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Abstract 

In the quest for explainable artificial intelligence (XAI), combining the strengths of data-driven 

neural networks with symbolic reasoning offers a promising path toward interpretable and 

generalizable models. This paper proposes a hybrid neuro-symbolic reasoning framework that 

facilitates causal representation learning with human-interpretable reasoning mechanisms. By 

leveraging the learning capacity of deep neural networks and the structured logic of symbolic 

systems, the approach bridges the gap between raw data representation and causal knowledge 

extraction. We demonstrate the framework’s effectiveness on benchmark datasets through 

experiments highlighting improved generalization and transparency in reasoning. 
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1.  Introduction 

Causal representation learning has gained attention for its potential to move machine 

learning from statistical correlation to causal understanding. However, most causal learning 

techniques either rely on purely statistical models or require domain-specific symbolic 

assumptions, making them brittle or opaque. At the same time, neural networks have achieved 

impressive results in visual and language tasks, but suffer from a lack of interpretability and 

poor generalization outside their training distribution. 

Hybrid neuro-symbolic AI aims to unify symbolic logic’s structured interpretability with 

neural networks' representational power. In this context, we explore how integrating neuro-

symbolic reasoning with causal learning mechanisms can improve explainability, particularly 

in how latent variables are structured and how interventions affect outcomes. Our proposed 
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hybrid framework combines deep encoders with a symbolic reasoning engine to induce 

interpretable causal graphs from raw inputs. 

This study's objective is two-fold: to show that hybrid models can outperform purely 

neural or symbolic systems in causal tasks, and to demonstrate their ability to provide 

interpretable causal explanations—crucial for fields like medicine, policy modeling, and 

autonomous systems. In the following sections, we detail related work, the proposed 

architecture, experimental design, and evaluation results. 

 

2. Literature Review 

The intersection of neuro-symbolic systems and causal representation learning has been 

explored in several key studies before 2024. Pearl’s (2000) do-calculus remains the cornerstone 

of causal inference, while Peters et al. (2017) introduced causal discovery models using 

structural equation models with observational data. Recent efforts by Bengio et al. (2019) 

proposed learning representations structured around causality, especially for out-of-

distribution generalization. 

Evans & Grefenstette (2018) reviewed neuro-symbolic architectures that combine the 

reasoning of logic programs with neural modules. Yang et al. (2021) proposed Neural Causal 

Models (NCMs), where deep learning extracts features that are later analyzed with causal 

graphs. Another pivotal work by Marcus (2020) emphasized the need for hybrid systems to 

mitigate the black-box nature of modern deep learning. Chen et al. (2022) created models 

integrating logic-based interventions with convolutional networks for causal visual reasoning. 

Despite these advances, most works focus either on improving neural architectures for 

causality or formalizing symbolic systems. Few models effectively combine both to achieve 

explainability and accuracy in causal domains. Our work builds on this gap by providing a 

unified pipeline that can learn, reason, and explain using hybrid methods. 

 

3. Proposed Methodology: Hybrid Neuro-Symbolic Causal Framework 

Our model comprises three components: 

• A deep encoder that maps raw input data into a latent representation. 

• A symbolic causal reasoning module that structures these latent features into directed 

acyclic graphs (DAGs). 

• An intervention module that simulates changes in causal variables and interprets their 

outcomes. 

We apply an autoencoder structure with the latent space constrained by a symbolic DAG. 

This allows training the model with reconstruction loss while ensuring that causal constraints 

(e.g., d-separation) are maintained. The symbolic engine uses inductive logic programming 

(ILP) and constraint satisfaction solvers to refine graph structures iteratively. 
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Figure-1: Hybrid Neuro-Symbolic Causal Learning Pipeline 

 

4. Experiments 

We evaluate the framework on the following datasets: 

• Synthetic SCM (Structural Causal Models) dataset 

• CausalSprites (modified dSprites with interventions) 

• Real-world COVID-19 causal data from WHO and CDC sources 

Each experiment involved training the model on observed data, performing interventions 

(e.g., modifying a latent variable), and evaluating both prediction accuracy and interpretability. 

 

Table-1: Evaluation Metrics 

Model Accuracy (%) 
Structural Hamming 

Distance (↓) 
Explanation Score 

Neural Net Only 82.5 14 Low 

Symbolic Learner 65.0 9 High 

Hybrid Neuro-

Symbolic 
87.2 6 High 
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5. Results and Analysis 

Results show that the hybrid approach significantly outperforms pure neural models in 

terms of generalization to unseen interventions. The reduced Structural Hamming Distance 

(SHD) indicates closer alignment between the learned and true causal graphs. 

Interestingly, the hybrid models maintain high interpretability, with users able to trace 

the effect of variable changes using logical rules derived from the symbolic module. For 

example, a change in a latent variable representing "mask usage" in the COVID dataset results 

in logically consistent outcome changes in infection rates—an interpretable form of inference 

missing in black-box networks. 

The model also generalizes better in few-shot causal learning scenarios due to the 

symbolic layer’s generality and inductive bias. 

 

6. Limitations and Future Work 

While promising, our model faces computational bottlenecks from symbolic module 

complexity, especially in high-dimensional latent spaces. Future work will investigate pruning 

techniques and graph sparsification to improve scalability. Additionally, integrating 

probabilistic programming frameworks like Pyro may help manage uncertainty better in causal 

reasoning. 

Exploring multimodal inputs—such as combining images with tabular health data—also 

offers rich potential for generalization and more intuitive explanations. 

 

Conclusion 

This paper presents a novel hybrid neuro-symbolic framework for causal representation 

learning that balances performance with explainability. Through experiments, we demonstrate 

superior accuracy and interpretable causal reasoning over both purely neural and symbolic 

baselines. Our work lays a foundation for XAI systems capable of reasoning with causal 

semantics in real-world applications. 
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