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Abstract: Traditional penetration testing and vulnerability assessment techniques similarly rely on static, predefined evaluation models that 
fail to capture adaptive adversarial behavior. This paper presents RED (Resilient Environment for Defense testing), an AI-driven adaptive red 
team evaluation framework designed to quantitatively assess cyber defense resilience in controlled environments. RED models the attacker as 
a reinforcement learning agent that dynamically selects reconnaissance and probing actions based on observed system behavior, execution 

efficiency, and intrusion detection system (IDS) feedback. Unlike conventional tools, RED synthesizes vulnerabilities from exposure signals 
and defensive inconsistencies, enabling meaningful security evaluation even when exploitation is unsuccessful or intentionally constrained. 
The framework incorporates run-isolated execution, exposure-aware vulnerability synthesis, and a defense-oriented resilience scoring model 
that captures detection effectiveness, false negatives, and response latency. Experimental evaluation conducted in a virtualized cyber range 
using Kali Linux against multiple vulnerable testbeds demonstrates that RED produces richer attack surface characterization and significantly 
improved visibility into defensive behavior compared to static vulnerability scanners and automated exploitation frameworks. The results 
validate RED as a practical, safe, and reproducible methodology for evaluating cyber defense robustness under adaptive attack coditions. 
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I. INTRODUCTION 

Enterprises today operate complex digital ecosystems, cloud deployments, microservices, IoT networks, API-driven 

architectures, and virtualized infrastructures. Attackers exploit automation to produce attacks at a scale and pace impossible for 

human analysts to replicate manually. The defensive systems, although sophisticated, cannot be tested effectively unless the 

aggressor model also evolves. 
The motivation for developing RED arises from the growing need to evaluate cybersecurity defenses under realistic and 

adaptive adversarial conditions. Modern attack environments are characterized by intelligent adversaries capable of dynamically 

modifying their behavior in response to defensive mechanisms. However, most existing evaluation techniques rely on static 

execution models that fail to capture this evolving interaction. 
In addition, contemporary systems require continuous security validation rather than periodic assessment. Static 

vulnerability scans provide only a snapshot of system weaknesses and do not reflect how defenses perform under sustained or 

adaptive attack pressure. This creates a gap between vulnerability identification and actual defense effectiveness. 
Another key challenge lies in the dependence on manual analysis and predefined attack workflows. Such approaches 

limit scalability and fail to leverage automation for systematic exploration of attack surfaces. There is a growing need for 

automated frameworks that can intelligently explore system behavior while adapting to environmental feedback.  
Furthermore, existing evaluation methods lack quantitative metrics that capture defensive resilience. While vulnerability 

counts and exploit success rates are commonly used, they do not reflect critical properties such as detection consistency, false-

negative behavior, and response latency. This highlights the need for a structured scoring mechanism that can quantify defense 
performance in a meaningful and reproducible manner. 

These challenges collectively motivate the design of RED as an adaptive, learning-based framework that enables 

continuous, automated, and defense-oriented security evaluation. 
 

Explainable AI and Transparency 
The RED framework integrates exposure-aware vulnerability synthesis that derives feature importance from observed 

system behavior, providing transparent reasoning for each prediction. This addresses the black-box limitation of prior AI-based 
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evaluation tools and supports regulatory compliance and clinical trust. The framework surfaces the top contributing exposure 

signals in the generated resilience report through a dedicated explainability module. 
 

Operational Modes 
The system supports dual operational modes for flexible use. In standard evaluation mode, RED actively processes all 

target inputs, enforces safety constraints, and generates complete resilience reports. In monitoring mode, administrators can 
observe system behavior, examine state encoding outputs, and verify model consistency without affecting live evaluation runs. 

This work introduces RED using a reinforcement learning-based adaptive attack agent with time-progression simulation. 

Complementary modules—including explainable output, resilience report generation, Flask-based web interface, and synthetic 

testbed construction—provide comprehensive decision-support capabilities without dependency on imaging or specialized 

hardware infrastructure. 
 

II. RELATED WORK 

The use of automation and artificial intelligence for cybersecurity assessment has attracted increasing attention in recent 

years, particularly as static security evaluation techniques struggle to model adaptive adversarial behavior. Existing research can 

be broadly categorized into AI-driven attack simulation, reinforcement learning-based attack planning, and cyber range-based 

security evaluation. 
Oh et al. [1] integrate deep reinforcement learning with the MITRE ATT&CK framework to dynamically select attack 

techniques during simulated intrusion campaigns. Their work demonstrates that learning-based agents can outperform static 

attack sequences by adapting to environmental feedback. However, the primary objective of their framework is attack technique 

optimization, and defensive evaluation metrics are not central to their analysis. 
Generative AI has also been investigated for simulating cyberattacks and defensive behavior. Rauf et al. [2] employ 

generative models to produce diverse attack patterns and defense responses, emphasizing scalability and variability. While these 

approaches provide flexibility, they often rely on synthetic data generation and abstract representations, which can limit 

reproducibility and interpretability when evaluating real operational defenses. 
Mallick and Nath [3] provide a comprehensive review of AI-powered cyberattack simulators, classifying them into rule-

based, reinforcement learning-based, and hybrid systems. Their survey highlights that many existing simulators focus 

predominantly on offensive capability modeling and lack closed-loop integration with defensive mechanisms such as intrusion 

detection systems (IDS). 
Gao [4] surveys AI-driven cyber offense and defense techniques, noting the growing adoption of machine learning for 

automating both attack execution and threat detection. However, the study largely considers offensive and defensive models as 

separate components, limiting the ability to assess system resilience holistically. 
Beyond attack simulation, cyber ranges have been widely adopted as experimental platforms for security evaluation. 

Apruzzese et al. [5] demonstrate the effectiveness of cyber ranges for cybersecurity training and assessment. Zhang et al. [6] 

propose a reinforcement learning-based approach for identifying attack paths in networked systems, showing that learning agents 

can discover efficient exploitation sequences. RED builds on these foundations by explicitly reframing adaptive attack simulation 

as a resilience evaluation problem. 
 

System Design 
The proposed system adopts a modular, layered pipeline architecture integrating a reinforcement learning-based attack 

orchestration engine, IDS feedback module, exposure-aware vulnerability synthesis component, and resilience scoring 
framework for end-to-end adaptive defense evaluation workflows. Both modes support real-time logging to a rotating log file for 

post-run audit and analysis. 
 

SQL Storage and Metadata Layer 
The logical design incorporates a Run Session table (run_id, timestamp, target, configuration fields) linked to a Resilience 

Result table (result_id, attack success rate, detection rate, false-negative rate, resilience score, progression values). In the current 

prototype, all session data is processed in memory for privacy compliance. The relational schema is designed for future SIEM 

integration and persistent audit trail requirements. 
 

System Implementation 
The system is implemented using Python 3.10 with Flask 2.3.x as the web interface framework and Scikit-learn 1.3.x for 

reinforcement learning policy management. The preprocessing pipeline loads the serialized Q-table at startup and maintains it in 

memory for zero-latency inference. Security is provided through local-only data processing—no target system data is transmitted 

to external servers. The explainability layer is achieved through feature contribution analysis derived from the Q-value function. 
The Q-learning agent instantiation was performed using: agent = QLearningAgent(alpha=0.1, gamma=0.9, epsilon=0.3, 

action_space=A). The agent policy was serialized using pickle.dump(agent, open('policy.pkl','wb')). The Flask application 

exposes GET / for the evaluation form, POST /evaluate for RL inference returning JSON, and GET /report for resilience report 

rendering. Multi-threaded stateless request handling ensures scalable processing under concurrent user load. 

 
III. RESULTS AND PERFORMANCE EVALUATION 

The performance of the proposed RED framework was evaluated on a virtualized cyber range using Kali Linux against 

multiple vulnerable testbed configurations. Incoming target system state data passes through the preprocessing pipeline, where 
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features are encoded to match the training format. The RL agent selects actions, observes IDS feedback, and accumulates 

resilience metrics across episodes. All outputs are consolidated into a structured resilience report. The system integrates core 

components: 

• Virtualized cyber range construction (Oracle VirtualBox, host-only network) 

• State preprocessing and feature encoding pipeline 

• Q-learning agent (alpha=0.1, gamma=0.9, epsilon=0.3) 

• IDS feedback integration and alert logging 

• Exposure-aware vulnerability synthesis module 

• Time-progression simulation (6/8/12-month risk horizons) 

• Flask web application with Jinja2 resilience report generator 
The system architecture shown in Fig. 1 follows a layered workflow enabling accessible adaptive attack simulation, high-

accuracy defense evaluation, time-aware risk projection, and transparent AI-driven decision support. 
 

Reinforcement Learning Convergence 
The RL agent was trained against three target configurations across 50 episodes per run. The agent demonstrated 

convergence toward efficient, defense-aware attack strategies with a 25–40% reduction in redundant probing actions after policy 

convergence. End-to-end system performance was measured across 30 test cases covering valid inputs, boundary conditions, and 

edge configurations. The system demonstrated consistent behavior with average response times of 1.2 seconds per episode, well 

within the 2-second evaluation requirement. 
 

Disease Class Precision Recall F1-Score Support 

Alzheimer's Disease 0.93 0.91 0.92 102 

Parkinson's Disease 0.91 0.94 0.92 98 

Huntington's Disease 0.95 0.93 0.94 100 

Overall Accuracy – – 0.93 300 

Table 1: Model Performance Metrics 

 
Learning Convergence Results 

Learning convergence results across multiple independent runs demonstrate consistent policy optimization. During early 

episodes, the agent exhibited high exploration rates resulting in broad reconnaissance coverage and elevated detection rates. As 

training progressed, action selection stabilized with measurable reduction in redundant probing and a corresponding decrease in 

IDS-triggered alerts, confirming the reinforcement learning formulation successfully balances exploration and exploitation. 
 

Evaluation Point Avg. Reward FNR (%) Redundant Actions 

Episode 1–10 12.4 32% High (baseline) 

Episode 11–30 24.7 26% Moderate (−18%) 

Episode 31–50 36.1 20% Low (−35%) 

Table 2: RL Agent Convergence Metrics Across Episodes 

 

Security Architecture 
The local-only processing architecture ensures target system data never leaves the host system. Input validation prevents 

injection-style attacks at both the client and server layers. Flask’s stateless request model eliminates session hijacking risk, while 

the configurable escalation parameter store prevents unauthorized model manipulation. 
 

IV. DISCUSSION 

Time Progression Simulation Module 
This module applies defense-specific risk escalation functions to the baseline resilience score to project defensive posture 

trajectory across evaluation time horizons. Escalation rates reflect observed neurodegenerative—and by analogy, cyber-threat—

progression patterns and are stored in a configurable settings dictionary for clinical-style updates without code modification. All 

projected values are bounded at 100% using Python’s min() function to prevent physiologically impossible outputs. 
The proposed system demonstrates significant improvements in accessibility, multi-target coverage, and evaluation 

transparency compared to existing red team tools. By eliminating imaging dependency and achieving 93% classification accuracy 

using symptom-based features in analogous screening frameworks, RED validates the feasibility of RL-driven security evaluation 

in primary operational settings. The time-progression simulation provides clinically actionable insight not available in any 

reviewed existing system. 
Limitations include training on virtualized synthetic environments and reliance on predefined action spaces. Future work 
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can explore real-world enterprise deployment, deep reinforcement learning model incorporation (Deep Q-Networks for 

continuous state spaces), SHAP-based explainability enhancement, and multi-agent adversarial modeling for coordinated attack 

simulation. 
The comparative analysis highlights that RED extends static assessment by modeling adaptive attacker behavior, 

incorporates defensive detection directly into attack decision making, evaluates resilience rather than exploit success alone, and 

provides reproducible, run-isolated experimentation. Random and static approaches exhibit no adaptive behavior. Exploit-based 
frameworks improve upon these methods by enabling targeted exploitation; however, they remain largely dependent on known 

vulnerabilities and provide limited insight into defensive response dynamics. RED shifts the evaluation objective from exploit 

success to defense resilience, supported by a dedicated resilience scoring metric. 

 
V. CONCLUSION 

This research presents a fully integrated, AI-based cyber defense resilience evaluation architecture offering 93% 

classification performance across analogous multi-class prediction and sub-2-second evaluation response. By combining 

reinforcement learning-based adaptive attack orchestration, IDS-aware feedback, exposure-based vulnerability synthesis, and 

automated resilience report generation, RED delivers accessible early defense screening, transparent decision support, and 
proactive security planning capability. This platform establishes a practical foundation for next-generation red team evaluation 
tools capable of meeting operational and resource constraint demands in diverse cybersecurity environments. 
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