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Abstract— Communication among neurons is the most
promising technique for biocompatible nanonetworks. This
necessitates the thorough communication theoretical analysis
of information transmission among neurons. The information
flow in neuro-spike communication channel is regulated by the
ability of neurons to change their synaptic strengths over time,
i.e. synaptic plasticity. Thus, the performance evaluation of the
nervous nanonetwork is incomplete without considering the
influence of synaptic plasticity. Hence, in this paper, we
provide a comprehensive model for multiple-input single-
output (MISO) neuro-spike communication by integrating the
spike timing dependent plasticity (STDP) into existing channel
model. We simulate this model for a realistic scenario with
correlated inputs and varying spiking threshold. We show that
plasticity is strengthening the correlated input synapses at the
expense of weakening the synapses with uncorrelated inputs.
Moreover, a nonlinear behavior in signal transmission is
observed with changing spiking threshold.

l. INTRODUCTION

Synaptic plasticity is a fundamental property of the
mammalian brain and refers to the capability of synapses to
change their strength [1]. It is involved in the control of
information flow between neurons on different temporal scales
and can be divided into two main categories, (i) short-term
plasticity, which lasts on the order of milliseconds to several
minutes [2], and (ii) long-term plasticity, which refers to
changes that can last from hours to the lifetime of the synapse
and is thought to play a central role in the mechanisms involved
in memory and learning [1]. Moreover, aberrant synaptic
plasticity contributes to several neuropsychiatric disorders [1],
[3]. Hence, studying synaptic plasticity in both healthy and
diseased conditions is an important step towards understanding
brain functions and the development of novel diagnostic and
treatment techniques.

Neuro-spike communication is one of the most promising
nanoscale communication paradigms. Hence, several studies
have focused on modeling processes involved and evaluating
its performance [4]-[8]. However, while the short-term
plasticity is considered in [4], [8], none of the existing studies
in the literature have considered the impact of long-term
synaptic plasticity on the performance of this communication
channel. Our main motivation in this work is to study learning
and memory processes that are based on the changes in strength
and connectivity of neural networks. Hence, in this paper, for
the first time in the literature, we study the impact of the long-

term synaptic plasticity on multiple access communication
channel among hippocampal-cortical neurons. Long-term
plasticity can be expressed in two forms, (i) long-term
potentiation (LTP), which refers to an enhancement in the
strength of the synapse, and (ii) long-term depression (LTD), in
which the synaptic strength is decreased over time [1]. Thus, in
this paper, we are using bidirectional spike timing dependent
plasticity (STDP) model that either depresses or strengthens the
synapses depending on the temporal correlation between pre-
and post-synaptic spikes [9].

Learning occurs through cooperation between synaptic
inputs and the plasticity rules select inputs which are correlated
with other inputs [10]. Thus, we analyze the influence of
correlation among pre-synaptic spike trains on the
strengthening of synapses and its impacts on the signal
transmission over this channel. Moreover, impacts of variation
in spiking threshold, which happens in real scenarios [10], is
studied on the probability of spike generation in output neuron.

The remainder of this paper is organized as follows. In
Section Il, the MISO neuro-spike communication channel
model is explained. Then, STDP and its impact on the synaptic
channel strength is explained in Section Ill. Finally, the
performance evaluation is provided in Section 1V and the paper
is concluded in Section V.

I1. MISO NEURO-SPIKE COMMUNICATION CHANNEL

This study is based on a MISO synaptic channel, where a
single post-synaptic neuron receives and processes information
from multiple pre-synaptic neurons as shown in Fig. 1.

A. Input spike trains and axonal transmission

The synaptic communication begins with spike arrival in
pre-synaptic neurons. The spike train in ith pre-synaptic
terminal can be modeled by Poisson process as S;(t) =
Poiss(4;), where A; is the spike rate, i e[1, M] and M is the
number of pre-synaptic neurons [5]. By discretizing time into
windows of equal length, i.e., At, the spiking probability in ith
pre-synaptic neuron at nth time step is modeled as P{S;[n] =
1} =1—exp(—2;At) , where S;[n] =1 indicates spike
arrival [4]. Moreover, after firing one spike, the neuron is not
able to generate another spike for a certain time duration called

refractory period, 7,.f [11]. Hence, P{S;[n] =1} = 0 forTZ—‘;f
consecutive time steps after firing one spike. Furthermore, since
spikes propagate reliably through axons in hippocampal
neurons [6], we model axonal transmission as ideal all pass
filter with zero transmission delay.


https://core.ac.uk/display/237398696?utm_source=pdf&utm_medium=banner&utm_campaign=pdf-decoration-v1

Synaptic

Weight Update
. wi(t) t
9(®)
S No Spike  No Vesicle L
i[n] Axonal T Vi[n] EPsP [&i() EM)] spike [|YIN]
Transmission e Generation Generation
Spike Vesicle

ith Pre-synaptic Neuron

Post-synaptic Neuron

Fig. 1. Communication among one pre-synaptic neuron and the post-synaptic neuron in MISO synaptic channel.

B. Vesicle Release Process

The spike arrival at each pre-synaptic terminal causes
vesicle release with probability p; modeled in [5] as follows,

P{V;[n] = 1|S;[n] = 1} = 1 — exp(—a;N;) 2 p;,

where a; = 0.06 ,/N; is the rate at which vesicles are fused
with the membrane to get released [12], N; is the number of
available vesicles for release and V;[n] = 1 indicate the vesicle
release from ith pre-synaptic terminal.

C. Post-synaptic Response at Each Synapse

After each release, the post-synaptic potential caused by ith
synapse is modeled in [5] as
e;(t) = wi(O)h; - exp(l - —) 1
where ¢, is the time to reach the peak amplitude of EPSP,
w; (t)h; is the peak EPSP amplitude at ith synapse and w; (t) is
the synaptic weight, which can increase or decrease according
to the synaptic activity.

D. Spike Generation

The total membrane potential E(t) at post-synaptic neuron
contributed by all the inputs is given as

E(t) = Vpest + Zivii Yvn: tpst Vilnle;(t —t,) + g(t), (2)

where v, is the membrane resting potential, nth time window
starts at t,, and g(t) is the synaptic noise modeled by Gaussian
distribution with zero mean and variance ¢, [5]. A spike occurs
in the output, i.e., Y[n] = 1, when E(t) = 0, where 6 is the
spiking threshold and (n — 1)At < t < nAt.

I1l. SPIKE TIMING DEPENDENT PLASTICITY

Strong depolarization of post-synaptic neuron is required
for induction of LTP while weaker depolarization leads to LTD.
Therefore, the change in synaptic efficacy is driven by temporal
correlations between pre-synaptic spike arrival and post-
synaptic firing and it is termed as STDP. STDP is order
dependent, i.e., if the pre-synaptic spike arrives before post-
synaptic spike, the synapse is strengthened, while the opposite
order weakens the synapse. This kind of long-term synaptic
plasticity is prevalent in cortical neurons especially in
excitatory hippocampal pyramidal neurons [13]. Hence, in this
section, we provide the model for updating the synaptic
weights, governed by the variable w; (t), using STDP model.

Considering S;(t) and Y (t) as pre- and post-synaptic spike
trains, respectively, the change in weight of ith synapse is given
as,

dw;(t ®
w; (8) =a,+S; (t)( pre +J- prepost(t Y(t—t )dt’)
dt 0
+Y(t)(apost foo pOStpTe(t')Si(t—t’)dt’), (3)
where S;(t) = X,8(t —tf,.), Y(©) = 3,8t —t},,) and
t' =t . -t isthe time difference between pre- and post-

synaptic spikes. The parameter a, < 0 represents an activity
independent constant decrease in the synaptic weight, i.e.,
irrespective of the presence of a spike on pre- and post-synaptic
terminal. Moreover, a?™® and a?°*" represent the non-Hebbian
effect on synaptic Welght resultlng due to the occurrence of pre-
and post-synaptic spike, respectively. a2 7% (t") governs the
weight change that depends on the time dlfference between the
current pre-synaptic spike and the last post-synaptic spike
occurrence. This factor is responsible for reducing the weight
according to Hebbian learning. On the other hand, if a post-
synaptic spike occurs at a certain time instant, the time since
last pre-synaptic spike arrival dictates strengthening of the
synapse with the factor ab®“™*(t") . ab"*P***(t") and
ab?"PTe (") together describe a learning window W (t'), i.e., a
rule for updating synaptic weights, as follows [9],

ab®t P (t") = A, exp(t'/Ty), ift' <0
alTePot(t") = A_exp(—t'/Ty), if t' >0

where t' < 0 shows the arrival of pre-synaptic spike before
post-synaptic spike and t' > 0 shows otherwise.

Wt = { 4)

IV. PERFORMANCE EVALUATION

In this section, we evaluate the neuro-spike communication
channel considering M pre-synaptic neurons making only one
synapse each with the output neuron as shown in Fig. 1. We
utilize parameters given in Table | and simulate three different
scenarios defined as follows for 1000 time steps:

e When there is no STDP, thus, synaptic weights are
constant at wy.q; .

e In the presence of STDP with no correlation among
pre-synaptic spike trains generated by Poisson
processes with the same rate, i.e., 1; = A.

e Inthe presence of STDP with correlated inputs.



TABLE I. Simulation parameters.

Parameters Symbols Values
Normalized EPSP amplitude RiWyest 1mvV [5]
Initial synaptic weight Wrest 0.5
Time to reach EPSP peak tp 0.1 ms [7]
Number of available vesicles N; forall i 10 [14]
Resting potential Vyest -65 mV
Noise standard deviation On 0.1 mV [5]
Refractory period Tref 2 ms [11]
Number of inputs M 300

ao, al’, af"“ -1,0.01,0
STDP parameters AL A 0.24,-0.1

T1, T 12.2,13.6 ms
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Fig. 2. Learning window.

Changes in synaptic efficacy using STDP model are defined
using (3) and (4) and the learning window is shown in Fig. 2.
To induce realistic synaptic plasticity, we need to ensure that
synaptic weights remain in certain bounds. Thus, we consider
initial values of w; (0) = w,..s; and restrict the synaptic weights
in the interval [0,1] according to [15]. Moreover, the parameters
of STDP model are selected according to studies fitting the
STDP model to experimental data [16].

A. Correlation among Inputs and Synaptic Strength

For introducing correlation among the pre-synaptic spike
trains, we divide inputs into five groups {G;, G,, G5, G,, Gs},
where G, to G, have ten members each and the remaining
neurons are in Gg. Let T;~Poiss(4;), where A; = A for
i €[1,M], be independent random variables. For inputs
assigned to G; with [ € [1,4] the spike trains are defined as S; =
T; + C;, where ieG, and C;~Poiss(4c,). Hence, the correlation
coefficient among any two neurons in these groups is calculated
as,

Aci P .
A+Ag ifi#] ,
ifi=j

where i,j € G, and [ € [1,4]. We select 1., = 20 Hz, 1., = 50
Hz, A3 = 70 Hz and A., = 100 Hz. For neurons in Gs the

pij = corr(S;,S;) = ©)

spike trains are defined as S; = T;. Note that spike trains of
neurons assigned to different groups are independent.

The change in synaptic weights over a period of time is
calculated by (3) and the ratio of strengthened or potentiated
synapses in each group at the end of simulation time are plotted
in Fig. 3 for different values of spiking threshold 6. As shown
in Fig. 3, the ratio of potentiated users, R;, increases as the
correlation among the users in the same group increases.
However, according to (5), the correlation factor reduces with
the increase in 4, thus, the number of potentiated inputs for
different groups approach the uncorrelated scenario.

As A increases, the probability of input spike increases,
however, moderate values of 1 are unable to generate enough
number of post-synaptic spikes. Hence, the negative effect of
al™P%t (") is dominant compared to the positive impact of
ab®*"P(t") on synaptic strength. Thus, a drop in the value of
R; is observed. Further increase in A generates more post-
synaptic spikes increasing the effect of a®“"™*(t"), thus,
improving the potentiation of the synapses.

When spiking threshold, 8, increases more pre-synaptic
spikes, thus, higher value of A, is required to generate a post-
synaptic spike. Hence, the drop in R, is shifting to the right
from moderate towards higher values of A4 as shown in Fig. 3.
Moreover, the value of R; at its drop is decreasing by increasing
6 since the negative impact of a?"*P°* (¢') is stronger because

of existence of more pre-synaptic spikes.

B. Probability of Spike Generation at Output Neuron

The synaptic weights, w;(t), have a direct impact on the
amplitude of EPSP as given by (1). Thus, change in w;(t)
directly affects the probability of spike generation on post-
synaptic terminal. As depicted in Fig. 3(a), more than 50% of
input neurons have synaptic weights greater than w,,g for
almost all values of A. Hence, spike generation probability is
higher in the neuro-spike communication channel with STDP
at this spiking threshold as depicted in Fig. 4(a). Moreover,
since the synapses for correlated inputs are strengthened more
than uncorrelated ones, the probability of spike generation is
also higher for the system with correlated inputs. Same pattern
is observed for low values of 1 at 8 = 20 mV and 8 = 25
mV in Fig. 4(b-c). However, as shown in Fig. 3(b-c), more than
50% of the synapses are depressed for moderate values of A in
the system with STDP at these spiking thresholds. Thus, the
probability of output spike generation in this system is less than
the system without STDP for moderate values of 4. As shown
in Fig. 4(b-c), the system with STDP again outperforms the
system without STDP for higher values of A since the
percentage of potentiated synapses increases.

V. CONCLUSION

In this paper, we studied the impact of STDP on the
performance of multiple access neuro-spike communication
channel for correlated as well as uncorrelated input spike trains.
As observed in the simulation results, correlation among inputs
improves the probability of signal transmission over the
channel as a result of strengthening the synapses of the
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Fig. 3. Ratio of synaptic weights greater than w,.;, i.e., potentiated synapses, for different spiking thresholds.
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Fig. 4. Probability of spike generation in output for different spiking thresholds.

correlated inputs. Furthermore, it is observed that the changes
in the spiking threshold, which happens in real scenario, have
nonlinear impacts on the probability of signal transmission over
this communication channel. Thus, our analysis signifies the
importance of a comprehensive model for neuro-spike
communication channel consisting of long-term plasticity to
fully evaluate the performance of the nanonetwork using neuro-
spike communication paradigm as well as for getting insights
into the functionality of the brain.
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