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Abstract-Precise fine-tuning of motor movements has been 

known to be a vital function of cerebellum, which is critical for 

maintaining posture and balance. Purkinje cell (PC) plays a 

prominent role in this fine-tuning through association of inputs 

and output alongside learning through error correction. Several 

classical studies showed that PC follows perceptron like behavior, 

which can be used to develop cerebellum like neural circuits to 

address the association and learning. With respect to the input, the 

PC learns the motor movement through update of synaptic 

weights. In order to understand how cerebellar circuits associate 

spiking information during learning, we developed a spiking 

neural network using adaptive exponential integrate and fire 

neuron model (AdEx) based on cerebellar molecular layer 

perceptron-Iike architecture and estimated the maximal storage 

capacity at parallel fiber-PC synapse. In this study, we explored 

information storage in cerebellar microcircuits using this 

abstraction. Our simulations suggest that perceptron mimicking 

PC behavior was capable of learning the output through 

modification via finite precision algorithm. The study evaluates 

the pattern processing in cerebellar Purkinje neurons via a 

mathematical model estimating the storage capacity based on 

input patterns and indicates the role of sparse encoding of 

granular layer neurons in such circuits. 

Keywords- nature-inspired computing; storage capacity; 
neural networks; spiking neuron; Purkinje cell; parallel fiber; 
perceptron 

1. INTRODUCTION 

Learning different motor tasks like grasping and precise eye 
movement [1] require fine-tuning of motor movements, which 
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is one of the main functions of cerebellum. The information 
reaching the cerebellum has been known to be organized and 
integrated [2] so as to do multiple tasks varying from simple 
control of proximal musculature to complicated multi-joint arm 
movement control [3]. Cerebellar dysfunction leads to 
impairments in these precise movements causing disorders like 
autism, ataxia etc. [3]. Deeper understanding of the motor 
learning process helps to reveal the dysfunction leading to these 
disorders. Motor learning was known to be related to the 
dynamics and nonlinearity of underlying cerebellar 
microcircuitry [4]. Modulation of cerebellar output via the 
Purkinje Cell (PC, Purkinje neuron), the output of the cerebellar 
cortex, adjusts motor commands and restores the precision. 
These adjustments were applied indirectly to PC with the help 
of error signal from climbing fibers(CF) [5]. CF has been known 
to be involved in gain control through modulation of parallel 
fiber (PF) activity at PF-PC synapse [6]. PC is modeled as a 
pattern capturing abstraction or perceptron [6], [7], and when 
large-scale circuits were considered, this would help in 
understanding the learning process happening at PF-PC 
synapses which stores the input-output associations [1]. The 
maximum number of input-output associations that a PC learned 
per input synapse was referred to as maximum storage capacity 
[1 ]. 

Previous studies [1], [7] on the storage capacity used an 
artificial neural network which resembled a single layer 
perceptron model, and found that storage capacity depends on 
the input-output pattern correlation. Maximal number of input
output associations possible at a single synapse termed as 
maximal storage capacity [1]. Capacity was shown to increase 



for the inputs which are correlated and remain independent of 
the input output associations when inputs are uncorrelated [1] 
which also lead to the finding that storage capacity increases 
with silent synapses. There have been different methods 
proposed to calculate the maximum storage capacity [8]-[10]. 
Storage capacity for the cortical neuron has been found using FP 
learning algorithm [10]. Studies have also shown that maximal 
storage capacity depends on the stability constant, instead of the 
input synapse [9]. The pattern recognition capability of PC was 
also shown to be regulated by the memory storage at the PF-PC 
synapse under CF control [11]. 

The goal of this study was to build a spiking neural network 
to form a cerebellum-inspired perceptron like architecture and 
understand the gain control at PF-PC synapse. Using this 
network, we also analyzed and quantized the storage capacity of 
the Purkinje neuron (PC). 

In most neuronal networks, received input was converted 
into timed spike trains where patterns are transformed and 
understood by neurons at the higher level and performed precise 
tasks [9], [12]. In our case, we converted the input into multiple 
firing patterns using Adaptive Exponential leaky integrate and 
fire model (AdEx) [13] as the spiking neuron model in our 
network. Since the temporal precision of spikes is a critical 
element in neural communication, we used the finite precision 
(FP) learning algorithm [10], where a set of incoming spike 
trains were converted into temporally precise activities. 

Here, we reconstructed a spiking neural network with 
uncorrelated input patterns modeled with via data fit AdEx 
spiking neuron model by assigning a task to learn synaptic 
weight that maps input spike trains to precise output spikes. We 
also estimated the storage capacity of a PF-PC synapse by 
computing the maximum storage capacity using a stability 
constant [9] and validated it by finding the storage capacity with 
respect to the mean number of output spikes within short time 
window [10]. 

II. METHODS 

Simple spiking models [13] were used to reproduce the 
dynamics of Wi star rat Purkinje cell firing patterns. Finite 
Precision algorithm was used for learning purpose. Mossy fibers 
firing properties were reconstructed with a Poisson firing rate of 
SHz. 

A. Implementation of Spiking Neural Network 

Mimicking the parallel fiber-PC architecture, the network 
was structured as a single layer perceptron, a simple model used 
to integrate inputs and transformed into output. The input layer 
of the network was the cerebellar granular layer containing large 
number (N) of granule cells (GrC). In the output layer, we 
assume that PC gets afferent connections from each GrC with a 
certain amount of synaptic strength referred to as synaptic 
weight (w). In this network, 600 AdEx GrCs were used to 
simulate the Pc. Single neuron and network properties were 
based on experimental data and comparable to a more realistic 
granular layer network model [14]. 

I) Input Spike Trains 
Each granule cell in the input layer was assumed to receive 

spike trains from a single mossy fiber. Dynamics of mossy fiber 

modeled as a spike train with duration of Tinput which was 
randomly chosen from a homogeneous Poisson process with rate 
rin .. Firing behavior of the GrC and PC was modeled using the 
AdEx model [13]. 

C 
dV = -gL(V - EL) + gJ1T exp (V-VT) + 1 -W (1) dt I1T 

dw Tw-=a(V-EL) (2) dt 
Where, C is the membrane capacitance, gL represents leak 

conductance, EL denotes resting potential, L'1 T represents slope 
factor and VTdenotes threshold potential. Variable 'w' describes 
the adaptation factor within the membrane potential and 'a' 
represents the relevance of sub-threshold adaptation [IS]. Here, 
exponential term resembles similar phenomena to that of early 
activation of voltage-gated sodium channels. 'I' refers to 
injected current applied from external source. 

With reset condition as follows, 

{ V = It: 
If V > 0 m V then 

r b W=W+ 
(3) 

Vr refers to resting membrane potential and 'b' refers to 
spike- triggered adaptation constant. 

Each granule cell received input from the mossy fibers and 
transformed them into spike patterns. Using (1), (2) and 
respective synaptic dynamics, granule cell converted the input 
to spike patterns, with the assumption that GrC spike timings 
depends on mossy fiber spike timings. The resulting spike trains 
of each GrC have the spike rate similar to rin. 

The spike trains from GrC were integrated to produce the 
output of the PC. To integrate the inputs, we have used the 
general perceptron equation (4) as shown in [16]. 

(4) 

WhereWi is the synaptic weight assigned to ith afferent, i varies 
from 1 to N and Xi is 1, if there was a spike or 0 otherwise. 

By using the AdEx parameter values from [17] (Tablel, also 
see [14]), we were able to reproduce auto rhythmic firing 
behavior of PC with 30Hz frequency and also adaptive firing 
behavior when it received input through PF. PC firing rate 
increased when it received input from GrC [6], which was 
introduced into the model by varying the input current. Input 
current was modeled as shown in (S). 

I = g * (V -Yo) (S) 

Where g refers to conductance calculated by (4) and V,vo 
represent the membrane potential and reversal potential. 

2) Learning Algorithm 
Resulting spike trains from the output layer were converted 

into precisely timed spikes by FP learning algorithm [IO]. The 
synaptic weights were updated by comparing the obtained 
output spike times with desired output spike times. The 
algorithm was repeated few times to obtain a spike within each 

time window [td -!!:., td + !!:.], tdwas the desired output spike 2 2 
time. During each iteration, the algorithm was able to increase 
preciseness of spike patterns. The weights were updated using: 
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Where y represents the learning rate (�.O 1). td,terr refers to 
spike times obtained from desired and predicted spike times. 
Xi(terr)can be calculated from (7) 

Xi (terr) = Ltd<terr U (terr - td) (7) 

Where U(t) was calculated by (8),in which 1m and Ts are 
membrane and synaptic time constants. The value of Uowas 
taken as maximal value when U(t) was 1 [10]. 

(8) 

3) Desired Spike Times 
The desired spike times were drawn randomly form 

homogeneous Poisson process with rate routl(1-TmlTinput), to 
maintain the mean output frequency of rout, where 1m was the 
membrane time constant and Tinput was the duration of the input 
spike train from granule cell [10]. 

TABLE I. PARAMETER VALUES 

Parameters Grc PC Description 

C 200 200 Membrane Capacitance 

9L 10 lO Leak Conductance 

EL -70 -65 Reversal Potential 

IJ.T 2 2 Slope Factor 

Vr -58 -50 Threshold Voltage 

Tw 30 1 Adaptation Time Constant 

A 2 -12 Sub threshold adaptation 

B 0 0 Spike triggered adaptation 

B. Calculation of Storage Capacity 

PC receives large number of PF inputs as patterns to 
produce an output [18]. At each of these synapses, some amount 
of random input-output associations will be stored. The 
capacity (input-output associations) of a Purkinje neuron per 
synapse is referred to as the maximal storage capacity (lk) . 
Several methods described in [1], [7] exist to estimate the 
maximal storage capacity. Here, we have estimated storage 
capacity using methods described in [9], where stability 
constant K, total duration of spike train T and the mean rate of 
desired output spike times within the correlated time of post 
synaptic potential(PSP) routl [10] were used. 

1) Stability Constant K 
Stability constant K referred to as threshold stability 

constant [7]. It helps in increasing the reliability of input 
patterns which lead to a spike, thereby acting as a resistance to 
noise. This constant ensures robustness of storage by avoiding 
erroneous threshold crossings [7]. Using this parameter in (9) 
taken from [9], we estimated the stability constant. 

K =_T_ (9) .jTsTm 
Where T is the duration of input pattern. ls, 1m represent the 
synaptic time constant and membrane time constant. We have 
used 1m values ranging within the interval lO-100 ms, while ls 
values were used within the range 1-10 ms. T values used are 
within 100-1000 ms interval. 1m and ls were taken from normal 
distributions( see Fig. 1). 
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Fig. I Nonnal Distribution Representations of 1m, 1, and T. 

From the stability constant K, storage capacity was 
calculated by (10) as shown in [9], 

IninK 
a --c - 2ln2 (10) 

Combining (9) and (10), storage capacity was estimated: 

InlnT 
JTsTm a --c - 2ln2 

2) Output Spike Rate 

(11 ) 

Output spike times of the neuron were randomly chosen 
with a mean firing rate (rout) within this range {l, 5, 15, 30, 40, 
50, 60, 70, 80, 90, 120, ISO} and the storage capacity per 
synapse( uc) was taken as a function of this mean output firing 
rate (rout) within a specified correlation time (1) which was 
calculated by (12) as reported in [9]. 

T = -JTsTm (12) 

For finding out storage capacity using output spike rate (r 
out), previous studies [10] used output spike rate parameter 
(routl). 

Storage capacity was found using routl [10], [19]which was 
calculated by (13) or (14). When routl«l, Uc was calculated by 

1 
ac � (13) 2routT IlogroutT I 

And when routl>= 1, ac was calculated by, 
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Fig. 2. Mossy fiber, GrC and PC Spike Patterns. A shows spike times generated 
from Poisson distribution. B shows firing pattern of a single granule cell when 
input in A was provided. C shows the PC spontaneous firing behavior when no 
synaptic inputs were given. 

Equation (14) was borrowed from [10] 

b = foutl (15) 

_t2 dt 
Dt = e 2 ,fzrr (16) 

We have solved x in (14) by using (16) in (17), 

b Ixu Dt(t-x) = (I-b) C Dt(t + x) (17) 

3) Pattern Duration T and Number of Inputs N 

(14) 

Pattern duration (T) and number of inputs (N) were varied 
to estimate storage capacity. Here, storage capacity was 
calculated using (18) as reported in [10] 

T 
- = ac (routT) (18) 
Nr 

Where T is the duration of the patterns and NTis the number 
of active input neurons in a particular time window T. 

It was assumed that learning multiple patterns with shorter 
durations was analogous to a single pattern with longer duration 
[10]. 
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Fig. 3. Network Firing Properties. A shows the mossy fiber spike times in the 
network. B shows histogram plot of GrC firing for each millisecond. C shows 
the PC response when GrC provided input. 

III. RESULTS 

We have simulated the spiking neural network, with known 
Purkinje cell electrophysiological behavior using AdEx spiking 
neuron model. GrC receives random Poisson input and 
corresponding response was generated with its assigned 
parametric values. For GrC model, AdEx was used with known 
parametric values [17]. 

A. Granule and Purkinje Neuron Firing Patterns allow 
Pattern Capturing Mechanism. 

We have modeled GrC and PC spike patterns with AdEx 
model (see Fig. 1). The spike times chosen from the 
homogenous Poisson process provided randomness in the GrC 
patterns (Fig. 2). Fig. 2A shows the Poisson input generated for 
providing input to GrC. Fig. 2B shows the GrC response which 
received a single mossy fiber [17]. Fig. 2C shows the 
spontaneous firing behavior of PC when no synaptic inputs 
provided. PC typically has 30 Hz firing frequency. Table 1 
shows the respective values used for GrC and PC. 

B. Network Firing Properties 

Previous studies [21] showed that around 600 GrC can be 
active at a particular time to provide input to PC. In our present 
study, we have used 100 GrCs to provide stimulus to the PC. 
Fig. 3A shows the raster plot of GrC firing spike times. Fig. 3B 
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shows the histogram plot of GrC spike times distribution. Fig. 
3C shows the increased firing response of PC when compared 
to the steady-state response as shown in Fig. 2C. 

100ms 

B 

1 1 1 111 1 1 1 111 11 11 1 1 1 11 1 1 1 1 11 11 11 1 
Fig. 4. PC learning after using FP algorithm. A shows the PC response, after 
learning frequency of firing gets reduced. B shows obtained PC response (red) 
and blue line indicates desired output sequence. 

C. Learning in PC 
Using FP algorithm, we observed that adaptation of weights 

happens through error correction obtained from the difference in 
calculated and desired spike times. Fig. 4A shows the PC firing 
behavior after learning where the frequency reduced compared 
to Fig. 3C. Fig. 4B shows the comparison between obtained 
spike times and desired spike times after learning happened. We 
were able to see reduction in firing frequency after learning. 

D. Increase of Storage Capacity with Large K values. 

Fig. 4 shows the variation in storage capacity with respect 
to stability constant. In equation (9), we varied the membrane 
and synaptic time constants (1m and ls) and pattern duration T 
by using values drawn from random distribution and computed 
K values. These K values were used to find the respective 
storage capacity values from (10) as shown in [9]. 

Fig. 5 shows that the maximum number of patterns that can 
be stored per synapse increased with the increase in stability 
constant (K). When there was increased resistance to error in 
the GrC input, more number of spikes were corrected at the PF
PC synapse. The capacity was expressed as a linear function of 
stability constant K. 

E. Decrease of PC Storage Capacity with High output spike 
rate. 

Although in our model, each granule cell fires at low rate, 
the total input spike arriving at PC within a time window (1) 
may be large. Then the mean firing rate of PC for each time bin 
(1) increases. 

In the model, average firing rate of PC in the time bin (1) 
was rout1. We estimated the mean rate of output spike time effect 
on storage capacity. 
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Fig. 5. Varying Stability Constant. Storage capacity increased with increased k 
value showing that when stability is higher, maximum storage capacity can be 
attained. Red dot in the figure indicates storage capacity calculated for PC used 
in study. 
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Fig. 6. Comparison of storage capacity and mean output firing rate (rout). As the 
mean output firing rate increased, the storage capacity decreased due to 
aggravation of infonnation for each time window. ro,,=I, 5, 15,30,40,50,60, 
70, 80, 90, 120 and 150 Hz respectively. 

Fig.6 shows that variation in storage capacity was due to 
change in mean rate of output spike time, rout1. By varying the 
mean rate of output spikes with a constant time window (1), the 
capacity was computed using (12). The capacity decreased 
when the mean rate of output spikes roLlt1 increased. When rout 
values increased above 120 Hz, then the condition (rout1 » 1) 
does not hold and the capacity cannot be estimated using the 
equations describe above. 

When rOLit was taken as 1Hz, the storage capacity was 
calculated. With rOLit =150 Hz, the capacity could not be 
estimated. This suggests that using (12), we cannot estimate 
storage capacity when roLit value was greater than or equal to 150 
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Hz. As number of PC output spikes in the constant time window 
increased, the learned pattern per PF-PC synapse decreased. 
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Fig. 7. Varying Pattern Duration T. Storage capacity was computed using 
different pattern durations. As pattern duration increased, the storage capacity 
saturated. Storage capacity calculated for simulated Purkinje cell is shown with 
red dot. 
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Fig. 8. Variation of storage capacity based on increasing the number of GrC. 
As the number of GrC increased, there was an exponential decrease in the 
storage capacity. Red asterisk indicates the storage capacity for Purkinje cell in 
the network. 

However, we computed storage capacity with condition of 
rout1 >=1. With PC like dynamics from experimental data, mean 
rate of output spike time rOLltr=1 (rout=45 Hz) was assumed. The 
capacity (ae) of Purkinje neuron per synapse was estimated for 
varying inputs from different granule neurons as: 

ac = .2084 

In this case, the maximum number of patterns stored per 
synapse is .2084. Two different storage capacity values were 
found using (11) and (14) equations. Using (II), we found the 
storage capacity to be, 

ac = .3432 

F. Slow increase of Storage Capacity With Increased Pattern 
Duration T 

Fig.7 shows variation in storage capacity with respect to 
pattern duration T. When the time duration of pattern increased, 
the capacity also increased gradually. The capacity therefore 
assumed to be a linear function of pattern duration. 

G. Storage Capacity Decrease with Large Number of Neurons 

Fig. 8 shows the variation in storage capacity, when input 
neurons were increased. When the number of input neurons for 
a particular time window (1) increased, the patterns stored per 
synapse decreased. The relation of capacity to the number of 
input neurons are estimated by giving the following values used 
in (13) [10]. 

The Purkinje neurons storage capacity per synapse is a 
nonlinear function of number of input neurons. Increase in the 
input neurons number reduced the storage capability. 

IV. CONCLUSIONS 

We were able to reproduce a spiking neural network and 
reproduce the adaptive dynamics of Purkinje neuron (PC) and 
its pattern separation properties. The network was simulated 
with auto rhythmic PC firing and the variations in the PC firing 
rate were shown when granule neuron (GrC) inputs were given 
as PF with the presence of parallel fiber and climbing fiber 
inputs. The network can be extended with large number of 
clusters of GrC (randomness can be replaced with more 
biologically relevant inputs) to study spatial recoding 
hypothesis. To model storage unreliability at the PF-PC 
synapse, stability constant K, was employed. 

Storage Capacity could also be defined as the number of 
desired spikes that a PF-PC synapse implemented. Based on 
this analysis, the value of the storage capacity was estimated to 
be <1. From this estimated value, we inferred >= 5 PF-PC 
synapse were required for the implementation of a desired 
spike. The synapse contributes by updating the synaptic weight 
each time. Although a precursor, this study could help 
understand cerebellar pattern recognition and improve models 
for motor articulation control. 
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