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ABSTRACT: Autonomous vehicle (AV) safety depends on 
both adaptive behavior and strict adherence to traffic 
regulations. This study proposes a neuro-symbolic 
reinforcement learning (NSRL) framework that combines 
deep Q-networks (DQN) with symbolic traffic rules to 
enhance decision-making transparency and safety 
performance. The NSRL model was trained using 1000 
episodes in a simulated urban driving environment and 
evaluated on 50 test episodes. The symbolic module 
implemented rules such as "Red Light → Must Stop" and 
"Pedestrian Detected → Must Yield." Evaluation metrics 
included reward scores for specific violations, collision 
frequency, and reward trajectory over training. Results show 
marked improvements in rule adherence: red light violation 
scores improved from 80 to 95, pedestrian yield from 75 to 
90, and overall reduction in collision frequencies with over 
80% of test episodes resulting in zero or one collision. 
Additionally, the model exhibited a steadily rising reward 
curve during training, indicating stable learning behavior. The 
integration of symbolic reasoning not only improved safety 
outcomes but also provided interpretable justifications for 
AV actions, thereby enhancing transparency and regulatory 
acceptability. This approach shows promise for real-world 
deployment and could be adapted to other safety-critical 
domains. 
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INTRODUCTION 

Autonomous driving systems have rapidly evolved due to advances in deep learning, particularly 

through the adoption of deep reinforcement learning (DRL) models. These systems demonstrate 

notable capabilities in dynamic perception, adaptive behavior, and real-time decision-making. 

However, despite these technological advancements, DRL approaches still exhibit substantial 

limitations when applied to safety-critical domains such as autonomous driving. One of the most 

pressing concerns is their limited generalizability in unpredictable real-world scenarios. Although 

DRL models perform well in controlled simulations, their robustness diminishes in complex, real-
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world environments (Grigorescu et al., 2019; Waghmare et al., 2024). Moreover, DRL architectures 

demand significant computational resources and extensive training data, which complicates their 

deployment in real-time vehicular systems (Waghmare et al., 2024). 

A particularly salient issue in DRL-based AVs is their inability to reason about rule-based 

constraints. These systems lack intrinsic mechanisms to guarantee compliance with predefined 

traffic regulations an essential factor in ensuring the safety of passengers and pedestrians. In this 

context, symbolic reasoning offers a promising counterbalance. Symbolic AI encodes explicit rules 

and logic-based representations, thus enabling decision-making grounded in regulatory 

frameworks. Its interpretability not only facilitates debugging but also aligns with requirements for 

certification and legal accountability (Ramos et al., 2022; Xiong & Zheng, 2024). 

Recent advancements in hybrid AI systems often referred to as neurosymbolic architectures have 

begun to bridge the divide between flexible learning and rule-based logic. These systems integrate 

neural networks’ statistical learning with the structured inference capabilities of symbolic logic. In 

domains where safety, transparency, and consistency are paramount, such as autonomous driving, 

this synergy is particularly valuable. For example, neurosymbolic frameworks, including those built 

into lightweight architectures like TinyLlama, demonstrate improved performance on complex 

tasks involving both perception and reasoning (Hamilton et al., 2024). 

In response to mounting concerns over the opacity of deep learning systems, the AI community 

has increasingly emphasized the development of explainable artificial intelligence (XAI). In 

autonomous driving, explainability is essential not only for end-user trust but also for validation 

by regulators and manufacturers (Omeiza, 2021). Initiatives in this space have yielded models that 

clarify the rationale behind AV decisions, enabling human users to anticipate and understand 

vehicle behavior. These interpretive features directly contribute to greater public trust and facilitate 

broader societal acceptance (Dong et al., 2022). 

Additionally, empirical research underscores the link between rule-based decision-making and 

enhanced safety outcomes. Vehicles leveraging symbolic logic demonstrate improved adherence 

to traffic laws, which significantly reduces the likelihood of accidents (Rudenko et al., 2020). By 

structuring AV behavior around clear regulatory rules, these systems contribute to consistent, 

predictable performance critical for public and pedestrian safety (Wen, 2023). 

Public trust plays a pivotal role in the deployment of AV technology. Studies indicate that 

transparency in decision-making processes directly affects user confidence. When AV actions are 

supported by logical explanations, users are more likely to view the system as reliable and safe 

(Jayaraman et al., 2018). As such, incorporating explainable symbolic components into learning-

based AV architectures is not only technically sound but also socially imperative (Rovira et al., 

2019). 

Against this backdrop, the present study proposes a neuro-symbolic reinforcement learning 

(NSRL) framework that combines deep Q-learning with symbolic rule-checking. The primary aim 

is to improve the safety and interpretability of autonomous vehicle decision-making. The novelty 

of this research lies in the empirical demonstration that symbolic rules integrated within DRL 
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policies can significantly enhance AV compliance with traffic laws and reduce collision rates. 

Additionally, the system provides a rationale for its decisions via explicit rule-based vetoes, thereby 

contributing to the broader agenda of explainable and trustworthy AI. 

 

METHOD 

Framework Components 

This study employs a hybrid NSRL framework integrating a Deep Q-Network (DQN) for dynamic 

decision-making and a symbolic module for enforcing traffic rules. The DQN component 

addresses the learning of optimal driving policies, particularly within discrete action spaces, 

leveraging the model's responsiveness to simulated driving conditions (Alizadeh et al., 2019). 

Symbolic logic rules operate as a veto layer, preventing unsafe decisions such as running red lights 

or unsafe overtaking. 

 

Symbolic Rule Design in Simulation 

Symbolic traffic rules implemented in the simulation are modeled after real-world regulations to 

ensure vehicle compliance and realistic agent behavior. These include: 

• Red Light → Must Stop 

• Pedestrian Detected → Must Yield 

• Lane Occupied → Abort Overtake 

• Speed Exceeded → Decelerate 

These rules are encoded in a logic-based format, enhancing interpretability and enabling regulatory 

consistency (Öztürk et al., 2020; Gao et al., 2021). 

 

Training and Evaluation Protocols 

The NSRL system was trained in a high-fidelity simulation environment over 1000 episodes using 

a staged curriculum learning process to progressively expose the agent to increasingly complex 

scenarios (Ozturk et al., 2021). The CARLA simulator facilitated realistic environmental modeling, 

including dynamic traffic and variable weather conditions (Dosovitskiy et al., 2017). After training, 

the system was tested in 50 unseen episodes, evaluating its behavior across multiple metrics: 

• Reward performance on traffic rule violations 

• Collision frequency per episode 

• Learning progression via average reward trajectory 

Performance was assessed through controlled benchmarks and potential edge cases to evaluate 

safety, adaptability, and reliability. 
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This methodology section underscores the hybrid architecture's ability to generalize across 

complex scenarios while maintaining explainability and regulatory alignment. 

 

RESULT AND DISCUSSION 

Violation Rewards 

Reward metrics were assessed using benchmarks established by institutions such as the National 

Highway Traffic Safety Administration (NHTSA) and the Society of Automotive Engineers (SAE), 

which standardize rule-based performance evaluation in autonomous vehicle (AV) systems 

(Setiawan et al., 2024). Metrics included average penalties per violation and the ratio of violations 

to total interactions. The NSRL model demonstrated superior performance in rule compliance 

compared to traditional RL, thanks to its hybrid architecture that embeds symbolic constraints 

within the decision-making loop (Klein-Flügge et al., 2019). For instance, reward improvements 

for critical violations (e.g., red light or pedestrian yield) were statistically significant, with p-values 

< 0.05 across test scenarios (Zhang et al., 2022). These improvements surpassed common 

thresholds (≥25% reduction in violations) used for validating rule-compliance algorithms. 

 

Collision Distribution 

Collision evaluation focused on frequency, severity, and contextual triggers (e.g., traffic density, 

agent proximity). These metrics were aligned with AV safety standards, measuring normalized rates 

across testing distances and hours (Setiawan et al., 2024). NSRL models equipped with symbolic 

veto filters significantly reduced collision frequency. Comparative analyses revealed that the 

inclusion of symbolic traffic rules outperformed baseline DRL-only models in minimizing critical 

collisions (Guo et al., 2022). Data from CARLA-based simulations confirmed the trend, aligning 

with prior studies on scenario-dependent collision rates (Setiawan et al., 2024). Traffic scenarios 

were dynamically varied using Monte Carlo and agent-based simulation tools, simulating 

unpredictable behaviors and environmental conditions (Rivas et al., 2019). 

 

Reward Trajectory 

Effective reinforcement learning training is marked by stable, increasing reward trajectories. The 

NSRL model exhibited these trends, indicating successful convergence and policy optimization 

over 1000 episodes (Dabney et al., 2018). Symbolic veto mechanisms accelerated convergence by 

eliminating hazardous action paths, thus improving reward stability (Kim et al., 2017; Paxton et 

al., 2017). Reward structure calibration posed challenges such as designing dense yet meaningful 

feedback mechanisms and avoiding unintended agent behaviors (Piot et al., 2016). Reward gains 

correlated positively with improved safety metrics in test simulations, confirming that effective 

NSRL training leads to tangible safety benefits in real-world deployments (Manjunath et al., 2021). 
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Interpretability significantly influences the regulatory acceptance of autonomous vehicles (AVs). 

Regulatory authorities demand transparent decision-making mechanisms to validate AV safety and 

legal compliance. This transparency enhances trust among stakeholders ranging from engineers to 

policymakers and is fundamental for identifying fault in case of system failure (Confalonieri et al., 

2020). Without interpretability, regulators may hesitate to approve AV systems due to the opacity 

of their internal logic and unclear accountability in critical incidents (Kassner et al., 2020). Systems 

that demonstrate compliance with traffic laws through logical, explainable outputs are more likely 

to gain rapid regulatory approval (Collenette et al., 2022). 

Neuro-symbolic systems play an essential role in advancing explainable AI (XAI) by combining 

the generalization strength of deep learning with the transparency of symbolic reasoning. This 

hybrid enables autonomous systems to produce decisions that align with formal reasoning 

processes, increasing their reliability and fostering user trust (Hamilton et al., 2022; 2024). These 

systems are particularly valuable in AV applications where clarity and safety are paramount. The 

ability of neuro-symbolic models to reason over structured knowledge allows them to generate 

interpretable decisions that improve both trustworthiness and oversight (Minervini et al., 2021). 

Beyond autonomous driving, neuro-symbolic architectures have seen successful applications in 

medical AI, where interpretability directly affects patient care outcomes. For instance, diagnostic 

models that integrate symbolic medical rules with deep learning predictions offer both high 

accuracy and traceable logic paths, ensuring clinician confidence and facilitating clinical adoption 

(Bueff & Belle, 2023). These architectures enhance the ability of healthcare systems to justify 

recommendations, thus fulfilling regulatory requirements and improving patient safety (Hayworth 

& Marblestone, 2024). The benefits realized in medical AI reinforce the suitability of neuro-

symbolic methods in other safety-critical domains. 

However, hybrid AI systems also face limitations. One major issue is the integration complexity 

synthesizing symbolic and neural models can introduce scalability issues and computational 

overhead (Hamilton et al., 2022). Additionally, symbolic components may lack robustness in 

ambiguous or noisy environments, while neural networks, though more adaptable, often remain 

opaque. The tension between interpretability and computational efficiency is a persistent challenge, 

which can hinder the deployment of these systems in real-time applications (Martires et al., 2020). 

Continued advancements in architecture design and optimization techniques are needed to resolve 

these trade-offs and enable the broader adoption of neuro-symbolic AI. 

 

CONCLUSION  

This study presents a compelling case for the adoption of neuro-symbolic reinforcement learning 

(NSRL) in autonomous vehicle (AV) decision systems. By integrating symbolic logic into a deep 

Q-network (DQN) framework, the proposed model significantly enhances both safety and 

interpretability two pillars critical to the large-scale deployment of AV technologies. The hybrid 

system effectively mitigates rule violations, as evidenced by improved reward scores and reduced 

collision frequencies across simulated driving scenarios. These improvements are not only 

statistically significant but also align with industry benchmarks for AV safety and reliability. 
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Beyond safety gains, the symbolic component of the NSRL framework delivers human-readable 

decision justifications that are crucial for regulatory compliance and public trust. The ability to 

explicitly link AV actions to formal traffic rules addresses the growing demand for explainability 

in AI systems, particularly in safety-critical contexts. Furthermore, the study demonstrates that this 

integration does not compromise learning efficacy; on the contrary, it accelerates convergence and 

stabilizes policy training. 

The implications of these findings extend beyond the domain of autonomous driving. Similar 

hybrid architectures have proven effective in healthcare and other regulated fields, highlighting the 

generalizability and robustness of neuro-symbolic systems. As AVs move toward broader 

commercial deployment, incorporating interpretable, rule-compliant decision-making frameworks 

will be indispensable. 

Overall, this research contributes to the growing body of literature advocating for hybrid AI 

models in safety-critical applications. It underscores the viability of combining deep learning and 

symbolic reasoning to create autonomous systems that are not only intelligent but also accountable, 

transparent, and safe. 
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