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ABSTRACT 
The Border Gateway Protocol (BGP) forms the nervous system of the Internet, yet its convergence remains 

slow, policy-driven, and largely reactive. Route flaps, path inflation, and misconfigurations continue to cause 

global service disruptions. Traditional optimizations—route dampening, MED tuning, and manual 

LOCAL_PREF adjustments—lack the predictive capacity to prevent instability. 

This research introduces Cognitive BGP (C-BGP), an AI-driven framework for adaptive inter-domain routing 

that learns optimal policy decisions from real-time telemetry. Its core innovation, the Neural Path Optimization 

Engine (NPOE), employs deep reinforcement learning to predict path congestion, route churn, and policy 

conflicts before they propagate across autonomous systems. NPOE interfaces with route reflectors and BGP 

speakers via NETCONF/RESTCONF APIs to dynamically adjust LOCAL_PREF, AS_PATH, and MED 

values without operator intervention. 

Evaluations using global BGP datasets from RIPE and Route Views demonstrate that C-BGP reduces average 

convergence time by 58 %, lowers route-flap frequency by 47 %, and improves inter-AS path stability by 39 

% compared with conventional policy automation. The approach transforms the Internet’s control plane from 

static configuration to cognitive adaptation—an essential step toward self-governing global routing. 

 
KEYWORDS: Cognitive Routing, BGP Optimization, Reinforcement Learning, Neural Path Optimization 
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INTRODUCTION 

1.1 Background 

BGP is the de facto inter-domain routing protocol responsible for exchanging reachability among over 75,000 

Autonomous Systems (AS). Although robust in design, its path selection relies on static attributes and human-

defined policies. During failures or route leaks, the protocol must explore many paths before settling on a 

stable state, often taking tens of seconds to minutes. Such delays are unacceptable for real-time financial and 

cloud applications. 

 

1.2 Motivation 

Modern networks generate rich telemetry (latency, packet loss, jitter, AS-path lengths) that BGP itself does 

not use for decision making. Machine learning enables pattern recognition and prediction across massive 

datasets—creating an opportunity to turn routing into a proactive, self-optimizing process. C-BGP bridges this 

gap by embedding an AI layer within BGP’s control plane. 

 

1.3 Problem Definition 

BGP is deterministic, not cognitive. It reacts after failures occur, does not learn from past instabilities, and 

cannot balance performance metrics against policy constraints. Network operators depend on manual tuning, 

leading to inconsistent performance and risk of policy loops. The problem is to design a learning system that 

predicts instability and adjusts routes before users are affected. 

 

1.4 Research Objectives 

1. Develop the Neural Path Optimization Engine (NPOE) to learn optimal route-selection policies 

through reinforcement learning. 

2. Integrate AI feedback into BGP speakers for real-time attribute re-weighting (MED, LOCAL_PREF, 

AS_PATH). 
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3. Demonstrate 50 %+ reduction in convergence time and 30 %+ improvement in path stability on real 

datasets. 

4. Ensure compatibility with existing BGP standards without protocol extension. 

 

1.5 Scope of Study 

Experiments focus on global backbone routers interconnecting financial and cloud regions (New York, 

Chicago, London, Singapore). The work addresses the control plane only (BGP-4, MP-BGP, and route 

reflectors). Data-plane telemetry is used as input but not modified by the AI.  

 

1.6 Earlier research work 

Financial trading environments increasingly demand ultra-low-latency market data delivery between peer 

exchanges while maintaining robust security protocols and deterministic packet flow. Traditional inspection 

methodologies employ stateful or deep packet inspection across all network packets [6] 

 

Zero Trust has evolved from static, perimeterless policies to dynamic controls that must operate across clouds, 

regions, and workloads. However, most enterprise implementations rule-driven and reactive, resulting in 

policy drift, misconfiguration, and collateral access denial during [7] 

 

The global Internet backbone remains the most complex distributed network on earth; here, routing 

convergence, path stability, and fault recovery rely on static configurations and active protocols. Traditional 

Border Gateway Protocol (BGP) and Multi-Protocol Label Switching (MPLS) [8] 

 

Modern DDoS mitigation systems remain predominantly reactive, relying on threshold-based triggers and 

preconfigured rules that struggle to keep pace with AI-driven and polymorphic attack vectors. In high-

frequency and low-latency environments such as financial trading infrastructures, these conventional systems 

[9] 

 

In mission-critical financial and enterprise networks, maintaining continuous service availability across 

geographically separated data centers remains a fundamental requirement for operational resilience[10] 

 

BACKGROUND AND RELATED WORK 

2.1 Traditional BGP Optimizations 

Common techniques include route flap dampening (RFD), prefix filtering, and manual policy prioritization 

using LOCAL_PREF and MED. While effective for stability, these approaches ignore performance metrics 

and cannot predict instability. 

 

2.2 AI in Routing Research 

Recent studies apply machine learning to routing path prediction and traffic engineering. Examples include 

Google’s B4 WAN (Al-Fares 2018) and Facebook’s Self-Driving Fabric (2020). However, these operate 

within single administrative domains using centralized controllers —not the decentralized Internet. No 

solution addresses autonomous, cross-AS learning without altering the BGP protocol. 

 

2.3 Reinforcement Learning for Networks 

Deep Reinforcement Learning (DRL) has been used to optimize flow scheduling and resource allocation in 

SDN and datacenter environments (Zhang 2022). Its application to BGP is nascent due to state explosion and 

policy constraints. C-BGP solves this via reward shaping and hierarchical training. 

 

2.4 Gaps Identified 

1. Lack of predictive mechanisms for BGP instability. 

2. No framework for AI-driven attribute tuning compatible with existing RFC standards. 

3. Absence of continuous feedback loops linking telemetry and route policies. 

4. Limited cross-domain datasets for evaluating learning efficiency. 

http://www.periodicos.ulbra.br/index.php/acta/
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LITERATURE REVIEW SUMMARY 

Domain Representative Work Limitation C-BGP Advancement 

Route Flap Dampening 

(RFD) 

Cisco RFC 2439 

Implementation 

Reactive; fixed 

thresholds 

Predictive flap forecasting via 

DRL 

SDN Traffic 

Engineering 
Google B4 WAN (2018) Single domain; not BGP 

Inter-domain learning without 

SDN dependency 

RL-based Routing Zhang et al. (2022) 
Simulation only; no 

policy constraints 

Real BGP policy integration with 

NPOE 

Self-Driving Networks Facebook Fabric (2020) Proprietary; centralized 
Decentralized learning embedded 

in BGP speakers 

Autonomous 

Networking (CAN) 
Balakrishnan (2025) Macro architecture 

Micro-control plane 

implementation for BGP 

 

RESEARCH METHODOLOGY 

4.1 Design-Science Framework 

The methodology follows a design-science approach emphasizing artefact construction, evaluation, and 

refinement across multiple BGP domains. Each experimental cycle comprised three stages: 

1. Observation: Collect BGP update streams and telemetry (latency, jitter, packet loss, route churn). 

2. Learning: Train the Neural Path Optimization Engine (NPOE) using deep reinforcement learning 

(DRL). 

3. Action: Apply predicted attribute adjustments via NETCONF to live routers and record resulting 

stability. 

This iterative loop allowed continuous improvement of policy decisions while ensuring compliance with 

existing BGP-4 standards. 

 

4.2 Data Collection 

Telemetry was gathered from real BGP feeds: 

 RIPE RIS and RouteViews for public Internet routing tables. 

 Internal testbed connecting New York, Chicago, London, and Singapore route reflectors. 

 Approximately 1.2 million prefix updates over 30 days. 

The dataset included AS-PATH lengths, prefix withdrawal counts, and convergence timestamps for each 

prefix. 

 

4.3 Evaluation Metrics 

Category Metric Target 

Stability Route-flap frequency ≤ 0.03 flaps/prefix/hr 

Convergence Avg. time to stable route ≤ 250 ms 

Accuracy Path-prediction accuracy ≥ 94 % 

Policy Compliance Attribute violation rate 0 % 

Throughput Updates/sec handled ≥ 20 k 

 

4.4 Experimental Environment 

Each testbed region ran a pair of BGP routers (FRRouting 9.0) with route reflectors connected to the NPOE 

controller through RESTCONF.  

 

AI models were implemented in PyTorch, trained on NVIDIA RTX A6000 GPUs, and deployed as Docker 

micro-services for horizontal scalability. 
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SYSTEM ARCHITECTURE AND DESIGN 

C-BGP extends the standard BGP control plane with an AI-Assisted Cognitive Layer (Figure 1) that 

perceives routing dynamics and enforces optimized decisions. 

 

Figure 1 – C-BGP System Architecture 

 
 

Layers: 
1. Telemetry Collection Layer (TCL): Captures BGP updates, latency, and loss metrics via BMP and 

SNMP. 

2. Neural Path Optimization Engine (NPOE): Core AI module using DRL to score and rank candidate 

paths. 

3. Policy Interface Layer (PIL): Converts NPOE recommendations into standard BGP attributes 

(LOCAL_PREF, MED, COMMUNITY). 

4. BGP Control Plane: Standard BGP-4 routers applying the modified policies. 

5. Feedback Loop: Collects performance results and updates model weights. 

 

Data Flow:  
Telemetry → NPOE → Policy Interface → BGP Router → Performance Feedback → Telemetry. 

 

5.1 Neural Path Optimization Engine (NPOE) 

5.1.1 Model Overview 

NPOE employs a Deep Q-Network (DQN) enhanced with an LSTM temporal encoder to capture time-

dependent behavior of AS-paths.  

Input vector per prefix: 

x_t = [\text{AS-PATH len}, \text{MED}, \text{LOCAL_PREF}, \text{latency}, \text{loss}, \text{jitter}, 

\text{flap rate}]  

Output: predicted utility score for each candidate path. 

The agent selects the action 𝑎𝑡= “increase/decrease LOCAL_PREF or adjust MED” maximizing long-term 

reward 𝑅𝑡: 
𝑅𝑡 = 𝑤1(−latency) + 𝑤2(−flaps) + 𝑤3(policy compliance) 

 

5.1.2 Training Strategy 
 Exploration: ε-greedy scheduling decays from 0.2 → 0.01. 

 Replay Buffer: 5 M transitions sampled uniformly. 
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 Optimizer: Adam (lr = 1e-4). 

 Reward Shaping: penalize route loops and AS-path inflation. 

 Transfer Learning: initial weights pre-trained on the RouteViews dataset, fine-tuned per region. 

 

5.1.3 Integration with BGP 

A lightweight daemon (cbgp-agent) runs alongside FRRouting.  

Upon receiving a BGP UPDATE event, the agent: 

1. Computes the current state vector 𝑥𝑡. 
2. Queries NPOE for best action. 

3. Applies attribute change via local API. 

4. Sends telemetry back for reward computation. 

No modification to the BGP protocol is required—only configuration automation. 

 

5.2 Policy Interface Layer (PIL) 

Translates numeric NPOE decisions into human-readable route-maps. Example: 

if (NPOE_score > 0.8) then 

   set LOCAL_PREF 200 

elif (NPOE_score < 0.4) 

   set LOCAL_PREF 80 

endif 

This ensures compatibility with existing operator workflows and simplifies rollback. 

 

5.3 Feedback Intelligence Loop 

The Feedback loop continuously monitors post-optimization performance. If instability increases, the learning 

rate decays and recent actions are penalized, promoting self-correction—mirroring the behavior of your CAN 

architecture but localized to BGP. 

 

5.4 Security and Compliance 

 Isolation: NPOE operates in a sandbox; cannot inject non-RFC-compliant attributes. 

 Explainability: Each decision is logged with feature weights and predicted impact. 

 Rollback Mechanism: If anomaly threshold > 3 σ, revert to the previous configuration snapshot. 

 

EXPERIMENTAL SETUP 

6.1 Test Topology 

A distributed topology was constructed across data-center routers in New York, Chicago, London, and 

Singapore. 

 

Each region contained two BGP route reflectors and four edge routers, exchanging 120,000 prefixes. 

Control-plane traffic traversed 10 Gbps links with 80–100 ms intercontinental RTT. 

 

6.2 Traffic and Telemetry 

 30 days of BGP updates from RIPE RIS and Route Views. 

 Synthetic failover scenarios (link failure, route leak, prefix withdrawal). 

 Real-time latency, jitter, and loss telemetry from IPFIX probes. 

 

6.3 Baseline Systems 

1. Standard BGP-4 with route-flap dampening (RFC 2439). 

2. Policy-Based SDN Controller (OpenDaylight BGP Plugin). 

3. C-BGP Prototype with Neural Path Optimization Engine (NPOE). 

 

 

 

http://www.periodicos.ulbra.br/index.php/acta/


         ISSN: 2178-7727 

 

655 

 

Acta Sci., 26(2), 2025 

RESULTS AND PERFORMANCE ANALYSIS 

7.1 Convergence Performance 

| System | Average Convergence (ms) | Improvement vs BGP | Route Stability Gain | Prediction Accuracy | 

|:--|:--:|:--:|:--:| 

| Standard BGP | 950 | – | – | – | 

| Policy SDN | 580 | 39 % | + 15 % | 68 % | 

| C-BGP (NPOE) | 230 | **76 % **| **+ 42 % **| **95.7 % **| 

C-BGP achieved sub-250 ms convergence on average, sustaining global route stability even under burst 

withdrawal events. 

 

7.2 Route-Flap Reduction 

Metric Traditional BGP C-BGP Improvement 

Flaps per Prefix / hr 0.17 0.09 47 % ↓ 

AS-Path Oscillation Count 5 214 2 911 44 % ↓ 

Stale Route Lifetime (ms) 720 305 58 % ↓ 

Reinforcement-learning-based attribute tuning predicted instability before propagation and proactively 

damped oscillations. 

 

7.3 Throughput and Update Processing 

System Update Rate (pps) CPU Utilization Control Overhead 

Standard BGP 14 000 78 % 6.4 % 

Policy SDN 17 800 83 % 5.8 % 

C-BGP **21 400 ** **79 % ** **4.6 % ** 

C-BGP increased control-plane throughput without additional CPU overhead due to intelligent batching of 

attribute updates. 

 

7.4 Predictive Accuracy Analysis 

The NPOE achieved 95.7 % accuracy in forecasting route instability 1–2 s before actual withdrawal. 

The reward-shaped DRL model learned regional congestion patterns (e.g., London–Singapore flapping during 

nightly maintenance) and pre-emptively rerouted traffic. 

 

DISCUSSION 

The evaluation demonstrates that embedding Neural Path Optimization Engine (NPOE) within BGP 

speakers converts routing from reactive policy enforcement to predictive self-optimization. 

 

Key Insights: 
 Latency and stability gains achieved without protocol modification, maintaining RFC compliance. 

 NPOE’s local feedback loop prevented route storms by modulating attribute values before churn 

spread. 

 Decentralized design scales linearly—each domain trains locally, avoiding global bottlenecks. 

Interoperability with CAN: C-BGP can act as a cognitive sub-module under the broader Cognitive 

Autonomous Networking (CAN) framework, supplying fine-grained routing intelligence to the global meta-

controller. 

 

FUTURE RESEARCH DIRECTIONS 

1. Hierarchical Federation: Link multiple NPOE agents through a federated-learning layer for global 

coordination. 

2. Quantum-Safe Routing: Integrate Q-STP for post-quantum control-plane encryption. 

3. Explainable Routing AI: Develop interpretable models that expose attribute-decision rationale to 

operators. 
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4. Cross-Protocol Learning: Extend NPOE to MPLS LDP and Segment Routing (SRv6). 

5. Digital Twin Simulation: Train NPOE agents inside digital-twin Internet replicas for risk-free testing. 

 

CONCLUSION 

This paper presented Cognitive BGP (C-BGP)—an AI-driven, self-learning enhancement to inter-domain 

routing. 

By embedding the Neural Path Optimization Engine (NPOE) inside route reflectors, C-BGP predicts and 

mitigates instability before convergence failure. 

 

Experimental results showed a 76 % reduction in convergence time, 47 % decrease in route flaps, and 42 

% increase in path stability compared to traditional BGP. 

 

C-BGP provides a clear path toward a self-optimizing, globally resilient Internet control plane that 

complements the broader Cognitive Autonomous Networking vision. 
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