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ABSTRACT 

Federated Learning (FL) has emerged as a decentralized machine learning paradigm that enables multiple 

participants to collaboratively train models without directly sharing their sensitive local data. This 

paradigm addresses privacy concerns while allowing scalable model development across distributed data 

silos. However, traditional FL architectures still suffer from critical limitations: trust issues among 

participants, susceptibility to single-point failures, and vulnerabilities in maintaining data and model 

update integrity. Blockchain, with its immutable ledger, decentralized consensus, and incentive 

mechanisms, offers a promising infrastructure to overcome these challenges. 

This manuscript explores the integration of blockchain into federated learning frameworks to establish a 

trustworthy, transparent, and collaborative ecosystem for Artificial Intelligence (AI) training. The study 

begins with an extensive literature review on FL architectures, blockchain frameworks, and their synergies. 

It then proposes a blockchain-enhanced federated learning methodology that employs smart contracts for 

model aggregation, token-based incentives for honest participation, and decentralized consensus to ensure 

tamper-proof recording of model updates. A detailed methodology is presented, emphasizing architecture, 

communication protocols, cryptographic primitives, and consensus mechanisms. 
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Experimental simulations and comparative evaluations demonstrate that blockchain-enabled FL improves 

robustness, transparency, and fairness, while maintaining privacy guarantees. Results highlight 

improvements in trustworthiness of updates, reduced vulnerability to poisoning attacks, and enhanced 

auditability across participating nodes. However, challenges remain, particularly in terms of scalability, 

latency, and energy efficiency. 

The manuscript concludes that blockchain-integrated FL represents a transformative step toward secure 

collaborative AI training, particularly relevant in healthcare, finance, and smart cities. Future research 

must focus on lightweight blockchain protocols, energy-efficient consensus, and adaptive incentive 

mechanisms to enable large-scale adoption. 

 

Fig.1 Privacy-Preserving Machine Learning, Source:1 
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INTRODUCTION 
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Artificial Intelligence (AI) has become increasingly reliant on large-scale data aggregation for effective model 

training. Traditional centralized approaches to machine learning rely on the collection of raw data into centralized 

servers. While this yields powerful predictive models, it raises significant privacy, security, and regulatory 

concerns, particularly in domains such as healthcare, finance, and government services. 

Federated Learning (FL) provides a paradigm shift by allowing distributed participants to collaboratively train 

machine learning models without transferring raw data. Instead, model parameters are exchanged and aggregated, 

preserving privacy. Despite its promise, federated learning faces several challenges: trust among participants, 

verification of model updates, and vulnerability to poisoning or backdoor attacks. 

Blockchain technology, originally designed to support cryptocurrencies, has expanded into diverse domains due 

to its properties of decentralization, immutability, transparency, and programmable smart contracts. Integrating 

blockchain with federated learning introduces a tamper-proof mechanism for recording updates, decentralized 

trust management, and incentive structures that align participants’ interests. 

This manuscript explores federated learning over blockchain for collaborative AI training, analyzing 

theoretical underpinnings, existing frameworks, proposed methodology, experimental findings, and potential 

applications. By integrating blockchain into FL, collaborative AI can evolve into a system that is transparent, 

secure, and fair, thereby addressing many of the fundamental challenges in decentralized learning. 

 

LITERATURE REVIEW 

Federated Learning: Evolution and Challenges 

• Introduced by Google in 2016, FL was initially applied to Gboard for next-word prediction. 

• The core process involves local model training at participating nodes, followed by aggregation of updates 

at a central server. 

• Challenges include: 

o Single-point failure due to reliance on a central aggregator. 

o Susceptibility to data poisoning attacks and model update manipulation. 

o Lack of auditability and transparency among participants. 

https://doi.org/10.63345/sjaibt.v2.i2.303
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Blockchain: A Decentralized Trust Infrastructure 

• Blockchain emerged as the backbone of Bitcoin in 2008, offering immutability and decentralized 

consensus. 

• Applications in finance, supply chains, and healthcare highlight blockchain’s ability to ensure trust in 

distributed environments. 

• Key features: 

o Immutable ledger for recording updates. 

o Smart contracts to automate agreements. 

o Consensus protocols (PoW, PoS, PBFT, PoA) for trust without centralization. 

Synergy Between Blockchain and Federated Learning 

• Blockchain provides transparency and tamper resistance for FL updates. 

• Smart contracts automate model aggregation and reward distribution. 

• Tokens incentivize honest participation, penalizing malicious actors. 

• Research prototypes (e.g., BlockFL, ChainFL, BAFFLE) show feasibility but reveal trade-offs in 

scalability and latency. 

Gaps in Existing Literature 

• Lack of large-scale empirical evaluations integrating blockchain with FL. 

• Limited focus on incentive design for long-term participant engagement. 

• Energy efficiency of blockchain consensus remains underexplored in AI contexts. 

https://doi.org/10.63345/sjaibt.v2.i2.303
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Fig.2 Data Integrity, Source:2 

 

METHODOLOGY 

Research Objective 

To design and evaluate a blockchain-integrated federated learning framework that ensures secure, transparent, 

and privacy-preserving collaborative AI training. 

Architecture Overview 

1. Participants (clients) – Institutions or devices with local datasets. 

2. Blockchain Layer – A permissioned blockchain ensures tamper-proof recording. 

3. Smart Contracts – Define model aggregation, reward allocation, and verification logic. 

4. Consensus Mechanism – PBFT (Practical Byzantine Fault Tolerance) or PoS to balance security with 

energy efficiency. 

Workflow 

1. Local training at client nodes. 

https://doi.org/10.63345/sjaibt.v2.i2.303
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2. Submission of encrypted model updates to blockchain. 

3. Smart contracts validate updates (checking format, size, statistical consistency). 

4. Aggregation performed via weighted averaging. 

5. Global model distributed back to participants. 

6. Token rewards issued to honest contributors. 

Cryptographic Techniques 

• Homomorphic Encryption for update privacy. 

• Zero-Knowledge Proofs to verify contributions without revealing data. 

• Differential Privacy to ensure individual data cannot be reconstructed. 

Evaluation Metrics 

• Model accuracy. 

• Communication overhead. 

• Blockchain latency. 

• Attack resilience. 

• Incentive effectiveness. 

 

RESULTS 

Experimental simulations were conducted using a hybrid blockchain-FL prototype. Datasets included MNIST 

(handwriting recognition) and CIFAR-10 (image classification) across 20 nodes. 

Key Findings 

1. Model Performance – Comparable accuracy to centralized FL (within 2% deviation). 

2. Security – Tamper-proof recording eliminated poisoning attempts in controlled scenarios. 

https://doi.org/10.63345/sjaibt.v2.i2.303
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3. Incentives – Tokenized rewards improved participant retention rates by 30%. 

4. Latency – Increased due to blockchain overhead (~15–20% slower). 

5. Scalability – PBFT consensus limited scalability beyond 50 nodes, suggesting need for optimized 

consensus protocols. 

 

STATISTICAL ANALYSIS  

 

Metric Traditional FL Blockchain-FL Improvement 

Model Accuracy (%) 91.5 90.1 –1.4% 

Attack Resilience (%) 65 94 +45% 

Participant Retention (%) 62 81 +30% 

Transparency/Auditability (%) 40 100 +150% 

Latency (sec/update cycle) 1.8 2.2 –22% 
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Fig.3 Statistical Analysis 

 

CONCLUSION 

The convergence of federated learning and blockchain represents a significant milestone in the evolution of 

decentralized artificial intelligence. Federated learning addresses data privacy concerns by ensuring that raw data 

remains localized, while blockchain provides the missing layer of trust, accountability, and auditability among 

untrusted participants. Together, they enable a framework for collaborative AI training that is not only privacy-

preserving but also resistant to manipulation, transparent in governance, and sustainable through incentive 

alignment. 

The experimental evaluation conducted in this study demonstrates that blockchain-enhanced federated learning 

delivers tangible improvements in trustworthiness, resilience against poisoning attacks, and fairness in participant 

contributions. Tokenized incentives further encourage long-term collaboration, and smart contracts automate 
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critical aspects of aggregation and validation. These outcomes illustrate the feasibility of deploying such systems 

in real-world, multi-stakeholder environments where trust cannot be assumed. 

Nevertheless, significant challenges remain. The introduction of blockchain inevitably adds latency, 

communication overhead, and energy costs, raising questions of scalability in large-scale deployments. Consensus 

mechanisms such as PBFT and PoS, while effective, may still hinder real-time responsiveness, particularly in IoT 

or edge environments with resource constraints. Moreover, designing incentive schemes that balance fairness, 

economic sustainability, and security remains an open research problem. 

Looking ahead, future research must focus on developing lightweight blockchain protocols, green consensus 

mechanisms, and adaptive aggregation strategies that reduce complexity without compromising security. 

Integration with emerging paradigms such as federated transfer learning, quantum-safe cryptography, and 

edge intelligence could unlock further efficiencies and robustness. Beyond technical aspects, ethical and 

regulatory considerations—especially surrounding data ownership, compliance with privacy regulations (e.g., 

GDPR, HIPAA), and cross-border collaboration—must also shape the evolution of this field. 

In conclusion, federated learning over blockchain is more than a technical solution; it is a blueprint for the next 

generation of AI ecosystems, characterized by inclusivity, fairness, and resilience. By enabling secure and 

verifiable collaboration among heterogeneous and potentially adversarial participants, this paradigm paves the 

way toward a democratized and ethically grounded future for artificial intelligence. 
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