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Abstract : With the rising number of sophisticated and constantly evolving cyber threats, it
becomes harder for the rule-based systems and black-box Al models to effectively provide policy
enforcement and risk assessment in the dynamic digital environment. Neurosymbolic Al, which
seeks to integrate the advantages of symbolic reasoning and neural network-based representation,
provides a potential remedy. Neurosymbolic systems combine the interpretability and structure of
symbolic logic with the pattern recognition power of deep learning in order to offer a more
federated and transparent solution to security. This work provides a survey of the current and
potential of neurosymbolic Al for cyber security policy enforcement and risk assessment. We
investigate how symbolic reasoning frameworks can represent formal security policies,
compliance regulations, and regulatory specifications while neural models model uncertain,
unstructured, or incomplete inputs such as system logs, user behaviour, or threat indicators. In
practice, applications include automatic policy audit, anomaly detection with policy context, risk
propagation analysis, and the explainable security decision making process. We compare existing
architectures and tools for neurosymbolic reasoning, present the benchmark datasets and
evaluation metrics used, and describe key bottlenecks, including knowledge representation,
scalability, and interfacing with legacy systems. Finally, we discuss potential future research
directions, such as the development of real-time symbolic-neural inference engines, federated
neurosymbolic models for cross-organization policy compliance, and the use of large language
models for synthesis and reasoning about policies. This paper is a step towards bridging the gap
between high-level governance (enforcement and auditing) and low-level facts, allowing to move
into the direction of more secure and accountable Al-driven systems.
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INTRODUCTION

In this age of pervasive connectivity, security threats continue to be more sophisticated,
adaptive, and insidious. As organizations work to implement governance and compliance policies
and evaluate cyber risk, they are confronted with the challenge of understanding high-level
governance and rulesets while working with huge amounts of noisy and unstructured security data
in realtime. Conventional cyber-security solutions, with rule-based engines or black-box machine
learning models, are deployed in such environments but they often lack the desired level of
adaptability or transparency for strong policy enforcement as well as precise risk assessment.
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Recently, Neurosymbolic Artificial Intelligence (Al) has gained momentum as a promising
paradigm for integrating the learning ability of neural networks and the reasoning capability of
symbolic logic. Unlike traditional AI model which are black-box functions, neurosymbolic
systems combine interpretable knowledge representations with statistical learning to carry out
logical policy reasoning, semantic understanding, and context-aware decision-making in safety-
critical scenarios.

In the realm of cybersecurity, this hybrid approach allows to model and enforce complex policies
- access control, regulatory compliance, behavior-based detection - and to learn and adapt to new
and unseen threats. By utilizing symbolic Al for policy encodings and neural networks for
processing of dynamic security data,, neuro-symbolic systems may bring such higher levels of
precision, explainability, and generalization to bear that cannot be achieved by any approach alone.

This paper provides an extensive review of neurosymbolic Al methods for cybersecurity
policy enforcement and risk estimation. Our work starts with grounding, summarizes existing
methods and tools, and investigates their performance over realistic use-cases, such as automated
auditing, anomaly detection or threat scoring. In this paper, we also talk about existing problems—
scalability, integration with legacy systems, or real-time inference as well as outline potential lines
of research which may help to reconcile a very high-level policy framework with low-level
operational defensive processes.

2. Background Concepts

Background Concept Description

Al and ML are widely used in cyber security for tasks like intrusion detection,
Artificial Intelligence in|malware classification, and phishing detection. These models learn patterns from
Cybersecurity data but often lack transparency, which limits trust and interpretability for policy
enforcement.

Symbolic Al uses explicit knowledge representations such as rules and logic to

Symbolic Al ‘and Policy encode security policies and compliance requirements. It provides clear, auditable

Enforcement. decisions but struggles with scalability and adapting to noisy or incomplete data
typical in cyber security environments.
Combines neural networks’ pattern recognition with symbolic AI’s interpretability
Neurosymbolic Al and reasoning. This hybrid approach processes both unstructured data (via neural

models) and structured policies (via symbolic reasoning), enabling context-aware,
explainable decision-making in cyber security.

The process of identifying and prioritizing threats by integrating diverse data sources
Risk  Assessment  in|(vulnerabilities, user behaviour, threat intelligence). Neurosymbolic Al can encode
Cybersecurity risk metrics symbolically while using neural models to dynamically evaluate threats
and system states for effective risk analysis.

Neurosymbolic Al enhances explainability by combining transparent symbolic logic
Explainability and Trust in|with adaptable neural inference. This improves trustworthiness in security decisions,
Al-Driven Cybersecurity |supports compliance auditing, and facilitates human oversight in high-stakes cyber
security environments.

Table 1: Key Background Concepts in Neurosymbolic Al for Cybersecurity

3. Types of Adversarial Attacks in Cybersecurity
Adversarial attacks in cybersecurity target the vulnerabilities of Al and machine learning
models to undermine their effectiveness and compromise system security. Understanding the
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various types of these attacks is crucial for designing robust defenses, especially in systems that
rely heavily on Al for policy enforcement and risk assessment. The main categories of adversarial
attacks include:
3.1 Evasion Attacks
Evasion attacks occur when adversaries manipulate inputs at test time to deceive AI models
without altering their underlying structure or training data. In cybersecurity, this could mean
crafting malware variants, phishing emails, or network packets that bypass detection by evading
signature or behavior-based classifiers. For example, an attacker might slightly modify malicious
code to avoid detection by a neural malware classifier, exploiting the model’s sensitivity to small
perturbations.
3.2 Poisoning Attacks
Poisoning attacks involve injecting malicious data into the training dataset to corrupt the
learning process. By subtly altering or inserting poisoned samples, attackers can degrade model
accuracy or cause it to behave incorrectly in specific scenarios. For Al systems enforcing security
policies, poisoning could lead to misclassifying risky behavior as benign, thereby opening
backdoors or enabling insider threats.
3.3 Model Inversion and Membership Inference Attacks
These attacks target the privacy of the data used to train Al models. Model inversion seeks
to reconstruct sensitive input data by exploiting access to the model’s outputs, while membership
inference attacks determine whether a particular data point was part of the training set. Such attacks
threaten confidentiality and can expose sensitive user information or proprietary threat intelligence
encoded in cybersecurity models.
3.4 Other Emerging Adversarial Techniques
Recent research has uncovered additional sophisticated adversarial tactics, such as:
e Backdoor Attacks: Implanting hidden triggers in models that cause them to behave
maliciously when activated.
e Generative Adversarial Attacks: Using generative models to create realistic but malicious
inputs that evade detection.
e Transferability Attacks: Crafting adversarial examples on one model that successfully
fool other models due to shared vulnerabilities.

4. Attack Scenarios & Use Cases
Understanding real-world attack scenarios and use cases is essential for evaluating the

impact of adversarial machine learning on cybersecurity systems. This section explores how
adversarial attacks manifest in different cybersecurity domains and how Al-powered defenses
respond.

e Malware Detection

e Phishing and Spam Filtering

e Intrusion Detection Systems (IDS)

e Fraud Detection

e Policy Compliance and Enforcement

e Real-World Attack Incidents

5. Defensive Techniques
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Adversarial attacks pose significant challenges to Al-driven cybersecurity systems. To
mitigate these threats, researchers have developed several defensive techniques that enhance the
robustness and reliability of Al models used in policy enforcement and risk assessment. The key
defenses include:

e Adversarial Training

e Robust Feature Engineering

¢ Input Sanitization and Preprocessing

e Model Hardening

e Explainable AI (XAI) for Anomaly Detection

6 .Challenge / Limitation

Challenge / Limitation Description

Scarcity of publicly available, high-quality cybersecurity datasets limits
effective training and evaluation of adversarial defense models. Synthetic
datasets may not capture real attack complexities.

Lack of Real-World
Datasets

Adversarial examples designed for one model often deceive others with
different architectures or data, complicating model-specific defenses and
comprehensive protection across systems.

Transferability of
Adversarial Examples

Trade-off Between Improving robustness against attacks can reduce accuracy on clean inputs,
Accuracy and Robustness posing risks of false positives or negatives in critical security applications.

Adversarial training and explainability techniques require significant
computational resources, which can hinder deployment in real-time
cybersecurity environments.

Scalability and
Computational Overheads

Incorporating neurosymbolic Al and defenses into legacy and heterogeneous

Int ti ith Existi . . .. .
ntegration wi XIsting infrastructures is complex, requiring careful balancing of performance and

Systems compliance.

S The hybrid nature of neurosymbolic Al can make models complex and harder
Explainability Vs. . . . .
Complexity to interpret, challenging efforts to maintain transparency and analyst trust in

security decisions.

7 . Advantages of Neurosymbolic Al for Cybersecurity
e (Combines robust pattern recognition with logical reasoning
Enhances explainability and transparency in decision-making
Enables effective enforcement of complex security policies
Improves detection accuracy by leveraging both symbolic and neural methods

Facilitates integration of human expertise with Al systems
e Supports dynamic risk assessment through flexible knowledge representation

8 .Conclusion

Neurosymbolic Al represents a promising frontier in enhancing cyber security through the
integration of neural network capabilities with symbolic reasoning. This hybrid approach addresses
critical challenges in Al-driven security systems by combining robust pattern recognition with
transparent, rule-based policy enforcement. As adversarial attacks become increasingly
sophisticated, neurosymbolic frameworks offer improved resilience by enabling explainable and
adaptive defenses.
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Despite existing challenges—such as limited real-world datasets, transferability of

adversarial examples, and the trade-off between robustness and accuracy—ongoing research and
development continue to advance the field. By leveraging neurosymbolic Al, cyber security

systems can achieve more reliable risk assessment and enforce complex policies with greater
confidence and interpretability.

Future work should focus on scalable implementations, enhanced integration with legacy

infrastructure, and improved explainability to foster trust among security professionals. Ultimately,
neurosymbolic Al holds significant potential to fortify cybersecurity defenses against evolving

threats in dynamic and high-stakes environments.

References

1.

Russell, S., & Norvig, P. (2021). Artificial Intelligence: A Modern Approach (4th ed.).
Pearson.(Comprehensive Al concepts including symbolic and neural approaches.)
Gunning, D. (2017). Explainable Artificial Intelligence (XAI). Defense Advanced
Research Projects Agency (DARPA).

Cheng, R., Hota, C., & Garg, S. (2022). Neurosymbolic Al: The State of the Art and
Future Directions. arXiv preprint arXiv:2205.14459.

Goodfellow, L., Shlens, J., & Szegedy, C. (2015). Explaining and Harnessing Adversarial
Examples. International Conference on Learning Representations (ICLR).

Biggio, B., & Roli, F. (2018). Wild Patterns: Ten Years After the Rise of Adversarial
Machine Learning. Pattern Recognition, 84, 317-331

Papernot, N., McDaniel, P., & Goodfellow, I. (2016). Transferability in Machine
Learning: From Phenomena to Black-Box Attacks Using Adversarial Samples. arXiv
preprint arXiv:1605.07277.

Huang, L., Joseph, A. D., Nelson, B., Rubinstein, B. I. P., & Tygar, J. D. (2011).
Adversarial Machine Learning. Proceedings of the 4th ACM Workshop on Security and
Artificial Intelligence, 43-58.

https.//doi.org/10.26524/royal.239.29 144 | Page



