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Abstract—This work analyzes neural processing power aiming
to offer the pioneering result towards the computation of the
brain information capacity. Utilizing the bottom-up approach
starting at the level of a single synapse, the underlying study
contributes to the general knowledge on the neural molecular
system — aimed to be understood and harnessed to engineer so-
lutions for problems in communications technology and medicine.

I. INTRODUCTION

A cutting-edge strategy in molecular communications is
to fine-tune the neural system to convey information intra-
body. The objective of this work is to develop and analyze a
communication theoretical framework for the nervous system,
ultimately aiming to compute the brain information processing
power. The available information-theoretic analyses are com-
monly applied to compute how much information a neural
response carries about input/stimulus (see [1], [2], [3]). A few
information-theoretic analyses are applied with an objective
to quantify how much information a receiving/post-synaptic
compartment carries about the transmitting/pre-synaptic neu-
ron within a single synaptic channel as a part of a neuron-to-
neuron communication channel [4], [5].

This work computes in closed-form the information capacity
at a single synaptic level using the Poissonian channel mod-
eling. It then extends the reasoning to estimate the information
capacity at multiple synaptic levels within a neuron-to-
neuron communication channel using Poisson Multiple-Input
Multiple-Output (MIMO) channel modeling.

II. METHODS

At single synaptic levels shown in Fig. 1, the information
transfer is inspected after introducing analogies between the
neural communication system and the optical communication
system with Poisson channels [6]. Closed-form equations —
which define theoretical upper bounds on the information
capacity — are derived addressing both the bipartite and
tripartite synapses. The upper bounds on the information rates
for the ith bipartite synaptic Poisson channel and the ith

tripartite synaptic Poisson channel are given as

C(i)b = max
0≤µ≤σ
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[
µφ(P
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0

C(i)b (λ,Λ, µ)dt, (2)

respectively. The parameters and functions used in (1) and (2)
are defined in [6].

At multiple synaptic levels (within a single neuron-to-
neuron channel) shown in Fig. 2, we model the overall synaptic
system as symmetric MIMO system. The synaptic MIMO
systems use spatial diversity and intuitively offer higher per-
formance in information transmission compared to a single
synapse. Various physiological processes at this point [7], [8]
(e.g., dependencies among transmitted streams of information
particles, and complex reconstruction of the action potential
through the build-up of miniature potentials at the membrane
of the receiving cell) complicate the closed-form definition of
the process observed at the output of the MIMO channel. This
further impede us of defining the channel capacity in closed-
form.

Nonetheless, owing to specific mathematical results in the
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Fig. 1. Schematic diagram of the neural anatomy with bipartite and tripartite
synapses in a neuron-to-neuron channel.
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Fig. 2. Schematic diagram of the synaptic MIMO system (with bipartite
synapses) in a neuron-to-neuron communication channel.

field of Poissonian statistics [9], we model the MIMO synaptic
channel as an additive noise channel with the output point
process that can also be approximated as a Poisson point
process. This enables us to estimate the synaptic MIMO
capacity combining Monte-Carlo computer simulations and (1)
and (2).

III. RESULTS AND DISCUSSION

Fig. 3(a) and Fig. 3(b) show the upper bounds on the
information rate for a single synapse. The bounds regularly
tend to saturate when increasing the peak spiking rates at
the transmitting neuron; they are also higher for less noisy
synapses and higher vesicle release probabilities1 (that com-
monly follow beta distribution).

Fig. 4(a) and Fig. 4(b) show mean value and standard
deviation of upper bounds on the information rate for a single
synapse (computed analytically) and complete synaptic MIMO
system (computed using Monte Carlo simulations). The graphs
confirm an intuitive improvement in reliability of the MIMO
synaptic channel over the SIMO synaptic channel. This further
indicates that two neurons forming multiple synapses outper-
forms in terms of information rates two neurons connected
only by a single synapse.

IV. CONCLUSION

The biological neural network is an emerging topic within
the field of molecular communication due to low energy
consumption, propagation gain, and effectiveness. This attracts
researchers to understand the neural network and utilize it as
a nano-communication network.

This paper aimed to understand the ways neurons link and
signal each other by considering the information capacity at
the cellular level. Results presented here can offer novel in-
sights into the performance of neural communication, and pave
the way towards the brain information capacity computation.
Quantified neuron and/or brain information rates can be useful

1At each pre-synaptic terminal, vesicle release probabilities, P (i)
R s, thin

action potential sequences generated by the transmitting neuron and described
by Poisson point processes, thus producing novel information chemical signals
also described by Poisson processes.
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Fig. 3. Upper bounds on information rate for a single synapse. (a) The upper
bound on information rate as a function of the peak spiking rate given various
noise levels described with spontaneous Poisson processes with rates λ0 and
vesicle release probability PR = 0.4. (b) The upper bound on information
rate as a function of the peak spiking rate given beta distributed vesicle release
probability PR.
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Fig. 4. Upper bounds on information rate for a single synapse and multiple
synapses (N = 180); PR = 0.05 for each synapse. (a) The upper bound on
information rate as a function of the peak spiking rate set to 10 spike/s. (b)
The upper bound on information rate as a function of the peak spiking rate
set to 100 spike/s.

for various applications in engineering, synthetic biology, and
neuroscience for treatment of brain disorders.
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