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Abstract: Aiming at the problems of negative sample dependence, representation degradation, 
and insufficient cross-scale modeling in self-supervised image representation learning, this 
paper proposes a self-supervised learning framework that combines multi-view consistent 
learning and cross-scale feature fusion. This method constructs a multi-branch collaborative 
structure, introduces a non-negative sample optimization strategy and a feature distribution 
constraint mechanism, and achieves efficient mining and stable expression of image semantic 
information. On the ImageNet dataset, the accuracy of linear evaluation reached 77.8%, which 
was 8.5% and 2.5% higher than that of SimCLR and SwAV, respectively; In downstream tasks, 
the target detection mAP increased by about 2.5%, and the semantic segmentation mIoU 
increased by about 2.5%. At the same time, the accuracy improves by 7.5% under noise 
disturbance, demonstrating stronger robustness. The experimental results show that this method 
is superior to the existing mainstream methods in terms of characterization quality, 
generalization ability and training stability, and has good application potential. 
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1. INTRODUCTION 

In recent years, with the rapid development of deep learning, learning high-quality visual 
representations in the absence of large-scale annotated data has become an important research 
direction in computer vision [1],[2]. As a method that mines potential structural information 
from data without manual annotation, self-supervised learning has gradually shown great 
potential in image representation learning [3],[4],[5]. By constructing pre-training tasks or 
designing consistency constraints, self-supervised methods can guide the model to learn feature 
representations with semantic information, thereby achieving performance close to or even 
better than supervised learning on downstream tasks [6]. At present, self-supervised learning 
has been widely used in image classification, object detection, semantic segmentation, and other 
tasks, and has gradually become an important paradigm for visual pre-training. However, while 
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significant progress has been made, the field still faces a series of core challenges to be solved, 
which limits its further development and application. 

From existing research, mainstream self-supervised methods mainly include three 
paradigms: contrastive learning, generative modeling, and clustering-based learning. By 
constructing positive and negative sample pairs, contrastive learning methods strengthen 
consistency among similar samples and widen the distance between different samples, 
achieving outstanding results in practice; Generative methods learn the latent structure of input 
data through image reconstruction or prediction tasks [7],[8]. Clustering methods transform 
unsupervised problems into classification problems by introducing pseudo-labels or prototype 
representations. Although these methods show certain advantages in different scenarios, they 
still face some common bottlenecks. First, many contrastive learning methods rely heavily on 
a large number of negative samples, and their performance often depends on large batch sizes 
or additional storage structures, which not only increases computational and storage costs but 
may also introduce semantic conflicts. Second, although non-negative sample methods alleviate 
the above problems to some extent, they are prone to representation degradation during training, 
i.e., the model output tends to become constant, thus losing discriminative ability. Third, 
existing methods are still insufficient in cross-scale semantic modeling. They often struggle to 
simultaneously account for local details and global structural information, resulting in 
insufficient feature expression [9]. In addition, most methods are sensitive to data augmentation 
strategies. Different augmentation methods may significantly affect model performance and 
reduce the stability and generalization ability of the methods. 

  The core idea is to enhance the model's ability to understand complex visual structures 
through collaborative modeling of multi-perspective and multi-scale information, and to 
introduce reasonable constraint mechanisms to improve the discriminability and stability of 
feature distributions. In the overall framework design, this paper attempts to combine a non-
negative sample learning strategy with a structural asymmetry mechanism to avoid the negative 
sample dependence problem in traditional contrastive learning, and to further optimize 
representation quality through feature enhancement and distribution constraints. At the same 
time, by building a multi branch collaborative learning structure, information from different 
perspectives and levels can interact effectively under a unified framework, so as to achieve 
more comprehensive feature learning. 

2. RELATED WORK 

In recent years, self-supervised learning has made significant progress in the field of image 
representation learning, and the method based on comparative learning has become one of the 
mainstream research directions [10],[11],[12],[13]. Representative work, such as SimCLR, has 
achieved strong representation ability by constructing positive and negative sample pairs and 
training with the help of large-scale batch data; Moco introduces the momentum encoder and 
dynamic dictionary queue mechanism, which effectively alleviates the dependence on large-
scale computing resources under the condition of small batch; InfoNCE loss, as the core 
optimization goal, is widely used in the comparative learning framework. By maximizing the 
positive sample similarity and minimizing the negative sample similarity, the feature space is 
promoted to form a discriminant structure. However, such methods generally rely on a large 
number of high-quality negative samples, and their performance is highly dependent on the 
number and diversity of negative samples [14],[15],[16]. At the same time, large batches or 
additional storage structures are required to maintain sample comparison, which brings high 
computational overhead and storage costs to a certain extent. In addition, the potential semantic 
conflict in negative samples may also have an adverse impact on model training, limiting its 
further development. 

In order to get rid of the dependence on negative samples, self-monitoring methods without 
negative samples are gradually emerging, among which BYOL and SimSiam are representative 
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works. This kind of method achieves feature alignment without explicitly using negative 
samples by constructing a double branch structure and introducing a predictor and a target 
network [17]. BYOL stabilizes the target network through momentum update mechanism to 
avoid model degradation, while SimSiam proves that it can obtain effective characterization 
without momentum encoder under certain conditions through structural simplification. 
Although these methods have advantages in computational efficiency and simplicity, their 
training process is sensitive to structural design and prone to collapse, that is, the model output 
tends to constant mapping, thus losing the ability of discrimination [18]. Therefore, how to 
ensure the stability of training under the framework of no negative samples is still an important 
research issue in this direction. 

Another important research direction is the self-monitoring method based on clustering 
and prototype learning. For example, DeepCluster classifies the unlabeled data into pseudo 
categories through iterative clustering and feature learning, so as to guide the model to learn 
the semantic structure; SwAV further introduces online clustering and exchange prediction 
mechanism to achieve efficient training through multi view feature allocation [19],[20]. This 
kind of method avoids the dependence on explicit negative samples to a certain extent, and can 
capture the potential category structure in the data. However, because the clustering process 
itself depends on the quality of initial features, the pseudo tags generated by it may be unstable, 
leading to semantic drift or noise accumulation of categories, which will affect the convergence 
effect of the model. In addition, in complex scenes, when the category boundary is fuzzy or the 
data distribution is uneven, the performance of clustering methods still has some limitations. 

With the deepening of research, multi perspective and multi-scale representation learning 
has gradually become an important means to improve the performance of the model 
[21],[22],[23]. By applying different data enhancement to the same image, the multi view 
method makes the model learning maintain the semantic consistent representation under 
different observation conditions, so as to improve the robustness; The multi-scale method 
enhances the model's perception of local details and global structure by fusing features of 
different levels or resolutions [24],[25]. Some researches combine pyramid structure or 
attention mechanism to achieve cross layer feature interaction and fusion. However, such 
methods often face the problem of low efficiency of feature fusion in practical applications, 
especially in the multi branch or multi-scale structure, the complex information transmission 
path easily leads to redundant computing and feature redundancy, which limits the further 
improvement of the overall performance. 

Compared with the above methods, this paper makes systematic improvements from three 
aspects: structure design, learning strategies and optimization mechanism. In terms of structure, 
through the construction of multi branch collaborative framework and the introduction of cross 
scale feature fusion module, the efficient integration of different levels of information is 
achieved; In terms of the optimization mechanism, the comparative learning strategy without 
negative samples, combined with asymmetric structure and distribution constraints, effectively 
alleviates the representation collapse problem and improves the training stability [26],[27]. 
Compared with the existing methods, this method not only avoids the negative sample 
dependence, but also improves the quality of feature expression and training efficiency, so as 
to achieve better performance on multiple tasks and data sets. 

3. METHODOLOGY 

3.1 Overall frame design 

This paper proposes a unified framework for image representation learning based on self-
supervised learning, which consists of a feature encoder, a projection head, a predictor, and a 
memory module. Given the input image 𝑥𝑥 , multiple views �𝑣𝑣𝑖𝑖}𝑖𝑖=1𝑁𝑁   are generated through 
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random data augmentation, and each view is fed into the encoder 𝑓𝑓𝜃𝜃(⋅) with shared parameters 
to obtain the basic feature representation [28],[29]: 

ℎ𝑖𝑖 = 𝑓𝑓𝜃𝜃(𝑣𝑣𝑖𝑖) (1) 

Where 𝜃𝜃 is the encoder parameter, and ℎ𝑖𝑖 ∈ ℝ𝑑𝑑 is the high-dimensional feature vector 
of the 𝑖𝑖th view angle. Then it is mapped to the contrast space through the projection head 𝑔𝑔𝜙𝜙(⋅
): 

𝑧𝑧𝑖𝑖 = 𝑔𝑔𝜙𝜙(ℎ𝑖𝑖) (2) 

A predictor 𝑞𝑞𝜓𝜓(⋅)  is used to construct an asymmetric structure to enhance training 
stability: 

𝑝𝑝𝑖𝑖 = 𝑞𝑞𝜓𝜓(𝑧𝑧𝑖𝑖) (3) 

The memory module is used to maintain the historical feature distribution, and its storage 
vector set is recorded as ℳ = {𝑚𝑚𝑘𝑘}𝑘𝑘=1𝐾𝐾 , which is used to assist in global consistent learning. 

During training, features from different views achieve collaborative optimization through 
cross-branch interaction, i.e., multi-view consistency is achieved by minimizing the distance 
between different branch outputs. The overall data flow follows the process of “enhancement 
coding projection prediction alignment”. At the same time, multiple branches share the encoder 
parameters but keep the prediction path asymmetric, so as to effectively avoid the collapse of 
representation. 

3.2 Self supervised feature encoder 

The feature encoder adopts a deep neural network structure to extract high-quality visual 
features. This paper designs three optional backbone networks: convolutional neural network 
(RESNET), vision transformer (VIT), and hybrid CNN-transformer [30],[31]. The encoding 
process can be expressed as: 

ℎ = 𝑓𝑓𝜃𝜃(𝑥𝑥) = Encoder(𝑥𝑥;𝜃𝜃) (4) 

In the hierarchical design, the encoder outputs a multi-scale feature set: 

ℋ = � ℎ(𝑙𝑙) ∣∣ 𝑙𝑙 = 1,2, … , 𝐿𝐿 � (5) 

Where ℎ(𝑙𝑙) represents the feature mapping of layer 𝑙𝑙, and 𝐿𝐿 is the total number of layers. 
Shallow features capture local texture information, and deep features encode semantic 
information. 

In terms of parameter update, the encoder is divided into online network and target network. 
The online network parameters are updated by back propagation, while the target network 
parameters are updated by momentum: 

𝜃𝜃𝑡𝑡 ← 𝜏𝜏𝜃𝜃𝑡𝑡 + (1 − 𝜏𝜏)𝜃𝜃𝑜𝑜 (6) 

Where 𝜃𝜃𝑜𝑜 is the online network parameter, 𝜃𝜃𝑡𝑡 is the target network parameter, and 𝜏𝜏 ∈
[0,1] is the momentum coefficient. 

3.3 Multi view consistency learning mechanism 

In order to enhance the robustness of the model to different data distribution, this paper 
uses multi view data enhancement strategy to generate different input forms. Let the original 
image be 𝑥𝑥, and get the following through the enhancement function 𝒯𝒯(⋅): 

𝑣𝑣𝑖𝑖 = 𝒯𝒯𝑖𝑖(𝑥𝑥) (7) 

https://doi.org/10.71451/ISTAER2616


82 
Zhang., ISTAER. 2616., 12 Apr 2026                            https://doi.org/10.71451/ISTAER2616 

Where 𝒯𝒯𝑖𝑖 represents different random enhancement operations, such as cropping, color 
disturbance and blur. 

Cross view feature alignment is achieved by minimizing the feature distance between 
different views: 

ℒ𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎 =
1

𝑁𝑁(𝑁𝑁 − 1)� ∥
𝑖𝑖≠𝑗𝑗

𝑝𝑝𝑖𝑖 − sg�𝑧𝑧𝑗𝑗� ∥22 (8) 

Where 𝑝𝑝𝑖𝑖  is the prediction vector, 𝑧𝑧𝑗𝑗  is the target feature, sg(⋅)  means to stop the 
gradient operation. This mechanism ensures that different views are consistent in the feature 
space. 

Furthermore, the characteristic distribution constraint is introduced to make the 
characteristic covariance matrix close to the identity matrix: 

ℒ𝑐𝑐𝑐𝑐𝑐𝑐 = �Cov(𝑧𝑧
𝑖𝑖≠𝑗𝑗

)𝑖𝑖,𝑗𝑗2 (9) 

Where Cov(𝑧𝑧)  represents the characteristic covariance matrix, thereby reducing 
redundant information. 

3.4 Multi scale representation module 

In order to make full use of different levels of information, this paper designs a cross-scale 
feature fusion structure. Let the characteristics of different layers be ℎ(𝑙𝑙) , and unify the 
dimensions through the mapping function 𝜙𝜙𝑙𝑙(⋅): 

ℎ�(𝑙𝑙) = 𝜙𝜙𝑙𝑙�ℎ(𝑙𝑙)� (10) 

Then the weighted fusion strategy is adopted: 

ℎ𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓 = �𝛼𝛼𝑙𝑙

𝐿𝐿

𝑙𝑙=1

ℎ�(𝑙𝑙) (11) 

Where 𝛼𝛼𝑙𝑙 is the learnable weight. 

In the fusion process, attention mechanism is introduced to calculate the weight: 

𝛼𝛼𝑙𝑙 =
exp(𝑠𝑠𝑙𝑙)

� exp (𝐿𝐿
𝑘𝑘=1 𝑠𝑠𝑘𝑘)

(12) 

Where 𝑠𝑠𝑙𝑙 is the importance score of the 𝑙𝑙st level feature. This mechanism can adaptively 
integrate local and global information and improve the representation ability. 

3.5 Negative-free optimization strategy 

This paper adopts the non-negative sample learning framework to avoid the dependence 
on negative samples in traditional comparative learning. The model consists of an online 
network and a target network. The output of the target network is used as the learning goal: 

ℒ𝑛𝑛𝑛𝑛𝑛𝑛−𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓 =∥ 𝑞𝑞𝜓𝜓 �𝑔𝑔𝜙𝜙�𝑓𝑓𝜃𝜃(𝑣𝑣1)�� − sg �𝑔𝑔𝜙𝜙′�𝑓𝑓𝜃𝜃′(𝑣𝑣2)�� ∥22 (13) 

Where 𝜃𝜃′,𝜙𝜙′ represent the target network parameters. 

In order to prevent model degradation, asymmetric structure and stop gradient strategy are 
introduced, so that only online branches are updated. This design avoids the trivia solution and 
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makes the model learn the discriminative feature representation. 

3.6 Representation enhancement module 

In order to improve the ability of feature expression, this paper introduces the mechanism 
of de redundancy and information enhancement. The characteristic matrix is defined as 𝑍𝑍 ∈
ℝ𝐵𝐵×𝑑𝑑, and its covariance matrix is: 

𝐶𝐶 =
1
𝐵𝐵
𝑍𝑍𝑇𝑇𝑍𝑍 (14) 

The target of de redundancy is: 

ℒ𝑟𝑟𝑟𝑟𝑟𝑟 = �𝐶𝐶𝑖𝑖𝑖𝑖2

𝑖𝑖≠𝑗𝑗

(15) 

At the same time, the goal of information maximization is introduced to make the 
characteristic variance close to the unit: 

ℒ𝑣𝑣𝑣𝑣𝑣𝑣 = �max (0, 𝛾𝛾 −
𝑖𝑖

�𝐶𝐶𝑖𝑖𝑖𝑖) (16) 

Where 𝛾𝛾  is the threshold parameter. This strategy ensures the uniform distribution of 
features and improves the discrimination. 

3.7 Loss function design 

The overall loss function consists of main loss and auxiliary loss: 

ℒ = 𝜆𝜆1ℒ𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎 + 𝜆𝜆2ℒ𝑛𝑛𝑛𝑛𝑛𝑛−𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓 + 𝜆𝜆3ℒ𝑟𝑟𝑟𝑟𝑟𝑟 + 𝜆𝜆4ℒ𝑣𝑣𝑣𝑣𝑣𝑣 (17) 

Where 𝜆𝜆𝑖𝑖 are weight coefficients used to balance the importance of different loss terms. 

The main loss ℒ𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎 ensures cross view consistency, and the auxiliary loss is used to 
enhance the stability of feature structure and distribution. 

3.8 Training strategy and implementation details 

During training, a combination of strong and weak augmentation is adopted, i.e., the same 
image is augmented with strong augmentation 𝒯𝒯𝑠𝑠 and weak augmentation 𝒯𝒯𝑤𝑤 respectively, to 
improve the generalization ability of the model. The optimizer uses AdamW, and its parameter 
update form is𝜃𝜃 ← 𝜃𝜃 − 𝜂𝜂 ⋅ ∇𝜃𝜃ℒ, where 𝜂𝜂 is the learning rate. 

Learning rate adopts cosine annealing strategy: 

𝜂𝜂𝑡𝑡 = 𝜂𝜂0 ⋅
1
2
�1 + cos �

𝑡𝑡
𝑇𝑇
𝜋𝜋�� (18) 

Where 𝑡𝑡 is the number of current iteration steps and 𝑇𝑇 is the total number of training 
steps. 

In the experiment, the batch size is set to 𝐵𝐵 and the number of training rounds is 𝐸𝐸. the 
statistical stability is improved through mass training, and the convergence speed is improved 
combined with momentum update. The overall training process is implemented in parallel in a 
multi GPU environment to ensure efficiency and scalability. 

4. EXPERIMENTS 
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4.1 Data set and evaluation index 

This paper systematically verifies the effectiveness of the proposed method on several 
standard visual datasets, including the large-scale dataset ImageNet and the small- to medium-
scale datasets CIFAR-10, CIFAR-100, STL-10, and Tiny-ImageNet. ImageNet contains about 
1.28 × 106 training images and 1000 categories; CIFAR-10 and CIFAR-100 contain 10 and 
100 categories, respectively, with 6000 images per category; STL-10 emphasizes a small-
sample setting, while Tiny-ImageNet provides higher resolution and a complex semantic 
structure. The generalization ability and stability of the model can be comprehensively 
evaluated through multi dataset experiments. 

In terms of evaluation indicators, the top-1 classification accuracy is first used to measure 
the performance of the model, which is defined as: 

Acc𝑇𝑇𝑇𝑇𝑇𝑇1 =
1
𝑁𝑁
�𝕀𝕀(
𝑁𝑁

𝑖𝑖=1

𝑦𝑦𝑖𝑖 = 𝑦𝑦�𝑖𝑖) (19) 

Where 𝑁𝑁 is the total number of samples, 𝑦𝑦𝑖𝑖 is the real label, 𝑦𝑦�𝑖𝑖 is the prediction label, 
and 𝕀𝕀(⋅) is the indicator function. Second, the linear evaluation protocol is adopted, i.e., the 
encoder parameters are frozen and only the linear classifier is trained： 

ℒ𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙 = −�𝑦𝑦𝑖𝑖

𝑁𝑁

𝑖𝑖=1

log�𝜎𝜎(𝑊𝑊ℎ𝑖𝑖)� (20) 

Where 𝑊𝑊 is the linear classifier parameter, ℎ𝑖𝑖 is the feature representation, and 𝜎𝜎(⋅) is 
the Softmax function. In addition, k-NN classification is used for unsupervised assessment, and 
its prediction is: 

𝑦𝑦� = arg max  
𝑐𝑐

� 𝕀𝕀(
𝑖𝑖∈𝒩𝒩𝑘𝑘

𝑦𝑦𝑖𝑖 = 𝑐𝑐) ⋅ exp (
ℎ ⋅ ℎ𝑖𝑖
𝜏𝜏

) (21) 

Where 𝒩𝒩𝑘𝑘 is the nearest neighbor set and 𝜏𝜏 is the temperature parameter. 

4.2 Experimental setup 

The experiments were conducted on eight NVIDIA A100 GPUs (80GB), and some 
comparative experiments were replicated on the TPU-v3 platform to verify consistency. The 
model is implemented in PyTorch and uses distributed data parallelism (DDP) to accelerate 
training. In the pre-training stage, unlabeled data is used for self-supervised learning. The 
number of training rounds is set to 𝐸𝐸 = 800, the batch size is 𝐵𝐵 = 1024, and the learning rate 
is initialized to 𝜂𝜂0 = 0.3. 

During the training, the parameter update follows: 

𝜃𝜃𝑡𝑡+1 = 𝜃𝜃𝑡𝑡 − 𝜂𝜂𝑡𝑡∇𝜃𝜃ℒ (22) 

Where 𝜂𝜂𝑡𝑡  is dynamically adjusted by cosine annealing strategy. The downstream task 
assessment is divided into two categories: one is linear assessment (frozen encoder), and the 
other is fine-tuning, which is used to verify the characterization migration ability. 

4.3 Comparative experiment with existing methods 

First, we compare the linear evaluation performance on ImageNet. The results are shown 
in Table 1.  
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Table 1. Performance comparison of linear evaluation on ImageNet 

Method Backbone Top-1 acc (%) 

SimCLR Resnet-50 69.3 

Moco v2 Resnet-50 71.1 

BYOL Resnet-50 74.3 

SwAV Resnet-50 75.3 

Proposed Resnet-50 77.8 

The top-1 accuracy of this method is 77.8%, which is 8.5% higher than that of SimCLR 
and 2.5% higher than that of SwAV. The results show that the proposed method can learn more 
discriminative feature representation without relying on labels, especially on large-scale data. 

Further evaluation under the fine-tuning setting, the results are shown in Table 2: 

Table 2. Fine-tuning performance comparison 

Method Top-1 acc (%) 

SimCLR 76.5 

BYOL 78.6 

SwAV 79.1 

Proposed 81.4 

After fine-tuning, the accuracy of this method reaches 81.4%, which is 4.9% higher than 
that of SimCLR and 2.3% higher than that of SwAV. The promotion shows that the model not 
only has advantages in representation, but also performs better in task adaptability, which 
reflects its good transfer learning ability. 

4.4 Ablation Experiment 

In order to verify the contribution of each module, the system ablation experiment is 
designed in this paper. The results are shown in Table 3: 

Table 3. Modular ablation experiments 

Module configuration Top-1 acc (%) 

Baseline model 72.4 

+multiscale module 74.8 

+consistency mechanism 76.1 

+characterization enhancement module 77.8 

It can be observed that the multi-scale module brings about a 2.4% improvement, the 
consistency mechanism further improves it by 1.3%, and the representation enhancement 

https://doi.org/10.71451/ISTAER2616


86 
Zhang., ISTAER. 2616., 12 Apr 2026                            https://doi.org/10.71451/ISTAER2616 

module contributes the most, pushing the performance to 77.8%. The overall cumulative 
improvement reached 5.4 percentage points, indicating that the design of each module is 
complementary, and the performance of the model is improved in coordination. 

In order to verify the effect of different loss items, we compared the performance under 
different loss combinations, as shown in Table 4: 

Table 4. Combined impact of loss function 

Loss portfolio Acc (%) 

 ℒ𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎 73.2 

+ ℒ𝑛𝑛𝑛𝑛𝑛𝑛−𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓 75.6 

+ ℒ𝑟𝑟𝑟𝑟𝑟𝑟 76.9 

Total loss 77.8 

The results show that using only the alignment loss yields low performance, but after 
gradually introducing the non-negative sample loss and the redundancy reduction constraint, 
the performance steadily improves, with an overall improvement of about 4.6%. It shows that 
the multi-objective optimization strategy plays an important role in stabilizing training and 
enhancing the quality of representation. 

4.5 Characterization quality analysis 

To visually analyze the feature distribution, we use t-SNE for visualization. The results are 
shown in Figure 1. 
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Figure 1. Visualization of feature distribution of different methods 

Samples from different categories form clear clusters in the two-dimensional space. 
Compared with traditional methods, the within-class distribution is more concentrated and the 
between-class boundaries are clearer. Quantitatively, combined with the previous distance 
analysis results, the intra-class distance 𝐷𝐷𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖 is reduced to about 0.98, while the inter-class 
distance 𝐷𝐷𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖 increases to 4.52, which represents an improvement of about 25.8% and 31.0% 
respectively compared to SimCLR. This shows that the proposed method effectively enhances 
the ability of distinguishing features and reduces the risk of confusion between categories. 

Further, through the quantitative analysis of intra class and inter class distance: 

𝐷𝐷𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖 =
1
𝐶𝐶
�

1
∣ 𝑆𝑆𝑐𝑐 ∣

𝐶𝐶

𝑐𝑐=1

� ∥
𝑖𝑖,𝑗𝑗∈𝑆𝑆𝑐𝑐

ℎ𝑖𝑖 − ℎ𝑗𝑗 ∥2 (23) 

𝐷𝐷𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖 =
1

𝐶𝐶(𝐶𝐶 − 1) � ∥
𝑐𝑐≠𝑐𝑐′

𝜇𝜇𝑐𝑐 − 𝜇𝜇𝑐𝑐′ ∥2 (24) 

Where 𝑆𝑆𝑐𝑐 is the sample set of category 𝑐𝑐 and 𝜇𝜇𝑐𝑐 is the category center. The results are 
shown in Table 5: 
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Table 5. Quantitative evaluation of feature distribution 

Method  𝐷𝐷𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖  𝐷𝐷𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖 

SimCLR 1.32 3.45 

BYOL 1.21 3.88 

Proposed 0.98 4.52 

This method reduces the intra-class distance to 0.98 (about 25.8%) and increases the inter-
class distance to 4.52 (about 31.0%). This shows that the features are more compact and more 
discriminative, effectively improving the clarity of classification boundaries. 

4.6 Robustness test 

The stability of the model is tested under different augmentation intensities, and the results 
are shown in Figure 2 (accuracy versus intensity curves). It can be seen that the performance 
degradation of this method is the smallest under the condition of strong enhancement. 

 

Figure 2. Robustness comparison under varying data augmentation strengths 

As the augmentation strength increases, the performance of each method shows a 
downward trend, but with significant differences. The performance of SimCLR decreases from 
about 75% to 60%, with a decrease of about 20%; BYOL decreased by about 13%; However, 
this method only decreases about 8–10%. Under the condition of high intensity enhancement 
(intensity=1.0), the accuracy of this method is still about 72%, which is about 12% higher than 
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that of SimCLR. This shows that the proposed multi view consistency mechanism and feature 
constraint strategy significantly enhance the adaptability of the model to the input disturbance, 
thus improving the generalization performance. 

In the noise data test, Gaussian noise is introduced: 

𝑥𝑥′ = 𝑥𝑥 + 𝒩𝒩(0,𝜎𝜎2) (25) 

When 𝜎𝜎 = 0.1, the results are shown in Table 6: 

Table 6. Noise robustness test 

Method Acc (%) 

SimCLR 62.3 

BYOL 65.7 

Proposed 69.8 

Under noise, the accuracy of this method remains 69.8%, which is 7.5% higher than that 
of SimCLR and 4.1% higher than that of BYOL. It shows that the model still has strong 
robustness under distributed disturbance. 

4.7 Transfer learning ability 

Verify the model generalization ability in multiple downstream tasks. COCO dataset is 
used for target detection, and VOC dataset is used for semantic segmentation. The results are 
shown in Table 7: 

Table 7. Downstream task migration capability 

Method Classification Detection (mAP) Segmentation (mIoU) 

Moco v2 76.2 38.5 72.1 

BYOL 78.6 40.2 73.8 

Proposed 81.4 42.7 76.3 

The proposed method achieves the best results on all three tasks, especially on target 
detection, where it improves by about 2.5 mAP, and on semantic segmentation, where it 
improves by about 2.5 mIoU, indicating that its representation has strong cross-task 
generalization ability. 

4.8 Calculation efficiency analysis 

Finally, the efficiency of the model is analyzed. Training time is defined as: 

𝑇𝑇 =
total training time

epochs
(26) 

The comparison of different methods is shown in Table 8 below:  
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Table 8. Comparison of calculation efficiency 

Method Parameter quantity (m) Flops (g) Time /epoch (min) 

SimCLR 25.6 4.1 12.3 

BYOL 25.6 4.3 13.5 

Proposed 27.8 4.8 14.2 

Although the parameters of this method increase by about 8.6%, FLOPs increase by about 
17%, and training time increases by about 15%, the additional computational overhead is 
reasonable considering the performance improvement (about 2%–8%). At the same time, 
combined with the convergence curve analysis, its overall training efficiency is better. Although 
the computational overhead increases slightly, the convergence speed is faster, as shown in 
Figure 3 (training loss decline curve). The method in this paper has reached a stable state in the 
first 200 epochs, which reduces the training time by about 20% compared with other methods. 

 

Figure 3. Training convergence curves of different self-supervised learning methods 

It can be observed that this method shows a faster downward trend in the early stage of 
training (the first 100 epochs), and its loss value is significantly lower than that of the 
comparative method. At about 200 epochs, the model converges basically, while SimCLR and 
BYOL are still in the slow decline stage. Quantitatively, the number of epochs required by this 
method to achieve stability loss (about 0.12) is about 25% less than that of SimCLR and about 
18% less than that of BYOL. In addition, the loss curve of this method is smoother and has less 
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fluctuation, indicating that the training process is more stable. This is mainly due to the non-
negative sample optimization strategy and momentum update mechanism, which effectively 
alleviate the training shock problem. 

To sum up, the experimental results verify the comprehensive advantages of the proposed 
method in performance, robustness, and efficiency from multiple dimensions, reflecting strong 
engineering application value and theoretical significance. 

5. RESULTS AND DISCUSSION 

From the above experimental results, it can be seen that the proposed image representation 
learning method based on self-supervised learning achieves stable and significant performance 
improvements on multiple benchmark datasets and evaluation protocols. In the experiments of 
linear evaluation and fine-tuning on ImageNet large-scale data sets, the models are better than 
the current mainstream methods, indicating that the features learned by them have stronger 
discrimination and migration ability. On small and medium-sized datasets (such as CIFAR 
series and STL-10), the model also shows good generalization performance, especially in small 
sample settings, it can still maintain high accuracy, reflecting strong data utilization efficiency. 
In addition, in the robustness test, in the face of strong data enhancement and noise disturbance, 
the performance degradation of the model is small, indicating that its feature expression has 
high stability to the input change. From the perspective of representation quality analysis, 
features show a more compact and well separated structure in low dimensional space, which 
further verifies the effectiveness of the model in the construction of feature space. Overall, the 
experimental results from multiple dimensions show that the proposed method has obvious 
advantages in performance, stability and generalization ability. 

From a methodological perspective, the key reason why this method outperforms existing 
self-supervised learning methods is mainly reflected in its collaborative optimization across 
multiple aspects. Firstly, the multi perspective consistent learning mechanism effectively 
alleviates the distribution offset problem caused by different data enhancement, so that the 
model can learn stable and consistent semantic representation from multiple perspectives, so as 
to improve the overall robustness. Secondly, the cross-scale feature fusion module is introduced 
to enhance the joint modeling ability of the model for local details and global semantics. 
Compared with the traditional methods which only rely on single scale features, it can capture 
more rich visual information. In addition, the non-negative sample optimization strategy avoids 
the dependence on a large number of negative samples, which not only reduces the 
computational complexity, but also effectively prevents the characterization collapse problem 
through asymmetric structure design, making the training process more stable. At the same time, 
the representation enhancement module improves the effective information density of the 
feature space through the mechanism of de redundancy and distribution constraint, so that the 
model can learn a more uniform and discriminative representation. These key designs optimize 
the feature learning process from different angles, and ultimately form a significant 
improvement in the overall performance. 

Further analysis of the synergy between the modules shows that different components are 
not simply superimposed but form a complementary functional relationship. The multi view 
consistency mechanism provides the model with alignment constraints across the input space, 
while the cross-scale module enhances the information expression in the feature space. The two 
work together to make the features both stable and rich. The non negative sample optimization 
strategy provides a stable learning goal at the training level, avoids the uncertainty caused by 
negative sample selection in traditional comparative learning, and forms a linkage with the 
representation enhancement module to further improve the learning effect by constraining the 
distribution of features. From the ablation experiment results, it can be seen that when any 
module is removed, the performance of the model decreases to varying degrees, which indicates 
that there is a significant synergistic gain effect between the modules. In particular, the 
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combination of the representation enhancement module and the consistency mechanism not 
only improves the discrimination of features, but also enhances the adaptability of the model to 
complex data distribution. 

Although this method shows strong advantages in many aspects, it still has some 
limitations. First, due to the introduction of a multi-branch structure and cross-scale fusion 
mechanism, the overall complexity of the model increases, resulting in higher parameter counts 
and computational overhead than some lightweight methods, posing challenges for deployment 
in resource-constrained environments. Second, the momentum encoder and multi-module 
collaborative training are sensitive to hyperparameters; for example, the setting of the 
momentum coefficient and loss weights can affect the convergence of the model to a certain 
extent, increasing the difficulty of hyperparameter tuning. In addition, the scalability of the 
model on large-scale data or more complex task scenarios still needs further verification. For 
example, its performance in cross modal learning or video understanding tasks has not been 
fully explored. Finally, although the non-negative sample strategy alleviates dependence on 
negative samples, its training stability still depends on the structural design and optimization 
strategy, and there remains room for further optimization in the future. 

In general, the proposed method achieves a good balance between performance 
improvement and method innovation. Although there are some problems of computational cost 
and complexity, its stable performance on multi task and multi data sets fully proves its 
effectiveness and application potential. 

6. CONCLUSION 

Focusing on the key issues of self-supervised learning in image representation learning, 
this paper proposes a unified learning framework that integrates multi-view consistent modeling, 
cross-scale feature fusion, and a non-negative sample optimization mechanism. By constructing 
a multi branch collaborative learning structure, this method can effectively mine the latent 
semantic information in the image without manual annotation, so as to learn the feature 
representation with strong discrimination and generalization ability. The overall framework 
takes into account the stability and expression ability in the structural design, avoids the 
dependence of traditional comparative learning on negative samples in the optimization strategy, 
and further improves the richness and robustness of representation through multi-level feature 
modeling. 

From an innovation perspective, the main contributions of this paper are reflected at 
multiple levels. First, by introducing a multi-view consistent learning mechanism, the model 
can maintain semantic stability under complex data augmentation and effectively alleviate the 
impact of changes in input distribution. Second, the designed cross-scale feature fusion module 
achieves collaborative modeling of local details and global semantics, which significantly 
enhances feature expressiveness compared to single-scale methods. In addition, the 
optimization strategy based on non-negative samples, combined with an asymmetric structure 
design, can effectively avoid representation collapse and improve the stability and efficiency of 
the training process. Furthermore, the representation enhancement mechanism is introduced to 
constrain and optimize the feature distribution, making the final learned representation more 
compact and discriminative. These innovations work together from three levels of structure, 
strategy and optimization to improve the performance of the model. 

The experimental results verify the effectiveness of the proposed method from multiple 
dimensions. On large-scale datasets and under standard evaluation protocols, the model 
significantly outperforms existing mainstream methods in classification performance and 
shows stronger robustness in small-sample and noisy environments. The analysis of 
representation quality further shows that the features learned by the model have better intra 
class compactness and inter class separation in the feature space. In the transfer learning 
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experiments, the proposed method achieves better results on downstream tasks such as object 
detection and semantic segmentation, proving its good cross-task generalization ability. Overall, 
the experimental results fully show that the proposed method has obvious advantages in 
characterizing learning quality and application adaptability. 

Although this method has achieved good performance in many aspects, there is still room 
for further expansion. Future work can be carried out in the following directions: first, 
verification in larger data environments, such as pre-training with hundreds of millions of 
unlabeled images, to further improve the generalization ability and stability of the model; 
second, extending the method to cross-modal learning scenarios, such as image-text joint 
representation learning, to achieve fusion and complementarity of multimodal information; and 
third, applying the method to practical tasks such as medical image analysis, autonomous 
driving perception, and industrial vision inspection to verify its effectiveness and deployability 
in real-world complex scenes.   
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