig. 2.

1) PIXEL SPACE
An encoder E is utilized to compress the pixel-level medical
image into latent feature Z. In addition, the decoder D is
employed to restore the denoised latent feature Ẑ to pixel-
level image. As shown in (1):

Z = E(x); x̂ = D(Ẑ ) (1)

where x denotes the pixel-level real medical image, and x̂
denotes the generated pixel-level synthetic medical image.

2) LATENT SPACE
The latent diffusion model diffuses the latent feature Z
by introducing Gaussian noise ε, and then estimating the
data distribution by gradual denoising the Gaussian noise.
The complete denoising learning process corresponds to the
inverse operation of fixing a Markov chain. The denoising
autoencoder εθ is used to predict the denoising distribution
variable of Zt which represents the result of diffusing
latent feature Z with t times. (2) is the loss function
of LDM:

L = ∥ε − εθ (Zt , t)∥22 (2)
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FIGURE 3. The overall architecture of the proposed DCL-CsTP. The upper
stream utilizes both positive and negative samples during the training
process to focus on global semantic relations. The other lower stream
solely leverages positive pairs to capture local detail relations.

C. DUAL-STREAM CONTRASTIVE LEARNING
ARCHITECTURE
As shown in Fig. 3, we design the DCL-CsTP to learn both
global semantic relations and local detail relations. First,
we utilize strong augmentations to create two views v1 and
v2 as positive pair and take out negative samples n which are
pre-stored in the memory bank. To capture global semantic
relations, we push (v1, n) and (v2, n) apart and simultaneously
pull (v1, v2) closer. Then, we take another randomly strong
augmented view v3 from the same image. To extract local
detail relations, we solely rely on maximize the similarity
between v2 and v3. Moreover, a cross-scale token projection
is proposed to fuse the multi-scale features. Additionally,
to strengthen model robustness against noise interference,
random Poisson Noise Perturbation (PNP) augmentation is
applied.

1) CAPTURE GLOBAL SEMANTIC RELATIONS
First, we apply strong data augmentations to medical imageX
to generate two distinct views, v1 and v2. Strong augmentation
is a random combination of 8 types of augmentations:
Rotate, Resized crop, Color jitter, Auto contrast, Equalize,
Sharpness, Brightness, and PNP. Then, we employ ResNet50
[39] backbone as the feature encoder. The positive pairs are
mapped via encoder (F) and momentum encoder (Fm) to
extract feature. Then, cross-scale token projection (T ) and
momentum cross-scale token projection (Tm) are leveraged
to enable the model to capture various scales of focus in
medical images. Most contrastive learning methods [18],
[19], [20], [21] employed InfoNCE [22] as their contrastive
loss function which focuses on pushing negative pair apart
while pulling positive pair closer. These methods foucs on
learning the relation between query views and other views
without considering the relation between positive views and
other view. Inspired by [40] and [41], we use the modified
version of InfoNCE loss shows in (3), where q is a query,
p stands for the positive sample, n represents the negative
samples, τ is a temperature hyper-parameter [42] and N is
the number of negative samples that are stored in the memory

bank [19] in advance. The modified version of InfoNCE
enhance the role of p beyond merely being a target to be
pulled closer for q. To further exploit p, we calculate the
similarity between the positive and negative samples and
the similarity between the query and the negative sample
as P(p, n) and Q(q, n). Then, the symmetric Kullback-
Leibler (KL) Divergence is utilized to calculate the difference
between P(p, n) and Q(q, n), we employ LKL to keep the
agreement between P(p, n) and Q(q, n) by minimize their
difference, as demonstrated in (4).

LNCE = − log(
exp(q · p/τ )

exp(q · p/τ ) +
∑N

i=0 exp(q · ni/τ )
) (3)

P(p, n) = [P1,P2, . . . ,PN ] ,Pj =
exp(p · nj/τ )
N∑
i=0

exp(p · ni/τ )

Q(q, n) = [Q1,Q2, . . . ,QN ] ,Qj =
exp(q · nj/τ )
N∑
i=0

exp(q · ni/τ )

LKL =
1
2
DKL(P ∥ Q) +

1
2
DKL(Q ∥ P) (4)

We update the weights ωq of the encoder (F) and
cross-scale token projection (T ) by back-propagation, while
the weights ωk of the encoder (Fm) and token projection
(Tm) are updated by momentum update [19], as shown in (5),
where m is 0.999 to update the weights slowly.

ωk = mωk + (1 − m)ωq (5)

2) EXTRACT LOCAL DETAIL RELATIONS
To extract local detail relations, we take two randomly
generated strongly augmented views v2 and v3 from the same
image. They are encoded by encoder (F) and then processed
by cross-scale token projection (T ), resulting in q2 and q3.
Simultaneously, the encoder (f ) shares weights with encoder
(F) takes the same input and generates p̂2 and p̂3. To maintain
a clean gradient flow, we apply stop-gradient operation to
encoder (f ). The loss function shown in (6) is utilized to
minimize the negative cosine similarity between q2, p̂3 and
q̂3, p2. By performing this operation, we can achieve a more
refined expression of the local features.

LCS = −
1
2
(
q2

∥q2∥2
·

p̂3∥∥p̂3∥∥2 ) −
1
2
(
q3

∥q3∥2
·

p̂2∥∥p̂2∥∥2 ) (6)

D. CROSS-SCALE TOKEN PROJECTION
To enhance multi-scale representation learning, we propose a
cross-scale token projectionmodule as illustrated in Fig. 4(b).
The core component is the cross-scale attention (CSA) block,
which aims to decrease the spatial size of key/value pair
while integrating multi-scale representations. The structure
of the CSA is shown in Fig. 4(a). We utilize two depth-wise
convolutions with different kernel sizes and strides to
generate multi-scale keys and values. Following this, the
feature with higher resolution undergoes down-sampling
through a depth-wise convolution (kernel size 3× 3, stride 2,
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padding 1), and the down-sampled feature will be added
to the feature with lower resolution. Next, after applying
a depth-wise convolution (kernel size 3 × 3, padding 1),
we combine the two features by adding them directly. Then,
a 1×1 convolution is employed to fuse the features extracted
from different scale. Finally, we tokenize the features and
feed them into scaled self-attention (SSA), which can be
described by (7), where d is the dimension of the features.

SSA(Q,K ,V ) = softmax(
Q · KT

√
d

) · V (7)

FIGURE 4. The pipeline of the proposed cross-scale attention (a) and
cross-scale token projection (b).

E. ARCHITECTURES FOR DOWNSTREAM TASKS
After performing DCL-CsTP pre-training, we added task-
specific heads after the encoder (ResNet50 [39]) to fine-tune
downstream tasks:

Medical image classification: We append a simple linear
classifier after a pre-trained encoder. Since a chest X-ray may
contain more than one label, binary cross-entropy (BCE) loss
is employed to fine-tune the entire network using, as shown
in (8):

LBCE = −
1
N

N∑
i=1

[yi · ln(pi) + (1 − yi) · ln(1 − pi)] (8)

Here, N represents the sample size for one training
instance, yi denotes the label of the sample, and pi is the
prediction of the model.

Medical image Segmentation: Following the architec-
ture of U-Net [43], skip connections are used to merge
down-sampled features with up-sampled features between
the encoder and decoder. During the fine-tuning phase, the
network integrates a joint application of Intersection over

Union (IoU) loss and BCE loss, as shown in (9):

LIoU = 1 −
|A ∩ B|

|A ∪ B|

L = LIoU + LBCE (9)

IV. EXPERIMENTS AND ANALYSIS
A. DATASETS
1) MULTI-CLASSIFICATION OF PNEUMONIA
The COVID-19 Radiography Database [44] is collaboratively
created by research teams from Qatar University and
Bangladesh’s Dhaka University, along with collaborating
physicians. The dataset comprises 3,616 X-ray images of
COVID-19 positive cases, 10,192 normal images, 6,012
images showing pulmonary opacities (non-COVID lung
infections), and 1,345 images of viral pneumonia. In this
experiment, 80% of the dataset (2,892 COVID, 8,153 normal,
4,809 lung opacity, 1,076 viral pneumonia) is allocated for
training purposes, while the remaining 20% (724 COVID,
2,039 normal, 1,203 lung opacity, 269 viral pneumonia) is
reserved for testing. All images are resized to 256 × 256.

2) SKIN LESIONS SEGMENTATION
ISIC 2018 dataset [45] is created to facilitate research and
development in the field of computer-aided diagnosis (CAD)
of skin lesions. The dataset is partitioned into 2,594 training
samples and 100 test samples offically. All images are
rescaled to standardized dimensions of 256 × 256 pixels.

3) POLYP SEGMENTATION
Kvasir-SEG dataset [46] is a publicly available dataset
designed for research in semantic segmentation of gastroin-
testinal (GI) endoscopy images. It focuses specifically on the
task of segmenting anatomical structures and lesions within
the GI tract, such as the esophagus, stomach, duodenum,
and colon. It randomly assigned 880 images for training and
120 for testing. All images are resized to 256 × 256.
All datasets used in this study are publicly available, de-

identified, and comply with ethical/legal requirements.

B. IMPLEMENTATION AND EVALUATION
We use Python 3.7 with PyTorch 1.7.0 as our coding
environment, and our experiments run on a PC with an
Intel(R) i9-10940X CPU and 2 NVIDIA RTX 3090 GPUs
(24 GB memory each).

1) NETWORK TRAINING AND HYPERPARAMETER SETTING
Stage 1: Latent diffusion model training. Following the
Stable Diffusion model [14], the autoencoder using VAE [30]
is trained to compress the pixel-level medical image with
256 × 256 into the latent feature with 64 × 64. The VAE
training system is configured as follow:

(1) optimizer: Adam.
(2) learning rate: 1 × 10−6.
(3) batch size: 4.
The training is conducted for 1000 epochs.
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Then, the pre-trained VAE maintains frozen weights while
encoding the pixel image into the latent space.

Subsequently, we train the latent space denoising autoen-
coder. We utilize the AdamW optimizer for training over
1000 epochs, employing a learning rate of 1 × 10−4.
When generating medical images, 1000 steps of gaussian

noise diffusion is applied.
Stage 2: DCL-CsTP pre-training.At the DCL-CsTP pre-

training stage, the system is configured as follow:
(1) optimizer: stochastic gradient descent (SGD) with 1 ×

10−4 weight decay and 0.9 momentum.
(2) mini-batch size: 128.
(3) initial learning rate: 3 × 10−2.
Following former research [19], total training epoch

number is 200 and the learning rate is multiplied by 0.1 at
120 and 160 epochs. The overall loss function employed for
pre-training is shown in (10). Here, we set α = 0.3 and
β = 0.7 as hyperparameters.

L = LNCE + α · LKL + β · LCS (10)

During the subsequent fine-tuning stage, the system is
configured as follow:

(1) optimizer: AdamW with 1 × 10−3 weight decay.
(2) mini-batch size: 32.
(3) initial learning rate: 1 × 10−4.
The learning rate decreases according to the cosine

schedule [47] over a period of 30 epochs. The number of
negative samples stored in the memory bank, denoted as
N , is set to 4,096 for pneumonia classification and 512 for
segmentation.

Stage 3: Downstream tasks fine-tuning. After perform-
ing DCL-CsTP pre-training, we add task-specific heads after
the encoder (ResNet50 [39]) to fine-tune downstream tasks.
For the classification task, the system is configured as follow:

(1) optimizer: AdamW with 1 × 10−3 weight decay.
(2) mini-batch size: 32.
(3) initial learning rate: 1 × 10−4.
We trained the network for 30 epochs.
For the segmentation task, the system is configured as

follow:
(1) optimizer: AdamW with 1 × 10−5 weight decay.
(2) mini-batch size: 8.
(3) initial learning rate: 1 × 10−4.
We trained the network for 100 epochs.

2) EVALUATION
The classification performances are assessed using accuracy
(ACC), Recall (REC), and precision (PRE). The average
dice coefficient (Dice), average Intersection over Union
(IoU), and average Hausdorff distance (HD) are utilized for
segmentation performance evaluation.

C. RESULTS OF SYNTHETIC MEDICAL IMAGES
GENERATION
We employ LDM to generate synthetic medical images
on the datasets. After noticing some low-quality synthetic

samples in the generated results, we seek expertise from
professionals in the field and opt for high-quality synthetic
samples. In detail, we select 1,984 high-quality synthetic
X-ray samples for the COVID-19 Radiography Database,
1,297 samples for the ISIC 2018 dataset, and 440 samples
for Kvasir-SEG dataset. As shown in Fig. 5, the real images
are displayed in the first and second rows, while the synthetic
images are shown in the subsequent two rows. We find that
LDM can generate authentic and diverse synthetic medical
images.

FIGURE 5. The real images and synthetic images.

FIGURE 6. Visualization of the distribution of real and synthetic images.

Additionally, we conduct t-Distributed Stochastic Neigh-
bor Embedding (t-SNE) [48] to visualize the distribution of
real and synthetic images. From Fig. 6, it can be seen that
the distribution of real data and synthetic data is very close.
It demonstrates that LDM is a valuable tool for medical image
generation.

D. RESULTS OF DOWNSTREAM TASKS
1) EXPERIMENTS ON MULTI-CLASSIFICATION OF
PNEUMONIA
To evaluate the effectiveness of DCL-CsTP on multi-
classification of pneumonia, we employ 6 existing super-
vised methods and 3 contrastive learning methods (i.e.,
SimCLR [18], MoCo-v2 [21] and SimSiam [24]) for
comparison. Note that the supervised pre-training methods
utilize the ImageNet-1k [53] dataset for its pre-training
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TABLE 1. Performance comparison of pneumonia multi-classification on
the COVID-19 Radiography Database. For each column, the best results
are emphasized in bold.

FIGURE 7. Confusion matrix of DCL-CsTP on multi-classification of
pneumonia.

phase, while the contrastive learning methods leverage the
self-training dataset for pre-training. For our proposed DCL-
CsTP method, we perform pre-training using two different
data configurations: (1) the self-training dataset alone, and
(2) the self-training dataset combined with the synthetic
dataset. From Table 1, we can gain the following observa-
tions:

(1) Contrastive learning methods can significantly enhance
the classification performance of backbone. SimCLR [18]
pre-training outperforms the ImageNet pre-trained method
by 0.32% accuracy when employing ResNet50 [39] as
architecture.

(2) Our DCL-CsTP achieves higher by 0.41% in recall
and 0.32% in recall than MoCo-v2 [21] and SimSiam [24],
respectively.

(3) With the help of synthetic images, the performance
of ResNet50 [39] is improved further achieving 95.90%
accuracy and 96.69% recall.

The confusion matrix of DCL-CsTP on pneumonia multi-
classification task in Fig. 7 quantitatively validates the
effectiveness of DCL-CsTP. This confirms its ability to
learn transferable feature patterns that are applicable to
downstream medical image analysis tasks.

TABLE 2. Performance comparison of skin lesion segmentation on the
ISIC 2018 dataset. For each column, the best results are emphasized in
bold.

2) EXPERIMENTS ON SKIN LESION SEGMENTATION
To evaluate the effectiveness of DCL-CsTP on skin lesion
segmentation, we employ 5 existing supervised methods
for comparison. In addition, we incorporat ResNet50 [39]
as the encoding module of the U-Net network [43] and
apply different contrastive learning methods to pre-train
the ResNet50 network. Table 2 lists the results of com-
parative methods on the ISIC 2018 dataset. It can be
observed that contrastive learning methods can significantly
enhance the segmentation performance of the backbone.
SimSiam [24] pre-training outperforms the ImageNet pre-
trained ResUNet [56] by 2.25% Dice when ‘‘U-Net [43] +

ResNet50 [39]’’ is employed as architecture. Furthermore,
we utilize synthetic images to expand the dataset, thereby
enhancing the quality of medical visual representations. The
proposed DCL-CsTP can achieve the highest 89.73% Dice
and 81.24% IoU with the help of synthetic images.

FIGURE 8. Visual skin lesions segmentation results in comparison of
different pre-trained methods. The initial two columns are original image
data and ground truth annotations. (c)-(e) are results from supervised,
MoCo-v2 and the proposed DCL-CsTP pre-trained methods.

We substantiate the efficacy of our proposed method
by visualizing several segmentation results in Fig. 8. Seg-
mentation outcomes are rendered as translucent masks and
composited with source images to enhanced visualization
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on lesion regions’ edge clarity. On the ISIC 2018 dataset,
it can be observed that supervised U-Net (Fig. 8 (c)) has
produced poor segmentation. Compared to the ground truth,
the segmentation results of supervised U-Net have enlarged
the lesion area, leading to misdiagnosis. Although the
MoCo-v2 method has improved the results, it still performs
poorly on the boundary of the lesion. In summary, the
proposed DCL-CsTP network outperforms other methods in
handling complex scenarios characterized by diverse scales
and indistinct boundaries.

3) EXPERIMENTS ON POLYP SEGMENTATION
To evaluate the effectiveness of DCL-CsTP on polyp
segmentation, we illustrate the results between Dice and IoU
of our DCL-CsTP on the Kvasir-SEG dataset. According
to Fig. 9, our DCL-CsTP attains the highest Dice score
and IoU score, demonstrating precise alignment of its
predictions with ground truth annotations across both lesion
interiors and boundary regions. In addition, we also presented
the visualization of segmentation results in Fig. 10. The
qualitative results demonstrate that the proposed DCL-CsTP
accurately predicts the location and boundaries of polyp
lesions, irrespective of their size, whether they are large-scale
or small-scale lesions.

FIGURE 9. Generalizability results on Kvasir-SEG dataset. The horizontal
axis corresponds to the intervals of Dice, and The vertical axis stands for
the intervals of IoU. The green circle is our proposed DCL-CsTP method.

E. ABLATION STUDIES
In this section, various ablation studies are designed
to validate the effectiveness of each component in our
DCL-CsTP network on COVID-19 Radiography Database.
First, we independently verify both local detail relations and
global semantic relations, as illustrated in the first two rows
of Table 3. The accuracy decreased by 0.30% and 0.48%
compared to our DCL-CsTP, respectively. Then, we utilize
the traditional MLP instead of cross-scale token projection
and observe a decrease in the mean AUC by 1.11%. Finally,
when using incorporate traditional self-attention instead
of the cross-scale attention, model accuracy decreases by
0.28%. Overall, the components we have designed effectively
enhance the effectiveness of pre-training.

FIGURE 10. Visual polyp segmentation result comparison of different
pre-trained methods. The initial two columns are original image data and
ground truth annotations. (c)-(e) are results from supervised, MoCo-v2
and the proposed DCL-CsTP pre-trained methods.

TABLE 3. Ablation studies to evaluate components of DCL-CsTP on
COVID-19 Radiography Database.

TABLE 4. Impact of the ratio of synthetic data on the performance of
DCL-CsTP on the ISIC 2018 dataset. For each column, the best results are
emphasized in bold.

Furthermore, we conducted experiments on ISIC 2018 to
investigate the impact of the ratio of synthetic data on the
performance of DCL-CsTP. Table 4 presents the compar-
ison results. Note that there are 2,594 samples of ISIC
2018 and 1,297 high-quality synthetic samples. The proposed
DCL-CsTP outperformed the supervised U-Net in terms of
Dice scores, even when utilizing only synthetic samples.
Furthermore, it can be inferred that the anticipated trend
of enhancing the Dice score corresponds to an increase
in synthetic samples during pre-training. These findings
suggest that high-quality synthetic samples generated by
LDM can effectively enhance the model’s medical visual
representation.
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V. DISCUSSION
Recently, contrastive learning has garnered significant atten-
tion due to its exceptional visual feature learning capabilities.
However, we find that the existing literature on contrastive
learning has largely overlooked three crucial aspects that have
the potential to advance the current state-of-the-art in medical
image classification significantly. First, the collection and
creation of extensive datasets present significant challenges,
largely due to privacy protection considerations. Secondly,
most existing works primarily focus on extracting either
global semantic relations or local detail relations, but they
lack effective fusion methods. Thirdly, traditional MLP
projection cannot effectively model multi-scale features.
To address these issues, we first leverage the latent diffusion
model to generate high-quality synthetic medical images and
in order to expand the dataset. Moreover, we propose the
DCL-CsTP for learning better medical visual representations.
According to the above experiments, we have detailed
discussions as follows:

(1) Based on Table 3, it is evident that the components
of DCL-CsTP we have designed effectively enhance the
effectiveness of pre-training.

(2) As shown in Fig. 5 and Fig. 6, we can find that LDM
can generate authentic and diverse synthetic medical images
and has the potential to be a valuable tool for medical image
generation. Table 4 presents the positive impact of the ratio
of synthetic data on the performance of DCL-CsTP.

(3) Drawing from the data in Table 1, Table 2, Fig. 8,
Fig. 9, and Fig. 10, it is evident that our DCL-CsTP
method effectively boosts the performance of medical visual
representations, leading to improved outcomes in medical
image classification and segmentation.

The above discussion demonstrates that the proposed
DCL-CsTP framework serves as an effective unsuper-
vised learning approach for small-scale medical image
datasets, The innovative dual-stream architecture signifi-
cantly enhances encoder pretraining performance by simul-
taneously capturing both local and global image features.
Moreover, our LDM-based data expansion strategy further
boosts pretraining efficacy by providing diverse synthetic
samples during pretraining phase. These two improve-
ments collectively optimize the performance of the pre-
trained encoder, consequently improving downstream task
performance.

Despite the promising advantages of our method, there are
still some remaining shortcomings that need to be addressed.
First, we introduce LDM-based synthetic image generation
to expand the dataset. However, since LDM-generated image
quality cannot be guaranteed, manual data curation remains
necessary. Second, while the proposed DCL-CsTP demon-
strates promising performance, its robustness against diverse
data distribution shifts and adversarial perturbations remains
an area for further enhancement. We will continue further
investigate more effective contrastive learning approaches
for medical image classification in the future, particularly in
scenarios with limited annotations.

VI. CONCLUSION
In conclusion, we propose a novel method, DCL-CsTP, for
medical visual representations. Specifically, the synthetic
medical images generated by the latent diffusion model are
utilized to expand the dataset for pre-training. Furthermore,
we design a dual-stream contrastive learning architecture,
where one stream utilizes both positive and negative samples
during the training process to focus on global semantic
relations. while the other solely leverages positive pairs to
capture local detail relations. In addition, we propose a
cross-scale token projection to enable the model to capture
various scales of focus in medical images. Comprehensive
experiments on various datasets demonstrate that DCL-CsTP
can benifit medical image classification and segmentation.
Overall, our proposed method holds the promise of serving as
a valuable tool to aid radiologists in diagnosing and treating
diseases.
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