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Abstract

Artificial intelligence systems have achieved substantial performance in perception, prediction, language
processing, and decision support. However, many remain dependent on extensive labelled data,
computationally expensive retraining, centralized processing, and relatively stable task environments.
Biological nervous systems exhibit a different form of intelligence. They learn continuously, integrate
information across multiple temporal scales, allocate attention selectively, operate with limited energy,
adapt to changing conditions, and preserve important knowledge while acquiring new experience.
Computational neuroscience provides mathematical and algorithmic tools for examining these capabilities
and translating selected neural principles into machine intelligence.

This simulation-based study develops a comparative framework for evaluating conventional
artificial neural networks, spiking neural models, and hybrid neuroadaptive architectures under sequential
learning conditions. The proposed hybrid model integrates predictive coding, synaptic plasticity,
reinforcement learning, memory replay, recurrent state representation, and uncertainty-sensitive
adaptation. Ten synthetic learning episodes were constructed, including a simulated environmental shift
after the sixth episode. Performance was evaluated through an illustrative adaptive-performance index
combining task competence, recovery after change, retention of earlier knowledge, learning efficiency,
and response stability.

Keywords: computational neuroscience, machine intelligence, brain-inspired computing, adaptive
systems, spiking neural networks, predictive coding, neuromorphic computing, continual learning

1. Introduction
Artificial intelligence has progressed through increasingly powerful methods for learning statistical
relationships from data. Deep neural networks can identify complex patterns in images, speech, language,
scientific measurements, and industrial processes. Their success has often depended on large datasets,
extensive optimization, specialized hardware, and repeated exposure to predefined tasks. These conditions
differ from those faced by biological organisms, which must learn continuously from incomplete
information while operating in uncertain and changing environments.

Biological intelligence is adaptive in a broad sense. Nervous systems do not merely produce
accurate outputs under fixed conditions. They regulate attention, form memories, predict sensory events,
respond to novelty, coordinate perception with action, and modify learning according to reward,
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uncertainty, and physiological state. These capabilities emerge from interacting processes operating across
molecular, cellular, network, behavioral, and environmental scales.

Computational neuroscience uses mathematical models, simulations, and data analysis to
investigate how nervous systems represent information and produce behavior. Its models range from
detailed descriptions of membrane potentials and synaptic currents to abstract accounts of reinforcement
learning, predictive coding, working memory, and decision-making. The field does not provide a single
complete theory of intelligence, but it offers experimentally grounded principles that may inform the
design of adaptive machines.

Artificial neural networks were originally influenced by simplified conceptions of biological
neurons. Modern deep-learning systems, however, differ substantially from nervous systems. Artificial
units typically communicate through continuous numerical activations organized into synchronized layers.
Biological neurons communicate primarily through temporally structured electrical events, operate
asynchronously, and modify connections through local and global plasticity mechanisms.

The brain also demonstrates remarkable energy efficiency. Neural computation is sparse,
distributed, event-driven, and closely connected with memory. Conventional computing systems
frequently separate memory from processing, producing substantial costs when data are repeatedly moved
between storage and computational units. Neuromorphic architectures seek to reduce this separation by
implementing event-based communication, local processing, and neuron-like computation.

Brain-inspired machine intelligence should not be understood as literal brain replication. The brain
contains biological mechanisms that may be unnecessary or impractical for engineered systems.
Conversely, machines can use mathematical operations and hardware arrangements unavailable to
biology. The scientific objective is to determine which neural principles provide useful computational
functions and under which conditions they improve system behavior.

Adaptive systems require more than high performance on a static benchmark. They must detect
environmental change, distinguish temporary noise from persistent shifts, update their behavior without
destroying established knowledge, and remain stable under uncertain conditions. This requirement is
central to robotics, autonomous vehicles, personalized systems, scientific discovery, cybersecurity, and
real-time industrial control.

The present study examines how computational neuroscience can inform the design of adaptive
machine intelligence. It compares conventional neural computation, spiking models, and a hybrid
neuroadaptive architecture using a simulated sequential-learning environment. The analysis focuses on
adaptation, retention, efficiency, temporal processing, and response to change rather than on a single
classification metric.

2. Review of Literature

2.1 Neural Computation, Representation, and Prediction

Computational neuroscience investigates how neural systems transform sensory input into internal
representations, decisions, and actions. Marr proposed that information-processing systems can be
examined at computational, algorithmic, and implementation levels. This distinction remains valuable
when translating neuroscience into artificial intelligence because a machine may implement the
computational purpose of a neural mechanism without reproducing its exact biology.
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Predictive-processing theories propose that nervous systems continually generate expectations
about sensory input and update internal models using prediction errors. Rao and Ballard demonstrated
how predictive coding could account for contextual effects in visual processing. Friston later developed a
broader account in which perception and action reduce discrepancies between expected and observed
states.

In machine intelligence, predictive mechanisms can support representation learning by requiring a
system to estimate future input, reconstruct missing information, or distinguish expected events from
anomalies. An adaptive agent can use prediction error as an internal learning signal even when explicit
labels are unavailable.

2.2 Plasticity, Memory, and Continual Learning

Neural plasticity refers to activity-dependent changes in the strength, organization, or effectiveness of
neural connections. Hebbian learning proposes that connections strengthen when connected neurons are
repeatedly active together. Spike-timing-dependent plasticity extends this concept by making synaptic
change dependent on the relative timing of neuronal activity.

Artificial learning systems face a related problem when new training causes previously acquired
knowledge to deteriorate. This phenomenon is commonly described as catastrophic forgetting. Biological
memory systems appear to balance plasticity and stability through interacting mechanisms involving
synaptic consolidation, hippocampal—cortical organization, contextual modulation, and memory replay.

Kirkpatrick and colleagues introduced elastic weight consolidation as a computational strategy for
protecting parameters important to earlier tasks. Van de Ven and colleagues demonstrated that brain-
inspired replay could support continual learning by reactivating internally generated representations.
Replay allows a system to rehearse previous knowledge while acquiring new information.

2.3 Spiking Networks and Neuromorphic Systems

Spiking neural networks communicate through discrete events distributed across time. Their state depends
not only on whether a neuron is active but also on the timing and sequence of spikes. This temporal
structure makes spiking models suitable for event-based sensory processing, control, and neuromorphic
hardware.

Indiveri and colleagues described neuromorphic silicon systems designed to emulate neural
dynamics through energy-efficient electronic circuits. Merolla and colleagues introduced a large-scale
neurosynaptic architecture supporting event-driven computation. Davies and colleagues later presented
Loihi, which combined spiking computation with programmable on-chip learning mechanisms.

Spiking networks have historically been difficult to train because discrete spike generation is not
differentiable in the conventional sense. Neftci, Mostafa, and Zenke reviewed surrogate-gradient methods
that approximate gradients during learning while preserving event-based activity during forward
computation.

3. Objectives of the Study
The primary objective of this study is to develop a computational framework explaining how selected
principles from neuroscience may support adaptive machine intelligence. The study does not attempt to
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reproduce the brain comprehensively. It instead identifies functional mechanisms that can be represented
computationally and evaluated within a controlled simulation.

A second objective is to distinguish biological inspiration from unsupported biological analogy. A
model should not be described as brain-like merely because it contains interconnected units. The
connection should be specified in terms of neural mechanism, computational role, implementation, and
expected adaptive benefit.

The specific objectives are:

e To examine neural principles relevant to adaptive learning, including predictive processing, plasticity,
memory replay, temporal coding, neuromodulation, and selective attention.

e To compare conventional neural, spiking neural, and hybrid neuroadaptive models in a sequential-
learning environment.

e To simulate the response of the three model families to an environmental shift.

o To assess adaptation, knowledge retention, recovery, response stability, and computational efficiency.

e To identify the limitations of translating neuroscientific mechanisms into machine-learning
architectures.

e To propose design principles for biologically informed but engineering-oriented adaptive systems.

The study addresses the following research questions:

e Which principles from computational neuroscience are most relevant to adaptive machine
intelligence?

e Do spiking and hybrid neuroadaptive models respond more effectively to changing environments than
a conventional neural model?

e How can memory replay and regulated plasticity reduce catastrophic forgetting?

e What is the role of predictive error in detecting and responding to environmental change?

o How should biological plausibility and engineering performance be evaluated together?

4. Research Methodology

4.1 Simulation Design and Model Conditions

The study uses a comparative simulation rather than empirical neural recordings or externally obtained
benchmark results. Three model families were represented through synthetic adaptive-performance
trajectories: a conventional neural model, a spiking neural model, and a hybrid neuroadaptive model.

The simulation contains ten sequential learning episodes. During the first six episodes, the systems
learn under a relatively stable task distribution. Before the seventh episode, the environment changes. The
change represents a shift in sensory patterns, action consequences, or task probabilities.

The conventional model represents a feed-forward or recurrent artificial network trained through
gradient-based optimization. The spiking model uses event-based activation, temporal state, and local
plasticity. The hybrid model combines spiking temporal processing with predictive coding, memory
replay, reinforcement signals, adaptive attention, and plasticity regulation.

4.2 Brain-Inspired Mechanisms and Operational Variables
The simulation evaluates functional mechanisms rather than detailed biological fidelity. Each mechanism
was associated with a specific computational contribution.
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Table 1: Brain-inspired mechanisms included in the analytical framework

Computational
Neural principle P ] Adaptive function Principal limitation
representation
. ) Prediction-error Detects unexpected Sensitive to model
Predictive coding e . .
minimization environmental change assumptions
Synaptic Activity-dependent Supports online May destabilize
plasticity weight updates learning existing knowledge
Reactivation of earlier Reduces catastrophic Requires memory or
Memory replay ; : ) .
representations forgetting generative capacity
Spiking Event-based temporal | Supports temporal and Training remains
dynamics communication sparse processing technically difficult
. Context-dependent Regulates adaptation | Biological mechanisms
Neuromodulation ) . R
learning-rate control under uncertainty are simplified
. . C Can suppress
Selective Dynamic resource Prioritizes relevant
. . . . unexpected but
attention allocation information . .
1mportant mnput

The adaptive-performance index combined five dimensions: current task competence, retention of earlier
learning, recovery after change, response stability, and learning efficiency. Each dimension was
normalized on a 0—-100 scale.

4.3 Analytical Formulation and Evaluation

The adaptive-performance score for model m during learning episode t was represented as:
Am,t=wpPm,t+wrRm,t+wsSm,t+weEm,t+wfFm,t

where P represents current task performance, R represents knowledge retention, S represents stability, E
represents learning efficiency, and F represents flexibility following environmental change. The w terms
represent normalized weights.

Post-shift recovery was calculated as:

Rm*=Am,6—Am,7Am,10—Am,7

where a larger value indicates stronger recovery relative to the immediate post-shift decline. Because the
simulation is illustrative, these equations demonstrate analytical structure rather than validated benchmark
methodology.

The three models were evaluated using final adaptive performance, magnitude of disruption, recovery,
retention, and estimated processing efficiency. Statistical significance testing was not used because the
values were intentionally constructed rather than sampled from an empirical population.
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5. Analysis and Results

All three models improved during the initial learning phase. The conventional neural model increased
from an adaptive-performance index of 48 to 74 by the sixth episode. The spiking model increased from
45 to 80, while the hybrid neuroadaptive model increased from 46 to 87.

Following the environmental shift, the conventional model declined by four index points, the
spiking model declined by four points, and the hybrid model declined by two points. Although the
conventional and spiking systems experienced equal absolute declines, the spiking model recovered more
effectively during subsequent episodes.

The hybrid architecture demonstrated the strongest simulated performance. Its smaller immediate
decline suggests that predictive representations and contextual learning helped it detect the changing task
structure. Memory replay and regulated plasticity then supported adaptation without extensive loss of
earlier knowledge.

Table 2: Simulated comparative performance of adaptive-system architectures

Performance indicator Conventional Spiking Hybrid neuroadaptive
model model model
Initial performance 48 45 46
Pre-shift performance 74 80 87
Immediate post-shift 70 76 25
performance
Final performance 73 83 93
ul .
Simu aFed retention 67 21 9
index

The conventional model showed partial recovery but did not return to its earlier peak until the final
episode. Its final score remained only slightly below the pre-shift level. This pattern represents a system
that acquires a stable mapping but adapts slowly when the underlying distribution changes.

The spiking model surpassed its pre-shift performance by the final episode. Temporal state and
event-driven processing supported more effective adjustment to the altered input sequence. Its advantages
remained smaller than those of the hybrid model because spiking computation alone did not fully address
memory protection and contextual control.

The hybrid model achieved a final score of 93. This result reflects the combined contribution of prediction
error, attention, replay, temporal encoding, and controlled plasticity. It should not be interpreted as
evidence that a specific hybrid architecture will produce comparable empirical gains.
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Graph caption: Simulated adaptive-performance trajectories of three machine-learning architectures
across ten sequential learning episodes, including an environmental shift after the sixth episode.
Supporting data: The conventional model recorded final performance of 73, the spiking model reached
83, and the hybrid neuroadaptive model reached 93. The corresponding immediate post-shift scores were
70, 76, and 85.

Interpretation: The environmental shift reduced performance in every model, but the hybrid
neuroadaptive architecture experienced the smallest decline and the strongest subsequent recovery. The
spiking model also adapted more effectively than the conventional model.

Key finding: Brain-inspired adaptation is most effective when multiple mechanisms—temporal
processing, predictive error, memory replay, attention, and regulated plasticity—are integrated according
to their functional contributions.

6. Challenges and Limitations

The first challenge concerns biological abstraction. Computational models necessarily simplify neural
systems. A single mathematical neuron may represent only a small subset of membrane dynamics,
dendritic processing, neurotransmission, and intracellular activity. Excessive simplification may remove
mechanisms important for adaptation, while excessive biological detail may make a model
computationally impractical.

The second challenge is determining the correct level of explanation. A neuroscientific mechanism
may be described at molecular, cellular, circuit, behavioral, or computational levels. Translating a cellular
process directly into an algorithm without understanding its system-level function can produce biological
resemblance without useful intelligence.

Spiking neural networks face practical training difficulties. Spike events are discrete, making
conventional gradient-based optimization less direct. Surrogate gradients and conversion methods
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improve trainability, but they may weaken biological plausibility or reduce the expected advantages of
sparse computation.

Continual-learning methods are often evaluated under simplified task sequences with clearly
defined boundaries. Real environments may change gradually, repeatedly, or ambiguously. An adaptive
system may not know when one task has ended and another has begun. Evaluation should therefore include
boundary-free and non-stationary conditions.

Neuroscience itself contains competing theories and incomplete evidence. Predictive coding,
reinforcement learning, efficient coding, global workspace models, and dynamical-systems accounts
emphasize different aspects of cognition. Machine designers should not treat any single theory as a
complete explanation of intelligence.

The present study is limited by its simulation-based design. The performance trajectories were
created to illustrate comparative behavior and do not establish superiority of one model class. No real
neural data, hardware measurements, benchmark datasets, or physical robots were used. Empirical
validation would require controlled implementations, repeated trials, predefined benchmarks, ablation
studies, and transparent computational-resource reporting.

7. Discussion

7.1 Functional Translation from Neuroscience to Machine Learning

The findings suggest that neuroscience can contribute most effectively when biological mechanisms are
translated through computational function. Memory replay is valuable because it stabilizes learning across
tasks, not merely because replay occurs in biological brains. Predictive coding is useful when prediction
error improves representation and novelty detection, not because the model uses neuroscientific
terminology.

This functional approach allows biological and artificial systems to differ in implementation while
sharing a computational principle. A machine may reproduce the stability function of memory
consolidation through regularization, replay, modular networks, or protected parameter subspaces. The
engineering implementation can therefore be evaluated independently of literal biological similarity.

Mechanistic clarity also improves scientific testing. Researchers should specify which neural
principle inspired a model, how the principle was implemented, and which measurable capability it is
expected to improve. Without this structure, biological inspiration can become a broad rhetorical label.

7.2 Adaptation, Stability, and Continual Learning

The environmental shift in the simulation illustrates the stability—plasticity problem. Adaptive systems
must learn new patterns without becoming so plastic that established knowledge is erased. Conventional
networks can update rapidly, but repeated optimization toward new data may interfere with earlier
representations.

The hybrid model’s simulated advantage arises from combining multiple protective and adaptive
processes. Prediction error identifies the need for change, neuromodulatory control adjusts learning
intensity, memory replay preserves earlier representations, and selective attention allocates resources to
relevant input.
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No mechanism is universally optimal. Strong consolidation may protect memory but slow
adaptation. High plasticity may improve immediate learning but increase forgetting. Effective adaptive
systems require context-sensitive control of this trade-off rather than a fixed learning strategy.

7.3 Neuromorphic Efficiency and Embodied Intelligence

Neuromorphic systems are relevant because they connect brain-inspired algorithms with hardware
designed for sparse, event-driven computation. This relationship may be particularly useful for robots,
autonomous sensors, prosthetic devices, and edge systems that require low-latency decisions under limited
energy budgets.

The value of neuromorphic computation is task dependent. Dense static datasets may not exploit
temporal sparsity, while event-based cameras, tactile sensors, and auditory streams naturally produce
asynchronous signals. Hardware and algorithms should therefore be co-designed with the sensing
environment.

Embodied intelligence provides an additional connection between computational neuroscience and
adaptive machines. Biological intelligence develops through interaction between nervous systems, bodies,
and environments. An adaptive robot that actively samples information, predicts sensory consequences,
and learns from physical feedback may capture important principles of intelligence that remain absent
from static dataset training.

8. Conclusion

Computational neuroscience provides a rich source of mechanisms for designing adaptive machine
intelligence. Predictive processing, plasticity regulation, memory replay, temporal coding, attention,
reinforcement learning, and neuromodulation address limitations that arise when artificial systems operate
in changing environments. These mechanisms are most valuable when their computational functions are
clearly defined and empirically tested.

The simulation indicates that conventional, spiking, and hybrid models can all improve through
sequential learning, but their responses to environmental change differ. The hybrid neuroadaptive
architecture achieved the smallest post-shift disruption and the highest final adaptive-performance score.
These outcomes illustrate a theoretical expectation rather than an empirical performance claim.

Brain-inspired intelligence should not be evaluated solely by resemblance to neural anatomy or
terminology. A useful architecture must demonstrate measurable improvements in adaptation, retention,
efficiency, robustness, and decision quality. Biological plausibility can guide model design, but it cannot
replace rigorous engineering evaluation.

Future research should combine computational models with behavioral experiments, neural data,
neuromorphic hardware, robotics, and controlled continual-learning benchmarks. Progress will depend on
sustained collaboration among neuroscientists, computer scientists, engineers, cognitive scientists, and
ethicists. The long-term opportunity is not to reproduce the brain mechanically but to discover general
principles that enable artificial systems to learn efficiently, remain stable, and adapt responsibly.

IJETD Website: www.ijetd.com Email: editor@ijetd.com 33


http://www.ijetd.com/

International Journal of Engineering & Tech Development

Volume 2, Issue 9 — September 2026 e E-ISSN: 3067-672X P-ISSN: 3067-669X

References

1.

10.

11.

12.

13.

14.

15.

16.

Friston, K. J. (2010). The free-energy principle: A unified brain theory? Nature Reviews Neuroscience,
11(2), 127-138. https://doi.org/10.1038/nrn2787

Clark, A. (2013). Whatever next? Predictive brains, situated agents, and the future of cognitive science.
Behavioral and Brain Sciences, 36(3), 181-204. https://doi.org/10.1017/S0140525X12000477
Bastos, A. M., Usrey, W. M., Adams, R. A., Mangun, G. R., Fries, P., & Friston, K. J. (2012).
Canonical microcircuits for predictive coding. Neuron, 76(4), 695-711.
https://doi.org/10.1016/j.neuron.2012.10.038

Friston, K. J., Parr, T., & de Vries, B. (2017). The graphical brain: Belief propagation and active
inference. Network Neuroscience, 1(4), 381-414. https://doi.org/10.1162/NETN _a 00018

Rao, R. P. N., & Ballard, D. H. (1999). Predictive coding in the visual cortex: A functional
interpretation of some extra-classical receptive-field effects. Nature Neuroscience, 2(1), 79-87.
https://doi.org/10.1038/4580

Dayan, P., Hinton, G. E., Neal, R. M., & Zemel, R. S. (1995). The Helmholtz machine. Neural
Computation, 7(5), 889-904. https://doi.org/10.1162/neco.1995.7.5.889

Lillicrap, T. P., Santoro, A., Marris, L., Akerman, C. J., & Hinton, G. (2020). Backpropagation and
the brain. Nature Reviews Neuroscience, 21, 335-346. https://doi.org/10.1038/s41583-020-0277-3
Neftci, E. O., Mostafa, H., & Zenke, F. (2019). Surrogate gradient learning in spiking neural networks:
Bringing the power of gradient-based optimization to spiking neural networks. IEEE Signal
Processing Magazine, 36(6), 51-63. https://doi.org/10.1109/MSP.2019.2931595

Gerstner, W., Kistler, W. M., Naud, R., & Paninski, L. (2012). Neuronal dynamics: From single
neurons to networks and models of cognition. Cambridge University Press.

Maass, W. (2002). Networks of spiking neurons: The third generation of neural network models.
Neural Networks, 10(9), 1659-1671. https://doi.org/10.1016/S0893-6080(97)00011-7

Roy, K., Jaiswal, A., & Panda, P. (2019). Towards spike-based machine intelligence with
neuromorphic computing. Nature, 575, 607—617. https://doi.org/10.1038/s41586-019-1677-2
Davies, M., Srinivasa, N., Lin, T.-H., Chinya, G., Cao, Y., Choday, S. H., Dimou, G., Joshi, P., Imam,
N., Jain, S., Liao, Y., Lin, C.-K., Lines, A., Liu, R., Mathuriya, A., McCoy, S., Paul, A., Tse, J.,
Venkataramanan, G., ... Amir, A. (2018). Loihi: A neuromorphic manycore processor with on-chip
learning. IEEE Micro, 38(1), 82-99. https://doi.org/10.1109/MM.2018.112130359

Indiveri, G., & Liu, S.-C. (2015). Memory and information processing in neuromorphic systems.
Proceedings of the IEEE, 103(8), 1379—-1397. https://doi.org/10.1109/JPROC.2015.2444094
Tavanaei, A., Ghodrati, M., Kheradpisheh, S. R., Masquelier, T., & Maida, A. (2019). Deep learning
in spiking neural networks. Neural Networks, 111, 47-63.
https://doi.org/10.1016/j.neunet.2018.12.002

Guo, Y., Huang, X., & Ma, Z. (2023). Direct learning-based deep spiking neural networks: A review.
Frontiers in Neuroscience, 17,1209795. https://doi.org/10.3389/thins.2023.1209795
Zolfagharinejad, M., Alegre-Ibarra, U., Chen, T., Kinge, S., & van der Wiel, W. G. (2024). Brain-
inspired computing systems: A systematic literature review. The European Physical Journal B, 97,
Article 70. https://doi.org/10.1140/epjb/s10051-024-00703-6

IJETD Website: www.ijetd.com Email: editor@ijetd.com 34


http://www.ijetd.com/
https://doi.org/10.1038/nrn2787
https://doi.org/10.1016/j.neuron.2012.10.038
https://doi.org/10.1038/4580
https://doi.org/10.1109/MM.2018.112130359
https://doi.org/10.1016/j.neunet.2018.12.002
https://doi.org/10.3389/fnins.2023.1209795?utm_source=chatgpt.com
https://doi.org/10.1140/epjb/s10051-024-00703-6

International Journal of Engineering & Tech Development

Volume 2, Issue 9 — September 2026 e E-ISSN: 3067-672X P-ISSN: 3067-669X

17. Pritchard, N. J., Wicenec, A., Bennamoun, M., & Dodson, R. (2023). A bibliometric review of
neuromorphic computing and spiking neural networks. arXiv.
https://doi.org/10.48550/arXiv.2304.06897

18. Hodson, R., Mehta, M., & Smith, R. (2024). The empirical status of predictive coding and active
inference. Neuroscience & Biobehavioral Reviews, 157, 105473.
https://doi.org/10.1016/j.neubiorev.2023.105473

19. Smith, R., Badcock, P., & Friston, K. J. (2021). Recent advances in the application of predictive coding
and active inference models within clinical neuroscience. Psychiatry and Clinical Neurosciences,
75(1), 3—13. https://doi.org/10.1111/pcn.13138

20. Gerstner, W., Kording, K., Kreiman, G., Keck, T., & Rozenberg, R. (Eds.). (2024). Neuronal dynamics
and computational neuroscience: Foundations and applications. Academic Press.

IJETD Website: www.ijetd.com Email: editor@ijetd.com 35


http://www.ijetd.com/
https://doi.org/10.1111/pcn.13138

