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mization

Abstract—The brain communicates via electrical signaling. Il. NEURAL BAsICs

The molecular mechanisms which drive this communication a& The human brain is composed primary of two tvpes of cells:
quite complex. In this paper, we compare intra-neuron signing P P y yp :

properties with communications networks, and find that there NEUrons and glia. As s_hown i_n Figure 1, alslingle neuron is
are many similarities. We review some existing neuroscieiiic comprised of three main sections - a dendritic tree or arbor,

findings which exemplify this neuron-communication systemink. 3 soma (cell body), and an axon [2]. The axon generally
Additionally, we review existing mathematical models and heo- functions as the "output” and the dendritic tree takes "ispu

ries for neural functionality and communication. In partic ular, from other neuron’s axonal outputs. The interface between
we look at long-term synaptic plasticity mechanisms which puts.

amplify important synaptic inputs and attenuate noisy onesover &N axon terminal and a dendritic tree is F:ommonly called a
time. We prepare a basic model based upon communication synapseThe space between the axon terminal and the dendrite
theoretic principles, and derive a mathematical approximaion s called thesynaptic cleft

to it. We find that our model is largely based on correlation Glia are generally believed to be support cells for neuronal

of input patterns, which matches quite well with some existig functi d t v int ting f luti
neuroscientific theories as well as neural network principts. With  TUNClion, and are extremely interesling from an evolutrgna

simulation, we find that the model predicts some of the basic Perspective. The axonal membrane is generally a very leaky
properties effects of synaptic plasticity. one, and as an unprotected axon shrinks in diameter the
propagation speed of APs decreases. Two evolutionary paths
have been developed to overcome this issue. In some animals,
important axons are enlarged in order to support speedy (but
Beginning with Hodgkin & Huxley and their peers in thdeaky) propagation of APs. Squid axons are an example of
1930s [1], it was theorized and then shown that the badids, and were the basis of Hodgkin and Huxley's experiments
for neuronal communication was electrical in nature. Sindeecause of their large size. For a small number of neuroiss, th
then, electrical engineers have been both contributorsitb aapproach works, but it is limited by the fact that the neuson’
benefactors of neuroscientific discoveries. An entire figld energy consumption and volume must be increased to provide
electrical engineering, called "neural networks,” hagmi®ut AP speed.
of this interdisciplinary field, in which we mimic the abilit = Some glia (Schwann cells) have evolved to be a second
of the brain to learn through simplistic models of neurorapproach to reduce leakage and increase propagation speed
and networks of them. Much as the smallest element of thé APs. These cells grow myelin sheaths around the axons
integrated circuit is a transistor, the neuron seems to be #f most neurons in the brain. The sheating serves to reduce
smallest computational element in the brain. While we camergy loss in the signal thereby increasing propagatieadp
characterize the functionality of a transistor quite wet are The axon plus myelin diameter required to support the same
still learning about many of the neurons internal behaviors propagation speed as an un-sheated axon is orders of magni-
From the perspective of communications theory, both intréide smaller, while additionally requiring less energyisTis
and inter-neuron communication is an interesting topiaelHe one of the many examples of ways that the human brain has
we focus on intra-neuron communication. The rest of the papgavolved to support incredible computational abilititesvasy
is organized as follows: In secton Il we cover some basiow energy consumption.
biophysical characteristics of the neuron. In sectiona,will Nearly all of the inter-neuron signaling in the human brain
cover some mathematical basics, related work, and spectfi&es places via electrochemical transfer. When specitie-cr
biophysical characteristics of the neuron which are irstiing rion are met, a given neuron will initiate akction Potential
from a communications perspective. In secton 1V, we will d§AP) at the axonal hillock (in the soma). An AP is an electrica
scribe our basic system model in detail, and review someésof ipulse which is carried by ionic currents (mostly Sodium,
links with existing theories and systems. In section V wd wilCalcium, and Potassium ions). The pulse propagates through
review some of our results with this model. We summarize othie entire cell body, and is maintained down the length of the
findings as follows: against our metric of signal-to-intgefnce axon by periodically spaced amplification sites where nmyeli
(SIR) ratio, we find that the optimal neural characteristicsheating is not present, calldbdes of RanvielWe can think

I. INTRODUCTION



of these sites as selection amplify-and-forward nodeso8g | Dendrites Aston terminals

as the signal exceeds some voltage threshold, enough ioni .
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pulse is effectively amplified. It seems that these nodeisgac
are optimized to be as far apart as possible, while maimtgini
a high probability of re-amplification [2].

When the AP reaches the axon terminal, it releases chem
icals called neurotransmitterwhich migrate extracellularly
across the synaptic cleft and have either an excitatory ol
inhibitory effect on the dendrite. In the excitatory cadee t
dendrite synapse generates an electrical current by temijyor ~ Nucleus
altering properties of the cell membrane to allow ionic eats
to flow into the cell. In the inhibitory case, the dendrite cahid- 1. The Neuron
both alter the properties of the cell membrane to have a

shunting effect and suppress any currents generated n"’”"‘ronmpression algorithm for a neuron is very complex and to

well as generate a negative (outgoing) current. These spulﬁ%s day is not well understood

are termed Post Synaptic Potentials (PSPs). One neuron can
have tens of thousands of synaptic inputs, with most inputs IIl. BACKGROUND & RELATED WORK
being excitatory.

- - - One example of neural energy and volume optimization is
While the equations that govern the Hodgkin-Huxley model| ) ) o
are complex, they result in a required (approximate) "thod demonstrated in [5]. The authors determine through sinimuat

voltage” at the soma / axon hillock in order to generate an Aﬂgat there should exist a minimum limit on diameter, and thus

The voltage in the soma at any given point is largely afumx:tié’omme’ of the axon. At the molecular level, electrochemica

of the dendritic inputs from other neurons. A simplisticwiis S|_g_nals afr(_e genherate(? ar_ﬁl protp?gatfedhby th? St?Ch?St'C. con-
that the excitatory PSPs (EPSPs) and inhibitory PSPs (DPSE%'O”S of lon channels. 'he state of channel activation 1s a

channels will open such that a runaway effect occurs and the
4

Schwann's cells

at a given point in time summate in the soma, and the thresh fction of membrane voltage and subject to thermodynamics

voltage criterion is applied to determine whether or not & A husz some number of channels are glvyays active” and
should be generated. allowing current to flow. In normally functioning axons, tee

While a single action potential does not consume mu@ﬁcx:h?;tmd_condtltlon?t(r:]ontrlbut(ej toa n0|setrflloorf.f t of & sinal
energy, one must consider that the human brain containseon th S , eh |ame| erotine axond ?ﬁreasgs, ﬂe ctiectof a smgx:
order of 100 billion neurons. In fact, the average humannbra®Pe"" channel increases an € noise Tloor Increases.

consumes approximately 20% of the total energy consum e minimal _d|ameter, generqno_n_ of spontaneou; APs” (in
by the entire body, while accounting for only 2% of it,Sot er words, bit errors due to significant channel noiseuocc

. e to the influence of stochastic channel dynamics. This
total mass. Nearly half of the energy consumed in the brf{illustrated in figure 1 (A,C) from this paper yThe authors
is due to action potential generation and propagation [3]. ' . o . .
While these statistics vary across different animals, @od f und that the SAP rate was largely insensitive to biopfjsic

is clear: the brain consumes a lot of energy with resp ;f;;aerzgéenrsofogli:;Pgraitr:“;;toen;l] dla:)rrrlgttehr.e zi?;ilm'med dfrom
to it's mass and size. None the less, it is an incredib PP aase

efficient computational system, which outperforms stdte-o ‘%{””Allz')m't'l Asdthe vqumeTc:]ecreases,tgnergy C(zrs]t to F;;Opl.a'
the-art, energy-hungry computers at many tasks. Researc € AATS aiso decreases. Thus, operating near the norse-im

here at Stanford seek to harness this efficient computiniy Wﬁrowvédisé\ﬁat\ﬂinnis (;rf1 m;h gslirgsleanhdaﬁjnirigﬁe(lzlt-)tg‘?rl:onif:ﬂ:’:ﬁit
silicon-based neural circuits. 9

We can trace the energy efficacy of the brain down to it t which the output (the axon) begins to make many wrong

A ) : ecisions. There are a plethora of neuronal characteristic
smallest constituents: neurons. Clearly, controllingaherage ; I
which we can compare to communications theory and systems.

AP generation rate is an important factor in overall enerqé/ i . .
: . . - or many years now, information theory has been utilized to
conservation. There is a considerable body of existing re-

search which considers the tradeoff between volumetietsn attempt to determine the information capacity of a neurah wi
guestionable results.

conservation and information storage. Here, we considen ea - . . - .
g dOr|g|nally, it was believed that the dendritic tree funcigal

neuron as a small computational device with many inputs an . : .
. . . .as a set of passive cables, whereby each input was indepen-
one output. The functional purpose is to compress infornati

from the thousands of inputs down to a single decision at gntly propagated_ through t_he tree to the”so_mfi and summed
axon. inearly there. ThIS moglel is called the point” neuron or
Even this idea is a partial simplification. Neurons can erri)_eceptron, and is described mathematically as

code information about the state of it's synaptic inputoasr n

multiple pulses with dynamic rate-modulation strategias. r= Zwixi (1)
number of information theorists and theoretical neurogses i=1

have also attempted to apply Shannon’s theorems to theswhere w; and x; are the synaptic weights and synaptic
neural codesThe transfer function and associated informatioimputs respectively, and is the signal seen at the soma [6].
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Fig. 2. Simulation: Synaptic Depression leads to betteutimfifferentiation [4]

If » exceeds some threshold, the axon hillock generates amMuch more likely is that some form of selectivity is at work
Action Potential (AP), which propagates down the axon as determining the importance of each synaptic connection.
well as back up into the dendritic tree. This back-propaggti It is believed that this occurs through synaptic weight mod-
action potential (BPAP) is of great interest and importattce ification via a wide variety of biological mechanisms. This
synaptic weight modification (plasticity) and other feeclba feature is generally termeslynaptic Plasticityand many neu-
control mechanisms. roscientists believe that it is the molecular basis for mgmo

In recent years, researchers have also discovered that fumed learning. In 1949, Dr. Donald Hebb was one of the first
tion of the dendritic tree itself is much richer than origito propose such a mechanism [12], now appropriately called
nally believed. In fact, it has been shown in simulation andebbian learning. The basic theory is often succinctlyestat
through experiment that each dendritic branch functiona asas: "cells that fire together, wire together.”
computational subunit which can perform supra- or subaline Research on this phenomenionvivo or in vitro is compli-
summations of dendritic PSPs on that branch [6]-[11]. Thisited by the seemingly wide variety of participating bidbad)
functionality along with some other proposed abilities lo¢ t mechanisms. There are believed to be both long-term (
dendritic tree lead to a much richer neural model, with dyeatminutes) and short-term (milliseconds to seconds) forms of
enhanced computational capability. We discuss this topic $ynaptic plasticity which lead to gain or attenuation of a
greater detail in section IlI-D. given synaptic input weight, and these mechanisms seem to
be sometimes competing!

Additionally, plasticity occurs in to both feed-forwarddin
feed-back directions [13]. Post-synaptic synapses can- com

Morphological studies of Purkinje and cortical neurons imunicate with pre-synaptic axon terminals via retrograde
the human brains have illuminated their extensive demdrithemical messagers that travel extracellularly back acttues
arborizations. These cells can accept on the order of 100,G¥naptic cleft.
synaptic inputs. While the number is much lower for other Parametrically speakingy; in equation 1 is modified based
cell types, it seems unlikely that all of these inputs couldpon it's interaction with the neuron. In biological resgar
contribute to a single output. Supporting this fact is resea weight gain is termegbotentiationand attenuation is termed
into response patterns for these neurons which finds thgt tlteepression
respond only to specific subsets of inputs. Some studies alsén [14], using in-vitro measurements, the authors first
indicate that anywhere from 80-90% of the synaptic inputieveloped a quantitative model for short-term plasticity i
to these cells are inactive and produce no noticeable wltagt cortical cells and then built a simulation model for it.
change at the cell soma. These ineffective inputs are calliéasurements of short-term potentiation and depressioa we
"silent synapses.” This raises an important question: How dit to a product of exponential functions with different time
these cells determine which inputs are important? It seem@nstants. In a second, landmark paper, the same authats use
very unlikely that random connections at the cellular levéhat model to demonstrate the efficacy of short-term syoapti
could govern very orderly higher brain functions. depression as a dynamic gain control mechanism for cortical

A. Synaptic Plasticity
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Fig. 4. Spike Timing Dependent Plasticity: Weight vs. Clatien

Fig. 3. Spike Timing Dependent Plasticity: Modification Etian ) . .
the importance of inputs which are not. It treats the latter

inputs as noise and drives their importance down to some

neurons [4]. Cortical neurons, as aforementioned, havedén Minimum weight value (possibly zero!). This is a form of
thousands of inputs with firing rates ranging from 1 to 208nSupervisediebbian learning.

Hz. How these neurons differentiated between slowly firing /" [15], the authors go on to characterize the effect of
inputs and quickly firing ones was not well understood pri TDP on inputs with specified correlation. They show that as
to this discovery. correlation increases, the inputs tend to have more signific

The effect of depression is shown in figure 2. The simulatid’ﬁe'gh_t' For every '“F’!“’ a ‘correlation mult_lplleréz- was
used two sets of independent, Poisson process inputs witFcified. The correlation between any two inputs was then
mean rates of 10 Hz and 100 Hz respectively. Simulation rufi&i- N figure 4, they perform a simulation run with 200 inputs
are divided by column. In descending order, the rows plot tf@d STDP. We see the effect of the correlation on the synaptic
mean firing rate for both input groups, the output spike trame'ghts_' more correlated. inputs have 'arg‘?r,ga'”- Notelthat
without depression, and the output spike train with dejpoess these simulations, a maan_u_rgn(m) and minimum (0) gain

In the first simulation run (column A), the mean firing ratéOr the synapses was specified.
of the 100 Hz group was sinusoidally modulated by 50%
around the mean and the 10 Hz group was held constant.Bn Synaptic Weight Distribution
the second (column B), the two input groups were swappedit is clear that our brains have been driven down to-
In the third (column C), the 100Hz group was modulate@ards minimal energy consumption whilst maintaining their
by 5Hz (which was the same modification for the seconficredible computational power. Part of the story behind
simulation run). We see that the depression-enabled outgnit functionality is now clear. Synaptic plasticity allevior
trains for simulations one and two are nearly identical, anfburons to separate important input patterns from uniraport
that depression has no effect on the output train for sinarlat ones, thus reducing the AP generation rate and associated
three. The effect of depression on the output spike traimit®q energy costs. The next question is: towards what optintinati
clear: it allows for the neuron to differentiate betweeratiee metric is synaptic plasticity working? A number of recent
changes in mean synaptic firing rates. research efforts have been directed at understanding fit ef

This phenomenon can be explained as follows: For eachsynaptic plasticity, and it's possible optimization tpa
synaptic input, the balance between it's mean firing rate One such approach is investigation of the synaptic weight
and synaptic depression will lead to a steady-state symapfistribution for a neuron. In [16], the authors chronicle a
weight which is inversely proportional to the mean firingetat number of recent studies of synaptic weight distributioms i
Through this balance, relative (%) changes of each input wilarious neuronal types, including one of their own. Most
be weighted equally at the cell soma. It is a form of powestudies include only the effect of excitatory synapses and
control, where higher average firing rates have lower pe#nore inhibitory ones. In their study, theoretical apmioes
powers, and therefore all firing rates have relatively camst were used derive an optimal weight distribution based upon
average power. information theoretic concepts originally posed by Gardne

Another of these observed and seemingly very impadhe late 1980s.
tant mechanisms is spike-timing dependent plasticity (B)ID The authors find that the critical capacity of a perceptron-
Some neuroscientists believe that STDP is the cellular mechodel neuron was 0.83 bits per synapse [17], which is lower
anism for learning and memory. It's functionality can bé¢han the original 2 bits per synapse predicted by the origina
simply described as follows: If a synaptic EPSP at synapeeiseless models. This later result was, however, suppborte
x; precedes a post-synaptic AP within some time constraibty later findings. Critical capacity is defined as the maximum
the synaptic weightv; is increased. If a synaptic EPSP followswumber of patterns stored divided by the number of inpute. Th
a post-synaptic AP, it's weighi; is decreased. A proposedauthors of [17] extended Gardner’s model to include an error
STDP function is shown in figure 3 [15]. In effect, STDPregime (some patterns stored with non-zero error) in [183, a
stochastically increases the importance of synaptic Bputtilized these findings in deriving an estimate of capaaity f
which are correlated with output AP generation, and deeeas Purkinje cell.
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capacity are often used to measure the quality of memory

o1 and information storage in neural networks and perceptrons
0.08 — In [21], the authors consider the impact of discrete-valued
— 0.06 — synapses on the quality of information storage. Some neu-
§ rological research indicates that synapses take valugsionl
0.04 discrete steps. The authors analyze the relationship ketwe
0.02 — information storage and the number of synapse states.
One very interesting and recent result deals with a small
0 | N biological two-layer neural network which is modeled at a

functional level [22]. It consists of a many granule cell imp
stage with a Purkinje cell decision stage. These networks ar
Fig. 5. Optimal Synaptic Weight Distribution primarly involved in motor control. The granule cell inputs
provide a number of primary signals, each with independent
signal and noise levelg; = a;s + n;.
An example weight distribution is shown in figure 5 above. The signals; and noisen; and are mean 0 and variance
It is given by the equation [17] 1 ando;, respectively. One granule cell input carries an error
1 — L, (W+BW,)? signal which provides the learning mechanism for the Pyekin
PW) = H(=B)s(W) + \/ﬂwf e o) cell. They theorize that a certain gain, for every input of
(2) interest is desired at the Purkinje cell output, and develop
It is a delta pulse at zero (these are called silent synapses)model which uses a "covariance rule” between the error
with value H(-B). The right-hand term is a gaussian tail ofifno annd primary signals to modify the gain for each input in the
negative synaptic weights. The general form of this distién  pyrkinje cell layer.
was found to fit fairly well with observed distributions. The They find that the optimal weighting/gain vector compo-
entire synaptic weight distribution is a function of the s®i nents are given by
SD and the desired BER for the system. By fitting these
parameters to measured synaptic weights for a Purkinje cell WO — ai/o} 3)
they estimated its noise, BER, and information capacity. ¢ Y+ Y0307
A related and equally interesting finding is that a signifi-
cant proportion of synapses generate no noticable membran

voltage change at the cell soma. As aforementioned, th COénmunlcatlon networks with interference. Using thesesul

have been termed "silent synapses,” and are linked wi cy d&_mulaie the systemt{;\nd f'_rllﬁ that undetsr:retdbnollsy_m[ﬁuts
the effects of synaptic plasticity. The proportion of stlend© driven o zero over ime. They argue that biologically,
. . - ._these noise signals force their associated synapses tonkeco
synapses increases as the noise level is increased, Wh|cf;lsi||%nt,, (a recurring ideal). In addition, the covarian te
also of interest. It is possible that some form of waterflin Y T ' Cpda

across correlation is taking place, such that inputs witheﬂoruill(.eatnhiiyalljtg'rzifhrt:qe]‘?orrs Sé)?/cgrm;nr:tigls?nmmbﬁgfstec; tiz?enﬁﬁgsch
significant correlation are allocated more power, and iﬂpul};tjworks 9 P 9

below some correlation/noise threshold are driven down '9 Another int i inf tion-based del i d
zero. As shown in the correlation vs. synaptic weight plot nother interesting information-based mModet 1S propose

this idea is supported by simulation results. Unfortunatse h [23]. They develop an optimization-based model which

were unable to derive a model which clearly fit this con(:elptu%reeudr'(;::lsS tgge?'itfg(ﬁeftsg:iptgﬁn '?Izaalst;[écr'lty'o-rarl'ey prephat
idea. This modeling is left for future work. P P 9

g/hich bears close resemblance to power control results in

C. Information Theory and Neuronal Computation L=1-9D-¥ (4)

There have been many attempts to characterize the perwhere L is the optimization goal, | is the information
formance of a neuron with respect to information theoretgtored by the neuron, D is the distance of the AP generation
concepts. Cover originally considered the problem of patterate from some target rate, andl is an energy cost term
recognition for a perceptron in the late 1950s [19], and tburfor maintanance of large synaptic inputs. They find that a
that for a noiseless perceptron the number of stored pattegradient-ascent rule for approaching the optimizationl goa
should be P=2N, where N is the number of inputs. Thaccurately predicts the existance of synaptic weight moatifi
problem was considered geometrically, where randomly drawion. Synaptic weight distributions are generated afteDBT
input sets were considered in a hypercube. So long assiemulaton which show input selectivity and match some of
hyperplane could be drawn to separate the inputs into tilee other weight distributions predicted by different nueth
distinct classes, the pattern was considered stored. The s@r measured experimentally.
result was rederived in a famous paper by Garnder, utilizingIn [24], the authors develop a Shannon-information model
a statistical mechanics approach [20]. where the signal to noise ratio and volumetric ratio are

More recent efforts have been geared at utilizing informaxponentially proportional to each other. There is a body of
tion theory to explain some of the natural biological opfiesi neuroscience research which indicates that synaptic wlum
tions which take place. Signal-to-Noise ratios and Shann@nboth proportional to the size of gain; for that synapse



as well as the energy costs of that synapse. They treat the
function of the neuron as a memory storage device, where
communication occurs over time. Information is fed into the
system at one point in time, and retrieved at a later point.
They characterize the impact of noise associated with this
process, accounting for both write- and read-time sourées o
noise. Their results indicate that large quantities of gmal
noisy synapses are preferred to singular, larger synapses.
This is support by experimental findings which indicate some
pre-synaptic neurons make numerous connections with post-
synaptic targets at a variety of locations in the dendriget

D. Dendritic Tree Morphology & Computation Fig. 6. Single Neuron Computation [8]

Much of the aforementioned research treats the neuron as
a perceptron with linear summation of dendritic inputs. It
also largely ignores the effect and importance of IPSPseMor 1) To make an argument for the STDP-covariance rela-
recent research has also shown that in fact the basic diendrit ~ tionship using simple communication theory techniques

functionality is far richer than initially thought [11]. Eh (maximization of Shannon AWGN rate)

dendritic tree is now believed to be a significant contripseo ~ 2) To seek a link between observed synaptic weight distri-
the computational abilities of the neuron [25], and is tleet butions, STDP, and input covariance

to be responsible for a number of neural functionalities. Additionally, we also briefly consider a coherent selection

As depicted in figure 6, the authors propose that themplify-and-forward relaying scheme and it's relatiompstith
neuronal system should be modeled as a two-layer neuwdehdritic computation. This model is of interest for future
integration and computational system. Each dendritic diranwork.
performs it's own computation, defined mathematically as

A. Modified Multiple-Access Channel Model

hereb dd h £ th The biological STDP mechanism depends upon correlation
whereb;, s(—), f(-), andd;; are the output of the porean the input and output to determine synaptic weight

.th . - . . . . .
! I_oranch,_3|gm0|da.\1!hampllf|c_a_lt|o_n function, df,?d”t'c afith o o dification. When output follows input, synaptic gain is
metic function, andj** dendritic input on thei** branch, .

vel he f . ) ) idal ) hi Ecreased, and vice-versa for input-follows-output. Sirice
respectively. The function s is a sigmoidal function, whic uput is dependent (non-linearly) on the set of inputs, we

determines whet_her the amplifier for t_hat branch will indqunow that the synaptic weight is ultimately dependent upon
goherently ahmpllfy-anhd-forWafrdbthe §|g_nal. The function Eovariance between the inputs. Many neural networks follow

etermme_s ow each set of branc Inputs sums t(_)geﬂ?ﬁﬂple Hebbian rules based upon these concepts of input
although inter-branch summation seems to be nearly I'nearcovariance [27]. Here, we develop a basic communication

Additionally, the dendritic tree has a number of filtering /4 00 the perceptron-neuron model which supports this
capabilities which can impact the computational ability Afea

Fhe neuron. A single sharp EPSP spike in the dendritic trfeeWe begin by defining the perceptron equation as

is subject to low-pass filtering effects through the tree’s

morphology, and it's energy is spread at the soma. EPSPs n

from different branches can last for differing lengths aféi at V=0 <Z Wi Xi — 9) =0 (wa —9) (6)

differing peak amplitudes based upon their location in the.t =1

In [26], a recently developed transmission cable equaton fwherex = [X; ... X,]” is a vector of correlated bernoulli

the dendritic tree is laid out. It is the first to include sonfe dandom variables with anz1 mean vectonux and annan

the higher-frequency low pass characteristics of the medro covariance matrix x, andw = [wi ... w,]" is the vector of

sub-threshold (i.e. linear) regions, this cable equatiatciies synaptic weights. The heaviside step functior®is

well with experimental measurements. The set of input patterns (i.e. all possible binary com-
Some of the newer models are also attempting to account fgfations of the Bernoulli input vectox) are not equally

the impaCt of IPSPs on the Computational ablllty of the nBUrO|ike|y to occur. We treat the set of input patterns for an n-

though these research efforts are in their infancy. In [@],the  input perceptron as a codeboBkvhich takes values between

authors develop arithmetic models for EPSP and EPSP/IP&timal 0 and2” — 1. The probability of a given codg; is a

summation, respectively. A model which incorporates all gfinction of both the mean and covariance matrices. For these

these results into a single model has not yet been developggstems, the Bernoulli meanfor a given input dominates the

correlation between two inputs, so to a first approximatien w
IV. SYSTEM MODEL estimate that the probalitiy of a given code is the product of

The main goal of the system modeling in this paper is twahe probabilities for each individual binary value in thatde.

fold: Mathematically this is defined as

bi = S(f (di,la-'-7di,n)) (5)



N We treat each code as a user of this dendritic channel, and
Ple=C) = H P (z1, = Ci(k)) @) propose that at a given _t|me, a single cogle is attemptmg to
pie reach the output. At all times, the underlying expected dirin
) . rates of every input contribute to stochastic interferendhe
Where C;(k) is the _k: binary elemen.t of the cod€;. channel. We ignore noise from other sources, at this point.
For instance, for a 4-input perceptron with pattern 0116, thy;t this simplification, we can say that the total sum-rate
likelihood of that code is”(Xy = 0) + P(X3 = 1) P(X2 = 4¢ross all codes for the perceptron is given as
There has been some work in defining probability distribu- n oo
tions for sums of correlated bernoulli random variables|,[28 R = Z Pr(C)y ~ w diag(px)w (13)
but these distributions require complex evaluation and @o n =1 wT (B, + diag(p2)) w
n_ecessgnly represent the_actual dlstrlbuyo_n weII_. In atioal The numerator in the RHS can be explained as follows:
simulation, we do not find large deviations in codeboog. . - .
- oo ince we have estimated the probability of a given code to
probability from the approximation suggested here. We cop- " . .
. - . h . Dbe the product of it's bernoulli RV constituent8y(z; = 1 €
sidered numerical monte-carlo simulations for all modglin

. _— N . C) = Pr(z; = 1) = pg,. The expression in 13 simplifies
but determined that signifcant, time-consuming runs waied the RHS after we sum over all code probabilities. We theorize

required to properly characterize the input code prottabmthat the neuron seeks to maximize this measure of informatio

distribution. gte. Thus, we can pose the synaptic-weight selection as an
We treat the axon hillock as a decoder which compares {fEe: Thus, an p - Synaplic-weig
optimization routine. We are interested in

synaptic summation in the soma against the thresBolgor
a single input patteri@’;, only the 1-valued inputs contribute

to the output signal. Thus, the signal power in a given code max Rsum (w) (14)
Ci is then subject to no constraints, at this point.
The equation in 13 is a ratio of two quadratic forms. The
_ a2 2 L. . . .
Sc, = Z (ziw;)” = Z w; (8) matrix in the denominator is the sum of two PSD matrices,
o€l #i=1 so it is invertible and eigen-decomposable. We expand the
Additionally, we define the constant average power in tigenominator quadratic as

soma as

n w? (S + diag(ui)) w=w! Tw = wTQiAngw (15)
_ 20 _ .. T T 7: 2 . . . .
Sr=E [Z(wﬂi) ] =w' Yyw+w' diag(pz)w  (9) Next, we define an intermediate variable z, such that
=1
We utilize the definition of the expected value of a sum 5= Aéng (16)

of random variables to expand it into covariance and mean . .
components. ThUS, for a given Code, we can define its Signa].ThUS, we can reformulate the ratio of two quadratlc forms

to-interference ratio (SIR) as in eq. 13 as
2 _ _
; (ziw;) o wldiag(ux)w ZTA% QT diag(p)QA = 2
i R eI (10) S wT (B, + diag(p2)) w 2Tz
W (2, + diag(2)) w ( 92)) (17)

It is clear that this under-estimates the SjRfor a given This problem is a readily solvable quadratic form. The
code, because the interference term includes the average &®Ctorz,.q.. Which maximizes the above form is the first eigen-
tribution of the signal from that code. But as we will seesthivector of A 2 QT diag(u,,)QA 2 , and thus, the maximized w
greatly simplifies analysis of our system model because tise
denominator in the SIR ratio is constant across all inpuesod »

We justify this approximation by noting that the probalilit Winazr = QA Z Zimag (18)

of a non-sparse code is low, so the impact on the SNR . . N .
for the most probable (sparse) codes is not significant (i.eIt IS clear_ that this maximizing vectc_)rls closgly reIat.e.dhe
a/(a+b) ~ a/b whenb>> a), _maX|maI elgenvggtorTof the corre[a}tlon matrl_x. Add|t|c_JI|__yaI

We utilize the Shannon-information rate equation for ol the matrix A= Q" diag(p,)QA™= has strictly positive
AWGN channel, which is a commonly utilized equation iientries, the Perron-Frobenius theorem states that thenmaxi

many of the aforemetioned neuron/information theoretic r&i9€nvector should have only positive components. We el s
search efforts. It is defined as follows: that in many cases, this is true. Since this is often the case,

we do not impose non-negativity bounds on the components
R(y) =log, (1 +7) (11) of the optimizing weight vector. It would also be useful to
impose a maximal bound on the weight vector components,
but this requires significant complication of the solutiamce
Riy)=~v, 0<~y<1 (12) it is generally not a convex problem.

and fory < 1, we make the approximation that



There are a number of biological constraints which w
might place on this maximization problem. One discuss¢
constraint is non-negativity and maximum values on the cor
ponents of the weight vectas. Another biologically plausible
constraint is that either the total synaptic weight or thilto
power in synaptic weight is constrained to a maximum. |
[29], the authors find that STDP should lead to a conservati
of the total synaptic weight.

Distribution of Synaptic Weight
T T T T
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# Of Occurances

B. Dendritic Selection Amplify-and-Forward

Recent experimental results have shown that dendritic m
phology contributes to the 1/0O function of a neuron, and th; O h -
this greatly enhances the computational abilities of the o Synaptic Weight
Some of the research indicates that within-branch summatio
is nearly linear, and then subject to a sigmoidal amplifazati Fig.- 7. Experiment 1: Synaptic Weight Distribution
function which coherently adds gain to the signal if it exdee

some threshold. Other research indicates that the sigioida ) ¢ he fi ¢ del |
amplification function itself is subject to STDP-like rujesgeneration of an AP. The first test of our system model is

where the thresold for a given branch is decreased when tF%tobserve the effects of correlation on the maximal weight

branch contributes to an AP. vector. . .

Researchers propose that the branch and/or synaptic input'éOr a system with 100 synaptic inputs, we ChoBe';] =
become aware of their contribution via back-propagating a%‘2’ and randomly choosg a subset apprOX|mat§Iy 50%. Pf. the
tion potentials (BPAPS), which arise because the AP gemdzrappms to be corrglated with each other. We begin by utlgzm
at the soma propagates both down the axon and back up imS m_ethodology n [15]’ whereby each of the co_rrelatedlmpu
the dendritic tree. We compare this to a signal ACKnowIedg?— as_3|gned a correlatpn factor, af?d the cqrrelatlon between
ment mechanism. It is believed that there are dendritics sit?VC INPUts X; and X; is cic;. This effectively correlates a
which contribute to amplifying this acknowledgement silgni'ngle family of inputs with each other, since for any input

as well. Also, research and analysis shows that the comnxmg\]]c Ci = O’d'ts corlrelgtlon \]fv'th eveTy o;[jhgr mputtl)sfzer-?.
nication chanel is asymmetric, such that signals geneiated ter random selection of a correlated input sub-family, we

the soma and propagated to the dendrites are less-attdnu ?ée% cprreLIJat(iJog ;‘ac\ﬁr@ rlandorr]ply from a frandorr]n u_nh;grm
than signals heading in the opposite direction. This is due istribution U[0,0.2]. We plot a histogram of weights in figu

properties of the channel and the effect of branching in t %The_re were 44 zero-va}lued correlation factors in Fh's run
dendritic tree which is matched by the histogram above. The synaptic weight

We treat these interactions as a distributed sensor ne,tvvcfﬂ{ every mput with a zero-vglued corrglatlon factor isvén
which contains selection AF relaying nodes that sum signé%zero' which _suppor_ts b_aS|c assumptions of STDP.
from a variety of constituent nodes. If the signals generte Note thaj[ this dlstrlbut.|on bgars close resemblan.ce some
the constinuents exceed some threshold, the selection 4& n8]c the predicted, .STDF?-S|mu.Iat|.on _based, and experimgntal
relays the information to a central node. When the centrcilenomeasurecj synaptic weight distributions.
deems that the relayed information was important, it presid _
an acknowledgement signal to the selection AF node, whi€h Experiment 2: STDP

decreases it's threshold for relaying. The STDP experiment in [15] was set up as follows:
We leave further modeling and simulation of this setup for « N = 1000 synapses
future work. « correlation factor’c, = 0.2%
« Average firing rate per synapse constant across all
V. RESULTS synapses

In simulating this model, we aim to show the dependence of* @i CONstrained to bé < w; < wiaq _ _
the maximizing weight vector upon the correlation matix  We utilize our function maximization stated in equation 17,
Additionally, we aim to be able to duplicate some of the ressul0ting that a maximum weight constraint is not possible with
discussed above, with regards to optimal and observed Weigﬁnple evaluation of this quadratic form, and define the off-

distributions as well as STDP simulations and experimentsdiagonal elements oE = cc’, and the diagonal elements
as u(1 — p). Our problem is formed slightly differently,

) ] since we've treated each input as a bernoulli variable with
A. Experiment 1: Selection of Correlated Inputs no concept of time. None the less, the basic idea of the
One of the interesting results predicted by STDP in thmaximization is the same, and the correlation is constant
perceptron model is that un-correlated synaptic inputslvél across both problems.
treated as noise. Over time, these inputs will be stoctelstic  In figure 8, we plot the correlation factor vs. the optimal
driven to zero weight since they're unlikely to result in thesynaptic weight and find that it resembles that which was
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Fig. 9. Experiment 3: Synaptic Weight Distribution with fegmal correla-
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Fig. 8. Experiment 2: Synaptic Weight vs. Correlation Fgctonear
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VI. FUTURE WORK

found in the STDP simulation shown in figure 4. For small The first step in future work would be to rigorously math-
number of neurons (N=10), we see a similar curvature to teenatically derive a tight-knit link between expected cross
weight distribution. At large N (N=1000), this curvaturenis correlation between inputs and the optimal weight distidu
longer present. We find a roughly linear dependence upon thedels which have already been derived. It is possible that
synaptic weight as opposed to their model for large N, whidur model could serve as that link with a more rigorous
saturates values af; at some maximum and minimum limit. mathematical treament. We discuss an alternative approach
It is possible that with a maximal synaptic value constrainthich could also possibly allow for the same link.
imposed on our model, the maximizing weight vector would Our basic system models neuron functionality as a commu-
more closely resemble that which was found in the STDications system with many users (codes) and a single desti-
simulation. nation (the soma). There are alternative system formulatio
Unfortunately, this ratio of quadratics is not necessarilyhich might be of interest for future work. We briefly expldre
convex and requires complex optimization routines. An aphe idea of a MISO channel model, where each synaptic input
proach for this is detailed in [30], where a branch-and-libuiis part of the gain vector h and the input covariance Q iséckat
optimization method is used to find the optimum value afs above. Normally, when treating MISO channel models, the
the quadratic ratio under non-negativity and linear caiists. gain is assumed to take a certain distribution, and the input
Utilizing this extension is left for future work. None thesle covariance matrix is setup as a gaussian codebook.
these initial results are encouraging. For our problem, this formulation would be slightly dif-
ferent. We would consider the case where the gain matrix
) . ) o distribution is known (as suggested by the optimal distidyu
C. Experiment 3: Matching the Optimal Distribution discussed herein), and then attempt to determine if an aptim
We note that there is nearly a linear dependance betwgerdistribution for the covariance matrix could be found to
andw,,ax, which is expected due to the linked dependence beaximize capacity.
tween the cross-correlation matrix, the pairwise correlation In [31], aspects of correlated channels, interference, and
factor vectorc, and the resultant weight vector,, ... As such, signals are considered for the MISO channel. It is plausible
experimentation led to the choice of a logarithmic disttilbu that some form of waterfilling is taking place, which would
of correlation factors for the vector. Additionally, some support some of the experimental and theoretical findings
guestionable research indicates that cross-correlattme®n with regards to the relationship between input correlatiod
inputs is log-normally distributed by nature. We plot theuks synaptic weight allocation. Experimental support would be
of a run with this input in figure 9. Note that this logarithmigequired to evaluate if the capacity-maximizing distribot
distribution closely matches the optimal and experimentsr input covariance matches that which is found biolodjcal
weight distributions discussed in previous sections. This is a difficult experimental task due to the small phyisica
Our model suggests that a lognormally distributed correlgize of dendritic trees, challenges of dendritic imagingitro,
tion factor would result in an optimal weight vector whichand the small EPSP signals.
was also lognormally distributed. This would account fog th We would also like to be able to incorporate effects of
significant number of 'silent’ or very-small valued synapsedendritic morphology in future system models. It is unclear
that are present both in optimality models and experimbntahow this would take place with a MISO model, or system
measured data. Better experimental results measuringlaerrmodel derived in this paper.
tion between inputs would be of use to further this idea. Another interesting model, as discussed above, yields a



sensor-network with selection-amplify and forward nodas f [9]
lowing. Each dendritic branch functions as a selection &ygpl
and-forward (AF) node, by taking the input signals and then
deciding if they exceed a given threshold. If they do excegrb]
the threshold, the signal is amplified and forwarded to tHe co
lection node (the soma). Including the effects of poteintiat
and depression [9] leads to a changing threshold for sefecti
relaying. Modeling this system and considering its pram’ctic[12

use is left for future work. [13]

VII. CONCLUSIONS

In this paper, we have provided a brief overview of neurondf!
function. We have reviewed in detail some of the more
interesting, recent findings with respect to communication
theory. It seems that the neuronal communication systera d
employ ideas that are related to those utilized in current
communications systems. [16]

We have successfully demonstrated that a simple model for
a neurons functionality can be captured through maxinmonati
of the Shannon information rate. This model captures the
importance of cross-correlation between synaptic inpass, (a7
well as the effect of mean firing rate. Input correlation Igein
a key contributor to synaptic weight distributions is a wyde
held idea. In future work, it is clear that this model would/@a 18]
to be extended to a include different plausible maximizatié
constraints on the total power, total synaptic weight, and/[19]
non-negativity of the synaptic weights.

We have introduced some additional system modeling con-
cepts, but not treated them in detail. We plan to continue
investigating these topics. [20]
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