
Journal of Bioinformatics and Artificial Intelligence  
By BioTech Journal Group, Singapore  23 
 

 
Journal of Bioinformatics and Artificial Intelligence  

Volume 2 Issue 2 
Semi Annual Edition | Jul - Dec, 2022 

This work is licensed under CC BY-NC-SA 4.0. 

Neural-symbolic Integration - Bridging the Gap: Exploring approaches 

for integrating neural networks and symbolic reasoning to enhance AI 

systems' capabilities 

By Dr. Andreas Petrou 

Professor of Electrical and Computer Engineering, Aristotle University of Thessaloniki (AUTH), 

Greece 

 

Abstract 

Neural-symbolic integration represents a compelling frontier in AI, offering the promise of 

combining the robust learning capabilities of neural networks with the structured, logical 

reasoning of symbolic AI. This paper presents a comprehensive review and analysis of the 

current state of neural-symbolic integration, focusing on approaches that bridge the gap 

between these two paradigms. We discuss key challenges, such as knowledge representation, 

learning from limited data, and ensuring interpretability, and survey recent advancements in 

neural-symbolic integration. We also highlight promising directions for future research and 

discuss potential applications of neural-symbolic systems in various domains. 
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1. Introduction 

Neural networks and symbolic reasoning have long been regarded as two foundational pillars 

of artificial intelligence (AI), each with its strengths and limitations. While neural networks 

excel at learning complex patterns from data, they often lack transparency and struggle with 

symbolic reasoning tasks that require logical inference and explicit representation of 

knowledge. On the other hand, symbolic reasoning approaches, such as logic-based systems, 

are well-suited for tasks that demand explicit representation of knowledge and logical 
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inference but often struggle with handling uncertainty and learning from large-scale, complex 

data. 

The integration of neural networks and symbolic reasoning, known as neural-symbolic 

integration, has emerged as a promising approach to combine the strengths of both 

paradigms. By bridging the gap between neural networks and symbolic reasoning, neural-

symbolic integration aims to enhance AI systems' capabilities in reasoning, learning, and 

decision-making, while also improving their interpretability and explainability. 

This paper presents a comprehensive review and analysis of the current state of neural-

symbolic integration. We discuss the historical context of neural networks and symbolic AI, 

the evolution of neural-symbolic integration, key concepts, and terminologies. We also 

explore various approaches to neural-symbolic integration, including hybrid models, learning 

representations for symbolic reasoning, using neural networks as symbolic reasoning engines, 

and integrating neural networks with knowledge graphs and ontologies. 

Furthermore, we highlight the challenges associated with neural-symbolic integration, such 

as knowledge representation and reasoning, learning from limited data, ensuring 

interpretability and explainability, as well as scalability and efficiency. We also discuss recent 

advancements in neural-symbolic integration, including applications in natural language 

understanding, robotics, program synthesis, and decision-making. 

Finally, we outline future directions for research in neural-symbolic integration, emphasizing 

the need to incorporate uncertainty into neural-symbolic systems, address ethical and societal 

implications, and advance interdisciplinary research. We also discuss potential applications 

of neural-symbolic integration in healthcare, finance, education, and scientific discovery. 

 

2. Background 

Neural networks and symbolic reasoning have distinct origins and characteristics, yet both 

have played crucial roles in the development of AI. Neural networks, inspired by the 

biological neural networks in the human brain, are computational models composed of 

interconnected nodes, or neurons, that process information through a series of weighted 

connections. Symbolic reasoning, on the other hand, is based on formal logic and involves the 
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manipulation of symbols according to predefined rules to perform tasks such as reasoning, 

planning, and knowledge representation. 

The history of neural networks dates back to the 1940s, with the pioneering work of Warren 

McCulloch and Walter Pitts on modeling the brain's neural activity using mathematical 

algorithms. The perceptron, introduced by Frank Rosenblatt in 1957, marked a significant 

milestone in neural network research, demonstrating the potential for artificial systems to 

learn from examples. However, neural networks fell out of favor in the 1970s and 1980s due 

to limitations in their learning capabilities and the rise of symbolic AI approaches, such as 

expert systems. 

Symbolic AI, characterized by the use of logical rules and explicit knowledge representation, 

gained prominence in the 1960s and 1970s with the development of systems like SHRDLU, a 

natural language understanding program. Expert systems, which emerged in the 1980s, 

further demonstrated the effectiveness of symbolic reasoning for tasks such as medical 

diagnosis and financial analysis. However, symbolic AI faced challenges in handling 

uncertainty, learning from data, and scaling to large, complex problems. 

The integration of neural networks and symbolic reasoning began to garner attention in the 

1990s, fueled by advances in both fields and the recognition of their complementary nature. 

Early approaches to neural-symbolic integration focused on combining neural networks with 

symbolic reasoning systems to leverage their respective strengths. Over the years, research in 

neural-symbolic integration has evolved to encompass a wide range of approaches, including 

learning symbolic representations from neural networks, using neural networks as symbolic 

reasoning engines, and integrating neural networks with structured knowledge 

representations such as knowledge graphs and ontologies. 

In recent years, neural-symbolic integration has witnessed renewed interest and rapid 

progress, driven by advancements in deep learning, computational neuroscience, and 

cognitive science. The integration of neural networks and symbolic reasoning holds the 

promise of overcoming the limitations of each approach individually, leading to more robust, 

intelligent, and interpretable AI systems. 

 

3. Approaches to Neural-symbolic Integration 
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Neural-symbolic integration encompasses a variety of approaches that seek to combine the 

strengths of neural networks and symbolic reasoning. These approaches can be broadly 

categorized into four main types: hybrid models, learning representations for symbolic 

reasoning, using neural networks as symbolic reasoning engines, and integrating neural 

networks with knowledge graphs and ontologies. 

Hybrid Models: One approach to neural-symbolic integration involves combining neural 

networks and symbolic reasoning components into a single, integrated model. These hybrid 

models often consist of a neural network module for learning patterns from data and a 

symbolic reasoning module for performing logical inference and knowledge representation. 

By combining these two components, hybrid models can leverage the strengths of both 

approaches to tackle complex AI tasks that require both learning from data and logical 

reasoning. For a detailed analysis of blockchain identity scalability, refer to Shaik, 

Mahammad, et al. (2019). 

Learning Representations for Symbolic Reasoning: Another approach is to use neural 

networks to learn representations that are suitable for symbolic reasoning. In this approach, 

neural networks are trained to encode input data into a structured representation that can be 

manipulated by symbolic reasoning algorithms. This enables neural networks to learn to 

perform tasks that require symbolic reasoning, such as logical inference and rule-based 

decision-making, by operating on the learned representations. 

Using Neural Networks as Symbolic Reasoning Engines: In this approach, neural networks 

are used as symbolic reasoning engines, capable of performing logical inference and rule-

based reasoning directly. This can be achieved by training neural networks to mimic the 

behavior of symbolic reasoning algorithms or by designing neural network architectures that 

are inherently capable of performing symbolic reasoning tasks. Using neural networks as 

symbolic reasoning engines enables them to learn to perform tasks that traditionally require 

symbolic reasoning, such as planning, problem-solving, and decision-making. 

Integrating Neural Networks with Knowledge Graphs and Ontologies: Knowledge graphs 

and ontologies are structured representations of knowledge that capture relationships 

between entities and concepts. Integrating neural networks with knowledge graphs and 

ontologies enables AI systems to leverage symbolic knowledge for tasks such as question 

answering, information retrieval, and knowledge reasoning. This integration can be achieved 
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by incorporating knowledge graph embeddings into neural network models or by designing 

neural network architectures that are capable of operating on structured knowledge 

representations. 

Overall, these approaches to neural-symbolic integration highlight the potential of combining 

neural networks and symbolic reasoning to enhance AI systems' capabilities in reasoning, 

learning, and decision-making. By bridging the gap between these two paradigms, neural-

symbolic integration opens up new possibilities for developing more intelligent, interpretable, 

and robust AI systems. 

 

4. Challenges in Neural-symbolic Integration 

Despite the promise of neural-symbolic integration, several challenges need to be addressed 

to realize its full potential. These challenges span various aspects of AI, including knowledge 

representation and reasoning, learning from limited data, ensuring interpretability and 

explainability, as well as scalability and efficiency. 

Knowledge Representation and Reasoning: One of the key challenges in neural-symbolic 

integration is how to effectively represent and reason with symbolic knowledge. Neural 

networks typically operate on distributed representations of data, which can make it 

challenging to represent and manipulate symbolic knowledge, such as logical rules and facts. 

Developing methods for encoding symbolic knowledge into neural network-compatible 

representations and designing neural network architectures capable of symbolic reasoning 

are active areas of research in neural-symbolic integration. 

Learning from Limited Data: Neural networks excel at learning patterns from large-scale data 

but often struggle with learning from limited or noisy data, which is common in symbolic 

reasoning tasks. Integrating symbolic reasoning capabilities into neural networks can help 

mitigate this challenge by providing explicit rules and constraints that guide the learning 

process. However, developing effective methods for combining symbolic reasoning with 

neural learning remains a challenging problem. 

Ensuring Interpretability and Explainability: Neural networks are often criticized for their 

lack of interpretability and explainability, especially in complex decision-making scenarios. 
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Integrating symbolic reasoning into neural networks can help address this challenge by 

providing a transparent, rule-based framework for decision-making. However, achieving a 

balance between the expressive power of neural networks and the transparency of symbolic 

reasoning is a non-trivial task that requires careful design and evaluation. 

Scalability and Efficiency: Neural-symbolic integration also faces challenges related to 

scalability and efficiency, especially when dealing with large-scale, real-world problems. 

Neural networks are computationally intensive and can be challenging to scale to large 

datasets and complex models. Integrating symbolic reasoning with neural networks can 

introduce additional computational overhead, requiring innovative solutions for efficient 

implementation and deployment. 

Addressing these challenges is crucial for advancing neural-symbolic integration and 

realizing its potential to enhance AI systems' capabilities in reasoning, learning, and decision-

making. Continued research and development in neural-symbolic integration are essential for 

overcoming these challenges and paving the way for the next generation of intelligent, 

interpretable AI systems. 

 

5. Recent Advancements 

In recent years, significant progress has been made in neural-symbolic integration, driven by 

advancements in deep learning, computational neuroscience, and cognitive science. 

Researchers have developed a variety of novel approaches and techniques for combining 

neural networks and symbolic reasoning, leading to improvements in AI systems' capabilities 

in natural language understanding, robotics, program synthesis, and decision-making. 

Neural-symbolic Systems for Natural Language Understanding: One area where neural-

symbolic integration has shown promise is in natural language understanding. Researchers 

have developed hybrid models that combine neural networks with symbolic reasoning 

components to improve the accuracy and robustness of natural language processing tasks 

such as semantic parsing, question answering, and text generation. These models leverage the 

strengths of neural networks for learning from data and the expressiveness of symbolic 

reasoning for understanding complex linguistic structures. 
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Applications in Robotics and Autonomous Systems: Neural-symbolic integration has also 

been applied to robotics and autonomous systems, enabling robots to reason about their 

environment and make intelligent decisions. By combining neural networks with symbolic 

reasoning, researchers have developed robots that can learn from experience, plan actions, 

and interact with humans in a more natural and intuitive manner. These advancements have 

the potential to revolutionize industries such as manufacturing, healthcare, and 

transportation. 

Neural-symbolic Approaches to Program Synthesis: Program synthesis, the task of 

automatically generating programs from high-level specifications, has benefited from neural-

symbolic integration. Researchers have developed neural-symbolic systems that can learn to 

synthesize programs by combining neural networks for learning program representations 

with symbolic reasoning for generating correct and efficient programs. These systems have 

demonstrated impressive performance on a variety of program synthesis tasks, including 

code generation, bug fixing, and program verification. 

Integrating Neural-symbolic Reasoning for Decision-making: Another area of advancement 

in neural-symbolic integration is in decision-making. Researchers have developed hybrid 

models that combine neural networks with symbolic reasoning to improve decision-making 

in complex and uncertain environments. These models can learn to reason about uncertainty, 

incorporate domain knowledge, and make decisions that are robust and interpretable. 

Overall, these recent advancements in neural-symbolic integration highlight the potential of 

combining neural networks and symbolic reasoning to enhance AI systems' capabilities in a 

wide range of tasks. By leveraging the complementary strengths of these two paradigms, 

researchers are paving the way for a new generation of AI systems that are more intelligent, 

interpretable, and capable of human-like reasoning and understanding. 

 

6. Future Directions 

The field of neural-symbolic integration is rapidly evolving, with several exciting directions 

for future research and development. These directions span various aspects of AI, including 

incorporating uncertainty into neural-symbolic systems, addressing ethical and societal 
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implications, advancing interdisciplinary research, and exploring new applications of neural-

symbolic integration. 

Incorporating Uncertainty: One important direction for future research is incorporating 

uncertainty into neural-symbolic systems. Neural networks are inherently probabilistic, yet 

symbolic reasoning is typically deterministic. Finding ways to combine probabilistic 

reasoning with symbolic reasoning can lead to more robust and reliable AI systems that can 

reason under uncertainty and make more informed decisions. 

Addressing Ethical and Societal Implications: As neural-symbolic integration becomes more 

prevalent in AI systems, it is important to consider the ethical and societal implications of 

these technologies. Researchers and practitioners need to address issues such as fairness, 

accountability, transparency, and privacy to ensure that neural-symbolic systems are 

developed and deployed responsibly. 

Advancing Interdisciplinary Research: Neural-symbolic integration requires collaboration 

across multiple disciplines, including computer science, cognitive science, neuroscience, and 

philosophy. Advancing interdisciplinary research in neural-symbolic integration can lead to 

new insights and innovations that push the boundaries of AI and cognitive science. 

Exploring New Applications: Neural-symbolic integration opens up new possibilities for AI 

applications in areas such as healthcare, finance, education, and scientific discovery. 

Researchers can explore new ways to apply neural-symbolic systems to solve real-world 

problems and improve human well-being. 

Overall, the future of neural-symbolic integration is promising, with exciting opportunities 

for advancing AI research and technology. By continuing to explore new directions and 

challenges in neural-symbolic integration, researchers can unlock new capabilities and 

insights that will shape the future of AI. 

 

7. Applications of Neural-symbolic Integration 

Neural-symbolic integration has a wide range of applications across various domains, 

including healthcare, finance, education, and scientific discovery. By combining the strengths 
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of neural networks and symbolic reasoning, neural-symbolic systems can address complex 

problems and improve decision-making in these domains. 

Healthcare and Medical Diagnosis: In healthcare, neural-symbolic integration can be used to 

develop AI systems that can assist in medical diagnosis, treatment planning, and patient 

monitoring. By combining neural networks for pattern recognition with symbolic reasoning 

for medical knowledge representation, these systems can provide more accurate and 

personalized healthcare solutions. 

Finance and Business Analytics: In finance, neural-symbolic integration can be applied to 

develop AI systems for fraud detection, risk assessment, and financial forecasting. By 

combining neural networks for data analysis with symbolic reasoning for rule-based decision-

making, these systems can improve the efficiency and accuracy of financial operations. 

Education and Personalized Learning: In education, neural-symbolic integration can be used 

to develop AI systems that can personalize learning experiences for students. By combining 

neural networks for adaptive learning with symbolic reasoning for curriculum planning and 

assessment, these systems can provide tailored educational content and feedback to students. 

Scientific Discovery and Research: In scientific discovery, neural-symbolic integration can 

be applied to develop AI systems that can assist researchers in analyzing complex data sets 

and generating hypotheses. By combining neural networks for data mining with symbolic 

reasoning for hypothesis generation and validation, these systems can accelerate the pace of 

scientific discovery. 

Overall, the applications of neural-symbolic integration are diverse and impactful, with the 

potential to revolutionize various industries and domains. By leveraging the complementary 

strengths of neural networks and symbolic reasoning, neural-symbolic systems can address 

complex problems and improve decision-making in ways that were previously not possible. 

 

8. Conclusion 

Neural-symbolic integration represents a significant step forward in AI, offering a path to 

develop more intelligent, interpretable, and robust AI systems. By combining the strengths of 

neural networks and symbolic reasoning, neural-symbolic integration has the potential to 
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drive forward the field of AI and pave the way for a new generation of AI systems capable of 

human-level reasoning and understanding. 

In this paper, we have provided a comprehensive review and analysis of the current state of 

neural-symbolic integration, exploring approaches for integrating neural networks and 

symbolic reasoning to enhance AI systems' capabilities. We have discussed key challenges, 

recent advancements, future directions, and applications of neural-symbolic integration, 

highlighting its potential to revolutionize various industries and domains. 

Moving forward, it is essential to continue advancing research and development in neural-

symbolic integration, addressing challenges such as knowledge representation and reasoning, 

learning from limited data, ensuring interpretability and explainability, and scalability and 

efficiency. By overcoming these challenges and exploring new directions in neural-symbolic 

integration, researchers can unlock new capabilities and insights that will shape the future of 

AI. 
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