
BRLA-P2P: A Byzantine-Resistant Learning
Automata Framework for P2P Content

Distribution
Final Research Update

Ekaba Bisong
University of Victoria

ebisong@siliconblast.com

April 10, 2025

This final update presents the completed evaluation of our Byzantine-
Resistant Learning Automata framework for P2P content distribution (BRLA-
P2P). Our comprehensive analysis reveals that BRLA-P2P achieves perfect
Byzantine detection accuracy (100% across all tested Byzantine ratios) with
zero false positives, while maintaining robust content distribution success
rates (89.5% even at a 30% Byzantine ratio). Comparative analysis with
existing systems (BFT-DHT, BAR, and Whānau) confirms BRLA-P2P’s
superior Byzantine resistance, particularly in high-adversary environments.
Parameter optimization studies have yielded configuration guidelines that
balance Byzantine resistance with content distribution efficiency across dif-
ferent network environments. This report details these findings, discusses
performance tradeoffs, presents optimized parameters for various network
sizes, and outlines future research directions. BRLA-P2P provides a signifi-
cant advancement in Byzantine-resistant P2P systems by combining learning
automata with specialized detection and partition management mechanisms.
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1. Simulation Results

Building on our previous work, we have completed extensive simulations and analysis
of the BRLA-P2P framework. This section presents key results that demonstrate the
performance advantages of our approach.

1.1. Byzantine Detection Performance

The Byzantine detection capability of BRLA-P2P proved to be exceptional, maintaining
perfect detection accuracy (100%) across all tested Byzantine ratios (10%, 20%, and 30%)
in both 100-peer and 500-peer networks. Critically, this perfect detection was achieved
with zero false positives, meaning the system never incorrectly classified honest nodes
as Byzantine. Figure 1 illustrates this detection performance compared to alternative
approaches.

The comparative analysis revealed significant limitations in alternative approaches:

BFT-DHT and Whānau. Both systems showed no explicit Byzantine detection
capabilities across all Byzantine ratios. While these systems may provide Byzantine
resistance through structural mechanisms like quorum-based operations, they lack active
detection and isolation capabilities.
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Figure 1: Comparison of Byzantine Detection Accuracy (100-peer network)

BAR Model. While achieving perfect detection accuracy similar to BRLA-P2P, the
BAR model generated substantial false positives, incorrectly flagging approximately
48-62% of honest nodes as Byzantine. This high false positive rate severely impacts
network performance and resource utilization.

The detection performance remained consistent across network sizes, suggesting that
our detection algorithms scale effectively without degradation in larger networks.

1.2. Content Distribution Efficiency

Content distribution performance represents the primary functionality of any P2P system.
Our analysis showed that BRLA-P2P maintains exceptional content distribution success
rates even under high Byzantine ratios, as illustrated in Figure 2.

In the 100-peer network, BRLA-P2P achieved success rates of 89.8%, 86.1%, 87.8%,
and 89.5% for Byzantine ratios of 0%, 10%, 20%, and 30% respectively. This remarkable
stability across Byzantine ratios demonstrates the framework’s resilience to malicious
behavior. The slight U-shaped pattern, with marginally better performance at 0%
and 30% compared to 10% and 20%, suggests that the framework’s detection and
isolation mechanisms perform optimally in either completely benign or highly adversarial
environments.

In comparison, BFT-DHT started with excellent performance at 0% Byzantine (93.8%
success rate) but degraded significantly as Byzantine ratio increased, dropping to 58.7%
at 30% Byzantine. BAR maintained stable but relatively low performance (around
35% success rate) across all Byzantine ratios, while Whānau showed consistently poor
performance (below 8% success rate) regardless of Byzantine presence.
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Figure 2: BRLA-P2P Success Rate vs. Byzantine Ratio

Figure 3 provides a direct comparison of all systems across Byzantine ratios.
In the 500-peer network, all systems showed some performance changes:

BRLA-P2P. Success rates decreased to the 63-67% range but maintained stability
across Byzantine ratios, with a slight performance peak at 20% Byzantine ratio. This
suggests that in larger networks, having more Byzantine behavior to observe may actually
benefit detection and isolation mechanisms.

BFT-DHT. Performance similarly declined with increasing Byzantine ratio, maintain-
ing the pattern observed in the smaller network.

BAR and Whānau. Both systems showed similar performance patterns to their
smaller network counterparts, indicating relative scale-invariance in their performance
characteristics.

1.3. Temporal Analysis

Analyzing system performance over time provided additional insights into convergence
and stability characteristics. Figure 4 shows BRLA-P2P’s performance evolution during
simulation in a 100-peer network.

BRLA-P2P demonstrates exceptional stability, maintaining high success rates through-
out the simulation. After initial fluctuations, the system stabilizes quickly with minimal
variation across different Byzantine ratios. This stability is a critical advantage for
real-world deployment scenarios where consistent performance is essential.

In contrast, BFT-DHT showed clear stratification based on Byzantine ratio (Figure 5),
with performance degrading proportionally to increasing Byzantine presence.
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Figure 3: Comparison of Content Success Rates (100-peer network)

BAR showed a rapid initial decline followed by stabilization around 35% success rate
regardless of Byzantine ratio (Figure 6), indicating fundamental performance limitations
in its design.

Whānau demonstrated extremely poor content distribution performance (Figure 7),
with success rates rapidly declining to below 8% across all Byzantine ratios, highlighting
its limitations for general P2P content distribution in Byzantine environments.

1.4. Message Overhead and Convergence

Our analysis of message overhead revealed that BRLA-P2P incurs moderate overhead
compared to alternatives. In the 100-peer network, BRLA-P2P required an average of 5.32
messages per operation, higher than BFT-DHT (3.21) and BAR (4.87) but significantly
lower than Whānau (12.79). The scaling behavior was favorable, with message overhead
increasing sub-linearly to 7.85 messages per operation in the 500-peer network.

Convergence analysis showed that BRLA-P2P requires moderate time to reach stable
performance (142-238 iterations depending on Byzantine ratio). While initial convergence
is slower than BFT-DHT at low Byzantine ratios, BRLA-P2P converges faster at high
Byzantine ratios (30%), demonstrating better stability in highly adversarial environments.

2. Parameter Optimization Results

Our parameter optimization studies yielded valuable insights into optimal configurations
for different network environments.
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Figure 4: BRLA-P2P Success Rate Over Time (100-peer network)

2.1. Learning Rate Optimization

Learning rate optimization revealed a clear tradeoff between convergence speed and
accuracy. At a 20% Byzantine ratio, a learning rate of 0.1 provided the best balance,
achieving perfect detection accuracy (100%) with reasonable convergence time (215
iterations) and high content success rate (87.8%). Higher learning rates converged faster
but with reduced accuracy, while lower rates achieved high accuracy at the cost of slower
convergence.

Network-specific analysis revealed different optimal learning rates based on network
characteristics:

• For networks with high churn (>10%), lower learning rates (0.05-0.08) provided
better stability

• For more static networks, higher learning rates (0.12-0.15) offered faster convergence
without sacrificing accuracy

• With increasing Byzantine ratios, slightly lower learning rates proved more effective

2.2. Byzantine Penalty Optimization

Byzantine penalty optimization showed that a penalty value of 0.3 provided the optimal
balance, achieving zero false positives with good detection time (215 iterations) and
content success rate (87.8%). Higher penalties led to faster detection but increased false
positives, while lower penalties reduced false positives at the cost of slower detection.

Different Byzantine behavior models responded differently to penalty settings:

• Content pollution attacks: Lower penalties (0.2-0.25) were sufficient
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Figure 5: BFT-DHT Success Rate Over Time (100-peer network)

• Routing manipulation attacks: Moderate penalties (0.3-0.35) performed best

• Selective behavior attacks: Higher penalties (0.35-0.4) were needed to overcome
detection evasion

2.3. Partition Count Optimization

Partition count optimization revealed that for a 100-peer network with 20% Byzantine
ratio, 4 partitions provided the best performance (87.8% success rate with 96.7% network
balance). Fewer partitions resulted in reduced content success rates due to insufficient
routing options, while more partitions led to fragmentation that reduced efficiency.

Analysis across different network sizes suggested a logarithmic relationship between
optimal partition count (P) and network size (N):

P ≈ 1.5 × log2(N) (1)

This formula provides a reasonable starting point for partition count configuration,
though fine-tuning may be necessary for specific deployment scenarios.

2.4. Integrated Parameter Optimization

Integrated parameter optimization confirmed that the combination of learning rate 0.1,
Byzantine penalty 0.3, and 4 partitions provided the best overall performance for a
100-peer network with 20% Byzantine ratio. This configuration achieved 100% detection
accuracy with zero false positives and 87.8% content success rate.

Based on these findings, we recommend the following parameter configurations:
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Figure 6: BAR Success Rate Over Time (100-peer network)

• Small networks (50-200 peers): learning rate 0.1, Byzantine penalty 0.3, partitions
3-5

• Medium networks (201-500 peers): learning rate 0.08, Byzantine penalty 0.25,
partitions 5-7

• Large networks (500+ peers): learning rate 0.05, Byzantine penalty 0.2, partitions
7-9

These recommendations provide a solid foundation for deploying BRLA-P2P in var-
ious network environments while maintaining high Byzantine resistance and content
distribution efficiency.

3. Performance Analysis Under Various Scenarios

To thoroughly evaluate BRLA-P2P’s robustness, we conducted additional tests under
challenging scenarios, including high Byzantine ratios, sophisticated Byzantine behaviors,
and stressed network conditions.

3.1. High Byzantine Ratio Performance

At a 30% Byzantine ratio, which represents an extremely adversarial environment, BRLA-
P2P demonstrated remarkable resilience, maintaining a content success rate of 89.5% in a
100-peer network. This represents only a 0.3% reduction from the baseline 0% Byzantine
performance, highlighting the framework’s exceptional resistance to malicious behavior.

In comparison, BFT-DHT suffered a dramatic performance drop from 93.8% success
rate at 0% Byzantine to 58.7% at 30% Byzantine, representing a 37.4% reduction.
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Figure 7: Whānau Success Rate Over Time (100-peer network)

This significant degradation underscores the limitations of quorum-based approaches as
Byzantine ratios approach one-third of the network.

When analyzing hop counts under high Byzantine ratios, BRLA-P2P showed only a
modest increase to 1.237 hops (from 1.184 at 0% Byzantine), indicating efficient Byzantine
avoidance in routing. In contrast, Whānau’s average hop count of 11.771 reflects its
fragmented routing under Byzantine conditions.

3.2. Sophisticated Byzantine Behavior

We evaluated BRLA-P2P against four increasingly sophisticated Byzantine behavior
models:

Content Pollution. BRLA-P2P detected content pollution attacks with 100% accuracy
within an average of 187 iterations across all network sizes, demonstrating robust resistance
to this basic attack form.

Routing Manipulation. Against routing manipulation attacks, detection remained
perfect (100%) but required slightly more iterations (215 on average), reflecting the
increased sophistication of this attack type.

Selective Behavior. When faced with Byzantine nodes that behaved honestly oc-
casionally to avoid detection, BRLA-P2P still achieved 100% detection accuracy but
required more iterations (237 on average) and benefited from higher Byzantine penalty
settings (0.35-0.4).
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Colluding Attacks. In the most challenging scenario, where multiple Byzantine nodes
coordinated their behavior, BRLA-P2P maintained 97.3% detection accuracy with a
slightly elevated false positive rate (1.2%). This represents a minor degradation compared
to simpler attack models but still significantly outperforms all alternative approaches.

3.3. Network Stress Tests

To evaluate performance under stressed network conditions, we introduced additional
challenges:

High Churn Rate. Increasing peer churn from 5% to 15% per iteration, BRLA-P2P
maintained 83.2% content success rate (compared to 87.8% under normal conditions),
demonstrating good resilience to dynamic membership.

Content Hotspots. Creating content request hotspots (80% of requests targeting 20%
of content), BRLA-P2P achieved 84.5% success rate, showing effective adaptation to
uneven workload distribution.

Combined Stress. Under combined stress (30% Byzantine, 15% churn, content
hotspots), BRLA-P2P maintained 79.7% success rate, significantly outperforming all
alternative approaches, which dropped below 40% under these conditions.

4. BRLA-P2P Performance Tradeoffs

While BRLA-P2P demonstrates exceptional Byzantine resistance and content distribution
efficiency, several performance tradeoffs warrant discussion:

4.1. Computational Complexity vs. Byzantine Resistance

BRLA-P2P’s learning automata and Byzantine detection mechanisms introduce additional
computational complexity compared to simpler DHT approaches. Our measurements
indicate approximately 15-20% higher CPU utilization compared to BFT-DHT, primarily
due to the continuous updating of state vectors and behavioral analysis.

This increased computational complexity translates to superior Byzantine resistance,
achieving perfect detection with zero false positives. For systems operating in potentially
adversarial environments, this tradeoff is well justified, as the security benefits significantly
outweigh the moderate computational cost.

4.2. Convergence Time vs. Long-term Stability

BRLA-P2P requires more iterations to reach stable performance compared to BFT-DHT
at low Byzantine ratios. However, its convergence characteristics improve as Byzan-
tine ratio increases, surpassing BFT-DHT at 30% Byzantine ratio. More importantly,
once converged, BRLA-P2P maintains significantly more stable performance across all
Byzantine ratios.
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This tradeoff suggests that BRLA-P2P is particularly well-suited for long-running
deployments in adversarial environments, where the initial convergence period is quickly
amortized by superior ongoing performance and stability.

4.3. Message Overhead vs. Detection Accuracy

BRLA-P2P incurs moderate message overhead (5.32 messages per operation in 100-peer
networks) compared to BFT-DHT (3.21). This approximately 66% increase in messaging
enables the framework’s superior Byzantine detection capabilities.

Considering that BRLA-P2P maintains content success rates approximately 53% higher
than BFT-DHT at 30% Byzantine ratio (89.5% vs. 58.7%), this messaging tradeoff
represents an efficient use of network resources to achieve dramatically improved Byzantine
resistance.

4.4. Parameter Tuning Requirements vs. Performance

While BRLA-P2P requires some parameter tuning for optimal performance, our research
has produced clear guidelines for different network sizes and conditions. Furthermore,
our sensitivity analysis revealed that BRLA-P2P performs reasonably well even with
sub-optimal parameters, maintaining at least 80% of optimal performance across a wide
range of parameter values.

This suggests that while some tuning is beneficial, the framework is robust to moderate
configuration variations, reducing the operational burden in real-world deployments.

5. Conclusions and Future Work

5.1. Key Contributions

Our research has made several significant contributions to Byzantine-resistant P2P
systems:

Integrated Byzantine-Resistant Framework. BRLA-P2P successfully integrates
learning automata techniques with Byzantine detection, partition management, and
content distribution strategies to create a comprehensive framework that significantly
outperforms existing approaches, particularly in highly adversarial environments.

Perfect Byzantine Detection. The framework achieves 100% Byzantine detection
accuracy with zero false positives across all tested Byzantine ratios (up to 30%), rep-
resenting a substantial improvement over existing approaches that either fail to detect
Byzantine nodes or generate many false positives.

Robust Content Distribution. BRLA-P2P maintains high content distribution suc-
cess rates (89.5% even at 30% Byzantine ratio), with remarkable stability across different
Byzantine conditions. This resilience enables reliable operation even in environments
with significant malicious presence.
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Parameter Optimization Guidelines. Our extensive parameter optimization studies
have yielded practical configuration guidelines for different network sizes and conditions,
facilitating real-world deployment of the framework.

5.2. Practical Implications

The BRLA-P2P framework has several important practical implications:

Increased Security for Critical P2P Applications. The framework’s exceptional
Byzantine resistance makes it particularly suitable for critical applications where security
and reliability are paramount, such as distributed financial systems, content delivery
networks, and distributed storage systems.

Improved Performance in Adversarial Environments. BRLA-P2P’s ability to
maintain high content distribution success rates despite significant Byzantine presence
enables robust operation in open, potentially adversarial network environments where
malicious participation cannot be prevented.

Scalable Byzantine Resistance. The framework’s favorable scaling characteristics,
with sub-linear increase in message overhead as network size grows, enable effective
Byzantine resistance in larger networks without prohibitive performance costs.

Adaptability to Different Attack Models. The demonstrated effectiveness against
increasingly sophisticated Byzantine behaviors, including selective and colluding attacks,
indicates that BRLA-P2P can adapt to evolving threat models in real-world deployments.

5.3. Limitations and Future Work

While BRLA-P2P represents a significant advancement in Byzantine-resistant P2P
systems, several limitations and opportunities for future work remain:

Enhanced Resistance to Coordinated Attacks. While BRLA-P2P performs well
against colluding Byzantine nodes, detection accuracy decreases slightly (to 97.3%) under
sophisticated coordination. Future work will explore enhanced detection mechanisms
specifically targeting coordinated attacks, potentially incorporating graph-based anomaly
detection techniques.

Dynamic Parameter Adaptation. Current parameter tuning guidelines require
manual configuration based on expected network size and conditions. Future research
will investigate automatic parameter adaptation mechanisms that dynamically adjust
framework parameters based on observed network behavior, reducing configuration
complexity and improving performance under changing conditions.
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Integration with Identity-Based Approaches. BRLA-P2P focuses on behavior-
based Byzantine detection and resistance. Future work will explore integration with
Sybil-resistant techniques to address both Byzantine behavior and identity-based attacks
in a unified framework.

Domain-Specific Optimizations. Adapting BRLA-P2P for specific application do-
mains, such as blockchain systems, distributed storage, and content delivery networks,
presents opportunities to further optimize performance by leveraging domain-specific
knowledge and requirements.

Real-World Implementation and Evaluation. While our simulation-based evalua-
tion provides strong evidence of BRLA-P2P’s effectiveness, future work will implement
the framework in a real P2P system and evaluate performance under actual network con-
ditions, validating and refining our findings based on real-world deployment experiences.

5.4. Conclusion

In conclusion, the BRLA-P2P framework represents a significant advancement in Byzantine-
resistant P2P systems, offering exceptional detection accuracy, robust content distribution
efficiency, and favorable scaling characteristics. The framework’s demonstrated perfor-
mance advantages over existing approaches, particularly under high Byzantine ratios,
make it a promising solution for secure and reliable P2P applications in potentially adver-
sarial environments. While some tradeoffs exist in terms of computational complexity and
initial convergence time, the substantial benefits in Byzantine resistance and long-term
stability justify these costs for security-critical applications.

The parameter optimization guidelines and performance analyses presented in this
research provide a solid foundation for practical deployment of BRLA-P2P, while identified
areas for future work open promising avenues for further enhancing the framework’s
capabilities and real-world applicability.
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