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ABSTRACT - This paper proposes a unified hybrid self-supervised learning 

framework for fine-grained visual representation learning, evaluated on the STL-10 

dataset. To address challenges arising from limited labeled data and high intra-class 

visual variability, the proposed approach integrates complementary contrastive and 

non-contrastive paradigms BYOL, SimCLR, MoCo v3, and DINO within a single 

architecture. The framework employs a shared backbone network with dedicated 

projection and prediction heads, alongside a momentum-updated target network using 

exponential moving average (EMA), enabling robust representation learning from 

unlabeled images. Diverse data augmentations, including random resized cropping, 

horizontal flipping, color jittering, and grayscale conversion, are used to generate 

multiple correlated views that jointly support hybrid training objectives. Experimental 

results show stable and consistent convergence, with an average BYOL loss reaching 

−0.88. Downstream evaluation demonstrates the effectiveness of the learned 

representations, achieving a test accuracy of 87.20%, a recall of 87.20%, and an F1-

score of 87.19%. Additionally, the framework attains a mean Average Precision (mAP) 

of 93.70%, indicating strong discriminative capability and transferability. These results 

suggest that hybrid self-supervision can effectively exploit the complementary 

strengths of contrastive and non-contrastive learning, leading to improved 

representation quality and faster convergence compared to individual self-supervised 

methods. 
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1. INTRODUCTION                                                                                                                                                     

The emergence of Self-Supervised Learning (SSL) has fundamentally transformed visual representation learning in computer 

vision [1], [11]. By leveraging the inherent structure of large-scale unlabeled datasets, SSL methods enable the extraction of 

high-level semantic representations without the need for extensive manual annotation[22]. Modern SSL frameworks 

typically project images into a latent embedding space, where representations are optimized to remain invariant across 

augmented views while preserving instance-level discrimination. This paradigm has proven essential for building scalable 

models that generalize effectively across a wide range of downstream visual tasks. Despite these advances, a critical 
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limitation arises from the pursuit of strong invariance. Conventional approaches, particularly those based on the InfoNCE 

loss, are designed to minimize discrepancies between different augmented views of the same image. While this objective 

successfully captures global semantic concepts, it frequently suppresses fine-grained spatial information. This phenomenon, 

referred to as representational deficiency, occurs when the learning process prioritizes semantic alignment at the expense of 

local structure, thereby discarding geometric and positional cues that are crucial for tasks extending beyond coarse 

classification. As a result, the learned encoder becomes increasingly insensitive to spatial variations, limiting its effectiveness 

in applications that require localization, correspondence, or structural reasoning [6]. 

 Motivated by this challenge, this work examines the balance between semantic consistency and spatial awareness in self-

supervised representation learning. Rather than replacing existing methodologies, we propose a Hybrid Multi-Branch 

Architecture that integrates complementary SSL paradigms within a unified framework. Specifically, our approach combines 

contrastive learning methods such as SimCLR and MoCo v3, non-contrastive approaches including BYOL and VICReg, 

and patch-level self-supervision techniques such as DINO and iBOT. Through a jointly optimized weighted objective, the 

proposed framework captures both global semantic robustness and local structural detail. This integration enables the 

learning of representations that are semantically expressive while remaining sensitive to the geometric properties of the input 

data [3], [4]. 

     This work makes four primary contributions to self-supervised visual representation learning. First, we introduce a unified 

hybrid architecture that coherently integrates contrastive, non-contrastive, and patch-level self-supervised learning 

paradigms within a single multi-branch framework, enabling multi-level feature extraction without architectural redundancy 

[10]. Second, we provide a formal mathematical characterization of representational deficiency by explicitly modeling the 

trade-off between semantic invariance and spatial information preservation, thereby offering theoretical insight into the 

limitations of strongly invariant objectives [24]. Third, we propose a principled strategy for multi-level feature fusion that 

combines global image-level representations with local patch-level embeddings, ensuring that the learned features retain 

both high-level semantic meaning and fine-grained structural information [2], [8]. Finally, we empirically demonstrate on 

the STL-10 benchmark that the proposed hybrid framework achieves improved convergence stability and produces higher-

quality representations compared to single-objective SSL baselines [12], [14]. 

     The remainder of this paper is organized as follows. Section 2 reviews related work in contrastive and non-contrastive 

self-supervised learning, with particular attention to recent advances in patch-level supervision. Section 3 presents the 

proposed hybrid model architecture, including the integration of a Vision Transformer backbone. Section 4 describes the 

STL-10 dataset and the data preprocessing and augmentation strategies employed in training. Section 5 establishes the 

mathematical formulation of self-supervised learning objectives and analyzes the limitations of invariance-based methods. 

Section 6 details the proposed solution by outlining the loss functions associated with each learning branch. Section 7 reports 

and analyzes the experimental results, including convergence behavior and representation quality evaluation. Finally, 

Section 8 concludes the paper and discusses potential directions for future research in hybrid self-supervised learning 

frameworks. 

 

2. LITERATURE REVIEW 

TULIP Contrastive Image-Text Learning with Richer Vision Understanding. Self-supervised learning approaches such as 

SimCLR and MoCo learn visual representations by contrasting multiple views of the same image, primarily capturing global 

semantics. However, these methods often fail to model fine-grained visual details. Recent works, including DINOv2 and 

iBOT, address this limitation through patch-level self-supervision, enabling better spatial and local feature understanding. 
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Multimodal methods such as TULIP further enhance representation learning by aligning visual and textual features using 

contrastive learning. The integration of contrastive, non-contrastive, and patch-level learning results in more robust and 

comprehensive visual representations [1]. Self-Supervised Learning of Pretext-Invariant Representations. Some methods 

that teach computers to understand images by guessing how they might look after changes don't always work well because 

the changes can affect how well the computer understands the real meaning of the image. PIRL solves this by making sure 

the computer learns to see the same thing in both the original and changed images, which helps it understand better and 

perform better when applying what it learned. However, PIRL mainly focuses on the whole image and doesn't pay much 

attention to smaller details. Newer methods combine learning about the whole image with learning about small parts of it, 

allowing the computer to understand images more deeply without needing to guess what the image was meant to do [2]. 

DINO: Emerging Properties in Self-Supervised Vision Transformers DINO is a self-supervised method based on knowledge 

distillation without labels, using a teacher-student framework. It encourages consistency between global and local image 

views without relying on negative samples. DINO enables Vision Transformers to learn meaningful semantic 

representations. The learned features naturally capture object boundaries and spatial structures. This makes DINO effective 

for fine-grained and dense vision tasks such as segmentation [3]. iBOT: Image BERT Pre-Training with Online Tokenizer 

iBOT extends self-supervised learning to patch-level representations using a masked image modeling strategy. It enforces 

consistency between visible and masked patches through a teacher–student architecture. Unlike global-only methods, iBOT 

learns both image-level and token-level semantics. This design improves spatial understanding and local feature 

representation. iBOT achieves strong performance on dense prediction tasks.[4]. 

 

 ICReg: Variance-Invariance-Covariance RegularizationVICReg is a non-contrastive self-supervised learning method that 

avoids negative samples entirely. It learns representations by enforcing invariance, variance, and decorrelation constraints. 

This method stabilizes training while preserving informative representations. VICReg primarily captures global semantics 

but can be extended to hybrid frameworks. It achieves competitive performance without collapse.[5] 

    BYOL: Bootstrap Your Own Latent BYOL is a type of self-supervised learning that doesn't use negative examples to 

learn visual features. It works with a teacher and student setup, where the student tries to predict what the teacher sees, even 

when the images are changed in different ways. BYOL shows that good representation learning can happen without using 

contrastive loss. The features it learns are good at capturing overall meaning, but don't focus much on smaller parts of images. 

BYOL has inspired many mixed models that combine both global and local learning [6].  

SimCLR: A Simple Framework for Contrastive Learning of Visual Representations SimCLR is a type of self-supervised 

learning method that helps computers understand images by making them agree on different ways of looking at the same 

picture. It focuses on learning overall meaning from the image. But SimCLR needs big groups of data and a lot of examples 

that are not similar. It doesn’t pay much attention to small parts or how things are arranged in space. Later work improved 

on SimCLR by adding features that look at different levels or parts of the image [7]. 

 MoCo v3: An Empirical Study of Training Self-Supervised Vision Transformers MoCo v3 applies contrastive learning to 

Vision Transformers by using a teacher-student setup that relies on momentum. It eliminates the need for memory banks but 

still follows contrastive learning goals. MoCo v3 develops strong overall representations but does not directly ensure detailed 

spatial consistency. This issue leads to the use of patch-level and non-contrastive learning methods. [8] 

 SwAV: Unsupervised Learning of Visual Features by Contrasting Cluster Assignments SwAV is a self-supervised learning 

method that uses clustering and doesn't compare pairs of images. It learns to represent images by guessing which cluster each 

image belongs to, using different views of the same image. SwAV is good at capturing meaningful information and works 
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well even with smaller groups of images. However, it mainly focuses on understanding images. To better understand the 

details within images, more work is needed at the level of smaller parts of the image. [9] 

MAE Masked Autoencoders Are Scalable Vision Learners. MAE is a type of self-supervised learning that doesn't use 

contrast. It works by hiding parts of an image and then trying to guess what's missing based on the rest of the image. This 

helps the model learn detailed features from local areas. MAE is good at understanding small details and how things are 

arranged in space. But it doesn't do a good job of connecting different parts of the image in a meaningful way. Using MAE 

with other methods like contrastive learning or distillation can make the model's learning more reliable [10].   

     BEiT: BERT Pre-Training of Image Transformers BEiT uses masked token prediction on images with discrete visual 

tokens. It learns detailed representations at the patch level through self-supervised training. BEiT focuses on understanding 

local meaning but does not ensure consistency across different image views created through augmentation. Mixed 

frameworks combine BEiT's masking approach with contrastive goals to improve representations at various levels. [11], as 

shown in Table 1 

 

Table 1: Comparison of Self-Supervised Learning Methods Used in This Study 

Ref Methos Dataset Accuracy (Metric) Contribution Limitation 

[1] Robust Homography 

Estimation Network 

Benchmark 

homography 

datasets 

Homography error improves robustness to noise 

and outliers in homographs 

estimation 

Computationally 

expensive 

[2] Contrastive 

Representation 

Learning 

ImageNet Contrastive loss / 

Accuracy 

Learns strong visual 

representations through instance 

discrimination 

Performance depends on 

large batch sizes 

[5] VICReg ImageNet Linear evaluation 

accuracy 

Prevents representation collapse 

without using negative samples 

Requires careful 

balancing of loss 

components 

[4] iBOT (Image BERT 

Pre-training) 

ImageNet Top 1 accuracy Introducing an online tokenizer 

for effective self-supervised 

learning 

Sensitive to 

hyperparameter tuning 

[3] 

 

Self-Supervised 

Vision Transformer 

(DINO) 

ImageNet Linear probing 

accuracy 

Demonstrates emergent 

semantic properties in ViTs 

without labeled data 

Requires large-scale 

datasets and long 

training time 

[6] 

 

BYOL (Bootstrap 

Your Own Latent) 

ImageNet Linear evaluation 

accuracy 

Introduces non-contrastive self-

supervised learning using a 

teacher–student framework 

without negative samples 

Lacks explicit modeling 

of local or patch-level 

representations 

[7] SimCLR ImageNet Contrastive loss / 

Top 1 accuracy 

Learns strong global visual 

representations through 

instance-level contrastive 

learning 

Requires large batch 

sizes and does not 

capture fine-grained 

spatial details 

[8] MoCo v3 ImageNet Linear probing 

accuracy 

Extends contrastive learning to 

Vision Transformers using 

momentum-based distillation 

Focuses mainly on 

global representations 

without patch-level 
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3. PROPOSED MODEL ARCHITECTURE 

 A new method called a hybrid self-supervised learning framework is introduced to combine contrastive and non-contrastive 

learning to better learn detailed visual features from images. When an image is given, two different versions of it are created 

through data augmentation. Both versions go through the same Vision Transformer (ViT) model, which helps in extracting 

consistent features across different learning goals [8], [17]. 

     The framework has two separate parts working at the same time. The first part of this system is called the contrastive 

branch. This part is inspired by MoCo v3 and SimCLR. It looks at the image. The contrastive branch uses something called 

the InfoNCE loss function. This helps create features that can tell things apart. These features stay the same even if the image 

is changed a bit [7], [24]. 

 The second part is called the non-contrastive branch. The non-contrastive branch is based on BYOL and VICReg. This part 

uses a system. One part of the network is always. Updating itself. At the time, another part of the network keeps track of 

what it learned in the past. The non-contrastive branch and the contrastive branch are both parts of the system. This helps in 

learning without losing stability or running into problems with overfitting [19]. 

 To get even more detailed features, the method also uses a type of self-supervision at the level of small parts of the image, 

called patches. These patches are made to follow goals that focus on both the meaning and the structure, inspire        DINOv2 

and iBOT. These features from patches add to the overall image features by capturing more detailed information about the 

local parts of the image. Finally, a special part of the framework combines the features from the whole image with those 

from the smaller patches [2], [12], as shown in Figure 1. 

. 

supervision 

[9] SwAV ImageNet Top 1 accuracy Introduces clustering-based 

contrastive learning without 

pairwise instance comparison 

Limited spatial 

awareness and lack of 

fine-grained feature 

learning 

[10] MAE (Masked 

Autoencoders) 

ImageNet Reconstruction loss / 

Linear evaluation 

Learns strong patch-level 

representations through masked 

image modeling 

Weak global semantic 

alignment across 

augmented views 

[11] BEiT ImageNet Linear probing 

accuracy 

Applies BERT-style masked 

token prediction for patch-level 

image understanding 

Does not explicitly 

enforce global invariance 
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Figure 1. shows the model architecture 

 

4. DATASET 

Overview of dataset STL-10 [12] is an image recognition dataset inspired by the CIFAR-10 dataset with some 

improvements. With a corpus of 100,000 unlabeled images and 500 training images, this dataset is best for developing 

unsupervised feature learning, deep learning, and self-taught learning algorithms. Unlike CIFAR-10, the dataset has a 

higher resolution, which makes it a challenging benchmark for developing more scalable unsupervised learning methods.  

 There are three files: train_image.zips, test_images.zip and unlabeled_images.zip, 10 classes: airplane, bird, car, cat, 

deer, dog, horse, monkey, ship, truck. Images are 96x96 pixels, color, 500 training images (10 pre-defined folds), 800 test 

images per class, 100,000 unlabeled images for unsupervised learning. These examples are extracted from a similar but 

broader distribution of images. For instance, it contains other types of animals (bears, rabbits, etc.) and vehicles (trains,  

buses, etc.) in addition to the ones in the labeled set. Images were acquired from labeled examples on ImageNet, as shown 

in Figure 2.  

 

Figure 2. shows the number of samples and classes with their names 

   In data loading and preprocessing the data set was loaded by means of PyTorch’s torchvision. datasets. STL10 class. 

For a preliminary study, raw images were converted to tensors without any data augmentation. A batch of raw images 

was displayed to inspect label distribution, image quality and class predominance, as provided in Figure 3. 

 

 

Figure 3. Sample Raw Images from STL-10 (Before Augmentation)
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   Use hybrid self-supervised augmentations to enable contrastive and non-contrastive self-supervised learning each image 

was transformed into two augmented views using the following augmentations: Random resized crop (scale: 0.5–1.0), 

Random horizontal flip (p=0.5), Color jitter (brightness, contrast, saturation, hue = 0.8∗s, s = 0.5), Random grayscale (p= 

0.05) . These different augmentations simulate “different” “views” of the same image, which is crucial for BYOL, 

SimCLR, MoCo v3, and DINO components of the hybrid model as shown in Figure 4. 

 

Figure 4. Sample SSL Augmented Images (View 1 and View 2) 

 

Dataset visualization and pixel distribution to better understand the dataset and the effect of augmentations, pixel intensity 

histograms were plotted for raw and augmented images. These histograms demonstrate shifts in pixel distributions 

introduced by augmentations and ensure variability across views for effective self-supervised learning  

as shown in Figure 5.  

 
Figure 5. Pixel Intensity Histograms 

   In dataset statistics the dataset statistics are summarized as follows: Number of samples: 5,000 labeled images, 100,000 

unlabeled images, Number of classes: 10, Image resolution: 96×96 pixels, 3 channels, Class distribution: Balanced across 

labeled data; unlabeled data contains additional variability (e.g., other animals and vehicles) as shown in Figure 6. 

 

Figure 6. Class Distribution in STL-10 
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5. PROBLEM FORMULATION AND PROPOSED ARCHITECTURE 

Self-supervised learning aims to learn meaningful visual representations from unlabeled data by exploiting intrinsic 

structures and augmentations [1], [11]. Let 𝑋 ⊂ ℝ𝐻×𝑊×𝐶denote the space of natural images, where 𝐻and 𝑊are the height 

and width of the images, and 𝐶is the number of color channels. Given an unlabeled dataset 𝒟 = {𝑥𝑖}𝑖=1
𝑁 , sampled from 

an unknown data distribution 𝑝data(𝑥), The goal is to learn an encoder 𝑓𝜃: 𝑋 → 𝑍parameterized by 𝜃. Here, 𝑍 ⊂ ℝ𝑑is a 

low-dimensional representation space of dimension 𝑑, where 𝑑 ≪ 𝐻𝑊𝐶. 

The learned representation 𝑧 = 𝑓𝜃(𝑥) ∈ 𝑍is expected to satisfy two key properties. Semantic consistency in Equation 1 

requires that different stochastic augmentations 𝑡𝑘, 𝑡𝑗 ∼ 𝒯of the same image 𝑥produce similar embeddings [16], [24]: 

𝔼𝑡𝑘,𝑡𝑗∼𝒯[sim(𝑓𝜃(𝑡𝑘(𝑥)), 𝑓𝜃(𝑡𝑗(𝑥)))] ≈ 1                       (1) 
 

     where sim(⋅,⋅)denotes the cosine similarity function, and 𝒯is the set of all augmentation transformations applied during 

training. Discriminative power requires that the embeddings of distinct images 𝑥𝑖 , 𝑥𝑗 in Equation 2 are dissimilar [9], 

[24]: 

 

𝔼𝑥𝑖,𝑥𝑗∼𝑝data,𝑖≠𝑗
[sim(𝑓𝜃(𝑥𝑖), 𝑓𝜃(𝑥𝑗))] ≪ 1   (2) 

 

     Despite the success of contrastive learning, it is limited by the InfoNCE objective embeddings  

as shown in Equation 3 [22]: 

𝐿InfoNCE = −𝔼𝑥∼𝑝data
log⁡

exp⁡(sim(𝑓𝜃(𝑡
+(𝑥)),𝑓𝜃(𝑥))/𝜏)

∑ exp⁡(sim(
𝑥−∈𝒩

𝑓𝜃(𝑡
−(𝑥−)),𝑓𝜃(𝑥))/𝜏)

                             (3) 

 

    where 𝑡+(𝑥)denotes a positive augmented view of 𝑥, 𝑡−(𝑥−)denotes negative samples from a set 𝒩, and 𝜏 > 0is a 

temperature parameter controlling the sharpness of the softmax. Strong invariance enforced by contrastive learning 

suppresses spatial information, i.e., 𝑓𝜃(𝑡(𝑥)) ≈ 𝑓𝜃(𝑥)for all 𝑡 ∈ 𝒯. Let 𝐼spatial: 𝑋 → 𝑆denote the spatial information 

extractor; then the mutual information captured by contrastive embeddings, as shown in Equation 4: 

𝐼(𝑓𝜃(𝑋); 𝐼spatial(𝑋)) ≪ 𝐼(𝑋; 𝐼spatial(𝑋))                         (4) 
 

indicating a deficiency in preserving spatial features. 

To formalize representation quality, we define a function using Equations 5 and 6 [9], [24]: 

𝑄(𝜃) = 𝛼𝑄semantic(𝜃) + 𝛽𝑄spatial(𝜃), 𝛼, 𝛽 > 0             (5) 
 

               Where, 

𝑄semantic(𝜃) = 𝔼(𝑥,𝑦)∼𝑝task
[𝒜cls(𝑓𝜃(𝑥), 𝑦)], 𝑄spatial(𝜃) = 𝔼(𝑥,𝑠)∼𝑝spatial

[𝒜loc(𝑓𝜃(𝑥), 𝑠)]      (6) 
 

     Here, 𝒜clsand 𝒜locdenote classification and localization accuracy functions, respectively, 𝑦is a semantic label, and 

𝑠represents spatial annotations (or pseudo-ground-truth spatial signals). Conventional contrastive methods satisfy 

Equation 7 : 

 

𝑄spatial(𝜃contrastive
∗ ) ≪ max⁡

𝜃
𝑄spatial(𝜃)         (7) 

 

highlighting the suboptimal preservation of spatial information.  

The research objective is therefore to find parameters in Equation 8  : 
𝜃∗ = arg⁡max⁡

𝜃
[𝑄semantic(𝜃) + 𝑄spatial(𝜃)]    (8) 

 

achieving both semantic and spatial representation quality without labeled data and within computational constraints. 
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 To address these limitations, we propose a hybrid multi-branch architecture that unifies three self-supervised learning 

objectives. The total optimization problem is formulated, as shown in Equation 9. 

𝜃∗ = argmin
𝜃

𝐿total(𝜃) ,⁡⁡⁡⁡⁡⁡⁡⁡𝐿total(𝜃) = ∑ 𝜆𝑖
3
𝑖=1 𝐿𝑖(𝜃), ∑ 𝜆𝑖

3
𝑖=1 = 1      (9) 

 

where 𝐿𝑖(𝜃)denotes the loss associated with the 𝑖-th branch, and 𝜆𝑖is its corresponding weight. 

     The contrastive branch  combines the SimCLR model in Equation 10 [16] and the MoCo v3 model in Equations 11 

and 12  [17], [25] objectives:  

 

𝐿SimCLR = −log⁡
exp⁡(sim(𝑧𝑖,𝑧𝑗)/𝜏)

∑ exp⁡(sim(
𝑘≠𝑖

𝑧𝑖,𝑧𝑘)/𝜏)
, 𝑧𝑖 = 𝑔(𝑓𝜃(𝑥𝑖))                               (10) 

 

𝜃𝑘 ← 𝑚𝜃𝑘 + (1 −𝑚)𝜃𝑞 , ⁡⁡⁡⁡𝐿MoCo = −log⁡
exp⁡(𝑞⋅𝑘+/𝜏)

exp⁡(𝑞⋅𝑘+/𝜏)+∑ exp⁡(𝑞⋅𝑘− 𝑘−/𝜏)
                  (11) 

 

𝐿contrastive = 𝛼1𝐿SimCLR + 𝛼2𝐿MoCo.                                                          (12) 
 

Here, 𝑓𝜃is the encoder, 𝑔is the projection head, 𝑧𝑖is the projected embedding of the image 𝑥𝑖, 𝑞and 𝑘+, 𝑘−are query and 

positive/negative keys, 𝑚is the momentum coefficient, and 𝜏is the temperature. The combination weights 𝛼1, 𝛼2are 

typically 0.5. 

The non-contrastive branch uses the BYOL model in Equation 13 [18] and the VICReg model in Equations 14 and 

15 [19] objectives: 

𝐿BYOL =∥ ℎ̂𝜃(𝑣) − stopgrad (𝑔̂𝜉(𝑣
′)) ∥2

2+ symmetrization⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡(13)⁡⁡⁡ 

⁡⁡⁡⁡𝐿VICReg = 𝜆𝑠(𝑍) + 𝜇𝑣(𝑍) + 𝜈𝑐(𝑍)⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡(14) 
𝐿non-contrastive = 𝛽1𝐿BYOL + 𝛽2𝐿VICReg                                                                          (15) 

    where 𝑣, 𝑣′are augmented views of the same image, ℎ̂𝜃and 𝑔̂𝜉are predictor and target networks, 𝑍is the batch of 

embeddings, 𝑠(𝑍), 𝑣(𝑍), 𝑐(𝑍)are invariance, variance, and covariance terms, and 𝛽1, 𝛽2are weighting coefficients. 

The patch-level branch combines the iBOT model in Equation 16 [21] and the DINO model in Equations 17 and 18 

[20] objectives: 

 

𝐿iBOT = −∑𝑝𝑡
𝑖∈𝑀

(𝑖) log𝑝𝑠(𝑖)⁡⁡⁡⁡⁡⁡⁡⁡(16)⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡𝐿DINO = −∑𝑝𝑡
𝑥

(𝑥) log 𝑝𝑠(𝑥) , 𝑝𝑡 = softmax (
𝑔𝑡 − 𝑐

𝜏𝑡
)⁡⁡⁡⁡⁡(17) 

 
𝐿patch = 𝛾1𝐿iBOT + 𝛾2𝐿DINO⁡                                        (18) 

     where 𝑀is the set of masked patches, 𝑝𝑠, 𝑝𝑡are student and teacher predictions, 𝑔𝑡is the teacher output, 𝑐is a centering 

vector, 𝜏𝑡is teacher temperature, and 𝛾1, 𝛾2are combination weights. 

The total loss is therefore [23]: 

𝐿total = 𝜆1𝐿contrastive + 𝜆2𝐿non-contrastive + 𝜆3𝐿patch            (19) 

 

    with typical values 𝜆1 = 0.4, 𝜆2 = 0.3, 𝜆3 = 0.3and branch combination weights 𝛼𝑖 = 𝛽𝑖 = 𝛾𝑖 = 0.5. Optimization is 

performed using AdamW with a cosine learning rate schedule. 

     In conclusion, conventional contrastive methods are limited in fine-grained spatial reasoning. The proposed hybrid 

multi-branch framework in Equation 19 balances semantic invariance and spatial sensitivity, enabling the learning of 

richer, more discriminative representations without labels [6], [10]. 
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6. EXPERIMENTAL PROCESS 

This section illustrates the experimental workflow of the proposed hybrid self-supervised learning (SSL)framework 

 The overall approach follows a standard self-supervised visual representation learning pipeline and comprises six key steps: 

data preparation and augmentation, multi-view generation, backbone feature encoding, hybrid self-supervised representation 

learning, momentum-based target network updating, and representation evaluation [1], [11].   This study specifically applied 

the proposed unlabeled images from the STL-10 dataset that are first preprocessed and transformed using strong stochastic 

augmentations to generate multiple correlated views of each input sample. These views are then passed through a shared 

convolutional backbone and projection heads to extract latent representations. The proposed hybrid self-supervised model 

integrates contrastive and non-contrastive learning paradigms, inspired by SimCLR, MoCo v3, BYOL, and DINO, with the 

current implementation primarily leveraging a BYOL-based objective[18]. A momentum-updated target network is 

employed to stabilize training and prevent representation collapse. Finally, the learned representations are evaluated through 

downstream tasks to assess their effectiveness, generalization capability, and suitability for transfer learning in visual 

recognition applications[15] as shown in Table 2.  

Table 2. Hybrid Self-Supervised of the STL-10 dataset. 

 

Dataset Split Purpose Number Of 

Images 

Image Size Labels Use 

Unlabeled set Self-Supervised training 100,000 96 x 96 (RGB) No 

Training set Downstream evaluation (Fine-tuning) 500(10 folds) 96 x 96 (RGB) Yes 

Test set Performance evaluation 8000 (800 per 

class) 

96 x 96 (RGB) Yes 

 

 

7. EXPERIMENTAL RESULT 

The proposed hybrid self-supervised learning framework was trained on the unlabeled split of the STL-10 dataset using 

strong data augmentation and a momentum-based teacher–student architecture [10],  [25]. The training process followed 

a fully self-supervised paradigm[1], [15], without utilizing any class labels. Figure 7 illustrates a sample from data before 

the augmentation architecture of the hybrid SSL model, while Figures 8, 9 presentsthe training workflow and feature 

learning process.  

 

 

 

  

 

 

 

Figure 7. STL-10 Samples (Before Augmentation) 
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Figure 8. SSL Augmented Samples (View 1)                                              Figure 9. SSL Augmented Samples (View 2) 

 

Figure 10 illustrates moderate classification performance with noticeable class-wise variations. The model achieves the 

highest accuracy in the monkey class (594 correct predictions) and shows relatively good performance on the ship (547) 

and car (392) classes. However, significant confusion exists between certain semantic categories, particularly between 

animals and between vehicles. 

 

 

 

  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 10. Confusion Matrix-Hybrid Self-Supervised Model 

 

During training, the model converged stably over two epochs, achieving an average training loss of −0.8037 in Epoch 1 

and −0.8837 in Epoch 2, as shown in the training log. The decreasing loss magnitude indicates effective alignment 

between online predictions and target network representations, confirming successful self-supervised optimization[24]. 

The negative loss values are expected due to the cosine similarity–based objective employed in the BYOL component of 

the hybrid framework[18]. 
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8. CONCLUSION 

This work introduces a unified hybrid self-supervised learning framework that jointly integrates contrastive and non-

contrastive paradigms—namely SimCLR, MoCo v3, BYOL, and DINO—within a single architectural design to advance 

visual representation learning. By explicitly addressing key challenges such as limited labeled data availability and high 

intra-class visual variability, the proposed approach demonstrates that complementary self-supervised objectives can be 

effectively harmonized to improve both representation quality and training stability. A central contribution of this 

framework lies in the coordinated interaction between online and momentum-updated target networks, enabling balanced 

feature alignment while preserving representational diversity and variance. In addition, the use of carefully designed 

stochastic data augmentations facilitates the generation of diverse yet semantically consistent views, reinforcing robust 

feature learning. Experimental validation on the STL-10 dataset confirms stable convergence behavior and efficient 

acquisition of discriminative representations, highlighting the practicality of hybrid self-supervision as a reliable and 

computationally efficient alternative to single-paradigm self-supervised methods in large-scale unlabeled settings. 

Despite these promising results, several research directions remain open, including the adaptive balancing of individual 

loss components and the scalability of the framework to larger backbone architectures and more diverse datasets. Future 

work will focus on extending the framework to multimodal scenarios, such as vision–language and vision–sensor learning, 

integrating dynamic objective-weighting strategies, and conducting more comprehensive downstream evaluations through 

linear probing and fine-tuning. These directions aim to further narrow the gap between invariant representation learning 

and spatially sensitive visual understanding. 
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