Australian Journal of Machine Learning Research & Applications
By Sydney Academics 251

Neuro symbolic Computing - Integration and Applications: Exploring
approaches for integrating symbolic reasoning with neural networks to

enable more interpretable and flexible Al systems

By Dr. Marc Hansenne

Professor of Geomatics Engineering, Université Laval, Canada

Neuro-symbolic computing represents a promising paradigm for Al, combining the strengths
of symbolic reasoning and neural networks. This paper explores the integration of these two
approaches, aiming to enhance the interpretability and flexibility of Al systems. We survey
existing methods for neuro-symbolic computing and analyze their applications across various
domains. Additionally, we discuss challenges and future directions in this field, highlighting

the potential impact of neuro-symbolic computing on advancing Al research and applications.
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1. Introduction

Neuro-symbolic computing represents a novel approach in artificial intelligence (AI) that
seeks to integrate the strengths of symbolic reasoning with neural networks. Symbolic
reasoning has long been a cornerstone of Al, allowing for precise, rule-based manipulation of
abstract concepts. On the other hand, neural networks excel at learning complex patterns from
data, enabling them to tackle tasks such as image recognition and natural language processing
with remarkable success. By combining these two paradigms, neuro-symbolic computing
aims to create Al systems that are not only powerful and accurate but also interpretable and

flexible.

The integration of symbolic reasoning and neural networks has the potential to revolutionize

several fields where Al is applied. For example, in natural language understanding, neuro-
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symbolic models can leverage symbolic rules for grammar and semantics while benefiting
from the data-driven learning capabilities of neural networks. Similarly, in robotics, neuro-
symbolic systems can combine high-level symbolic reasoning for task planning with low-level

neural control for dexterity and adaptability.

This paper provides an overview of neuro-symbolic computing, discussing its importance and
potential applications. We also survey existing approaches to neuro-symbolic computing,
highlighting their strengths and limitations. Additionally, we explore the challenges in
integrating symbolic and subsymbolic approaches and discuss future directions for research
in this exciting field. By shedding light on the promise of neuro-symbolic computing, we hope

to inspire further innovation and collaboration in the AI community.

2. Background

The evolution of Al has seen the rise of two distinct paradigms: symbolic reasoning and neural
networks. Symbolic reasoning, rooted in logic and mathematics, allows Al systems to
manipulate symbols and rules to derive conclusions. Early Al systems, such as expert systems,
relied heavily on symbolic reasoning to solve problems in areas like medicine, finance, and

engineering.

Neural networks, on the other hand, are computational models inspired by the structure and
function of the human brain. They consist of interconnected nodes, or neurons, that process
information and learn from data through a process known as training. Neural networks have
proven to be highly effective in tasks such as image recognition, speech recognition, and
natural language processing, thanks to their ability to learn complex patterns from large

datasets.

Despite their individual strengths, both symbolic reasoning and neural networks have
limitations. Symbolic reasoning struggles with handling uncertainty and learning from data,
while neural networks often lack transparency and interpretability, making it difficult to
understand their decisions. Neuro-symbolic computing seeks to overcome these limitations

by combining the strengths of both approaches.
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The motivation for neuro-symbolic computing stems from the recognition that many real-
world problems require a combination of symbolic reasoning and data-driven learning. For
example, in natural language understanding, a system must be able to interpret the meaning
of a sentence based on grammatical rules and semantic knowledge while also recognizing
patterns from a corpus of text. Neuro-symbolic computing aims to create Al systems that can

perform such tasks with a high level of accuracy, interpretability, and flexibility.

3. Approaches to Neuro-symbolic Computing

Several approaches have been proposed for integrating symbolic reasoning with neural
networks in neuro-symbolic computing. These approaches can be broadly categorized into

hybrid architectures, neural modules, and neuro-symbolic embeddings.

Hybrid architectures combine symbolic reasoning modules with neural networks in a unified
framework. In these architectures, symbolic rules and logic are used to guide the learning
process of the neural network, providing high-level constraints and guidance. One example
of such an architecture is the Neuro-Symbolic Concept Learner (NS-CL), which combines
symbolic reasoning with neural network-based concept learning to perform tasks such as

visual question answering and program induction.

Neural modules are specialized components within a neural network that are designed to
perform specific symbolic reasoning tasks. These modules can be trained end-to-end with the
rest of the network, allowing for seamless integration of symbolic and subsymbolic reasoning.
For example, the Neural Module Networks (NMNs) framework uses neural modules to
perform reasoning over visual and textual inputs, enabling the network to answer complex

questions by composing simple modules.

Neuro-symbolic embeddings represent symbolic knowledge in a continuous vector space,
allowing it to be integrated with neural network architectures. Symbolic entities such as
words, predicates, and logical rules are embedded into a continuous vector space using
techniques such as word embeddings and graph embeddings. This enables neural networks
to reason about symbolic concepts using continuous operations, bridging the gap between

symbolic and subsymbolic reasoning.
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Each of these approaches has its advantages and limitations, and the choice of approach
depends on the specific requirements of the task at hand. By combining symbolic reasoning
with neural networks, neuro-symbolic computing offers a powerful framework for building

Al systems that are both interpretable and flexible.

4. Applications of Neuro-symbolic Computing

Neuro-symbolic computing has a wide range of applications across various domains, thanks
to its ability to combine the strengths of symbolic reasoning and neural networks. Some of the

key applications of neuro-symbolic computing include:

1. Natural Language Understanding and Generation: Neuro-symbolic models have
been used to improve the accuracy and interpretability of natural language processing
tasks such as machine translation, question answering, and summarization. By
combining symbolic rules for grammar and semantics with neural networks for

learning from data, these models can achieve state-of-the-art performance.

2. Robotics and Autonomous Systems: In robotics, neuro-symbolic systems can
combine high-level symbolic reasoning for task planning with low-level neural control
for dexterity and adaptability. This allows robots to perform complex tasks in dynamic

environments with a high degree of autonomy.

3. Knowledge Representation and Reasoning: Neuro-symbolic computing offers a
powerful framework for representing and reasoning with complex knowledge
structures. By combining symbolic representations with neural networks, Al systems

can reason about large-scale knowledge bases and make informed decisions.

4. Computational Biology and Chemistry: In the field of computational biology and
chemistry, neuro-symbolic computing has been used to model complex biological
systems and predict molecular properties. By integrating symbolic knowledge about
molecular structures with neural networks, researchers can develop more accurate

models for drug discovery and protein folding.

5. Game Playing and Strategy Development: Neuro-symbolic computing has also been

applied to game playing and strategy development, where it has been used to develop
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Al systems that can learn complex strategies from data while also incorporating

symbolic rules for game rules and strategies.

These applications demonstrate the versatility and potential impact of neuro-symbolic
computing across a wide range of domains. By combining symbolic reasoning with neural
networks, neuro-symbolic computing offers a powerful framework for building Al systems
that are both interpretable and flexible, paving the way for exciting new advances in Al

research and applications.

5. Advantages and Challenges
Advantages of Neuro-symbolic Computing:

e Enhanced Interpretability and Explainability: By integrating symbolic reasoning
with neural networks, neuro-symbolic computing can produce Al systems that are
more transparent and easier to interpret. This is crucial for applications where
understanding the decision-making process is essential, such as healthcare and

finance.

e Improved Flexibility and Adaptability: Neuro-symbolic models can leverage the
flexibility of neural networks to learn from data while also incorporating symbolic
rules for reasoning. This allows them to adapt to new tasks and environments more

easily than traditional symbolic Al systems.
Challenges of Neuro-symbolic Computing:

e Integrating Symbolic and Subsymbolic Approaches: One of the main challenges in
neuro-symbolic computing is how to effectively integrate symbolic reasoning with
neural networks. Ensuring that the two components can communicate and collaborate

seamlessly is a non-trivial task.

e Scalability and Efficiency: Neuro-symbolic models can be more computationally
expensive than purely neural approaches, especially when dealing with large-scale

knowledge bases or complex reasoning tasks. Finding efficient algorithms and
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architectures is essential for scaling neuro-symbolic computing to real-world

applications.

Despite these challenges, the potential benefits of neuro-symbolic computing are significant,
and ongoing research is focused on addressing these challenges to unlock the full potential of

this emerging field.

6. Future Directions

The field of neuro-symbolic computing is still in its early stages, and there are several exciting

directions for future research and development. Some of the key areas of focus include:

e Standardized Frameworks and Tools: Developing standardized frameworks and
tools for neuro-symbolic computing will be crucial for advancing the field. This
includes standardizing model architectures, data formats, and evaluation metrics to

enable comparison and reproducibility across different studies.

e Ethical Implications and Societal Impact: As neuro-symbolic computing becomes
more prevalent in Al applications, it will be important to consider the ethical
implications and societal impact of these technologies. This includes ensuring fairness,
transparency, and accountability in Al systems developed using neuro-symbolic

computing,.

e Incorporating Neuro-symbolic Computing into Mainstream AI Research: As neuro-
symbolic computing matures, it is likely to become an integral part of mainstream Al
research. This will require collaboration between researchers from different

disciplines, including computer science, neuroscience, and cognitive psychology.

e Exploring New Applications and Domains: Neuro-symbolic computing has the
potential to revolutionize many fields beyond those currently explored. Future
research could explore new applications in areas such as education, social robotics,

and creative arts.
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By addressing these challenges and exploring new directions, neuro-symbolic computing has
the potential to significantly advance the field of Al and create more intelligent, interpretable,

and flexible Al systems.

7. Case Studies and Experiments
Neuro-Symbolic Concept Learner (NS-CL):

e Description: NS-CL is a neuro-symbolic framework that combines symbolic reasoning
with neural network-based concept learning. It has been applied to tasks such as visual

question answering and program induction.

o Experimental Results: NS-CL has demonstrated improved performance compared to
traditional neural networks in tasks requiring both symbolic reasoning and data-

driven learning. It has achieved state-of-the-art results in several benchmarks.
Neural Module Networks (NMNs):

e Description: NMNs are neural network architectures that use neural modules to
perform specific symbolic reasoning tasks. They have been applied to tasks such as

visual question answering and image captioning.

o Experimental Results: NMNs have shown improved performance compared to
traditional neural networks in tasks requiring compositional reasoning and symbolic

manipulation. They have achieved competitive results in various benchmarks.
Neuro-Symbolic Embeddings:

e Description: Neuro-symbolic embeddings represent symbolic knowledge in a
continuous vector space, allowing it to be integrated with neural networks. They have

been applied to tasks such as knowledge graph completion and link prediction.

e Experimental Results: Neuro-symbolic embeddings have shown promise in
improving the performance of neural networks in tasks requiring symbolic reasoning.
They have achieved competitive results in various knowledge graph completion

benchmarks.
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These case studies demonstrate the effectiveness of neuro-symbolic computing in combining
symbolic reasoning with neural networks to solve complex Al tasks. Further research and
experimentation are needed to explore the full potential of neuro-symbolic computing in

various applications and domains.

8. Conclusion

Neuro-symbolic computing represents a promising approach to Al that combines the
strengths of symbolic reasoning and neural networks. By integrating symbolic reasoning with
neural networks, neuro-symbolic computing offers a powerful framework for building Al
systems that are both interpretable and flexible. This paper has provided an overview of
neuro-symbolic computing, discussing its importance, approaches, applications, advantages,

and challenges.

Moving forward, there are several key areas for future research and development in neuro-
symbolic computing. Standardizing frameworks and tools, addressing ethical implications,
incorporating neuro-symbolic computing into mainstream Al research, and exploring new

applications and domains are all important directions for advancing the field.

Overall, neuro-symbolic computing has the potential to significantly advance the field of Al
and create more intelligent, interpretable, and flexible Al systems. By continuing to innovate
and collaborate in this exciting field, researchers can unlock new possibilities for Al and
contribute to a future where Al systems are not only powerful but also understandable and

adaptable.
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