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Abstract: The convergence of self-supervised learning, federated learning, and contrastive learning represents a paradigmatic 

shift toward privacy-preserving, decentralized machine learning systems that can effectively leverage unlabelled image data. 

This comprehensive review examines the theoretical foundations, methodological innovations, and practical implementations 

of self-supervised federated learning frameworks that incorporate contrastive learning mechanisms. The analyse the synergistic 

effects of combining these three learning paradigms, addressing critical challenges like  data heterogeneity, privacy 

preservation, and model convergence through systematic analysis of recent developments identify key architectural patterns, 

algorithmic innovations, and empirical findings that demonstrate the potential of these integrated approaches. Our review 

reveals that contrastive learning mechanisms significantly enhance representation quality in federated settings while 

maintaining privacy constraints, though challenges remain in handling non-IID data distributions and communication 

bottlenecks. This work provides researchers and practitioners with a comprehensive understanding of current methodologies, 

identifies existing limitations, and proposes future research directions for advancing self-supervised federated learning 

systems. 

Keywords: Self-supervised learning, Federated learning, Contrastive learning, Privacy-preserving machine learning, 
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1. INTRODUCTION 

The massive increase in image data with distributed devices and organizations has not only offered unparalleled 

possibilities to machine learning development but also produced a range of major issues concerning data privacy, 

computing resources, and labelling expenses. Conventional centralized machine learning systems demand 

consolidating data in a single place, which implies privacy-related concerns and can potentially be impossible 

because of regulatory, bandwidth, or proprietary data restrictions (Li et al., 2021). At the same time, the use of 

manually labeled datasets has grown too problematic as the amount of available visual data significantly outstrips 

our ability to label it in all its aspects (Chen et al., 2022). 

Self-supervised learning has become a groundbreaking learning method that allows learning meaningful 

representations of unlabelled data by setting up auxiliary tasks that encode a natural structure and semantics (Liu 

et al., 2022). Contrastive learning is just one of the widely-used self-supervised learning paradigms that have 

proven to be exceptionally successful in computer vision, learning representations that move similar samples 

nearer and move dissimilar ones farther apart in the embedding space (Wang et al., 2023). Supervised methods 

can also perform as well as popular frameworks like SimCLR (Chen et al., 2020) and MoCo (He et al., 2020) on 

the downstream tasks in a wide range. 

FL is an advanced approach for solving the problem of privacy and data distribution because it allows training 

models in collaboration with many participants without sharing data (McMahan et al., 2017). The general concept 

of federated learning consists of training on-device local models and combining the model parameters so that the 

data privacy is preserved, but at the same time, the collective intelligence of the distributed data sources is 
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harnessed. Combining self-supervised learning with federated learning is a natural next step to privacy-conscious 

machine learning systems that can be trained to function on unlabelled data. Nevertheless, this combination brings 

such complicated issues as non-IID data between participants, communication constraints, model convergence, 

and representation quality without centralized negative sampling (Moorhty et al, 2022). 

The purpose of this review is to present a general overview of self-supervised federated learning methods, with 

special attention to contrastive learning methods of unlabelled image data. We discuss the theoretical premises, 

architectural inventions and findings that define this new area. We discuss recent innovations since 2021, including 

major contributions to the methodology, and practical applications, along with pointing out ongoing problems and 

future directions of research. 

2. THEORETICAL FOUNDATIONS 

2.1 Self-Supervised Learning Principles 

Self-supervision Learning Self-supervised learning is based on the basic principle of generating supervisory 

signals using the data, without requiring any outside annotations. It is usually done with the help of creating pretext 

tasks that prompt the models to learn beneficial representations, predicting hidden or transformed features of the 

input data (Jing and Tian, 2021). In the case of image data, such pretext tasks can be predicting rotations, 

colorization, inpainting, or learning invariant representations in different augmentations. The theoretical basis of 

self-supervised learning is based on the premise that when models solve well-designed pretext tasks it triggers 

them to acquire semantic and structural features of the data that can be effectively transferred to downstream tasks. 

Information-theoretic views support this assumption by indicating that maximising mutual information of various 

views of the same data can result in meaningful representations (Tian et al., 2022). 

2.2 Contrastive Learning Framework 

self-supervised learning uses the Contrastive learning is a particular form of which is trained on representations 

by comparing positive pairs of samples (similar samples) with negative pairs of samples (dissimilar samples). The 

core objective function is usually of the form of InfoNCE (Noise Contrastive Estimation) that maximizes the 

similarity between positive and minimizes the similarity between negative pairs (Van den Oord et al., 2018). 

Mathematically, the contrastive loss may be written as in equation (1) 

Lcontrastive = -log (exp (sim (zi, zj) / τ) / Σk exp (sim (zi, zk) / τ))                   (1) 

where zi and zj are  positive pairs, zk are embeddings of negative samples, sim( ) is a similarity function (usually 

cosine similarity), and  is a temperature parameter that determines the sharpness of the distribution. The quality 

and quantity of negative examples, data augmentation, and projection head architecture which projects the 

representations into the contrastive space are all critically dependent on the success of contrastive learning (Chen 

and He, 2021). 

2.3 Federated Learning Framework 

Federated learning is a distributed optimization system that allows training models in collaboration and retaining 

locality of data. The conventional federated averaging (FedAvg) algorithm consists of local-based training and 

global aggregation of the model (McMahan et al., 2017). In federated learning, the optimization problem can be 

formulated to be as in eqn (2). 

minw F(w) = Σk (nk/n) * Fk(w)                                                                        (2) 

F(w) is the global objective function, Fk (w) is the local objective function of participant k, nk is the number of 

samples of participant k and n is the total number of samples of all the participants. The federated learning process 

entails a few important steps: a global model is initialized and distributed to the participants, it is trained locally 

using a number of gradient steps, the model is aggregated (usually by weighted averaging), and the process is 
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repeated until convergence. This procedure should consider such difficulties as non-homogeneous distributions 

of data, different computational abilities, intermittency, and network limitations (Kairouz et al., 2021). 

3. INTEGRATION CHALLENGES AND OPPORTUNITIES 

Heterogeneity of the data in Federated Self-Supervised Learning. 

Combining self-supervised learning and federated learning is associated with special challenges of data 

heterogeneity. In contrast to supervised federated learning systems where the distributions of labels could differ 

among participants, self-supervised methods have to deal with differences in underlying data distributions, 

augmentation methods, and representation space (Li et al., 2022). Statistical heterogeneity is different in self-

supervised setting since the learning objectives are based on data attributes and not on external labels. This paves 

the way to the stronger representation learning since models would need to fit a wide range of data distributions, 

but it makes convergence analysis and performance maximization more difficult (Tan et al., 2022). 

Communication Effectiveness Issues 

Contrast learning usually involves using large batch sizes to ensure that there are adequate negative samples in 

learning. This condition in federated contexts conflicts with the objectives of communication efficiency because 

in these contexts participants cannot communicate the embeddings or negative samples directly without affecting 

privacy. The latest methods have dealt with this problem with methods such as momentum encoders, queue-based 

negative sampling, and hierarchical aggregation methods (Janarthanam, S., et al 2010). 

Contrastive Learning of Privacy Preservation. 

The federated learning and contrastive learning should be integrated in a way that the quality of representation is 

well balanced with privacy. Although a federated learning inherently offers the benefit of privacy because it does 

not involve the transmission of raw data, information about local data distributions can still be leaked by sharing 

model parameters and gradients. These privacy concerns can be worsened by having contrastive learning 

objectives where the learning representations explicitly represent the relationship between data (Wang et al., 

2022). 

4. METHODOLOGICAL APPROACHES 

4.1 Federated Contrastive Learning Architectures 

There are numerous suggested architectural methods to realize contrastive learning in federated environments as 

suggested by recent studies. The approaches can be classified in a few broad paradigms according to the way in 

which they manage negative sampling, model aggregation, and model alignment. 

Local Contrastive Learning with Global Aggregation The simplest technique is that all participants carry out 

typical contrastive learning on local data, and global models are federated by averaging. It is a simple method that 

can experience a lack of negative diversity and possible misrepresentation amongst the participants (Kumar et al., 

2022). Global Negative Sampling Approaches: These methods aim to exploit the diversity of negative samples by 

sharing negative examples among participants and preserving privacy by using such methods like secure multi-

party computation or differential privacy. These are usually more representative, however, they have extra 

overhead on communication and computation (Shi et al., 2023). 

Momentum-Based Federated Contrastive Learning builds on MoCo and implements momentum-based updated 

encoders and queues on participants. The proposed methodology offers greater sampling consistency with less 

communication need because of asynchronous updates (Chen et al., 2023). 
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Figure 1. Self-Supervised Federated Learning with Contrastive Learning 

 

4.2 Data Augmentation Strategies 

Data augmentation is vital in contrastive learning, as it creates positive sample pairs that promote learning 

representations invariant to specific transformations. In federated environments, augmentation techniques must 

adapt to the unique characteristics of local datasets while aligning with overarching global learning goals. 

Adaptive Augmentation Policies enable participants in a federated system to tailor augmentation strategies to 

their local data distributions. These policies ensure that local transformations remain compatible with the shared 

global representation space. By dynamically adjusting augmentations, this approach effectively addresses the 

challenges posed by heterogeneous data across participants, yielding robust and generalizable representations (Liu 

et al., 2023). 

Federated Augmentation Learning takes this further by fostering collaborative development of augmentation 

policies among participants. Through a meta-learning framework, participants share insights on effective 

transformation strategies without compromising data privacy. This cooperative approach enhances representation 

quality, particularly for participants with limited local data, by leveraging collective knowledge about optimal 

augmentations (Janarthanam S et al., 2023). 

4.3 Model Aggregation Techniques 

Standard federated averaging can be suboptimal for self-supervised contrastive learning due to the unique 

properties of learned representations. To address this, advanced aggregation methods have been developed to 

better handle the challenges of federated settings. 

Representation-Aware Aggregation focuses on aligning the representations learned by different participants 

during model aggregation. By employing techniques like canonical correlation analysis or optimal transport, this 

method ensures that the combined model maintains a coherent representation space across diverse participants, 

enhancing the quality of the global model (Wang et al., 2023). 

Clustered Federated Learning tackles data heterogeneity by grouping participants with similar data 

distributions. Within each cluster, local models are aggregated separately before a global aggregation step. This 

strategy improves convergence and boosts performance, particularly in scenarios with significant data variability 

across participants (Psaltis et al., 2023). 
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5. EXPERIMENTAL ANALYSIS AND PERFORMANCE EVALUATION 

5.1 Evaluation Metrics and Benchmarks 

Assessing self-supervised federated learning systems demands a robust set of metrics that evaluate both the quality 

of learned representations and the performance of the federated learning process. Common evaluation approaches 

measure performance on downstream tasks such as image classification, object detection, and semantic 

segmentation, alongside federated-specific metrics like the number of communication rounds, time to 

convergence, and resilience to participant dropouts. 

Recent efforts in benchmarking have introduced standardized protocols to ensure fair comparisons across 

federated self-supervised learning methods. These benchmarks incorporate datasets with varying levels of 

heterogeneity, diverse participation scenarios, and a range of downstream tasks to thoroughly evaluate model 

effectiveness and robustness (Li et al., 2023). 

5.2 Comparative Performance Analysis 

This research has shown that carefully crafted self-supervised federated learning systems can produce 

representations nearly as effective as those from centralized self-supervised learning, while preserving user 

privacy. Nonetheless, challenges persist, especially in cases with significant data heterogeneity or constrained 

communication resources. 

Recent studies, as summarized in Table 1, reveal that momentum-based methods typically surpass traditional 

federated averaging in contrastive learning tasks, demonstrating performance gains of 3-8% on downstream 

classification benchmarks. Advances in methodology are progressively narrowing the gap between federated and 

centralized learning by tackling key limitations (Chen et al., 2023). 

Table 1. Recent Research work with Key Methodological Contributions 

Study Year Approach Key Innovation Dataset Performance 

Improvement 

FedSCL (Kumar 

et al.) 

2022 Local Contrastive + 

FedAvg 

Adaptive 

temperature 

scaling 

CIFAR-

10/100 

+5.2% accuracy 

MoCo-Fed 

(Chen et al.) 

2023 Momentum-based 

federated 

Global queue 

management 

ImageNet 

subset 

+7.8% linear eval 

AdaFedSSL 

(Liu et al.) 

2023 Adaptive 

augmentation 

Client-specific 

policies 

Medical 

imaging 

+12% on rare 

diseases 

ClusterFedCL 

(Psaltis et al.) 

2023 Clustered 

aggregation 

Representation 

alignment 

CIFAR-

10/STL-10 

+6.5% 

downstream 

PrivateContrasti

ve (Wang et al.) 

2022 Differential privacy Privacy-utility 

tradeoff 

CelebA +3.2% with ε=1.0 

HierarchicalFed

SSL 

(JanarthanamS 

et al.) 

2023 Hierarchical 

aggregation 

Multi-level 

consensus 

Large-scale 

simulation 

40% 

communication r 

 

Table 1 provides a detailed summary of six pivotal methodological advancements that have significantly 

influenced the development of self-supervised federated learning with contrastive mechanisms, underscoring the 

field's rapid growth and diversification. The table highlights several key trends. 



Journal of Online Engineering Education 

ISSN: 2158-9658 Volume: 17 Issue: 2 

Article Received: 20 March 2026 Revised: 20 May 2026 Accepted: 09 June 2026  

__________________________________________________________________________________________ 

121 

Available @ http://onlineengineeringeducation.com 

 

Firstly, performance improvements vary widely based on the innovation and its application context, ranging from 

modest gains of 3.2% in privacy-sensitive settings (PrivateContrastive) to notable enhancements of up to 12% in 

specialized fields like medical imaging (AdaFedSSL). 

Secondly, these advancements target various components of the federated learning framework, including local 

optimization techniques (e.g., FedSCL's adaptive temperature scaling), global coordination strategies (e.g., 

MoCo-Fed's queue-based management), data preprocessing methods (e.g., AdaFedSSL's client-tailored 

augmentation), and system architecture innovations (e.g., HierarchicalFedSSL's multi-tier consensus approach). 

Thirdly, the evaluation datasets reflect a broad range of application scenarios, spanning standard computer vision 

datasets like CIFAR-10/100 and ImageNet subsets to specialized domains such as medical imaging and privacy-

focused datasets like CelebA. 

Additionally, some methods emphasize communication efficiency over pure performance gains, as evidenced by 

Hierarchical FedSSL's 40% reduction in communication costs, highlighting the trade-offs researchers must 

balance in federated system design. These methodological developments demonstrate the field's efforts to tackle 

critical challenges, including representation quality, privacy protection, communication efficiency, and scalability, 

through increasingly refined and domain-specific solutions. 

Current Limitations and Challenges 

The federated self-supervised learning methods currently in use have serious scalability issues when used with 

hundreds/thousands of participants. The cost of communication increases significantly as the number of 

participants increases, and organization gets complex. Most recent studies have been examining hierarchical 

federated learning designs as a way to solve these issues of scale, though much more progress is needed to realize 

truly scalable designs (Thompson et al., 2023). 

Federated learning presents potential weaknesses to adversarial attacks such as model poisoning and inference 

attacks due to the distributed nature of federated learning. The use of self-supervised contrastive learning can be 

especially vulnerable to some of the attack vectors because of the utilization of the learned representations and 

the lack of labels. Creating effective defense systems and ensuring the efficiency of the system is a continuous 

study issue (Davis et al., 2022). 

Although empirical results have been successful, there is little theoretical insight on convergence properties and 

optimality guarantees of federated self-supervised learning. The interplay of local contrastive goals and global 

model aggregation forms complicated optimization landscapes that the current theory has not described very well. 

Formulating theoretical frameworks that can be used to understand and predict system behaviour is another urgent 

research priority (Miller et al., 2023). 

6. ADVANCED AGGREGATION MECHANISM 

Future directions the more refined forms of aggregation that can explain the particularities of self-supervised 

learned representations should be investigated in the future. Future directions involve coming up with aggregation 

techniques that maintain the geometry of representation, integration of the quantification of uncertainty, and 

dynamic participation modes. These innovative mechanisms have the potential to greatly enhance the stability and 

performance of federated self-supervised learning systems, especially where there is high turnover of participants 

and quality of data differs. 

Cross-modal Federated Learning 

The possibility to generalize federated self-supervised learning to cross-modal cases is in fact a promising 

opportunity in the context of multi-data modalities. Studies are needed to explore ways in which the principles of 

contrastive learning can be converted to federated systems where text, audio and visual data are incorporated 

whilst preserving privacy limits. Such multi-modal representation may become useful to allow seeing a more 
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comprehensive representation learning and facilitate a variety of applications in healthcare, autonomous systems, 

and multimedia analysis. 

Constant Learning Incorporation 

By combining ongoing learning with federated self-learning, it is possible to have systems that can change with 

changing data distributions and tasks over time. This integration introduces some opportunities of better system 

adaptability and some problems of catastrophic forgetting and stability of representation. The ability to create 

mechanisms which can support learned representations and at the same time adjust to novel tasks is a vital move 

in the direction of genuinely adaptative federated learning systems. 

This review has explored the recent discussion on self-supervised federated learning with contrastive learning 

mechanisms in some detail, and the opportunities and challenges that remain in this rapidly developing area have 

been identified. We have shown that the intersection of these three paradigms is a fundamental change in favour 

of privacy-preserving, decentralized machine learning systems that are able to use enormous quantities of 

unlabelled image data. Our theoretical discussion has demonstrated that contrastive learning can effectively be 

adapted to federated environments but must be done carefully with close attention to the special issues such as the 

heterogeneity of data, communications, and preservation of privacy. The methodological advances that have been 

surveyed during this review represent a great step towards overcoming these challenges, with solutions including 

momentum-based architectures, adaptive augmentation strategies, and specialized aggregation techniques. 

Federated Learning with Quantum-Enhancements 

New opportunities in the field of privacy-preserving computation of federated learning might emerge with the 

emergence of new quantum computing technologies. The study needs to be conducted on the effectiveness of 

quantum algorithms to improve the privacy assurances and computing capabilities of federated self-supervised 

learning systems. The quantum methods have a potential to resolve existing shortcomings in secure aggregation 

and private set operations, on which more sophisticated federated learning protocols are based. 

Real-World Deployment and Edge Computing 

The future studies ought to be on the practical difficulties of implementing the self-supervised federated learning 

systems in the actual world. This involves solving computational limitations on edge devices, intermittence in 

connectivity and the creation of efficient model compression algorithms that maintain quality of representations. 

Bringing the edge computing paradigms on board has potential to introduce the idea of truly distributed 

intelligence; at the same time the privacy and efficiency demands do not go away. 

In a more practical sense, the effective implementation of such systems will necessitate further cooperation 

between researchers and practitioners to overcome practical limitations such as edge computing, intermittent 

connectivity, and different capabilities of participants. The creation of standardized standards and assessment 

measures will play a decisive role in facilitating the comparison and further advancement of this sphere. 

The ramifications of this work are beyond computer vision to include more fundamental issues of privacy-

sensitive machine learning, distributed artificial intelligence, and the democratization of advanced AI 

functionality. With organizations and individuals growing more concerned with data privacy and, at the same time, 

aim to use the potential of machine learning, self-supervised federated learning is a promising way to balance 

these seemingly conflicting goals. 

Going forward, we expect self-supervised federated learning to continue to mature and find new applications in 

healthcare, autonomous systems, smart cities, and other settings where privacy constraints presently restrict the 

use of traditional centralized machine learning strategies. Learning meaningful representations using unlabelled 

data in distributed environments with a high level of privacy assures the field can help identify solutions to some 

of the most urgent problems in modern machine learning. 
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8. CONCLUSION AND FUTURE RESEARCH DIRECTION 

We analyze experimental findings that find that properly designed federated self-supervised learning systems can 

achieve representation quality comparable to centralized design, as well as have robust privacy guarantees. The 

positive results reported in recent studies, with the variance of 3 to 12 percent, based on the chosen approach and 

field of application, indicate that these integrated methodologies are becoming more and more feasible to be 

deployed in practice. Existing methods continue to face scalability limitations to large population sizes of 

participants, resistance to adversarial examples, and theoretical convergence and optimality guarantees. 

Communication overhead that is a part of federated learning still poses a bottleneck, especially when paired with 

the large batch size needs of effective contrastive learning. 

The identified future research directions are indicative of a number of promising directions of future development 

of this field. More advanced systems of aggregation that do not affect the geometry of representations, learning 

in cross-modal settings, and the addition of continual learning capabilities are all future contributions to more 

inclusive and adaptable federated learning systems. The future application of quantum computing technologies 

provides especially interesting opportunities to solve the existing privacy and computational constraints. The 

community of researchers needs to keep concentrating on building sound theoretical basis, enhancing practical 

performance and working around the issue of scalability without losing the privacy and efficiency advantages that 

make these solutions appealing. Self-supervised federated learning enabled by contrastive mechanisms and a self-

supervised framework can change the way we approach machine learning within privacy sensitive, distributed 

systems, through further innovation and cooperation. 
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