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Abstract 
The limitations of conventional artificial intelligence have intensified interest in 

computational paradigms inspired by the adaptive, distributed and self-organising properties 

of living systems. Biological organisms continuously process information, adapt to changing 

environments, learn from experience, regulate internal states and coordinate complex 

behaviours despite limited computational resources. These capabilities provide important 

principles for developing next-generation artificial intelligence systems. This paper examines 

biological intelligence as a computational paradigm and investigates how mechanisms 

observed in living systems can inform the design of adaptive, embodied, energy-efficient and 

resilient AI. Particular attention is given to neural computation, cellular intelligence, 

collective behaviour, evolutionary adaptation, predictive regulation, homeostasis, 

morphological computation and biological memory. The paper proposes a conceptual 

framework in which future AI systems integrate distributed information processing, 

embodied interaction, self-organisation, continual learning and adaptive resource allocation. 

The study further explores applications in autonomous robotics, edge intelligence, healthcare, 

environmental monitoring, swarm systems and adaptive manufacturing. A comparative 

analysis highlights fundamental differences between conventional AI architectures and 

biological intelligence, particularly in energy efficiency, robustness, contextual learning and 

adaptation under uncertainty. The paper also discusses challenges including the difficulty of 

translating biological mechanisms into computational architectures, limited theoretical 

understanding of intelligence in non-neural organisms and the trade-offs between biological 

fidelity and engineering practicality. It argues that the objective of bio-inspired AI should not 

be to reproduce biological systems literally, but to extract general computational principles 

from them. The convergence of neuroscience, synthetic biology, evolutionary computation, 

robotics and artificial intelligence could therefore establish a new generation of 

computational systems capable of learning, adapting and operating effectively in complex 

and unpredictable environments. 
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1. Introduction 
Artificial intelligence has achieved remarkable progress in recent years. 

Modern AI systems can: 

 Process enormous datasets.  

 Recognise complex patterns.  

 Generate language and images.  

 Optimise difficult problems.  

 Control autonomous systems.  

 Support scientific discovery.  

Nevertheless, important limitations remain. 

Many AI systems require: 

 Large quantities of training data.  

 Significant computational resources.  

 Energy-intensive hardware.  

 Extensive retraining when environments change.  

Biological organisms operate under very different conditions. 

A small biological organism can: 

 Sense its environment.  

 Learn from experience.  

 Adapt to changing conditions.  

 Coordinate multiple behaviours.  

 Repair damage.  

 Manage limited energy.  

 Respond to uncertainty.  

These capabilities raise an important question: 

 

What computational principles can artificial intelligence learn from living systems? 

This question motivates the concept of biological intelligence as a computational paradigm. 

 

2. Defining Biological Intelligence 
Biological intelligence can be broadly understood as the capacity of living systems to: 

 Sense.  

 Process information.  

 Learn.  

 Adapt.  

 Predict.  
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 Act.  

 Maintain internal stability.  

Importantly, intelligence is not restricted to the human brain. 

Examples can be observed at multiple biological levels: 

 

Molecular → Cellular → Organismal → Collective 

This suggests that intelligence may emerge from distributed interactions rather than from a 

single central processor. 

 

3. Biological Systems as Computational Systems 
Living systems continuously transform information. 

For example: 

 

Environmental Signal → Sensory Detection → Internal Processing → Response 

A cell follows a comparable pattern: 

 

Chemical Signal → Molecular Network → Cellular Decision → Physiological Response 

A social insect colony operates through: 

 

Local Information → Individual Action → Collective Behaviour 

These systems demonstrate different forms of information processing. 

 

4. Beyond Brain-Centred Intelligence 
Conventional AI research has historically focused heavily on neural computation. 

Biological intelligence offers a broader perspective. 

Intelligent behaviour can emerge from: 

 Neurons.  

 Cells.  

 Immune systems.  

 Microbial communities.  

 Social insects.  

 Animal groups.  

 Ecosystems.  

This expands the design space for AI. 

 

5. Distributed Intelligence 
Biological systems frequently distribute computation across many components. 

The human nervous system contains enormous numbers of interacting neurons. 

Similarly, ant colonies achieve sophisticated collective behaviour without a central controller. 

This suggests an important principle: 
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Complex intelligence can emerge from simple local interactions. 

Future AI architectures could exploit similar decentralisation. 

 

6. Self-Organisation 
Self-organisation occurs when complex structures emerge from local interactions without 

central control. 

Examples include: 

 Neural development.  

 Tissue formation.  

 Ant colony organisation.  

 Bird flocking.  

 Microbial communities.  

For AI, self-organisation could reduce the need for manually engineered global control 

structures. 

 

7. Adaptation 
Biological systems are continuously adaptive. 

An organism does not necessarily require complete retraining when circumstances change. 

Instead, it adjusts its behaviour based on: 

 Experience.  

 Environmental feedback.  

 Internal state.  

 Available resources.  

This is a major design challenge for conventional AI. 

 

8. Continual Learning 
Living organisms learn throughout their lives. 

This contrasts with many conventional machine-learning systems that are trained using fixed 

datasets. 

A biologically inspired AI should ideally support: 

 

Learning → Adaptation → New Experience → Further Learning 

without catastrophic loss of previously acquired knowledge. 

 

9. Homeostasis 
Homeostasis refers to the maintenance of relatively stable internal conditions despite 

environmental variation. 

Examples include regulation of: 

 Temperature.  

 Glucose.  
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 Water.  

 Oxygen.  

 Energy availability.  

Homeostasis provides a useful model for adaptive AI. 

An AI system could continuously monitor its internal computational state and adjust resource 

allocation accordingly. 

 

10. Allostasis and Predictive Regulation 
Biological systems do not merely react to environmental changes. 

They often anticipate future conditions. 

This can be described as: 

 

Current State → Prediction → Preparation → Response 

AI systems could use similar mechanisms to become more proactive rather than purely 

reactive. 

 

11. Energy Efficiency 
Biological intelligence is exceptionally energy-efficient compared with many large 

computational systems. 

The human brain operates with a relatively small energy budget while performing highly 

complex tasks. 

This motivates research into: 

 Neuromorphic hardware.  

 Sparse computation.  

 Event-driven processing.  

 Local learning.  

 Adaptive resource allocation.  

 

12. Neuromorphic Computing 
Neuromorphic computing attempts to reproduce aspects of neural information processing in 

hardware. 

Rather than relying exclusively on conventional digital architectures, neuromorphic systems 

may use: 

 Spiking neurons.  

 Event-driven computation.  

 Parallel processing.  

 Local synaptic updates.  

Such approaches may enable highly efficient AI at the edge. 

 

 

http://www.ajamri.com/


 

American Journal of Advanced Multidisciplinary 

Research and Innovation (AJAMRI) 

 

E-ISSN: XXXX-XXXX   ●   Website: www.ajamri.com   ●   Email: editor@ajamri.com 

 

  

AJAMRI Volume 7, Issue 4, July-August 2025 44 

 

13. Spiking Neural Networks 
Biological neurons communicate through temporal electrical events. 

Spiking neural networks attempt to model this behaviour. 

Information can therefore be encoded through: 

 Spike timing.  

 Spike frequency.  

 Network activity.  

This may provide computational advantages for certain real-time applications. 

 

14. Embodied Intelligence 
Biological intelligence cannot be separated completely from the body. 

An organism: 

 

Senses → Moves → Interacts → Learns 

Its physical structure contributes to its computational capabilities. 

This concept is known as embodied intelligence. 

 

15. Morphological Computation 
Morphological computation occurs when physical structures themselves contribute to 

information processing. 

For example, the physical properties of an animal's body can simplify movement control. 

In robotics, carefully designed morphology can reduce computational requirements. 

 

16. Adaptive Robotics 
Biologically inspired robots could combine: 

 Adaptive control.  

 Embodied sensing.  

 Distributed computation.  

 Continual learning.  

Such robots may operate more effectively in unpredictable environments than systems 

relying entirely on pre-programmed behaviours. 

 

17. Evolution as an Optimisation Process 
Biological evolution provides another computational paradigm. 

Natural selection explores enormous design spaces over generations. 

Evolutionary computation translates some of these principles into algorithms. 

Examples include: 

 Genetic algorithms.  

 Evolutionary strategies.  

 Genetic programming.  
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 Neuroevolution.  

 

18. Evolutionary Adaptation 
Evolution demonstrates how complex solutions can emerge without a central designer. 

The process can be simplified as: 

 

Variation → Selection → Reproduction → Adaptation 

AI systems can use similar processes to search large solution spaces. 

 

19. Collective Intelligence 
Individual organisms may have limited intelligence while groups can demonstrate 

sophisticated behaviour. 

Examples include: 

 Ant colonies.  

 Bee colonies.  

 Termite colonies.  

 Bird flocks.  

 Fish schools.  

The intelligence emerges from interactions among individuals. 

 

20. Swarm Intelligence 
Swarm intelligence translates collective biological behaviour into computational methods. 

Algorithms inspired by biological swarms can solve: 

 Optimisation problems.  

 Routing problems.  

 Scheduling problems.  

 Search problems.  

 Distributed coordination problems.  

 

21. Decentralised Decision-Making 
Biological collectives rarely require complete global information. 

Individual agents operate using local observations. 

Yet collective behaviour can remain coordinated. 

This principle is valuable for: 

 Multi-robot systems.  

 Distributed sensor networks.  

 Autonomous vehicles.  

 Edge computing.  
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22. Cellular Intelligence 
Cells demonstrate surprisingly sophisticated information processing. 

They can: 

 Detect environmental signals.  

 Integrate multiple inputs.  

 Change gene expression.  

 Adapt metabolism.  

 Communicate with neighbouring cells.  

This suggests that computational intelligence can occur without a nervous system. 

 

23. Gene Regulatory Networks 
Gene regulatory networks can be viewed as biological information-processing systems. 

They integrate molecular signals and control cellular responses. 

Computational models of these networks may inspire: 

 Adaptive controllers.  

 Dynamic AI architectures.  

 Context-sensitive decision systems.  

 

24. Immune-System Intelligence 
The immune system provides another model of distributed learning. 

It can: 

 Detect threats.  

 Distinguish between biological patterns.  

 Adapt to new threats.  

 Maintain memory.  

These principles have inspired artificial immune systems. 

 

25. Biological Memory 
Biological memory exists at multiple levels. 

Examples include: 

 Synaptic memory.  

 Immune memory.  

 Cellular memory.  

 Epigenetic memory.  

These systems demonstrate that memory can be distributed, adaptive and context-dependent. 

 

26. Context-Dependent Intelligence 
Biological responses depend heavily on context. 

The same stimulus may generate different responses depending on: 

 Internal state.  
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 Previous experience.  

 Environmental conditions.  

 Available resources.  

AI systems that incorporate contextual state could become more flexible. 

 

27. Prediction and Active Inference 
Living organisms continuously predict aspects of their environment. 

They compare: 

 

Expected State 

With 

 

Observed State 

and adjust behaviour when discrepancies occur. 

This provides a conceptual foundation for predictive and adaptive AI systems. 

 

28. Learning Through Interaction 
Biological learning occurs through interaction with the environment. 

An organism does not simply consume a static dataset. 

Instead: 

 

Action → Environmental Response → Learning → New Action 

This is closely related to reinforcement learning. 

 

29. Reinforcement Learning and Biological Behaviour 
Reinforcement learning has been influenced by theories of animal learning. 

Agents learn by balancing: 

 Exploration.  

 Exploitation.  

 Reward.  

 Risk.  

Future AI could incorporate richer biological models of motivation and adaptive behaviour. 

 

30. Multi-Scale Intelligence 
Biological intelligence operates across multiple scales. 

For example: 

Molecular 

↓ 

Cellular 

↓ 
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Organism 

↓ 

Group 

↓ 

Ecosystem 

 

Each level interacts with the others. 

This suggests that future AI systems may need hierarchical architectures. 

 

31. Hierarchical Intelligence 
A hierarchical AI system could contain: 

 

Level 1 — Local Processing 

Immediate sensory information. 

 

Level 2 — Behavioural Coordination 

Short-term actions. 

 

Level 3 — Strategic Planning 

Long-term objectives. 

 

Level 4 — Meta-Adaptation 

Modification of the system itself. 

This resembles biological organisation across scales. 

 

32. Biological Intelligence and Edge AI 
Biological systems process information locally whenever possible. 

This principle is valuable for edge computing. 

Instead of: 

 

Sensor → Cloud → Decision 

future systems could use: 

 

Sensor → Local Intelligence → Action 

This can reduce: 

 Latency.  

 Communication requirements.  

 Energy consumption.  
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33. Applications in Healthcare 
Biologically inspired AI could support: 

 Adaptive prosthetics.  

 Brain–computer interfaces.  

 Personalised monitoring.  

 Intelligent medical devices.  

 Adaptive rehabilitation.  

Systems could continuously adjust to changing physiological conditions. 

 

34. Autonomous Robotics 
Robots operating in complex environments require: 

 Robust perception.  

 Adaptability.  

 Efficient energy use.  

 Real-time decision-making.  

Biological principles could provide alternatives to rigid pre-programmed control. 

 

35. Environmental Monitoring 
Distributed biological intelligence can inspire environmental sensor networks. 

Individual nodes can perform local processing while collectively detecting: 

 Pollution.  

 Temperature changes.  

 Ecological disturbances.  

 Natural hazards.  

 

36. Swarm Robotics 
Swarm robots could cooperate using local communication. 

Applications include: 

 Search and rescue.  

 Environmental mapping.  

 Agriculture.  

 Infrastructure inspection.  

 Disaster response.  

 

37. Adaptive Manufacturing 
Manufacturing systems can use biological principles to become more resilient. 

For example: 

 Machines can adapt to disruptions.  

 Production networks can reorganise.  

 Local controllers can compensate for failures.  
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This creates a more decentralised manufacturing ecosystem. 

 

38. Biological Intelligence for Cybersecurity 
Immune-system principles can inspire cybersecurity architectures. 

A cyber-defence system could: 

 

Detect → Classify → Adapt → Remember → Respond 

This provides a model for continuously evolving threat detection. 

 

39. Resilience Through Redundancy 
Biological systems often tolerate component failures. 

This is achieved through: 

 Redundancy.  

 Distributed control.  

 Regeneration.  

 Adaptive compensation.  

AI systems can incorporate similar principles to improve robustness. 

 

40. Self-Healing AI 
Future computational systems may detect and compensate for internal failures. 

Possible capabilities include: 

 Fault detection.  

 Model adaptation.  

 Resource reallocation.  

 Redundant computation.  

 Automated recovery.  

This could be especially important for autonomous infrastructure. 

 

41. Proposed Bio-Inspired AI Framework 
A next-generation architecture could integrate seven principles: 

1. Distributed intelligence  

2. Continual learning  

3. Self-organisation  

4. Embodied interaction  

5. Predictive regulation  

6. Energy-aware computation  

7. Collective adaptation  

 

42. Conceptual Architecture 
The proposed framework can be represented as: 
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Environment 

↓ 

Distributed Sensing 

↓ 

Local Information Processing 

↓ 

Collective Knowledge Integration 

↓ 

Prediction 

↓ 

Decision 

↓ 

Physical Action 

↓ 

Environmental Feedback 

↓ 

Continual Adaptation 

 

This creates a closed-loop intelligent system. 

43. Comparison with Conventional AI 
Dimension Conventional AI Biologically Inspired AI 

Learning Often dataset-driven Continuous and experience-driven 

Architecture Frequently centralised Distributed 

Adaptation Often retraining-based Continual 

Energy use Often high Energy-aware 

Control Centralised Local + collective 

Memory Explicit computational storage Distributed/adaptive 

Embodiment Often optional Fundamental 

Robustness Model-dependent Adaptation and redundancy 

Environment Often predefined Dynamic 

Evolution Usually external Potentially intrinsic 

 

44. Research Questions 
1. What computational principles of living systems are most transferable to AI?  

2. Can biological self-organisation improve AI scalability?  
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3. How can continual learning be implemented without catastrophic forgetting?  

4. Can neuromorphic architectures achieve substantial energy-efficiency improvements?  

5. How can collective intelligence improve distributed AI?  

6. Can morphological computation reduce the computational requirements of robotics?  

7. How can biological homeostasis inspire adaptive AI resource management?  

8. Can immune-system principles improve AI robustness and cybersecurity?  

9. What role should embodiment play in next-generation intelligent systems?  

10. How can biological intelligence inform autonomous and self-healing AI?  

 

45. Future Research Directions 
Future research should investigate: 

 Neuromorphic processors.  

 Spiking neural networks.  

 Artificial life.  

 Cellular computing.  

 Swarm intelligence.  

 Evolutionary AI.  

 Synthetic biological computation.  

 Embodied AI.  

 Adaptive robotics.  

 Self-healing computational systems.  

 Energy-aware intelligence.  

 Multi-agent biological architectures.  

 

46. Challenges 
Despite its promise, biological intelligence presents several challenges. 

 

Biological Complexity 

Living systems are highly interconnected. 

 

Translation Difficulty 

A biological mechanism cannot always be directly converted into an algorithm. 

 

Limited Understanding 

Many biological intelligence mechanisms remain poorly understood. 

 

Engineering Constraints 

Biological solutions may be inefficient or impractical in artificial systems. 
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Validation 

It can be difficult to determine whether a bio-inspired mechanism genuinely improves AI. 

 

47. Biological Fidelity versus Engineering Utility 
The objective of bio-inspired AI should not necessarily be to reproduce biology exactly. 

Instead, researchers should ask: 

 

Which computational principle provides useful engineering value? 

For example, AI does not need to replicate every feature of the human brain to benefit from: 

 Sparse processing.  

 Parallelism.  

 Local learning.  

 Hierarchical organisation.  

 

48. Ethical Considerations 
Bio-inspired AI also creates ethical questions. 

These include: 

 Autonomous decision-making.  

 Biological data usage.  

 Human–machine integration.  

 Autonomous robotic behaviour.  

 Responsibility for adaptive systems.  

The greater the autonomy of AI systems, the more important governance becomes. 

 

49. Human–Machine Collaboration 
The most realistic future may involve collaboration between biological and artificial 

intelligence. 

Humans contribute: 

 Abstract reasoning.  

 Values.  

 Context.  

 Creativity.  

 Ethical judgement.  

AI contributes: 

 High-speed computation.  

 Large-scale optimisation.  

 Continuous monitoring.  

 Pattern detection.  

Together they can form complementary intelligence. 
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50. Discussion 
Biological intelligence offers a fundamentally different perspective on computation. 

Conventional computing often treats intelligence as a process executed by a central 

computational architecture. 

Living systems demonstrate another possibility: 

Intelligence can emerge from interaction, adaptation and organisation across many 

components. 

This principle has significant implications for AI. 

A future intelligent system may not resemble a conventional computer. 

Instead, it could resemble an ecosystem: 

 Distributed.  

 Adaptive.  

 Self-organising.  

 Resource-aware.  

 Context-sensitive.  

 Continuously learning.  

Such systems could operate more effectively in environments where complete information 

and precise models are unavailable. 

 

51. From Artificial Intelligence to Adaptive Intelligence 
The ultimate lesson from biological systems may be that intelligence is not simply the ability 

to compute. 

It is the ability to: 

 

Sense → Interpret → Adapt → Act → Learn 

under changing conditions. 

This distinction could define the next generation of AI. 

Instead of building systems that are highly capable under fixed conditions, researchers could 

develop systems that continuously adapt their capabilities to new environments. 

 

52. Conclusion 
Biological intelligence provides a rich source of computational principles for next-generation 

artificial intelligence. 

Living systems demonstrate capabilities that remain challenging for conventional AI, 

including: 

 Continual adaptation.  

 Energy-efficient computation.  

 Distributed decision-making.  

 Self-organisation.  

 Context-sensitive behaviour.  
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 Robustness to failure.  

 Collective intelligence.  

 Embodied learning.  

These properties can inspire new architectures across neuromorphic computing, robotics, 

edge intelligence, swarm systems, healthcare and autonomous infrastructure. 

The central lesson is not that AI should imitate biology literally. 

Rather, researchers should identify the general computational principles underlying biological 

intelligence and translate them into useful engineering architectures. 

The emerging paradigm can be summarised as: 

Biological Principles + Adaptive Computation + Embodiment + Distributed Intelligence → 

Next-Generation AI 

Future intelligent systems may therefore become less dependent on massive centralised 

computation and more capable of learning continuously, operating efficiently and adapting 

autonomously. 

The convergence of artificial intelligence, neuroscience, evolutionary computation, synthetic 

biology, robotics and complex-systems research could ultimately lead to computational 

systems that do not merely process information, but actively adapt to the environments in 

which they operate. 
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