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Abstract 

This review explores how artificial intelligence (AI) is being used to model the cerebellum, with its 

various applications such as movement, coordination, and learning. It analyzes current research on 

its architecture and cell types, especially the Purkinje cell, highlighting how they inspire new AI 

designs. These models aim to replicate the cerebellum ability to adapt and operate with real-time 

precision. While there are promising advances in areas such as robotics, more work is still needed to 

address complex functions such as emotional and cognitive processes. 
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Introduction 

The cerebellum is a critical structure in the human brain, significantly impacting physical 

movements, including eye coordination, motor learning, and complex tasks like driving or throwing 

a ball. It contributes to balance maintenance, motor coordination, visual tracking, and even cognitive 

processes such as language processing and mood regulation [1]. This versatile role highlights the 

cerebellum importance not only in basic physical activities but also in higher-level functions, which 

has proven to be effective for modeling in AI systems. 

With advancements in computational neuroscience, various models have been developed to 

work with cerebellar functions. These models range from traditional mathematical representations, 

such as the Hodgkin-Huxley equations, to some artificial neural networks (ANNs). The cerebellum 

ability to predict, adapt, and correct errors in real-time makes it an ideal inspiration for creating 

adaptive AI systems that can efficiently learn and operate in dynamic environments. 

This review aims to explore the diverse computational models of the cerebellum, beginning with 

its overall architecture, then a focus on the Purkinje cell (PC) —the most important cell within this 

structure— and finally the other cerebellar cells. By analyzing their roles in motor control, error 

correction, and synaptic dynamics, this work will provide a comprehensive understanding of 

cerebellar functions. By evaluating both biological models and AI neural networks inspired by the 

cerebellum, this review will identify potential applications and limitations of these architectures. 

Cerebellum Architecture 

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 9 July 2025 doi:10.20944/preprints202507.0755.v1

Disclaimer/Publisher’s Note: The statements, opinions, and data contained in all publications are solely those of the individual author(s) and
contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to people or property resulting
from any ideas, methods, instructions, or products referred to in the content.

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.

https://doi.org/10.20944/preprints202507.0755.v1
http://creativecommons.org/licenses/by/4.0/


 2 of 8 

 

 

Figure 1. General modular diagram based on the representation of the cerebellar cytoarchitecture [2]. 

As shown in Figure 1, the cerebellum exhibits a well-organized and layered cytoarchitecture. 

Various facets of the cerebellum architecture can be highlighted, along with its capacity for prediction 

and motor control, emphasizing its complexity and versatility. The cerebellum acts as a predictive 

feed-forward model, using Kalman filters to perform essential calculations for both motor control 

and cognitive functions [3]. The ability to learn in real time through synaptic plasticity, as 

demonstrated in a model that uses mossy fibers and PCs to adjust synapses and accurately predict 

the position of moving targets, is fundamental [4]. The synchronization and temporal coding in motor 

responses are generated intrinsically in the cerebellar circuits without relying on conduction delays, 

suggesting a new perspective on motor processing [5]. Additionally, ANNs inspired by the structure 

of the cerebellum can replicate biomechanical functions of the extraocular muscles, demonstrating 

precise eye movements [6]. It is also proposed that the cerebellum decodes input signals into group 

codes for more efficient processing, which contradicts the traditional idea of synaptic adjustment 

based on input patterns [7]. The machine learning capabilities of the cerebellum are demonstrated in 

tasks such as pattern recognition and robot balance, highlighting its potential in robotics and 

autonomous systems applications [8]. The modular organization and synaptic plasticity of the 

cerebellum are crucial for its adaptability and neuronal processing, which is essential to the 

regulation of complex behaviors [9]. Models of neural networks based on the cerebellum show how 

it can learn behaviors through spike-timing-dependent plasticity (STDP) [10]. Furthermore, a 

computational model based on error learning suggests that the cerebellum adjusts motor commands 

in response to errors indicated by climbing fibers [11]. Recent studies have developed large-scale 

neuromorphic cerebellar models that improve biological accuracy and computational efficiency for 

real-time motor learning [12], while others demonstrate the application of cerebellum-inspired 

spiking neural networks in adaptive robotic control, enabling robots to handle dynamic 

environments through error correction [13]. Additionally, cerebellum-based spiking neural networks 

(SNN)  have been applied in both pattern classification and robotic trajectory prediction, showcasing 

versatility, scalability, and potential applications in robotics and autonomous systems [14]. 

Furthermore, internal models in the cerebellum allow for the management of a wide range of motor 

tasks and quick adaptation to new situations, highlighting the importance of prediction in the control 

of complex movements [15]. Studies show how the structure and functions of the cerebellum can be 
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applied in models of learning and motor control, with significant implications for robotics and other 

autonomous systems such as is demonstrated in the mentioned papers. 

Purkinje Cell 

The PC has a dense and long dendritic tree that is extensively penetrated by parallel fibers. This 

neuron is responsible for transmitting information out of the cerebellar cortex through action 

potentials propagated along its axon. When it receives voltage from a climbing fiber or its dendrites, 

the channels open to increase the potential difference, consequently generating a signal that 

propagates along the axon. If the input voltage is insufficient, the channels do not open. 

Over the years, various computational models have been developed to better understand the 

functioning of the PC. These models vary in their focus, complexity, and objectives, but all contribute 

to the collective knowledge about this cell. 

Models [16] and [17] stand out for their focus on the active membrane of the PC. Using the 

neuronal simulation program GENESIS and the Hines algorithm, both models are based on detailed 

anatomical reconstructions and Hodgkin-Huxley equations to describe the ionic conductance of the 

membrane. Model [16] focuses on the cell response under different currents, showing how somatic 

and dendritic Ca2+ waves are generated. In contrast, model [18] adds a layer of complexity by 

incorporating excitatory and inhibitory synapses, revealing how these synaptic interactions influence 

the somatic and dendritic activity of the cell. 

The model described in [18] also uses GENESIS to simulate the PC but differs from the previous 

models by including a detailed circuit for the soma, the main dendrite, and the dendritic branches. 

This approach allows for the study of synaptic activation by different types of cells, providing a 

comprehensive view of synaptic dynamics in the PC. Similarly, the model in [19] employs Hodgkin-

Huxley equations but focuses specifically on the response to parallel and climbing fiber synapses, 

highlighting the specific interactions that modulate neuronal activity. 

In contrast, the model presented in [20] uses a probabilistic approach, based on equations 

representing a probability density function. This model focuses on the variability and nonlinear 

interactions between populations of PCs, offering a different perspective from the more detailed and 

mechanistic models. 

The model described in [21] focuses on the decoding of parallel fiber synapses, showing how 

activation of these fibers can produce hyperpolarization in the PC. This study aims to establish a 

decoding ranking for input patterns, adding an information processing dimension to the 

understanding of the PC.  

Finally, the study in [22] compares biological models [16,17] with ANNs in recognizing parallel 

fiber patterns. The results indicate that ANNs can perform significantly better in terms of pattern 

recognition, suggesting that these models could be a powerful tool for studying synaptic dynamics 

in the PC.The mathematical model is accurate for predicting cases bounded by the same model 

conditions, something that does not occur in the ANN since it will depend on the training data. 

In summary, models [16–18], and [19] use Hodgkin-Huxley equations and focus on ionic 

conductance and synaptic responses, providing a detailed view of the electrophysiological 

mechanisms of the PC. Model [20] introduces a probabilistic perspective, while [21] focuses on the 

decoding of input patterns. Model [21] compares the performance of biological models [16,17] with 

an ANN, highlighting the potential of ANNs in neuroscientific research. These results highlight the 

limitations of trusting only one modeling approach, and point to the need for hybrid frameworks 

that combine the precision of biologically grounded models with the adaptability and scalability of 

ANNs. Such integration could improve our understanding of the complex neuronal dynamics and 

support more effective applications. 

Cerebellar neurons 

The cerebellum contains many different neurons, each with distinctive morphological and 

functional characteristics that contribute to the motor responses and learning. Table 1 summarizes 

the major cerebellar neuron types to help the understanding of the functions per each neuron type. 
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Table 1. Functional properties of cerebellar neuron types and their role in circuit integration [33]. 

Neuron Role Circuit function 

Purkinje cell Main output of cerebellar cortex. 

Receives parallel and climbing fiber 

input 

Inhibits deep cerebellar nuclei. 

Modulates motor output 

Granule cell Receives mossy fiber input; sends 

axons as parallel fibers to PC 

dendrites 

Enables sensorimotor coding and 

timing 

Golgi cell Inhibits granule cells via feedback 

and feedforward loops 

Regulates signal duration and gain 

Basket cell Inhibits PC soma Refines PC output spatially 

Stellate cell Inhibits PC dendrites Controls dendritic integration 

temporally 

Climbing fiber Originates from inferior olive. 

Forms powerful synapse on PC 

soma and dendrites 

Delivers error signal. Induces LTD 

Mossy fiber Carries sensorimotor information 

from periphery or cortex to granule 

cells 

Initiates parallel fiber pathways 

Deep nuclei Output of cerebellum. Receives 

inhibition from PC and excitation 

from mossy/climbing fibers 

Executes motor commands; 

learning feedback loop 

The model proposed by Tadashi Yamazaki and Shigeru Tanaka simulates a recurrent inhibitory 

network in the cerebellum by random projection. This model represents the interactions between 

granule cells and Golgi cells, generating reproducible random sequences in multiple trials, providing 

an in-depth understanding of synaptic dynamics in the cerebellum [23]. In the study by Leffler et al., 

a mathematical model was developed that provides a detailed representation of granule cell 

development in the mouse cerebellum, accurately fitting the experimental data and showing excellent 

agreement with the growth dynamics observed in the cerebellar layers [24]. 

Kawato model provides a computational representation of motor learning in the cerebellum 

based on error feedback learning. This model suggests that climbing fibers reflect errors in motor 

commands, which contributes to long-term synaptic plasticity in PCs, thus facilitating precise motor 

coordination [11]. Similarly, the model of Kakei et al. proposes that the cerebellum is able to predict 

the internal state of the cerebral cortex by combining recurrent neural networks and feedforward 

networks, which optimizes motor control by integrating both structures [3]. 

Steuber and Jaeger presented a model that focuses on rebound responses in neurons of the 

cerebellar nucleus and their role in temporal coding and synchronization of neuronal firing. This 

mechanism allows the generation of reverberant loops and facilitates the storage of activity patterns 

in the cerebellum [25]. On the other hand, Peddicord model describes a grid-like structure between 
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the cerebellar cortex and spinal pathways, highlighting the inhibitory influence of PCs and the 

synaptic architecture involved [26]. 

LFPsim, developed by Parasuram, is a powerful tool that enables the simulation and 

visualization of electrical potentials in neurons and neural networks. It provides a graphical interface 

that displays neuron morphology and voltage changes, facilitating detailed analysis of bioelectrical 

activity [27]. Krichmar et al. further expanded on this by using a qualitative reasoning algorithm to 

simulate neural behavior in the cerebellar cortex, showcasing the model ability to execute complex 

tasks such as saccadic eye movements [28]. Additionally, VERTEX, an innovative tool introduced in 

the article, simulates extracellular potentials generated by neuronal activity in the neocortex and is 

capable of modeling over 100,000 neurons. Its accuracy is validated through comparisons with 

experimental recordings in macaque neocortical tissue, making it highly relevant for neuroscience 

research. Implemented in Matlab, VERTEX offers both flexibility and speed, enhancing the study of 

brain dynamics in various health and disease conditions [29]. 

Building on these tools, recent studies focus on reconstructing local field potentials (LFPs) in the 

granular layer of the rat cerebellum using spiking neural networks and neural mass models. By 

leveraging LFPsim and VERTEX, the analysis of transmembrane current variability and neuronal 

activity offer deeper insights into the biological mechanisms behind LFP generation, revealing critical 

differences between normal and pathological neuronal states [30]. 

Finally, a model employing stochastic differential equations improves the accuracy of 

simulations of cerebellar granule cells by incorporating experimentally observed variability in their 

electrical activity. This approach allows for the reproduction of irregular behaviors, such as 

subthreshold oscillations and variability in action potentials [31]. The Golgi cell model, on the other 

hand, analyzes the activation of mossy fibers and its influence on spike generation and synaptic 

plasticity, considering the distribution of ion channels in different parts of the cell [32]. 

Perspective 

The use of AI to develop cerebellar architectures has been growing with the passing of the years, 

focusing  on mimicking cerebellar plasticity, such as STDP, to achieve real-time adaptation in motor 

tasks [10,13,14]. Others utilize ANNs to simulate biomechanical functions, like eye movements or 

motor control, demonstrating precise coordination and timing [5,6,8]. Additionally, these models 

often incorporate internal models for forward and inverse motor prediction, replicating the 

cerebellum ability to adjust motor commands based on sensory feedback [3,11].  

AI has made significant strides in emulating cerebellar functions, offering grasps into neural 

processing and applications in robotics and beyond. However, to fully replicate the cerebellum 

versatility and adaptability, future models must address the limitations of current AI systems, like 

integrating more complex biological features, enhancing computational efficiency to represent high 

biological fidelity, and expanding generalization capabilities across diverse tasks that the cerebellum 

performs. 

Regarding the PC, models [16–18], and [19] use Hodgkin-Huxley equations and focus on ionic 

conductance and synaptic responses, providing a detailed view of the electrophysiological 

mechanisms of the PC. Model [20] introduces a probabilistic perspective, while [21] focuses on the 

decoding of input patterns. Model [22] compares the performance of biological models [16,17] with 

an ANN, highlighting the potential of ANNs in neuroscientific research.  

AI has the competence to revolutionize the study of  PC by providing advanced and adaptive 

models that complement traditional mathematical models. This not only expands the scope of cell 

simulation, but also opens up a promising line of research to develop models that are increasingly 

accurate and customizable, enabling advances in the understanding of neurophysiology and the 

design of biomedical interventions. With its ability to learn and adapt, AI offers a versatile platform 

for future studies, positioning itself as a key tool for the investigation of complex biological systems. 

The various computational models of the cerebellum play key roles in understanding synaptic 

dynamics and motor learning. For example, the models of Yamazaki and Tanaka simulate recurrent 
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inhibitory networks, providing detailed insight into the interactions between granule and Golgi cells 

[23], while the mathematical model Leffler et al. focuses on cell development in the mouse 

cerebellum, fitting experimental data [24]. Regarding long-term synaptic plasticity and prediction of 

cortical state, respectively, which optimizes motor coordination [3,11]. Steuber and Jaeger models 

focus on neuronal synchronization and storage of activity patterns, contributing to the understanding 

of temporal coding [25], while Peddicord describes the connections between cerebellar cortex and 

spinal pathways [26]. Tools such as LFPsim and VERTEX facilitate the simulation of bioelectric 

potentials, improving the analysis of neural activity [27,29]. These tools, together with recent studies 

on spike networks and transmembrane variability, allow a deeper understanding of local field 

potentials and the differences between normal and pathological neuronal states [30]. In addition, 

more recent models, such as those of Parasum and Krichmar et al. allow detailed simulation of 

bioelectrical behavior and complex neural tasks such as saccadic movements [27,28], underscoring 

the progress in neural simulation and its applicability in biological and artificial conditions. 

Although these models have advanced the understanding of cerebellar functions, challenges 

remain in integrating more complex aspects, such as cognition and emotional regulation. 

Furthermore, accuracy in simulating neural activity could benefit from models that combine 

biological and artificial approaches, optimizing both efficiency and fidelity to brain functions. Table 

1 presents an overview of cerebellar features that have already been explored through the models 

discussed in this review and those that are still unexplored. 

Table 2. Overview of cerebellar covered and unexplored elements. 

Covered  Unexplored 

Motor control Emotional modulation and mood regulation 

Eye movement coordination Complex cognitive tasks 

STDP plasticity Functional integration between multiple cerebellar 

layers 

Forward/inverse internal models Missing cells implementation 

Error correction via climbing fibers  

Spike timing encoding  

Biomedichal simulation  

Purkinje, golgi and granule cells  

Conclusion  

There are multiple AI models representing the architecture of the cerebellum, mainly focused 

on modeling motor functions. However, progress is still needed on the intellectual and emotional 

aspects. In terms of neurons, mathematical models predominate, and there have been no significant 

innovations in this area for over a decade. 

One of the foundations of AI is the data used to train it to learn the desired functions. Advancing 

the understanding of the intellectual and emotional workings of the architecture requires correctly 

understanding the implications of the cerebellum on these functions and obtaining data that reflect 

them. 
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Additionally, for the development of AI models of individual neurons, a thorough 

understanding of each neuron function or the synaptic interactions is necessary to create a robust 

model. Moreover, the presented models have defined scopes, so they must be adjusted according to 

the context in which they will be used. 
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