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Abstract

This paper presents a new paradigm to understand the behavior of the human brain by modeling the unified response
of a neural lattice using the Schroedinger wave equation. The proposed paradigm shift advocates to consider the brain
as a quantum object as a whole. The validity of the model is tested through application in stochastic filtering. We call
the model as recurrent quantum neural network (RQNN). Without making any assumption about the shape and nature
of the signal and noise, the proposed RQNN filters both dc and sinusoid signals embedded in very high Gaussian noise
of strengths 20 dB and 6 dB respectively. Thus the approach is a step forward towards intelligent filtering.

I. INTRODUCTION

Information processing in the brain is mediated by the dynamics of large, highly interconnected
neuronal populations. he acti ity patterns e hibited by the brain are e tremely rich they include
stochastic ea ly correlated local ring, synchroni ed oscillations and bursts, as ell as propagating

a esof acti ity. sually researchers use di erent net or structures such as feedfor ard and recurrent
to study the global beha ior of interconnected neurons , , , , , . o e er, such a method
has its negati e side hen e consider the case here thousands of neurons ta e part in information
processing. In this paper e ta e a more pragmatic and path brea ing approach to determine the
uni ed neuronal response of a sub population using chrodinger a e e uation.

iological systems such as the human eye trac ing a mo ing target in a noisy en ironment, trapping
a pass in the soccer eld etc. inspire us to understand the basic premise of intelligent computing model.
he systemic understanding of such biological processes consists of the formulation and solution of
three fundamental problems in the design of intelligent machines that intelligently obser e, predict and
interact ith the ob ects of the physical orld. hese problems are no n as the system identi cation
problem, the stochastic ltering problem, and the adapti e control problem. In this paper e focus
on the foundational issues in stochastic Itering.
he stochastic lter problem concerns the construction of an optimum lter for the transformation
of the ensemble of all past obser ations on some system into an estimate of its state at some past,
present or future time. ccording to . ucy , e ery solution to a stochastic ltering problem
in ol es the computation of time arying probabilty density function on the state space of the
obser ed system. a es , proposed ano el model a parametric a alanche stochastic lter using
uantum neuro dyanamics to trac the time arying of a signal. e are inspired by these or s
to propose an alternate model to study brain beha ior.
ur model is a recurrent neural net or  here the uni ed response of a neural lattice is determined
using the choedinger a e e uation. Instead of synthesi ing a neural net or s in terms of indi idual
neuronal responses, the proposed model loo s at the uni ed response of a neural lattice that accounts
for the information processing using data from a certain type of sensory inputs. lthough, our model
is inspired by the or by a es , e found an inherent problem in the architecture ith respect



to mo ement of the a e pac et. e remo ed the in erse lter present in the feedbac path and the
signal as estimated using ma imum li elihood estimator.
he proposed recurrent uantum neural net or is uite di erent in spirit and ob ecti e
from the architecture a ailable in the literature , , as these s synthesi e a neural
lattice using indi idual neural responses. hus e ma e a paradigm shift in understanding brain
beha ior by ta ing the complete neural lattice as a single uantum ob ect.
he other important feature of our proposed model is the no elty of its application in signal pro
cessing. he principal computational tool for stochastic ltering is the alman Ilter. nfortunately,
the alman lter is not suitable for intelligent computing because its restrictions linear system and
aussian obser ation noise are too restricti e, its gi ens a good dynamical model ith aussian
residuals are seldom gi en, and the algorithm is too computationally intensi e for system of practical
comple ity . ut anyone ho designs to build a machine that can trac a missile, trap a soccer ball,
or e en understand natural language must clearly understand the fundamentals of nonlinear stochastic
ltering problem that is not limited to aussian or e en unimodal distribution. he proposed
estimates a signal ithout any assumption on the shape and nature of the signal and the
noise. In a nutshell, this paper proposes a stochastic ltering scheme that is a step for ard to ards
intelligent ltering.

IT1. RO O DR CURR NT U NTU N UR N T OR RC IT CTUR

e pro ide a conceptual frame or concerning the functioning of the proposed uantum neural
net or sin gure . ets consider a plausible biological mechanism for eye trac ing. he biological
sensor fans out the input signal to a speci ¢ neural lattice in isual corte . or clarity, the gure

sho s a one dimensional array of neurons hose recepti e elds are e cited by the signal input
reaching each neuron through synaptic connections. he neural lattice responds to the stimulus
by actuating a feedbac signal bac to the sensory input. ere e hypothesi e that the uni ed
response of the neural lattice is a time arying probability density function . he heart of such a
hypothesis lies in the fact that neural information processing deals ith the stochastic signals pro ided
by arious biological sensors recei ed from the en ironment. In a nutshell, the problem boils do n
to ltering and estimation of a stochastic ariable hich is best modeled using the concept of time
arying probability density function. ccordingto . ucy ,e ery solution to a stochastic ltering
problem in ol es the computation of time arying probabilty density function on the state space of the
obser ed system. s e areloo ing for an alternati e model to interpret the a erage response beha ior
of a subpopulation of neurons in a speci c region of the brain, the proposed recurrent uantum neural
net or ignores the indi idual neuronal dynamics. In e ect, the proposed architecture may pro e to
be a path brea ing idea to understand uni ed beha ior of the human brain to arious types of stimulii.

I11. TOC TIC I T RU IN

e pro ide a stochastic lter architecture using for ltering a one dimensional signal embedded
in noise in gure . he signal is the actual signal embedded in noise , 1.e.
he signal e cites  neurons spatially located along the a is after being pre processed
by synapses. In the model the synapses are represented by time arying synaptic eights . he
uni ed dynamics of the one dimensional neural lattice consisting of  neurons is described by the
chroedinger a e e uation gi en as

here symbols and  carry usual meaning in the conte t of chroedinger a e e uation.
he potential eld of the chroedinger a e e uation gi en in e uation consists of t o terms
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ig. . onceptual framework for the Recurrent quantum neural networks
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ince the potential eld term in e uation is a function of , the chroedinger a e e uation

that describes the stochastic Iter is nonlinear. In contrast to arti cial neural net or s studied in the
literature, in our model the neural lattice consisting of  neurons is described by the state
hich is the solution of e uation . imulatneously, the model is recurrent as the dynamics consists

of a feedbac term
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ig. 2. stochastic filter using RQNN

he nonlinear chroedinger a e e uation gi en by e uation e hibits soliton property, i.e. the

s uare of isa a e pac et hich mo esli e a particle. he importance of this property is
e plained as follo s. et the stochastic ariable be described by a aussian probability density
function ith mean and ariance . et the initial state of e uation correspond to ero
mean aussian probability density function ith ariance . s the dynamics e ol es ith
on line update of the synaptic eights , the probability density function should ideally
mo e to ard the of the signal . hus the ltering problem in this ne frame or can be seen
as the ability of the nonlinear chroedinger a e e uation to produce a a e pac et solution that
glides along the time arying corresponding to the signal

he synaptic eights hich is a dimensional ector is updated using ebbian learning

algorithm.



here . is the ltered estimate of the actual signal . e compute the Itered
estimate as a imum i elyhood stimator

In the stochastic lter model gi en by a es , the author used a in erse lter in the feedbac .

sing this model e could not mo e the a e pac et and the author agreed to this nding in our
personal correspondence. e ill see later in this paper that the a e pac et mo es in the re uired
direction in our ne model.

I .INT R TIONO T C RO DIN R U TION
he nonlinear chroedinger a e e uation is from the mathematical point of ie a partial
di erential e uation of t o ariables and . In an abstract sense recepti e elds of  neurons

span the entire distance along the a is. he e uation 1is con erted to the nite di erence form by
di iding the a isinto  mesh points so that and are represented as follo s

here  aries from to . he nite di erence form of e uation is e pressed as
here . ere, eha eassumed that . or con enience, e represent
1 . .
as , as and as 1 .  ith these representations,

e uation reads as

e riting this e uation in a matri form one gets

1

here the amiltonian is de ned as

ubse uently

1 here I 1t

ince it is re uired that the norm of is ,  must be an orthonormal operator. ince in
e uation  does not ha e such a property, in our simulation e impose the normali ation after e ery
step. t this point e do not stress too much on the accuracy of the integration, rather the emphasis
is on the eri cation of the conceptual frame or presented in this paper.



he nonlinear e uation in ol es four e ternal parameters , , and . he last parameter

is necessary to update the synaptic eight ector . or simplicity, the parameter is ta en as
unity and accordingly the other three parameters are heuristically tuned. o0 ing at the comple ity of
e uation , e used a genetic algorithm based on the concept of uni ariate marginal distribution
algorithm , to select near optimal parameters. etails of the algorithm and its
implementation are described in our another or

In general pro ided the parameter alues here and . he signi cance
of this nding can be understood in the follo ing manner. ince as the learning parameter in
the ebbian learning, it is natural to e pect that . he less than unity alue for ma es
self e citation larger. imilarly, a large alue of causes a larger input e citation since it appears as
a multiplicand in the chroedinger e uation.

I U TION I R CIN O I N DD D IN U I N OI

In this section e do simulations to test the e cacy of the proposed to lter a dc signal
embedded in noise. e also compare the results ith the performance of a alman lter designed for
this purpose. he alman Iter algorithm is presented in the ppendi . It should be noted that the

alman lIter has the no ledge that the embedded signal is a dc signal hereas the
is not pro ided ith this no ledge. he alman Ilter also ma es use of the fact that the noise is

aussian and estimates the ariance of the noise based on this assumption. hus it is e pected that
the performance of alman Iter ill degrade as the noise becomes non aussian. In contrast,
does not ma e any assumption about the noise.
ctual signal is a dc signal gi en as embedded in d and d noise respecti ely.
he selected alues of parameters for the chroedinger a e e uation are as follo s

he number of neurons along the a isis ed at . he parameters for the nite di erence
e uation are ta en as

In addition e select a parameter hich represents number of iterati e steps that are re uired for
the response of the a e e uation to reach a steady state to an instant sample of the e ternal eld,
i.e. the e ternal eld e citation represented by the second term on the right hand side of the e uation

, 1s presented to the nite di erence e uation model  at an inter al . In our simulation, this
parameter as found to be

stimation of the actual signal using is compared ith the alman Iter and simulation
results are sho n in gure . he results corresponding to d noise are sho n in the plot on the
left side hile the results corresponding to d are sho n in the plot on the right side. e can
also recognise this feature by loo ing at the noise en elope, i.e. noise en elope in the right side has
considerably large idth as compared to the noise en elope in the left plot. In gure , the performance
of compares ell ith the performance of the alman Iter gi en the fact that it ma es no
assumption about the shape and nature of the signal and noise. hus the proposed scheme is a step
for ard to ards intelligent Itering.

e t ee plain the principle of ltering using through the mo ement of the a e pac et. s
stated earlier, the nonlinear chroedinger a e e uation e hibits soilton properties, i.e. its response
isa a e pac et hich has a particle li e mo ement ithout being dispersed. he a e pac et at

arious instants for both the cases corresponding to gure is sho n in gure . ets obser e the
plot on the left of this gure. Initially at , the a e pac et is a ero mean aussian and the



pac et appears to split

hile mo ing in the positi e direction of the

a is

sec . O e er, as

time progresses, the split pac ets merge to form a rigid pac et that mo es to ard mean as the actual
until the pac et remains stationary at

signal to be trac ed has a strength
is a stochastic ariable that has a constant
end as e pected.
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ig. . Tracking of a dc signal of strength 2.0 embedded in Gaussian noise (i) 20 dB noise (ii) 6 dB noise n each case

the performance of QNN is compared with the
b represents signal estimation using QNN and the signal ¢ represents signal estimation using
The noise envelope is represented by the curve d

alman filter the signal a respresents actual dc signal, the signal

alman filtering.
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he results are sho n in gure . he results in the left plot represent ltering hile the results
sho n in the right plot sho the mo ement of the a e pac ets. It is e ident from this gure that the
performance of is comparable to the performance of alman lter. he mo ement of the a e
pac et ta es place along the same principle outlined earlier in this section.
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ig. . iltering of a dc signal of strength 0 embedded in 6 dB Gaussian noise(i) iltering signal a represents
actual signal, signal b represents estimation using RQNN, signal ¢ represents estimation using alman filter (ii)
ovement of the wave packet wave packet a at 0 , wave packet b at , wave packet ¢ at 6
and wave packet d at 0
[. 1Tu TioNn II R C IN INU OID I N DD D IN U I N OI
In this section, e repeat the simulation e periments done for the case of dc signal to lter a sinusoid
signal embedded in aussian noise. e compare the performance of Iter ith a standard
benchmar method using I Iter hich e pro ide in the ppendi . he e pression for the

actual sinusoid signal is

i e the case of ltering a dc signal, the actual signal is embeddedin d and d noise respecti ely.
he selected alues of parameters associated ith the nonlinear chroedinger a e e uation are

he number of neurons along the a is are ta en as . he parameters for the nite di erence
e uation used for integration are selected as

o e er the parameter ista en . he ltering results are sho n in gure . It is clear that the
performance of the is far better than the Iter. he fact that is able to estimate
the signal in d noise is a measure of the strength of the proposed lter to ard intelligent trac ing
of a signal here the natures of the signal and noise are un no n. he mo ement of the a e pac et
corresponding to trac ing of sinusoid signal is sho n in gure .  ith the parameter alues gi en
abo e, the shape of the a e pac et is a little confusing. his ill be clear in the ne t simulation.

he abo e sinusoid signal is gi en a dc shift and is immersed in d aussian noise
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ig. 6. Tracking of a sinusoid signal () 2 (2 0 ) embedded in Gaussian noise (i) 20 dB noise (ii) 6 dB noise n
each plot the performance of QNN is compared with Spectral analysis the signal a is the actual signal, the signal
b is estimated by QNN and the signal c is estimated by T filter.
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ig. . ovement of the wave packets corresponding to figure 6(a) 20 dB noise (b) 6 dB noise Snapshots of the wave
packet at three di erent instants are shown the wave packet a at 0, the wave packet b at and the

wave packet ¢ at

he parameter alues associated ith the nonlinear chroedinger a e e uation are

he parameters for nite di erence e uation used for integration are selected as

he results are sho n in gure . he results in the left plot represent Itering hile the results
sho n in the right plot sho the mo ement of the a e pac et. It is clearly e ident from this gure
that the performance of is again better as compared to the I Iter. he important
feature is that the a e pac et mo es li e a particle along the a is unli e the pre ious case here
it as dispersed. he most prominent characteristic of this trac ing is the oscillation of a e pac et
aroung a mean alue. he a e pac et does not split but retains its aussian nature. Its mean mo es
around a center depending on the instantaneous alue of the actual signal
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ig. . iltering of a sinusoid signal with adcshift () 2 2 (2 0 )embedded in 0 dB Gaussian noise(i) iltering
signal a represents actual signal, signal b represents estimation using RQNN, signal ¢ represents estimation using
T filter (ii) ovement of the wave packet wave packet a at 0 ,wave packet b at , curve ¢ at
and curve d at 0

II. ONC U ION

In this paper e made a paradigm shift to study the brain beha ior. he uni ed response of a com
plete neural lattice as computed using the chroedinger a e e uation. he nonlinear chroedinger
a e e uation hich resulted because of recurrent structure of the net or e hibited soliton property
a property that de nes the particle type of mo ement of the a e pac et. e ha e demonstrated
this property hile ltering dc and sinusoid signals embedded in aussian noise. he proposed
Itered dc signal embedded in d and d aussian noise ith performance e ciency comparable
to alman lter. o e er, alman Iter uses the no ledge that the signal is dc and noise
is aussian hile does not re uire such no ledge. hee cacy of is further
con rmed hen its performance as better than the standard I Iter to reco er the sinusoid
signals embedded in d , d and d aussian noise respecti ely. hus the present or as
surely a step for ard to ard intelligent Itering here the Itering process ma es no assumption about
the shape and nature of the signal and noise as ell.

NDI

I. N ITRIN O DC I N

he dc signal is embedded in aussian noise.  he process is go erned by the linear di erence
e uation

In the abo e e uations, is the process noise added at e ery time instant to the state ariable
hich is a dc signal.  is the measurement noise that gets added to yield the measurement
he time update e uations are

1

In the abo e e uations, is the process ariance hich is ta en to be negligibly small in our case since



he measurement update e uations are

is the alman gain hich for the dc case is a scalar. is the error co ariance hich is updated
on the basis of the latest estimate of . he measurement noise co ariance is estimated online
starting from an initial alue of

II. R I ITR OR INUOID I N

his lter as implemented using atlabs imulin toolbo . In this section, the structure and
or ing of the abo e lter are e plained.
he input is di ided into o erlapping bloc s hich are circularly con ol ed ith the 1  Iter

coe cients. he circular con olution of each bloc is computed by multiplying the s of the bloc
and the lter coe cients and computing the in erse of the product.

i en the lter length and the si e ,the rst points of the circular con olution are
in alid and discarded. he remaining points hich are e ui alent to the true con olution
are unrolled as output by the nbu er ban

he I o ass Iter asused ith coe cientsanda  point as used in the erlap
sa e bloc .



