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Abstract

Advanced Persistent Threats (APTs) represent some of the most covert, persistent, and sophisticated forms of
cyberattacks. Their multi-stage nature, stealth, and operational precision make them difficult to detect using
traditional systems. This paper introduces a fully integrated, enterprise-scale APT detection framework built
on Al-driven graph analytics and Graph Neural Networks (GNNs). By collecting telemetry from system
events, process execution, network flows, memory forensics, and threat intelligence feeds, the proposed
system constructs a heterogeneous multilayer graph enriched with temporal and contextual annotations. Using
Neo4j Graph Data Science (GDS), the system performs advanced graph mining operations including Louvain
clustering, PageRank scoring, community detection, and Node2Vec embeddings. These embeddings are
processed through GCN, GAT, and GraphSAGE architectures for node classification, anomaly scoring, and
subgraph-level malicious pattern discovery. We conduct thorough experiments using DARPA OpTC, LANL
datasets, and custom enterprise-scale APT scenarios. Results show that our GNN-based pipeline achieves up
to 94% detection accuracy and reduces false positives compared to traditional ML models. This paper provides
detailed architectural design, mathematical models, deployment strategies, evaluation metrics, and a
reproducibility-ready implementation roadmap.

Keywords

Advanced Persistent Threats (APT), Graph Neural Networks (GNN), Cybersecurity, Threat Intelligence,
Memory Forensics, Neo4j, Graph Embeddings, Louvain Clustering, Node2Vec, Event Correlation.

1. Introduction

Advanced Persistent Threats have become a major concern for governments, enterprises, and critical
infrastructure sectors. Unlike conventional attacks, APTs are characterized by their stealthy, targeted, and
persistent nature. They often involve multiple kill-chain stages such as reconnaissance, initial compromise,
privilege escalation, lateral movement, data staging, and exfiltration. Traditional defenses such as signature-
based antivirus systems, rule-based SIEMs, and endpoint monitoring tools struggle to detect these advanced
threats due to:

Dynamic attacker behavior

Polymorphic code and living-off-the-land (LoTL) techniques
Encrypted command-and-control (C2) traffic

Slow, stealthy attacks spread across months or years

M w e

Graph-based analysis, when integrated with artificial intelligence, provides a powerful solution for detecting
complex, multi-hop malicious behaviors by analyzing relationships between processes, users, network entities,
and memory artifacts.
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This paper introduces a unified APT detection framework combining graph analytics, memory forensics,
threat intelligence, and GNN-based classification.

2. Literature Review and Related Work
2.1 Traditional APT Detection Techniques

Signature-based detection and SIEM correlation engines remain widely deployed but ineffective against: -
Zero-day exploits - Fileless malware - Privilege escalation via legitimate tools - Long-term stealthy attacks

2.2 Behavior-Based and Anomaly Detection Models

Machine learning-based models (SVM, Random Forest, Isolation Forest) analyze behavioral deviations but
lack contextual graph-level reasoning.

2.3 Graph-Based Cybersecurity

Recent studies highlight the effectiveness of graphs in representing cyber infrastructures. Graph modeling
captures relationships such as: - Parent-child process lineage - Network flow relationships - Memory injection
paths - File-system changes - ATT&CK technique correlations

2.4 Industry Solutions

Commercial platforms such as: - Palo Alto Cortex XDR - Microsoft Defender for Endpoint (MDE) -
CrowdStrike Falcon

use partial graph modeling but rely heavily on proprietary engines without GNN-based detection.
2.5 Research Gap

Most existing research lacks: - Unified heterogeneous graph modeling across hosts, processes, T1, and memory
artifacts - Integration of forensic data with real-time telemetry - GNN-based anomaly detection in enterprise-
scale environments

3. Proposed Architecture
The proposed architecture consists of six major components:

Telemetry Collection Layer — Sysmon, ETW logs, network flows, memory dumps.

Parsing and Preprocessing Layer — Normalization, enrichment, feature extraction.

Graph Construction Layer — Building heterogeneous multilayer graphs using Neo4;j.

Graph Analytics Layer — Louvain clustering, PageRank, betweenness centrality.

Graph Embedding Layer — Node2Vec, DeepWalk, metapath2vec.

GNN Detection Layer — GCN, GAT, GraphSAGE models for classification and anomaly scoring.

o gk w N

The architecture supports both static and dynamic updates to represent evolving enterprise environments.
4. Graph Construction and Data Modeling
Graph construction is foundational to the framework.
4.1 Node Types
e Process Node: PID, PPID, executable hash, command line
e Host Node: hostname, OS version, user session data
e User Node: credentials, access privileges

e Network Node: IP, port, protocol, geolocation
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e File Node: path, hash, entropy
e Registry Node: autorun entries

e TI Node: I0Cs, TTPs, MITRE ATT&CK mappings

4.2 Edge Types
e SPAWNED BY (Process — Process)
e CONNECTED_TO (Host — IP)
e ACCESSED (Process — File/Registry)
e MAPS TO (Process » ATT&CK Technique)
e AUTHORIZED FOR (User — Host)
4.3 Multi-Layer Graph Representation

The system constructs: - Process Behavior Graph - Network Communication Graph - Memory Injection Graph
- Threat Intelligence Knowledge Graph

These are merged into a unified enterprise-scale heterogeneous graph.
5. Graph Algorithms for Attack Pattern Discovery
5.1 Louvain Community Detection
Identifies suspicious process clusters or anomalous host interactions.
5.2 PageRank
Rank nodes based on influence—useful for detecting C2 servers.
5.3 Betweenness Centrality
Highlights key nodes facilitating lateral movement.
5.4 Node2Vec
Converts graph structures into dense embeddings used as GNN input.
6. GNN-Based APT Detection
6.1 GCN (Graph Convolutional Network)
Captures neighborhood information using convolution-like operations.
6.2 GAT (Graph Attention Network)
Assigns attention weights to important neighbors.
6.3 GraphSAGE
Facilitates inductive learning for unseen nodes during inference.
6.4 Model Outputs
e Node classification (malicious/benign)

e Anomaly scoring
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e Subgraph classification
7. Experimental Setup
7.1 Datasets
e DARPA OpTC Dataset — multi-stage attacks across hosts
e LANL Authentication Dataset — enterprise-scale auth logs
e Custom Synthetic APT Dataset — memory injection and graph anomalies
7.2 Implementation Stack
e Neo4j GDS - for graph algorithms
e PyTorch Geometric (PyG) — for GNN development
e Volatility — for memory forensic artifact extraction
e Python — for data pipelines
7.3 Evaluation Metrics
e Accuracy
e Precision/Recall
e F[1 Score
e ROC-AUC
e False Positive Rate (FPR)

8. Results and Analysis

The table below summarizes the performance comparison:

Model Accuracy  Precision Recall F1-Score ROC-AUC
Random 82% 0.79 0.74 0.76 0.81

Forest

SVM 79% 0.76 0.71 0.73 0.78
XGBoost  85% 0.83 0.79 0.81 0.86

GCN 92% 0.90 0.89 0.89 0.94

GAT 94% 0.92 0.91 0.92 0.96
GraphSA  93% 0.91 0.90 0.90 0.95

GE

8.1 Discussion
e GAT performs best due to attention on malicious neighbors.
e GraphSAGE excels in inductive inference.

e Embedding-based GNN models significantly reduce false positives.
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9. Limitations

e Graph size grows rapidly in enterprise networks.
e Requires GPU acceleration for large-scale GNNSs.

e Real-time streaming graph updates remain challenging.

10. Future Work

e Edge-level anomaly detection using Heterogeneous GNNs
e Integration with SIEM/SOAR pipelines
e Reinforcement-learning driven autonomous response
e Streaming GNN models for real-time detection
11. Additional Analysis: Threat Actor Behavior Profiling

Threat actor profiling enables attribution and advanced detection by identifying behavioral clusters linked to
specific APT groups. Using graph centrality and process lineage signatures, the framework can distinguish
between common APT families such as APT29, APT41, and FIN7. Key features include: - Dwell time analysis
- TTP sequence prediction - Attack progression modeling using probabilistic graph transitions

12. Real-Time Detection Considerations

For enterprise-scale deployments, near real-time threat detection is essential. The framework can be enhanced
using: - Kafka-based streaming ingestion - Real-time graph updates using Neo4j Streams - Incremental GNN
inference for dynamic subgraph changes - Stream processing frameworks such as Apache Flink or Spark
Structured Streaming

13. Hybrid Deployment Architecture

The system can be deployed in various modes: ### 13.1 On-Premise - Dedicated Neo4j cluster - GPU servers
for GNN inference - Integration with SIEM (Splunk, ELK)

13.2 Cloud Deployment
e Neodj AuraDS
e AWS Neptune alternative graph store
e Azure Sentinel integration

13.3 Hybrid Mode

Combining on-prem telemetry ingestion with cloud-based GNN analytics enables high scalability and low
operational cost.

14. Advanced GNN Techniques

Recent innovations in graph learning can further enhance APT detection accuracy: - Heterogeneous GNNs
(HGNN) for multi-type node reasoning - Temporal GNNs (TGAT, TGN) for time-evolving threat graphs -
Graph Transformers for large-scale context modeling

These models capture long-range dependencies in attack chains and dynamic attacker behavior.
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15. Expanded Conclusion

The extended analysis shows that graph-based cybersecurity provides unmatched visibility into multi-stage
threat activity. By integrating heterogeneous data sources and applying modern Al techniques, the proposed
system enables: - Improved early detection - Reduced dwell time - High-fidelity correlation - Enhanced
explainability through graph reasoning

Future enhancements will further strengthen autonomous response capabilities and integration with enterprise
security ecosystems.
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17. Conclusion

This research demonstrates a complete APT detection framework using graph-based modeling and GNN-
based analysis. By correlating system telemetry, TI feeds, and memory artifacts within a heterogeneous graph,
the framework provides deep visibility into multi-stage attack behaviors. Experimental results confirm that
GNN: s significantly improve accuracy, reduce false positives, and generalize to unseen attack patterns.
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