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Abstract
The role of the sample generation mechanism in contrastive learning is pivotal. It not only 
determines the pairings of positive and negative samples but also enriches the diversity of 
the sample pool, thereby substantially affecting the quality of the learned representations. 
Yet, maintaining semantic consistency within positive sample pairs and amplifying sample 
diversity remain persistent hurdles. To address these challenges, this paper investigates the 
potential of synthesizing semantically consistent samples by leveraging multi-source and 
multi-modal prompts, guided by the capabilities of Large Multimodal Models. Through 
a concise and elegant design, we construct a framework capable of generating semantic-
aware positive sample pairs. Based on this framework, we delve deeper into the crucial 
role of semantic consistency in representation learning through visualization and ablation 
experiments. Additionally, we systematically outline the fundamental principles and uni-
versal methods for generating synthetic samples in contrastive learning using large model 
techniques. Extensive experimental results prove the superior performance of our method 
and help us uncover related patterns. We will make all the code and generated datasets 
publicly available.
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1  Introduction

Contrastive learning has become an effective and widely used self-supervised learning 
(SSL) method, with representative implementations including SimCLR (Chen et al., 2020; 
MoCo He et al., 2020; VICReg Bardes et al. (2021), etc. The core idea of this approach is 
to use data augmentation techniques to generate positive samples from original images. 
During the training process, the model attempts to maximize the similarity between the 
positive samples and the difference between negative samples (Chen et  al., 2020; Guo 
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et al., 2022). This dual objective aims to equip the learned visual encoder with robustness 
and generalization capabilities.

To ensure the rationality of positive samples, traditional data augmentation methods, 
as shown in Fig. 1a, typically generate positive samples through techniques like cropping, 
rotation, and flipping. These methods yield limited diversity among positive samples, 
and the sample space lacks smoothness, significantly restricting the performance of SSL. 
Therefore, researchers are exploring more effective methods to generate positive samples, 
such as using generative models to create novel samples (Jahanian et al., 2021; Tian et al., 
2024). However, existing methods lack precise control over the sample generators, which 
can lead to domain shift in the synthetic samples. This, in turn, might compromise the 
semantic consistency between the positive pairs and affect the stability of the SSL process.

Therefore, we expect to discover a method to control the generator, allowing the two 
samples in a positive pair are semantically consistent and yet exhibit sufficient visual diver-
sity, so as to improve the robustness and universality of the visual encoder. With the rapid 
development of Large Multimodal Models (LMM) and generative technologies Huang 
et al. (2023), the exploration of the impact of synthetic data on models in various fields has 
attracted increasingly widespread attention (Yang et  al., 2024; Tian et  al., 2024; Dunlap 
et al., 2024). However, there is still a lack of exploration into applying the superior cross-
modal and generalization abilities of LMM to control the consistency and diversity among 
positive samples.

This paper proposes a method that leverages existing LMM techniques to enrich the 
positive samples required for contrastive learning. As shown in Fig. 1c, we construct a con-
cise and elegant framework for generating positive samples: Initially, we input the original 
image into the LMM to extract its semantic information, forming the Text Prompt for the 

Fig. 1   Three distinct approaches for generating positive samples in contrastive learning: (a) Positive sam-
ples are created using hand-designed data augmentation methods, which are semantically identical. Visual 
encoders trained using this approach exhibit robustness primarily to simple geometric and affine transfor-
mations. (b) To preserve semantic information, the embedding obtained from the image encoder is used as 
a guiding vector, which is input into the generative model along with noise to generate synthetic images that 
are semantically consistent with the original image. (c) By combining the Text Prompt obtained by Large 
Multimodal Models (LMM) with various Visual Prompts (image, mask map obtained by YOSO, mask-
image mixing, random noise),we achieve sample diversification while maintaining semantic consistency. 
This approach enables Semantic-Aware Contrastive Learning, resulting in the development of a robust and 
widely applicable visual encoder
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generative model to ensure semantic consistency. Subsequently, we utilize various Visual 
Prompts (image, mask map, mask-image mixing, random noise) to further control the sam-
ple generation process, enabling the generator to produce positive samples that are seman-
tically consistent with the original image. Finally, we combine the synthetic images with 
the original image to create positive sample pairs, which are then input into a contrastive 
learning framework. To rationally enrich the number of semantic-aware synthetic images, 
we also design expansion components for the text prompts and visual prompts respectively. 
It is worth noting that we do not make any task-specific designs but retain the task-agnostic 
characteristics of self-supervised learning.

Based on this framework, we conduct extensive experiments across a variety of main-
stream contrastive learning methods, task scenarios, and data benchmarks, demonstrat-
ing the robustness and generalizability of our approach. In addition, more importantly, we 
thoroughly analyze the fundamental principles of semantic mining and sample generation 
based on our framework, exploring the optimal generation strategies for semantic-aware 
samples in contrastive learning. The analysis results reveal the exciting prospects of the 
ideas proposed in this paper. We believe that these analytical conclusions will offer certain 
inspirational significance for further research on contrastive learning sample generation 
based on LMM.

The main contributions of our work can be summarized as follows:

•	 In the field of contrastive learning, we introduce the semantic-aware positive sam-
ple generation mechanism for the first time. By employing a generative model-based 
approach, we can reasonably enhance sample diversity and optimize the smoothness of 
the sample space.

•	 We construct a concise and elegant framework for generating positive samples. By 
constraining with prompts from multiple sources and modes, we not only ensure the 
semantic consistency between positive sample pairs, but also make it easy for the gen-
erated samples to be seamlessly integrated into various mainstream contrastive learning 
frameworks and traditional hand-designed data augmentation methods.

•	 We explore semantic-aware positive samples in contrastive learning to uncover related 
patterns and find the optimal generation strategy.

•	 Extensive experiments and visualization results prove the effectiveness, robustness, and 
generalizability of our approach.

2 � Related works

2.1 � Contrastive learning

Contrastive learning, which brings positive sample pairs closer together in the representa-
tion space while pushing negative sample pairs apart, has been proven effective in visual 
representation learning. For instance, SimCLR (Chen et al., 2020) generates positive sam-
ples through data augmentation and treats other samples as negatives. To reduce mem-
ory overhead, MoCo (He et al., 2020) designs a Memory Bank to store negative samples. 
BYOL (Grill et al., 2020; Chen & He, 2021) avoid training collapse through network archi-
tecture design without using negative samples. Barlow Twins Zbontar et  al. (2021) and 
VICReg Bardes et al. (2021), on the other hand, employ the concept of decorrelating fea-
tures to design loss functions, preventing training collapse and enabling self-supervised 
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training even with symmetric structures. In addition, many studies now emphasize the 
crucial role of semantic consistency in contrastive learning (Li et  al., 2022; Song et  al., 
2023). However, these methods focus on the design of model architectures but rely solely 
on hand-designed data augmentation methods to generate sample pairs, limiting the scope 
of knowledge that the encoder can learn. We attempt to find a reasonable method to guide 
the generator to produce richer positive samples.

2.2 � Synthetic data augmentation

In the training process of neural networks, data plays a decisive role (Kumar et al., 2023). 
Efforts have been made to obtain infinite synthetic data from limited real data, and there 
are currently two main approaches: hand-designed methods (Gong et al., 2021) and modal-
based methods (Sariyildiz et al., 2023). Many excellent hand-designed data augmentation 
methods have emerged in areas such as image segmentation (Bochkovskiy et  al., 2020), 
object detection (Kisantal et al., 2019), and action recognition (Xu et al., 2022). However, 
hand-designed methods have inherent limitations, with restricted diversity in generated 
samples and insufficient smoothness in sample space. Based on this, many researchers 
attempt to train models using synthetic images. Jahanian et  al. (2021) utilize Generative 
Adversarial Networks to generate positive sample pairs from neighboring latent spaces for 
unsupervised training. Tian et al. (2024) discover that inputting real captions into Stable 
Diffusion to generate multiple synthetic images, and then training self-supervised methods 
on these synthetic images, can match or even surpass the performance of methods trained 
on real images. Sariyildiz et al. (2023) explore the reasonable use of synthetic images in 
image classification tasks. Meanwhile, Tian et  al. (2023) demonstrate that training with 
synthetic images can yield results surpassing those achieved with real images. These stud-
ies explore the potential of synthetic data, but the control over synthetic data is relatively 
weak. We aim to leverage Large Multimodal Models in conjunction with various prompts 
to achieve more reasonable control over synthetic data and enhance the effectiveness of 
visual representation learning.

2.3 � Cross‑modal content generation

Sample generation has always been a focal point of research. Initially, researchers used dif-
ferent models for the uni-modal generation of images, such as VAE (Kingma & Welling, 
2013), CycleGAN (Zhu et al., 2017), and others. With the rapid rise of Large Language 
Models (LLM) (Touvron et al., 2023) and diffusion models (Ho et al., 2020), cross-modal 
generation tasks have gained increasing attention. With simple fine-tuning, LLM can have 
the ability to process cross-modal information (Li et  al., 2023), and various variants of 
diffusion provide the ability to generate images using multi-modal information. Stable Dif-
fusion (Rombach et al., 2022), building upon DDPM (Ho et al., 2020), adds conditional 
constraints, enabling the generation of ‘text-conditioned images’. DALL⋅ E (Reddy et al., 
2021) inputs text into GPT during inference to autonomously generate images in an autore-
gressive manner. ControlNet (Zhang et  al., 2023) is an extended model of Stable Diffu-
sion, implementing more efficient multi-condition control channels on the basis of diffu-
sion models. In this paper, we leverage the latest cross-modal understanding and generation 
techniques to enhance the rationality of contrastive learning.
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3 � Methods

3.1 � Overview

The overall architecture of our method is shown in Fig.  2, which mainly includes LMM-
Controlled Multi-Prompt Alignment (LMM-MPA) and Semantic-Aware Contrastive Learn-
ing (SA-CL). To obtain Semantic-Aware Synthetic Images (SASI), LMM-MPA first performs 
‘Semantic Extraction’ through large model techniques to capture the representations of input 
images in the textual space, namely, the semantic information z∗ . Then, z∗ serves as the control 
signal for the generator, guiding it to produce SASI by integrating multiple visual conditions. 
We take SASI and the inputs as positive sample pairs for contrastive learning. MoCo (He 
et al., 2020) is taken as an example in Fig. 2. This method can be applied to any contrastive 
learning framework that requires positive sample pairs.

3.2 � LMM‑controlled multi‑prompt alignment

LMM-MPA includes two stages: Semantic Extraction and Generation. Here we explain their 
technical routes and key details.

Semantic Extraction: Q-Former is an important module of the BLIP2 (Li et al., 2023). It 
is a lightweight transformer that uses a set of learnable query vectors to extract visual features 
from a frozen vision model. During this process, the interaction between the learnable query 
vectors and text is achieved through shared self-attention layers, thereby aligning the image 
and text modalities. Given the input image X, it is first subjected to a cross-attention operation 
with a Semantic Extraction Prompt SEP (e.g. “Please describe the picture in detail.”) and 
multiple trained Queries Q (Li et al., 2023) to extract the information z from X that is mean-
ingful to SEP:

(1)z = QFormer(X, SEP,Q).

Fig. 2   The overall architecture of the proposed method. Our method mainly consists of LMM-Controlled 
Multi-Prompt Alignment (LMM-MPA) and Semantic-Aware Contrastive Learning (SA-CL). LMM-MPA 
provides training samples for SA-CL. Where ‘SASI’ stands for Semantic-Aware Synthetic Images, ‘SEP’ 
for Semantic Extraction Prompt, ‘SRP’ for Semantic Rewriting Prompt, and ‘DA’ for Data Augmentation. 

 indicates optional component
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Then, z is fed into an LLM to obtain its semantic representation z′ in the text space. Finally, 
to enhance the diversity of the samples, we design a semantic augmentation phase: gener-
ating new semantic representations z∗ under the guidance of a Semantic Rewriting Prompt 
SRP using the LLM. To ensure the consistency of semantics before and after augmenta-
tion, we provide multiple examples in the SRP, as follows:

We prepare 100 examples and randomly select 5 examples each time to construct the 
SRP, thereby enhancing the richness of the samples. More details are available in the sup-
plementary materials.

Generation: z∗ has strong interpretability and can naturally serve as the text prompt for 
generative models. To more flexibly control the type of SASI, we design various visual 
prompts (e.g. original image, random noise, mask map, or mask-image mixing) and utilize 
Stable Diffusion (Rombach et al., 2022) and ControlNet (Zhang et al., 2023) as generators. 
In the ‘Semantic Extraction’ stage, we augment semantic information. Similarly, in this 
stage, we design a visual prompt augmentation phase: generating new visual prompts by 
adding Gaussian noise to the visual prompts or randomly cropping them.

After the text prompt z∗ and visual prompt xt are given, the synthetic image x0 can be 
obtained through DDPM (Ho et al., 2020):

where �
�
 is a noise estimation network, n ∼ N(0, I) and t ∈ {T , ..., 1} . More details are 

available in the supplementary materials.

3.3 � Semantic‑aware contrastive learning

Semantic is a highly abstract concept that is challenging to represent directly. To determine 
whether our method truly achieves ‘semantic-aware’ and to identify the specific semantic 
information it extracts, we observe and display the extracted semantics alongside the input 
and output images, as shown in Fig. 3.

To facilitate analysis, we explore representative concepts from various parts of speech 
for discussion. In Fig. 3, each row, from top to bottom, showcases concepts related to adjec-
tives, prepositions, verbs, and numerals. A real-synthetic sample pair may respond to mul-
tiple semantics, and we only annotate the semantics of the group it belongs to for brevity. 
It can be observed that the positive samples generated by our method maintain consistency 
with the original images on various critical semantic levels. In fact, the definition of positive 
sample pairs in contrastive learning is not rigorous enough; at different discrimination scales, 
two images may transition from the positive to negative sample pair. For example, a lying dog 
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and a running dog may form a positive sample pair on the scale of species classification, but 
on the scale of action classification, they become a negative sample pair. Unfortunately, in the 
process of self-supervised learning, we aim to obtain a universal encoder without providing 
additional information about discrimination scales. Our semantic-aware approach inherently 
focuses on the most crucial semantic information in the images, such as color and action infor-
mation in the first column of the first row, action and size information in the second column 
of the third row, as shown in Fig. 3. This minimizes the generation of inappropriate positive 
sample pairs during the image generation process. Further exploration and analysis will be 
conducted in Sect. 4.

4 � Experiments

The LMM and LLM used in Semantic Extraction are BLIP2 (Li et al., 2023) and LLaMA 
(Touvron et al., 2023), respectively. For Generation, we use StableDiffusion-v2.1 and Control-
Net-sd15-seg. The mask map is obtained by YOSO (Hu et al., 2023). For SA-CL, to ensure a 
fair comparison, we use the preset parameters from the public code repositories of the corre-
sponding contrastive learning frameworks as much as possible. All experiments are conducted 
on a server with 2 A100 GPUs. The datasets we use include Cifar10, Cifar100, ImageNet, 
Tiny-ImageNet, DTD (Cimpoi et  al., 2014), Flowers (Nilsback & Zisserman, 2008), Pets 
(Parkhi et al., 2012), Food101, STL10, Car196, and ImageNet-Sketch-1k Wang et al. (2019).

4.1 � Evaluation on multi‑scenarios

Verification and discussion on different SSL methods:  We conduct experiments on several 
classical SSL frameworks on ImageNet-100 (Tian et al., (2020) to verify the universality of 

Fig. 3   Visualization of real-synthetic sample pairs and their semantic information. Each row of images rep-
resents additional attention to a specific part of speech, from top to bottom: adjectives, prepositions, verbs, 
and numerals. A real-synthetic sample pair may respond to multiple semantics, and we only additionally 
annotate the semantics of the group it belongs to
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our approach. The experimental results, as shown in Table 1, indicate a significant improve-
ment across all models. The models we use include MoCo-v2 (Chen et al.,  2020), Sim-
siam (Chen & He, 2021), Swav (Caron et al., 2020), Adco (Hu et al., 2021), and MoCo-v3 
(Xinlei et al., 2021), which contain many classical structures in contrastive learning, such 
as momentum updating, stop-gradient, multi-crop, asymmetric projection head, online 
clustering, adversarial contrast, and so on. General improvement of these models strongly 
proves the universality of our method and the rationality of SASI.

Verification and discussion in different domains:  To investigate whether our method 
can effectively expand samples in different domains, we conduct experiments on Cifar10, 
Cifar100, ImageNet-1k, Tiny-ImageNet, and Sketch-1k based on MoCo-v2, as shown in 
Table  2. Meanwhile, we conduct additional experiments on Sketch-1k based on MoCo-
v2. As shown in Fig. 4, during the experiments from 100 to 600 epochs on Sketch-1k, the 
linear classification accuracy is higher after applying our method. It is evident that SASI 
significantly improves model performance in both accuracy and convergence speed, and 
the effectiveness of SASI on Sketch-1k demonstrates the significant potential of our 
approach in scenarios where it is difficult to collect samples. Further, we explore the 
real-synthetic pairs in Sketch-1k, as shown in Fig.  5: 1) We find that even in the pres-
ence of some low-quality (even out-of-domain) synthetic images, the model performance 
still significantly improves. We speculate that this is because the synthetic images, even 
when out-of-domain, still maintain semantic consistency with the original images, which 
does not greatly affect the encoder’s convergence process. As shown in Table 3 , we also 
conduct experiments on Sketch-1k using DINO, and after applying our method, the lin-
ear classification accuracy improved by 13.6%, further supporting our hypothesis. 2) With 

Table 1   The accuracy of different SSL frameworks, where ‘w/ SASI’ represents training using semantic-
aware positive sample pairs generated by LMM-MPA and MoCo-v2* denotes that ResNet101 is used as the 
backbone

The parts highlighted in bold indicate the optimal results

Method MoCo-v2 
(Chen et al., 
2020)

MoCo-v2* 
(Chen et al., 
2020)

Simsiam 
(Chen & He, 
2021)

Swav (Caron 
et al., 2020)

Adco (Hu 
et al., 
2021)

MoCo-v3 
(Xinlei et al., 
2021)

Linear Base 73.1 72.4 52.4 82.1 73.8 83.9
w/ SASI 78.4 5.3↑ 79.6 7.2↑ 61.5 9.1↑ 86.6 4.5↑ 81.2 7.4↑ 85.4 1.5↑

KNN Base 67.8 73.8 46.2 75.0 69.0 79.3
w/ SASI 76.1 8.3↑ 77.5 3.7↑ 51.6 5.4↑ 80.0 5.0↑ 79.1 10.1↑ 81.4 2.1↑

Table 2   The experimental results of MoCo-v2 on multiple datasets

The parts highlighted in bold indicate the optimal results

Dataset Cifar10 Cifar100 ImageNet-1k Tiny-ImageNet Sketch-1k

Linear Base 85.5 56.2 67.5 34.8 30.4
w/ SASI 88.4 2.9↑ 62.6 6.4↑ 68.5 1.0↑ 47.3 12.5↑ 50.3 19.9↑

KNN Base 81.9 45.9 55.6 22.1 24.8
w/ SASI 87.5 5.6↑ 56.010.1↑ 62.2 6.6↑ 36.6 14.5↑ 36.1 11.3↑
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only a few dozen training samples under each category in Sketch-1k, to verify whether 
the improvement in model performance is solely due to the increased sample diversity, we 
no longer pair SASI with the original images to form positive pairs but instead mix them 
directly for experimentation, as shown in Table 4. We find that model performance declines 
after disrupting the semantic-aware positive pairs, indicating that both the increase in 

Fig. 4   The linear classification accuracy of MoCo-v2 on ImageNet-Sketch-1k across different epochs, with 
MoCo-v2_SASI representing our method

Table 3   Top-1 Accuracy on 
ImageNet-Sketch-1k with 
DINO (200 epochs) - 13.6% 
improvement using our method

The parts highlighted in bold indicate the optimal results

Method DINO 
(Caron et al., 
2021)

Linear Base 33.6
w/ SASI 47.2 13.6↑

Fig. 5   Visualization of real-synthetic sample pairs in Sketch-1k

Table 4   Experimental results 
before and after disrupting the 
semantic-aware positive pairs on 
Sketch-1k

The parts highlighted in bold indicate the optimal results

Method Linear KNN

w/ SASI 50.3 36.1
Mix 43.0 7.3↓ 32.3 3.8↓
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sample diversity and the semantic-aware positive pairs have a positive impact on 
model performance.

Next, we will utilize the trained encoders Adco and Adco-SASI from Table 1 to conduct 
experiments on a variety of downstream tasks.

Object detection: We adopt the protocol in Hu et al. (2021) to fine-tune the pre-trained 
backbone. And the detection network is fine-tuned with the VOC07+12 trainval dataset 
and tested on the VOC07 test set. The experimental results, as shown in Table 5, indicate 
that SASI not only enhances the semantic understanding capability of the model but also 
has a positive effect on the model’s localization and detection capabilities.

Transfer learning:  Compared with the samples obtained through hand-designed data 
augmentation, SASI has a richer and smoother sample space, and the encoders trained by 
SASI should have better generalization ability. To verify this, we conduct transfer learning 
experiments across multiple datasets, as shown in Table 6. SASI improves accuracy on all 
datasets, proving the generality of our method.

Semi-supervised learning:  Similar to Guo et al. (2022), we evaluate on the task of clas-
sification with limited labels. Following the traditional settings, we randomly select 1% or 
10% data from the train set to train the classification head of the model, and the experi-
mental results are shown in Table 7. It can be seen that pre-training with SASI can greatly 
improve the model’s performance even with a limited amount of labeled data, highlighting 
the importance of maintaining semantic consistency between positive samples for contras-
tive learning.

Table 5   The experimental results 
of object detection using Faster 
R-CNN with a R50-C4 backbone 
on VOC

The parts highlighted in bold indicate the optimal results

Method AP50 AP AP75

Base 76.7 50.3 54.7
w/ SASI 78.5 1.8↑ 51.1 0.8↑ 56.2 1.5↑

Table 6   Linear evaluation on image datasets from various domains

The parts highlighted in bold indicate the optimal results

Method Cifar10 Cifar100 DTD Flowers Pets Food101 STL10 Car196 Avg

base 73.5 55.3 52.4 68.5 60.2 43.2 80.4 32.1 58.2
w/ SASI 77.43.9↑ 56.61.3↑ 54.01.6↑ 73.75.2↑ 64.34.1↑ 44.21.0↑ 86.96.5↑ 37.75.6↑ 61.93.7↑

Table 7   Performance on semi-
supervised learning

The parts highlighted in bold indicate the optimal results

Method 1% 10%

Top-1 Top-5 Top-1 Top-5

Base 53.6 79.2 67.6 87.6
w/ SASI 67.6 14.0↑ 87.3 8.1↑ 77.8 10.2↑ 93.3 5.7↑
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4.2 � Effectiveness of multi‑prompt alignment

One existing work (Tian et al., 2024) that is most relevant to SASI uses Stable Diffusion to 
generate multiple images for contrastive learning, where multiple images generated from 
the same text under different random seeds form a set of positive samples. Compared to 
this, the main difference in SASI is the use of multiple prompts to collaboratively control 
the entire generation process. To compare the effects of direct generation versus controlled 
generation, we conduct experiments on Sketch-1k. To mimic the data generation process of 
Tian et al. (2024), we first used BLIP2 to extract captions from the images in the training 
set, then used these captions to generate images under different random seeds with Stable 
Diffusion, and finally paired the images with the same caption as positive sample pairs for 
training on MoCo-v2. As shown in Table 8, the results indicate that controlled generation 
with multiple prompts as control signals achieved better results compared to direct genera-
tion. We speculate that this is because the semantic consistency between positive sample 
pairs is better ensured under the collaborative work of multiple prompts.

4.3 � Ablation studies and analysis

To further explore the underlying principles of SASI’s impact on contrastive learning, we 
conduct ablation experiments on ImageNet-100 and based on MoCo-v2.

Ablation for Semantic Extraction Prompts (SEP):  In LMM-MPA, the extraction of 
semantic information is regulated by SEP, and we conduct ablation experiments to explore 
general patterns. As shown in Table 9, we design three different SEP: (a) “Question: What 
does this picture describe? Answer:”, (b) “Please describe the picture in detail.”, and (c) 
“What objects are included in this picture?”. It can be observed that (1) compared to the 
baseline without using SASI, regardless of which prompt is selected, there is a significant 
improvement in accuracy; (2) providing a more detailed and logical description of the 
image is beneficial.

Table 8   Comparison of direct 
generation and controlled 
generation

The parts highlighted in bold indicate the optimal results

Method Linear KNN

Direct gen. (Tian et al., 2024) 44.7 31.3
Controlled gen 50.3 5.6↑ 36.1 4.8↑

Table 9   Ablation experiments 
for SEP. ‘– (base)’ indicates not 
using LMM-MPA to generate 
positive samples, and relying 
solely on hand-designed data 
augmentation

The parts highlighted in bold indicate the optimal results

Semantic Extraction Prompt Linear KNN

— (base) 73.1 67.8
Question: What does this picture describe? Answer 77.6 74.6
Please describe the picture in detail 78.4 76.1
What objects are included in this picture? 77.0 73.6
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To further analyze the impact of SEP, we visualize the semantic information of real-
synthetic sample pairs under various SEP, as shown in Fig.  6. We find that (1) provid-
ing a detailed description is crucial for retaining key semantic information in visually less 
prominent areas of the image; (2) simple descriptions may lead to the loss of some seman-
tic information; and (3) merely listing objects in the image and neglecting their interac-
tions may result in low-quality synthetic images. Take Fig. 6 as an example, the shark in 
the original image visually dominates, but the fisherman’s hand in the lower left corner 

Fig. 6   Diagram of the impact of different SEP on LMM-MPA, which shows the detailed process of generat-
ing synthetic images from original images

Fig. 7   Schematic of the SASI generated with different VP 

Table 10   Ablation experiments 
for VP. ‘Mask-Image Mixing’ 
indicates that a real image is 
superimposed with its mask map 
as the VP 

The parts highlighted in bold indicate the optimal results

Visual Prompt Linear KNN

— (base) 73.1 67.8
Real Image 78.4 76.1
Mask Map 77.2 75.5
Mask-Image Mixing 79.2 76.2
Random Noise 74.7 70.0



Machine Learning (2025) 114:63	 Page 13 of 21  63

provides crucial semantic information for the entire image. (a) If a general description is 
used, the synthetic image would lose the key semantic information of ‘fisherman catch-
ing shark’. (b) In contrast, a more detailed description would preserve this semantic infor-
mation (the fisherman’s hand is retained in the lower left corner of the synthetic image). 
(c) By using only object information and ignoring their relationships, the synthetic image 
loses not only the original semantic content of ‘fisherman catching shark’ but also omits 
the expected object ‘boat’.

Ablation for Visual Prompts (VP):  In the generation stage, visual prompts control infor-
mation such as the layout and color tone of the images. To explore the impact of differ-
ent VP, we conduct ablation experiments as shown in Table 10. The highest accuracy is 
achieved when using a combination of mask map and image as the VP. In contrast, using 
random noise as the VP introduces unreasonable positive samples due to the loss of funda-
mental information about the original image, leading to a decrease in accuracy.

As shown in Fig.  7, we also visualize different VP and their corresponding SASI. 
Through observation, we find that (1) regardless of the layout, perspective, or color tone, 
using both a mask map and the original image as VP usually results in SASI most similar 
to the original image; (2) directly using the image as VP may alter the original layout or 
generate a new perspective; (3) using only the mask map fails to retain color information 
in the details of the original image; and (4) the image generated using random noise as VP 
is only semantically related to the text prompt, exhibiting the maximum deviation from 
the original image. Combining the findings from Table 10, it is evident that introducing 
more refined control conditions during the generation process often leads to improved 
performance.

The significance of semantic and visual prompt augmentation:  In the aforementioned 
experiment, we generate only one SASI for each real image. Here, we explore the impact 
of generating multiple SASI on the model and demonstrate the validity of semantic and 
visual prompt augmentation. As shown in Table 11, we augment the samples through these 
two means respectively. During training, one SASI from the multiple SASI belonging to 
the same image is randomly selected in each iteration to ensure a constant computational 
load. With the increase in the number of SASI, the model accuracy is further improved, 
indicating the great potential of our method. Employing either semantic augmentation or 
visual prompt augmentation alone can enhance the accuracy, proving the rationality of our 
augmentation strategy.

How to use SASI effectively? In order to explore how SASI can be used better, we con-
duct ablation experiments as shown in Fig. 8, with results present in Table 12. By compar-
ing (a), (b), and (c), we find that hand-designed data augmentation is still indispensable and 
has a significant impact on model performance, while our method can be well compat-
ible with existing data augmentation methods. Compared to (a) and (b), (c) has a much 
lower accuracy, which we hypothesize is due to the encoder overfitting caused by the fixed 

Table 11   Ablation experiments 
for semantic augmentation and 
visual prompt augmentation. 
‘ × 1’ and ‘ × 2’ represent 
doubling and tripling the number 
of SASI, respectively

The parts highlighted in bold indicate the optimal results

Semantic Aug VP Aug Linear KNN

– – 78.4 76.1
× 1 – 80.1 77.0
– × 1 80.4 77.5
× 1 × 1 81.2 78.4
× 2 × 2 81.9 79.4
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nature of the samples that the encoder can receive. The method shown in (d) achieves the 
highest accuracy, indicating that SASI and real images almost do not introduce domain 
conflicts during the training process. Considering that the three-flow structure introduces 
a 1/2 increase in computational cost, to ensure the rigor of the comparison, the accuracies 
shown in other tables are all based on (a). By comparing (f) and (h) with (e) and (g) respec-
tively, it can be observed that when synthetic images are used alone as a complete substi-
tute for real images, there is a decrease in accuracy. This may be due to the presence of a 
certain domain gap between the synthetic images and the images in the test set, and some 
flaws exist in the details of the synthetic images.

4.4 � Discussion and prospect

Through experiments, we demonstrate the effectiveness of our approach and uncover the 
potential of synthetic data in contrastive learning. During the visualization process, we find 
that some synthetic samples are of low quality, as shown in Fig. 9. Although these samples 
may lose some detailed information compared to the original images, they maintain seman-
tic consistency with the original images. The presence of these samples makes our model 
more robust. To more clearly observe the impact of SASI on the encoder’s feature extrac-
tion ability, ten categories are randomly selected from ImageNet for feature visualization 
using t-SNE (Maaten & Hinton, (2008), as shown in Fig. 10. It can be observed that after 
the introduction of SASI, the feature space becomes more reasonable, with smaller intra-
class spacing and larger inter-class spacing.

Fig. 8   Schematic of different ways to use SASI

Table 12   The accuracy of 
various methods in Fig. 8

The parts highlighted in bold indicate the optimal results

Accuracy (a) (b) (c) (d) (e) (f) (g) (h)

Linear 78.4 77.5 49.2 80.4 73.1 71.6 71.5 68.9
KNN 76.1 73.4 38.8 78.3 67.8 63.7 64.9 60.2
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Fig. 9   More visualizations of “bad" samples on ImageNet-100

Fig. 10   The t-SNE visualization results of features extracted by MoCo-v2 and MoCo-v2-SASI

Table 13   The GPU hours (A100) 
required for different stages in 
our method

Stage GPU Hours

Training 28
Semantic Extraction 3
Generation 37
Total 68
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In addition to this, we compile statistics on the GPU hours (A100) required for various 
stages in our method during experiments on ImageNet-100 based on MoCo-v2, as shown 
in Table 13. Compared to the training process, the semantic extraction stage consumes sig-
nificantly less time (about 10%), while the generation stage leads to a 1.3-fold increase 
in time consumption. This increase is entirely acceptable because: (1) Data generation is 
a one-time process; once SASI is initially obtained, many subsequent experiments can 
bypass the semantic extraction and generation stages and directly reuse existing data. (2) 
SASI brings substantial improvements with less than a 1.5-fold increase in time consump-
tion, demonstrating its broad application prospects.

However, there are still some directions worth exploring with this method. Firstly, we 
adopt a multi-stage strategy, separating sample generation from training. Although this 
strategy can enhance the interpretability of the method, designing a more complex end-
to-end strategy may further improve the performance gains brought by SASI. Secondly, 
for the rigor of experimental data comparison, we employ the default data augmentation 
methods from public code to process SASI. Nevertheless, exploring data augmentation 
methods more suitable for synthetic images is meaningful. If the online generation of SASI 
is achievable, perhaps hand-designed data augmentation will become unnecessary. Finally, 
synthetic data may conceal certain social biases and errors, and when extended to real-
world applications, additional regulatory measures need to be provided.

5 � Conclusion

Hand-designed data augmentation methods struggle to maintain semantic consistency 
while trying to enhance sample diversity, posing a significant challenge to the develop-
ment of contrastive learning. This is largely because they focus on geometric transforma-
tions, leading to a less smooth sample space. To address this, we explored how to generate 
semantic-aware positive samples and their significance to contrastive learning. Through a 
concise and elegant framework, we validated the effectiveness, robustness, and generaliz-
ability of our method in generating SASI by leveraging large model techniques combined 
with multiple prompts and uncovered related patterns. Extensive experiments and visuali-
zation results helped us explore and summarize the fundamental principles of using large 
model techniques for sample generation in contrastive learning and demonstrated the broad 
prospects of our method.

Appendix A: More discussion about fishy SASI

In Fig. 5 of the main text, we observe some out-of-domain synthetic samples. Similarly, 
in other datasets, there may also be in-domain synthetic samples that do not conform to 
human cognition. We collectively refer to these synthetic samples, which are tradition-
ally considered dissimilar or unreal compared to the original images, as Fishy Synthetic 
Samples. We find that the presence of some Fishy Synthetic Samples does not lead to the 
failure of SASI, which may be due to (1) Fishy Synthetic Samples not having a signifi-
cant semantic shift compared to the original images, and (2) contrastive learning having a 
higher tolerance for Fishy Synthetic Samples. To further observe the overall distribution 
of SASI, we utilize CLIP-ViT-L Radford et  al. (2021) to calculate the cosine similarity 
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between SASI and the original images, as shown in Fig. 11. It can be seen that the similar-
ity distribution basically conforms to a normal Gaussian distribution, and there are few 
samples with low similarity. When we replace SASI with the original images for those 
having a low similarity (less than 0.6), the experimental results do not show improvement 
(78.4→78.28), indicating that SASI, which are traditionally considered dissimilar or unreal 
compared to the original images, do not significantly interfere with the training process 
of contrastive learning. Meanwhile, finding a suitable “bad sample metric” for contrastive 
learning may be an interesting research direction in the future.

Appendix B: More experiments about SRP

In SRP, we prepare many examples, which significantly influence the effect of Semantic 
Augmentation. Here, we demonstrate the model accuracy under different types of exam-
ples, as shown in Table  14. First, we attempt to augment semantics without using any 
examples, relying solely on the LLM’s capability, which is referred to as “No examples”:

Fig. 11   The distribution of similarity between SASI and the original images

Table 14   Experimental results 
with different SRP 

The parts highlighted in bold indicate the optimal results

Example Type Linear KNN

w /SASI 78.4 76.1
No examples 77.3 75.7
Expansion examples 78.8 76.2
Rewriting examples 80.1 77.0
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In this SRP, LLM tends to transform the original semantics into more abstract and 
artistic descriptions:

Then, we try to provide some examples in SRP, adding some imaginary extra objects 
to the examples to enhance the contrastive learning’s ability to capture key semantics, 
referred to as “Expansion examples”:

This type of SRP allows LLM to add some previously nonexistent semantic informa-
tion while retaining the original semantics. As can be seen from Table  14, the accu-
racy can be slightly improved in the case of semantic expansion, but the improvement 
is limited. We speculate that this is because simple semantic changes can cause huge 
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deviations in the synthesized images, thereby interfering with the contrastive learning. 
Therefore, in the end, we opt to use rewriting as a means of Semantic Augmentation.
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