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Abstract In this paper we use register-based genetic programminiy nvémory-with-
memory to discover probabilistic membership functions #na used to divide up
data-sets of event-related potentials recorded via EEGyohm-physiological
experiments based on the corresponding response times.oldjéetive is to
evolve membership functions which lead to maximising thaistical signif-
icance with which true brain waves can be reconstructed vewvenaging the
trials in each bin. Results show that GP can significantlyrowe the fidelity
with which ERP components can be recovered.
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1. I ntroduction

The electrical activity of the brain is typically recordearn the scalp us-
ing Electroencephalography (EEG). This is used in eletlyslogy, in psy-
chology, as well as in Brain-Computer Interface (BCI) reska Particularly
important for these purposes are Event-Related PoteriEft®s). ERPs are
relatively well defined shape-wise variations to the ongdtG elicited by a
stimulus and/or temporally linked to it (Luck, 2005). ERRaude early exoge-
nous responses, due to the primary processing of the stanatuwell as later
endogenous responses, which are a reflection of higher toegprocessing
induced by the stimulus (Donchin and Coles, 1988).

While the study okingle-trial ERPs has been considered of great importance
since the early days of ERP analysis, in practice the presehmoise and
artifacts has forced researchers to make useefagingas part of their standard
investigation methodology (Donchin and Lindsley, 1968)ektoday, despite
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enormous advances in acquisition devices and signal-psoggequipment and
techniques, ERP averaging is still ubiquitous (Handy, 2004k, 2005).

ERP averaging is also a key element in many BCls. BCls meapamefic
signals of brain activity intentionally and unintentiolyahduced by the partic-
ipant and translate them into device control signals (sweeXample, (Farwell
and Donchin, 1988; Wolpaw et al., 1991; Pfurtscheller et1#8193; Birbaumer
etal., 1999; Wolpaw et al., 2000; Furdea et al., 2009)). Agery is frequently
used to increase accuracy in BCls where the objective isttomée which of
the stimuli sequentially presented to a user is attended iFhachieved via the
classification of the ERP components elicited by the stinithiis form of BCI
— which effectively started off with the seminal work of (Fgll and Donchin,
1988) who showed that it was possible to spell words throbgldetection of
P300 waves — is now one of the most promising areas of theptiisei(e.q.,
see (Bostanov, 2004; Rakotomamonjy and Guigue, 2008; iGiti,e2008)).

Averaging has empirically been shown to improve the acgureaERP-based
BCls. However, the larger the number of trials that need tavmraged, the
longer it takes for the system to produce a decision. So, afitpited number
of trials can be averaged before a decision has to be takernimitation on
the number of trials one can average is also present in ppygismlogical
studies based on ERPs: the larger the number of trials tha@umulated in
an average, the longer an experiment will last, potentialiging to participants
fatiguing, to increases in noise due to variations in etef#grimpedances, etc.
So, both in psychophysiological studies and in BCls it wdagdadvantageous
to make the absolute best use of all the information avalableach trial.
However, as we will discuss in Section 2, standard averagicigniques do not
achieve this.

In recent work (Poli et al., 2009) we proposed, tested anorétieally anal-
ysed an extremely simple technigue which can be used indecheice exper-
iments. In such experiments response times are measuredbtitton press
or a mouse click. Our technigue consists of binning trialseloaon response
times and then averaging. This can significantly alleviagespgroblems of other
averaging methods, particularly when response times dativiedy long. In
particular, results indicated that the method producearetaepresentations of
ERP components than standard averaging, revealing firstdetcomponents
and helping in the evaluation of the true amplitude and atesf ERP waves.

The technique relies on dividing an ERP dataset into binse Jike and
position of these bins is extremely important in deterrgnihe fidelity with
which bin averages represent true brain waves. In (Poli £2@09) we simply
used standard (mutually exclusive) bins. That is, each ®ered a particular
range of response times, the ranges associated to diffgirentid not overlap
and no gaps were allowed between the bins. As we will exptai@ection 3,
this implies that, in bin averages, true ERP components iaterted via the
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convolution with a kernel whose frequency response isfisetonvolution
between the frequency response of the original latencyildision ¢(¢) and the
Fourier transform of aectangular window(a sinc function).

While provably this has the effect of improving the resadatiwith which
ERPs can be recovered via averages, it is clear that the lediovowith sinc
will produce distortions due to the Gibbs phenomenon. Afke,width and
position of the bins we used in (Poli et al., 2009) was deteethiheuristically.
We chose bins as follows: one gathered the lower 30% of th@ores time
distribution, one the middle 30% and one the longer 3ortowever, itis clear
that neither the choice of crisp mutually exclusive memiigréunctions for
bins (leading to convolution witking nor the position and width of the bins is
optimal.

So, although our binning method is a marked improvement taeitional
techniques, it still does not make the best use of the infoamaavailable in
an ERP dataset. It is arguable, for example, that doing binasing gradual
membership functions would provide even better ERP recoctsdn fidelity.
Similarly, setting the size of the bins on the basis of theaa the data and the
particular shape of the response time distribution woulthdxeeficial to make
best use of the available trials. Finding bin membershigtions which satisfy
these criteria, however, is difficult. It is also difficult $pecify what notion of
optimality one should use. In this paper we solve both pirokle

The paper is organised as follows. After the reviews of mresiwork pro-
vided in Sections 2 and 3, we define what an optimal set of binfunctions
is (Section 4). As we will see this involves the use of staigttests on the
data belonging to different bins. Then (Section 5), we agyetic Program-
ming (Poli et al., 2008) to the task of identifying optimal migership functions
for bins in such a way as to get the best possible reconsirucii real ERP
components from bin averages. The results of this procesdescribed in
Section 6, provide significant improvements over the oagtechnique. We
give some conclusions and indications of future work in Bect.

2. Averaging Techniquesfor ERPs

There are essentially three classes of methods that are cniymsed to
resolve ERP components via averagingtimulus-locked averaginggquires
extracting epochs of fixed duration from the EEG signal stgrat the stimu-
lus presentation and averaging the corresponding ERPdgleyn 1968). An
important problem with this form of averaging is that any E&nponents
whose latency is not phase-locked with the presentatioheostimuli may be

1Since extremely long response times are typically the signeoparticipant being distracted or having had
some other problem with providing a response, the 10% ofrthls twith the longest response times were
discarded.
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significantly distorted as a result of averaging (Spenc@@42 Luck, 2005).
This is because the averaggt), of randomly shifted versions of a waveform,
w(t), is the convolution between the original waveform and therey distri-
bution, ¢(t), for that waveform, i.e.q(t) = w(t) x £(t) = [w(t — 7)¢(T) dT,
e.g., see (Zhang, 1998). This typically means that a stisaldcked average
can only show a smoothed (low-pass filtered) version of eaclabe-latency
component.

The problem is particularly severe when the task a subjestismiéo perform
after the presentation of the stimuli is relatively difficgince the variability in
the latencies of endogenous ERP components and in resporeseincrease
with the complexity of the task (Luck, 2005; Polich and Coainero, 2003). In
these cases, multiple endogenous variable-latency coempomay appear as a
single large blurred component in the average; a synthetimele is shown in
Figure 1-1 (left)?> This makes it very difficult to infer true brain area activity
any response occurring after the early exogenous potertipically elicited
by (and synchronised with) a stimulus.

In experiments in which the task requires participants twige a specific
behavioural response (e.g., in the form of a button pressppken response),
response-locked averagimmgn be used as an alternative to stimulus-locked av-
eraging to help resolve variable-latency ERP componeatstie synchronised
with the response; see, for example, (Luck and Hillyard,0130eus et al.,
2005; Spencer, 2004; Tollner et al., 2008). In this casegver, the early re-
sponses associated and phase-locked with the stimuluenalilip being blurred
and hard to distinguish, since they are represented in tr@ge by the convo-
lution of their true waveform with the response-time distition; see (Zhang,
1998). A synthetic example illustrating this problem iswhan Figure 1-1
(right).

Thus, inferring whether a component in an average represetiue effect
or it is due to averaging biases can then be very difficult.eNbat averaging
more data does not help increase the fidelity of the recortstiisignals because
there is asystematic erroin the averaging process.

A third alternative to resolve variable-latency waves iati@mpt to identify
such components in each trial and estimate their latencgn,T$hifting trials
on the basis of estimated latencies and averaging may bribghe desired
component from its noise background. However, most methbthss kind re-
quire prior knowledge of what type of component to expect ainghat times.
What if this knowledge is not available? Without this infation automated
detection algorithms have very little hope of finding thesfaty of the waves
of interest. Also, latency detection algorithms assume tti@ component of

2Real EEG signals are extremely noisy. So, synthetic datstitite the problem more clearly.
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Figure 1-1. Example of distortions produced by averaging: the five saniRPs at the top
present two positive and one negative deflections each hveinephase-locked with a stimulus,
as well as one positive component, which is of variable ktenAveraging them (plots at
the bottom) preserves the exogenous components whenaraktimulus-locked (left). This,
however, turns the variable-latency component into anriep@uous plateau which could easily
be misinterpreted as a continuation of the preceding pesitave. A response-locked average
(right), on the other hand, preserves the variable-latemciogenous component but smears out
the details of early potentials turning them into a singl&lexpositive deflection.

interest is present in every trial and we just need to findaitsricy in the trial.
What if an ERP component is not always elicited by the stithiilhe presence
of a component might be, for example, condition-dependamndependent on
whether or not a participant attended a stimulus, whethearticppant was
rested or tired, whether there was habituation to the stjratd. (Bonala et al.,
2008; Wagner et al., 2000). If a component was absent frélyuemnning a
latency-measuring algorithm on trials where the compodwimot occur would
inundate the averaging process with bias and noise. Andrtumnfately, thresh-
olds or even more sophisticated algorithms for the deteatiothe presence
of the component, which in principle could be used to propedndle trials
that do not contain it, produce large numbers of mis-clasgifin errors. So,
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the composition of detection errors with latency-estimatéerrors may render
component-locked averaging very unreliable in many Sibuat

Note also that all methods that realign trials based on corapidatencies can
potentially suffer from alear-centre/blurred-surround problenThat is, after
shifting trials based on the latency of a particular ERP congnt, all instances
of that component will be synchronised, thereby effecyidiecoming fixed-
latency elements. However, stimulus-locked componenlisneiw become
variable-latency components. Also, all (other) composdhat are phase-
locked with some other event (e.g., the response), but rtotthve component
of interest, will remain variable-latency. Not surprisimghen, they will appear
blurred and distorted in a component-locked average.

It is clear that the standard averaging techniques reviebegle are not en-
tirely satisfactory and that a more precise and direct wagagitifying variable-
latency components as well as measuring their latency aptitade is needed.
Inthe following section we describe the binning technigeedeveloped in (Poli
et al., 2009), which significantly improves on previous noekh

3. Averaging Response-time Binned ERPs

In (Poli et al., 2009) we proposed an extremely simple tegmi— bin-
ning trials based on their recorded response time and thpelyiag averag-
ing to the bins. This has the potential of solving the protdesith the three
main ways of performing averages (stimulus-locked, coreptiiocked and
response-locked) discussed above, effectively recogctle three methods.
In particular, response-time binning allows one to sigaifity improve the
resolution with which variable-latency waves can be recedesia averaging,
even if they are distant from the stimulus-presentationrasgdonse times. The
reason for this is simple to understand from a qualitativiafpaf view.

The idea is that if one selects out of a dataset all those spsbbre a par-
ticipant was presented with qualitatively identical stlrand gave the same
response within approximately the same amount of time, liegsonable to
assume that similar internal processes will have takerepl&o, within those
trials, ERP components that would normally have a widelyaide latency
might be expected to, instead, present a much narrowerchatistribution,
i.e., they should occur at approximately the same time irsétected subset of
trials. Thus, if we bin epochs on the basis of stimuli, reggsnand response
times, we would then find that, for the epochs within a bin, shmulus, the
response, as well as fixed- and variable-latency comporagatsnuch more
synchronised than if one did not divide the dataset. Aveigguch epochs
should, therefore, allow the rejection of noise while at saene time reduc-
ing the undesirable distortions and blurring (the systé&rators) associated
with averaging. Response-time binning and averaging shthuls result in
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the production of clearer, less biased descriptions of thieigy which really
takes place in the brain in response to the stimuthout the need for prior
knowledgeof the phenomena taking place and ERP components presém in t
EEG recordings.

In (Poli et al., 2009) we assessed the binning technique &otpirically
and theoretically. For empirical validation we modified amkd an exper-
iment originally designed by (Esterman et al., 2004) in whibe task was
relatively difficult, since target detection is based onc#ie combinations of
multiple features (i.e., requiring feature binding), antlere response times
varied from around 400ms to over 2 seconds. We evaluatedntipirieal re-
sults in a number of ways, including: (a) a comparison betvatienulus-locked
and response-locked averages which showed how these antialbg identical
under response-time binning; (b) an analysis of differsrimween bin means,
medians and quartiles of the amplitude distributions andmalysis of sta-
tistical significance of amplitude differences using Kofjomv-Smirnov tests
which showed that bins indeed captured statistically tfitERP components;
and (c) an analysis of the signal-to-noise ratio (SNR) witt without binning
which showed that the (expected) drop in SNR due to the sntdlaset cardi-
nality associated with bins is largely compensated by asponding increase
due to the reduction in systematic errors.

From the theoretical point of view, we provided a comprehenanalysis of
the resolution of averages with and without binning, whibbwged that there
are resolution benefits in applying response-time binnwvenevhen there is
still a substantial variability in the latency of variadltency components after
response-time binning. We summarise this analysis beloeesthis is the
starting point for our fithess function, as we will show in Sea 4.

Let us assume that there are three additive components irERies
recorded in a forced-choice experiment — a stimulus-loat@uponents(¢),

a response-locked componentt), and a variable-latency component).
Let R be a stochastic variable representing the response timériial and let
p(t) be its density function. Similarly, let be a stochastic variable represent-
ing the latency of the componentt) and let/(¢) be the corresponding density
function. Let us further assume that response time anddgtgm not affect the
shape of these components. Under these assumptions we titgdollowing
equation for the stimulus-locked averaggt):

as(t) = s(t) + v(t) % £(t) + r(t) % p(t) (1.1)

wherex is the convolution operation.
Let us consider the most general conditions possible. /L ahd R be de-
scribed by an unspecified joint density functip(i,r). So, the latency and
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response-time distributions are marginals of this joistrithution:

o) = /p(l,'r) dr and  p(r) = /p(l,'r) dl.
Note that by the definition of conditional density functieve have that

p(l,r) =p(rlDed)  and  p(l,r) = p(lr)p(r)

wherep(r|l) is the pdf of R whenL = [ andp(l|r) is the pdf ofL whenR = r.
In (Poli et al., 2009) we showed that if one considers a atassrectangu-

lar” bin collecting the subset of the trials having respotisgs in the interval

[X1,X2), i.e., such thak; < R < xo, the joint distribution ofL and R trans-

forms into

p[XhXQ)(l r) = dx1 <7 < x2)p(l,T)

;Cf p(r)dr
where thej(x) returns 1 ifz is true and O otherwise. So, it has the function of
zeroing the distribution outside the stfip;, x2). The denominator normalises
the result so thatlx1x2) (1, r) integrates to 1.
We also showed that taking the marginal of this distributiont. [ gives us
the response time distribution for response-time|[Rin x2):

d(x1 <7 < x2)p(r)

[X1,Xx2) _
p (r) =
)?12 p(r)dr

The marginal of the distributioplX*x2) (1, ) w.r.t., which gives us the latency
distribution for the trials in response-time Higy, x2), is:

_ Prixi SR <xa |1} €()
)?12 p(r)dr

These two marginals are important because we can exprestirtheaus-locked
bin average as follows:

alXix2) (1) = s(t) + v(t) % X2 (£) 4 1 (t) % phax2) ().

g[thQ)(l)

The marginals determine in what ways and to what exténtandr(¢) appear

distorted and blurred in the average. So, in order to undeWhya[SXl’XQ)(t)
provides a better representation¢t) and/(¢) thanas(t), we need to analyse
the differences between the distributiph'-X2) (¢) and p(¢) and between the
distribution ¢/x1:x2) (¢) and /(). We will concentrate on the former pair since
the arguments for the latter are almost symmetric.

The key difference betweertx1:x2)(t) andp(t) is that, apart from a scaling
factor, pX1-x2)(¢) is the product ofp(t) and a rectangular windowing func-
tion, 6(x1 < t < x2). In the frequency domain, therefore, the spectrum of
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plx1x2) (t), which we denote wittR[X1-X2) (), is the convolution between the
spectrum ofs(t), denoted a®(f), and the spectrum of a translated rectangle,
A(f). This is a scaled and rotated (in the complex plane) versidheosinc
function (i.e., it behaves likein(f)/f). The function|A(f)| has a large cen-
tral lobe whose width is inversely proportional to the birdthiys — x1. Thus,
when convolved wittiR(f), A(f) behaves as a low pass filter. As a result,
RIx1x2)(f) = R(f) » A(f) is a smoothed and enlarged versior(f). In
other words, whileplx1x2) (¢) is still a low-pass filter, it has a higher cut-off

frequency tharp(t). So,aLXI’XQ)(t) provides a less blurred representation of
r(t) thanas(t).

We will modify this analysis in the next section for the puspoof defining
a suitable fitness measure the optimisation of which wowld te maximising
the statistical significance with which ERP components aanelsonstructed
via binning and averaging.

4.  Binning Optimality and Fitness Function

As described in the previous section, in (Poli et al., 2008yged the function
d(x1 < R < x2) to bin trials. To get the best out of the binning techniqueghe
we will replace this function with @robabilistic membership functiomwhich
gives the probability that a trial characterised by a respaimeR would be
accepted in a particular bibh Let us denote this probabilistic membership
function as

Py(r) = Pr{accept trial in birb | trial response time? = r}.

Naturally, whenPy(r) = d(x1 < R < x2), thenb is a traditional (crisp,
rectangular) bin.

Let us denote with a binary stochastic variabld the event
{accept trial for averaging in bit}. Let p(a,l,r) be the joint distribution of
the eventsR = r, L = [ and A = a. This can be decomposed as follows

p(a, L T) = p(a|l, T)p(l, T)'

Since A does not depend oh but only onR (we base the decision to accept
trials in a bin only on their associated response time), weshbatp(A =
true|l, r) = Py(r) andp(A = false|l,r) =1 — Py(r).

Focusing our attention on the subset of the trials fallinghimi bin b, we
obtain the following joint distribution of. and R

A: A:
pb(l,r) (| A = true) = p( true,l,r)  p( true |1, r)p(l, )

p(A = true) p(A = true)
Hence
pb(l r) = Py(r)p(l,r) _ Py(r)p(l,r)
’ [ [Py(r)p(lyr)drdl [ Py(r)p(r)dr
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by — [ b1y dl — Py(r) [p(l,r)dl — Py(r)p(r)
p(r) / P = e e~ [Py dr

_ [ Po(r)p(l,r)dr (1) [ Py(r)p(r|l) dr'

fbl:/bl,rdr_ -

0= J P =T ey dr [Py dr

Again these two marginals are important because we canxfire stimulus-
locked bin average as follows:

ab(t) = s(t) + v(t) x £0(t) + r(t) * p°(t).

From the equations above, one can clearly understand h&evatit definitions
of the probabilistic membership functidd,(r) can lead to radically different
results in terms of the resolution of true ERP componentsriraberages.

Naturally, one willgenerally use multiple probabilistesponse-time bins for
the purpose of analysing ERP trials. For each, a membershigtion 7, (r)
must be defined. Our objective is to use GP to discover thesebership
functions in such a way as to maximise the information ex¢éérom the raw
data. To do so, we need to define an appropriate fitness fanctio

While we form bins based on response times, each data elémariin
actually represents a fragment of EEG signal recorded atsdattrode site.
The question we need to ask is: what do we mean by extractimgmabinfor-
mation from these data? Naturally, alternative definitiarespossible. Here we
want to focus on thgetting ERP averages which are maximally significantly
different

An ERP bin averageg’(t), is effectively a vector, each element of which
is the signal amplitude recorded at a particular time atiemdus presentation
averaged over all the trials in a bin. Because we use prabtitimembership
functions for the bins, the compaosition of a bin is in fact @cstastic variable.
Let us denote the stochastic variable representing with 3;,. The probability
distribution of B, is determined by the membership functiBy(r) and by the
response time distributiop(r). An instantiation off3,, (3, is effectively an
array with as many rows as there are trials in biand as many columns as
there are time steps in each epoch. An element,inepresents the voltage
amplitude recorded in a particular trial and in a partictiare step in that trial
at the chosen electrode. L@j(¢) represent the set of the amplitudes recorded
at timet in the trials in bind.

Let us consider two bingy; andb,. If 3, is an instantiation oB3,, and
B, 1S an instantiation of3;,, one could check whether the signal amplitude
distributions recorded in birlg andb,, at a particular time stepare statistically
different by applying the Kolmogorov-Smirnov test for disutions to the data-
setsfy, (t) and 5y, (t). The test would return a value, which we will call
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Dby bo (t). The smallepy, 4, (t), the better the statistical separation between the
signal amplitude distributions in birig andb, at time steg. Naturally to get
an indication of how statistically different the ERPs infei€nt bins are one
would then need to somehow integrate they, (¢) values obtained at different
t’s and for different pairs of bins.

Since we are interested in obtaining bins (via the optinosabf their mem-
bership functiong,(r)) which contain maximally mutually statistically differ-
ent trials, we require that the sum of thealues returned by the Kolmogorov-
Smirnov test when comparing the signal amplitudes in eaahopdins over
the time steps in an epoch be as small as possible. So, we evardximise
the followingfitness function

f: Z Z(l _E[pbl,bQ(t)])v (12)

b1#by t

where the expectation operatby:| is required becauss, », (t) is a stochastic
variable in that we can only apply the Kolmogorov-Smirnost e amplitude
measurements obtained franstantiationsof the stochastic variables,, and
By, . Forthis reason, the use of Equation (1.2) as a fithess fumatduld require
repeatedly assigning trials to bins based on their memigefishctions, assess-
ing the mutual statistical independence of the trials, arsalagying the results.
However, this repeated sampling is a very expensive operétiee Section 5).
Therefore, we adopted a noisy fithess function, where theaation operator
is omitted. In other words, we only sample the stochasti@tess,, andB;,
once per fithess evaluation. Fitness, however, gets reraeal periodically, as
described in the next section. So, general and robust snkutd the problem
are favoured by evolution.

5.  GP System and Settings

We did our experiments using a linear register-based GRisysthe system
uses a steady-state update schedule.

The primitive set used in our experiments is shown in Table IFhe in-
structions refer to four registers: the input registerwhich is loaded with
the response time., of a trial before a program is evaluated, the two general-
purpose registers0 andr1 that can be used for numerical calculations, and
the registetrs which can be used as a swap are@, r1 andrs are initialised
to 0. The output of the program is read fram at the end of its execution. In
the addition and multiplication instructions we used themogy-with-memory
technique proposed in (McPhee and Poli, 2008) with a memoefficient
of 0.5. So, for example the instructiatdD <- r0 + ri is actually imple-
mented as0 = 0.5 * r0O + 0.5 * ( rO + ri ) whilerl <- r0 * r1
isimplemented as1 = 0.5 * r1 + 0.5 * ( rO * rl ).
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Table 1-1. Primitive set used in our experiments.

NOP ro <- -1 rl <- r0 + ri
r0 <- 0 rl <-1 r0 <- r0 * ri
rl <- 0 r0 <- -r0 rl <- r0 x ri
r0 <- 0.5 rl <- -ri r0 <- r0 * r0
rl <- -0.5|r0<-r0+ri|rl1<-r1x*xri
r0 <- -0.1 | r1 <-rl1 +ri|rs <->10

rl <- 0.1 r0 <-r0 +rl |rs <->rl

As in (Poli et al., 2009), in our tests we consider three bis, we need
to evolve three membership functions, which we will cBll(r), P2(r) and
P3(r). To help GP in this difficult task we constrained the familyfrfictions
from which the membership functions could be drawn. Sog@dtof evolving
the three functionsP; (), P2(r) and Ps3(r), we decomposed each function
into three components and we asked GP to evolve the comonsed in the
formulation of eactP;(r). So, each GP individual was actually made up of nine
programs. All nine must be run to decide with which probdp#gin element of
an ERP dataset should belong to each response-time bin.

More specifically, our membership functions had the follogviorm:

Rie) = (peos * ;é()r)))ew

wherec(r) = ¢;+pic(r), w(r) = wi+piw(r), e(r) = e;+pie(r) andpcos(z) =
cos (2 ) if |z| < 1, and O otherwise. Hergic(r), pac(r), psc(r), prw(r),
DP2w(T)s D3w(T), P1e(r), P2e(r), andps.(r) are the nine programs forming a
particular individual. The terms;, co, c3, wi, ws, ws, €1, ex andes are
constants which we defined so as to give meaningful bins dvep(ir) =
piw(r) = pie(r) = 0 for all ; andr. Since we initialised the programs in the
population with a high proportion ofi0P operations, this ensured that even
individuals in the first generation could obtain reasondithess levels. More
specifically,cy, co andcs were set to be the medians of the three bins chosen
using the heuristic method described in (Poli et al.,, 200@)efe each bin
gathered 30% of the response-time distribution), whilew, andws were set
to twice the standard deviation of the data in such bins. daét@hdeviations
were estimated using the robust estimator provided by B.4&%s the median
absolute deviation from the median (or MAD for short) (Wikc@005). Finally,
the constantsy, e; andeg were all set to 0.5. This value is half-way between
0, which would give an perfectly rectangular bin, and 1, vehigves bins a
perfectly sinusoidal shape.

The system initialised the population as follows. All ninegrams in an
individual had identical length (50 instructions). Thedémwas fixed, but
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through the use ofi0P instructions, the active code was effectively of variable
size. The nine programs were concatenated, so effectivelpdividual was
an array of 450 instructions. Programs were initially alldeaip only ofNOP
instructions, but they were immediately mutated with peomitation with a
mutation rate of 8% so that on average approximately 4 iostnus in each of
the 9 programs were naBP. When an instruction was mutated, the instruction
was replaced with a random instruction from the whole piiraitset. These
choices of parameters were based on some preliminary tests.

The system used tournament selection with tournament €izeAt each
iteration, the system randomly decided whether to perfaevaluation of the
fitness of an individual (keep in mind that our fithess funtti® noisy) or to
create anewindividual. Itreevaluated fitness with prolitsifi. 1 and performed
crossover with a probability of 0.9. When fitness reevabratvas chosen, the
new fitness value was blended with the old one using the famyuk= 0.8 f,;4+
0.2 fnew- This effectively low-pass filters the fitness values usirggnaple 1IR
filter, thereby eventually leading to fithess values to $sbaround the expected
value for each program. When crossover was performed, tvempandividuals
were selected, and 9-point crossover was performed. Therfispwere not
constrained to fall within the 9 programs that form an indival. Crossover
returned one offspring after each application. The offgprvas mutated using
point mutation with a mutation rate of 4% (so, on average gmogram was
hit by two mutations) and then was evaluated. The offspriag then inserted
in the population, replacing an individual which was seddatising a negative
tournament (with tournament size 10). Given the heavy cdatjanal nature
of the task we used populations of size 1,000 and 5,000 anceviermed 50
generations in each run. To see what kind of results couldbteireed with
smaller runs, we also performed runs with a population sfZe0arun for 20
generations (for a total of 1,000 fitness evaluations).

The data used for our experiments were obtained as follovesm@dified an
experiment originally designed by (Esterman et al., 2004)the experiment
a composite stimulus is presented at a randomly choseridac@ut of four
possible locations) on a display for a very short time (betwB0 and 150ms
depending on conditions). The task of the subject is to ilemthether the
stimulus represented a target or a non-target stimulusoifectly perform the
task participants needed to identify and conjoin multiglatéires of the stimu-
lus and then they needed to click a button to signal theiraesp. While the
participant performed the task they were connected torelestephalographic
equipment so that the waves generated during the task iereliff areas of
the brain could be recorded. We used a BioSemi ActiveTwoesyswith 64
pre-amplified electrodes plus additional electrodes orénmbes, the external
canthi and infra-orbital positions. Signals were acquiaé@048 samples per
second, were then bandpass-filtered between 0.15 and 40dfiraadly, were
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down-sampled to 512 samples per second. We tested six tduflem the
University of Essex, all with normal or corrected-to-noifmasion. Each ex-
periment lasted about one hour, and took about one furtharfbopreparation
and for practice.

Trials were classified according to whether the target wasaart or absent
and according to whether the response was ‘Correct’ or tieod’. This re-
sulted in four conditions: true positives (target presentrect response), true
negatives (target absent, correct response), false msstiarget absent, incor-
rect response) and false negatives (target present, @otagsponse). For the
tests reported in this paper we focused on the largest ¢las3rue Negatives,
which included a total of 2967 trials. We used epochs of ajiprately 1200ms
(614 samples). That is, each trial contained a vector of @jdlakamplitude
samples for each electrode. Each trial had an associatedn®s/reaction time
which represents the time lapsed between the presentdtibe stimulus and
the response provided by the user in the form of a mouse dhiokowing (Poli
et al., 2009), the 10% of the trials with the longest respdimees were dis-
carded. This left 2670 trials. In order to evaluate the fisnafsan individual in
the population, we needed to run the nine programs includéei individual
on each of the trials in the dataset, i.e., the GP interpngtes invoked over
24,000 times before the fitness function could start exeguti

With the fitness function defined in Section 4, the objectifvevolution is to
identify three membership functions which allow one to devup this dataset
into bins based on response times in such a way as to maxidseatual
statistical significance of differences in the bins’ amyi averages. Note that
evolution can choose to evolve functions that discard teréages of response
times if this is advantageous.

With 3 bins (i.e., 3 bin-vs-bin comparisons), 64 electrodes 614 sam-
ples per epoch evaluating our fitness function would requirsming 117,888
Kolmogorov-Smirnov tests per fitness evaluation. Sincégasts are rather
computationally expensive, we decided to scale down thél@no by con-
centrating on one patrticular electrode (‘Pz’) and by furtieb-sampling the
amplitude data by a factor of 16. So, after performing thainig of the dataset,
we needed to run the Kolmogorov-Smirnov taést 38 = 114 times per fitness
evaluation.

6. Results

We show the response-time distribution recorded in our expents for the
True Negatives in Figure 1-2 (note that amplitudes have lneemalised so
that the curves are density functions; abscissas are imdefo The bound-
aries of the 30%-quantile fixed-size bins produced with tlethwod described
in (Poli et al., 2009) are shown as vertical lines in Figurg.1The medians
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True Negative Response Time Distribution
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Figure 1-2. Response time distributions for true negative trials rdedrin our experiments.
Response times of 2000ms or longer have been grouped irgtiteniast bin. The vertical lines
within each plot represent the boundaries of the bins prediny the standard binning method
described in (Poli et al., 2009). In each plot medians anddstal deviations are also shown
both for the bins (top) and for the overall distribution (twon).

and standard deviations, estimated using MAD, for the whidg&ibution and

for the bins are also shown in Figure 1-2. As indicated abthepbjective of

GP is to probabilistically divide up this distribution inlins using appropriate
membership functions in such a way to maximise the stadissignificance of
bin averages.

The fitness value for the standard membership functionsaingalar bins)
is approximately 0.8297, which corresponds to a mean KobragSmirnov
p-value of 0.1703. This implies that only for a fraction of thime steps in
an epoch differences between bin averages are statigtgigtificant at the
standard confidence levels of 0.10 and 0.05. We want GP tmwepn this.

We performed 50 runs with populations of size 50 and 1,00, dhruns
with populations of size 5,000 on 182-core Linux clustetw{eon CPUs. We
report the mean, standard deviation, min and max of bessfgwas well as
the quartiles of the fitness distribution recorded in outegkpents in Table 1-
2. As one can see in all conditions, the method is very radiabll standard
deviations being very small. Even with the smallest popoeGP improved
over the standard binning technigeall runs. This is particularly remarkable
given that such runs required only approximately 2 minuteSRU time each.
Naturally, only runs with 1,000 and 5,000 individuals caently achieved best
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fithesses close to or exceeding 0.9, which corresponds tageevalues of 0.1
or less. This is a very significant improvement over ghelue associated with
rectangular bins. Now, for alarge proportion of the timernrepoch differences
between bin averages are statistically significant. CP thras approximately
4 hours for runs of 1,000 individuals and approximately oag tbr runs of
5,000 individuals. Note that these long training times asé aproblem in
the domain of ERP analysis, since setting up an experimealtirig it, then
collecting the data with independent subjects, prepahegiata for averaging
and finally interpreting them after averaging require mameis of work.

In order to achieve this high level of performance and rdliitgtin the ERP
binning problem, GP has discovered how to partition the dasgd on response
times in such a way as to optimally balance two needs: (a)eke to include
as many trials as possible in each bin so as to reduce noisgthnviariable-
latency and fixed-latency ERP components, and (b) the needite the bins
as narrow as possible so as to reduce the systematic erswsiated with
averaging variable-latency components.

Table 1-2. Mean, standard deviation, min and max of best and quartikeeditness distribution
recorded in out experiments.

Population size 50, 20 generations
Statistic Best Qrtl 1 Qrtl 2 Qrit3 Qrtl 4
Mean | 0.87750 0.86354 0.86020 0.85613 | 0.17514
StdDev | 0.008868 | 0.006952 | 0.007123 | 0.008249 | 0.272409
Max | 0.900335 | 0.877868 | 0.876486 | 0.872651 | 0.753881
Min | 0.855929 | 0.845703 | 0.842577 | 0.837546 | 0.000000
Population size 1,000, 50 generations
Statistic Best Qrtl 1 Qrtl 2 Qrit3 Qrtl 4
Mean | 0.89862 0.88161 0.88056 0.87910 | 0.00000
StdDev | 0.00396 0.00293 0.00288 0.00307 | 0.00000
Max | 0.91348 0.89096 0.88979 0.88922 | 0.00000
Min 0.89197 0.87720 0.87526 0.87346 | 0.00000
Population size 5,000, 50 generations
Statistic Best Qrtl 1 Qrtl 2 Qrit3 Qrtl 4
Mean | 0.90431 0.88301 0.88214 0.88091 | 0.00000
StdDev | 0.0060682| 0.0039270| 0.0038899| 0.0040199| 0.00000
Max | 0.91763 0.89148 0.89053 0.88947 | 0.00000
Min 0.89914 0.88039 0.87956 0.87794 | 0.00000
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As an example, we plot the best evolved bin membership fonstin the 50
runs with a population of 1,000 individuals in Figure 1-3.€Blk correspond to
the following equations:

Pi(r) = (pcos (%))Om (1.3)
Po(r) = (pcos (%))OMO.ST (1.4)
Ps(r) = (pcos <%)>0'688 (1.5)

10 0.913479376298
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Figure 1-3. Best membership functions evolved in 50 runs with a popaedif 1,000 individ-
uals.

These were obtained by analysing and then symbolically I§ymg the
nine programs making up the best individual evolved in suetsr The listing
of the nine programs is shown in Table 1-3.



Table 1-3. The nine programs forming the best evolved solution to th® BRning problem (NOP instructions have been edited out).

Bin1 Bin 2 Bin3
Centre Width Exponent Centre Width Exponent Centre Width Exponent

rl <- 0 rs <->ril rl <-rl +ri rl <-rl +ri rl <- -.5 rl <- -.5 r0 <- -1 rl <- 1 rl <- -r1
rl <- -.5 r0 <- r0 + ri r0 <- r0 + r1 rs <-> r0 r0 <- -r0 rl <-rl +ri r0 <- r0 + r1 rl <- r0 + r1 r0 <- -r0
rl <- .1 rs <->ri r0 <- .5 r0 <- r0 * rl rl <- 0 r0 <- r0 + ri rl <- .1 rl <- -.5 rl <-rl *xril
r0 <- .5 r0 <- r0 + ri rs <-> r0 rs <-> r0 r0 <- -r0 rl <- -r1 r0 <- 0 ri<-rl+ri| r1<-0
r0 <-r0 +ri | r1 <- .1 rl1 <- 0 rli <- .1 r0 <- r0 + r1 rs <->ril r0 <- r0 + r1 r0 <- r0 * rl | r0 <- .5
r0 <- -1 r0 <- r0 * r0 rs <-> r0 rli <-1 r0 <- -r0 r0 <- r0 * r0 r0 <- 0 rl <- r0 + r1 r0 <- r0 * ril
rl <- r0 + ri rl <- r0 + rl rl <-rl + ri r0 <- r0 + r1 rl <-rl +ri rl <-0 rl <- -r1 rl <- r0 + r1l rl <- r0 + rl
r0 <- r0 + ril rl <- -.5 r0 <- -r0 rl <- 0 rl <- -.5 r0 <- -.1 r0 <- -r0 r0 <- r0 * r0 rl <-1
r0 <- r0 *x r1 | r0 <- .5 rs <-> ri r0 <- r0 * r0 [ r0 <- r0 + r1 rli <- .1 rl <- r0 * r1 rl <- 1 rl <-rl xri
rl <-rl *xrl1 | r0<-0 rl <-rl + ri rl <- -r1 rl <- r0 + r1 r0 <- .5 ri<-rl+ri| r0<-0 r0 <- r0 * ril
r0 <- r0 + ri rl <-rl +ri r0 <- r0 + ri rs <->ril r0 <- r0 * ri rs <->ri rs <-> r0 r0 <- -1 rl <-rl +ri
r0 <- -.1 rl <- -r1 r0 <- -r0 r0 <- -r0 rl <- -.5 r0 <- r0 * r0 r0 <- r0 + ri r0 <- r0 * r0 r0 <- -r0
rl <- 0 rl <-rl *xril r0 <- r0 + r1 rli <-1 r0 <- .5 rli <-1 r0 <- 0 r0 <- .5 rl <- r0 + ri
rl <-rl *xrl1 | r1 <-0 r0 <- r0 * r1 rl1 <- 0 r0 <- -.1 r0 <- -r0 r0 <- -.1 r0 <- r0 + ri | rs <->rl
r0 <- r0 * r0 | rl <- -r1l r0 <- r0 + r1 r0 <- r0 + r1 rs <-> r0 rs <-> r0 r0 <- -r0 r0 <- r0 * r0 | r0 <- -1
rl <- -r1 r0 <- r0 * ril rl <-rl x rl rl <- -ri rl <- -.5 r0 <- r0 * r0 rl <- -.5 rl <-rl + ri rl <- -.5
r0 <- r0 + ri r0 <- -.1 rl <-rl1 x rl rs <->ri ro <- -.1 r0 <- -1 r0 <- .5 rl <- -ri1 r0 <- r0 + ril
rs <->rl rs <->ril rl <- r0 + r1 r0 <- -r0 r0 <- r0 * r1 rl <- r0 + r1 rl <- r0 + r1 r0 <- -.1 r0 <- .5
r0 <- r0 * r0 | 10 <- 0 rs <-> r0 ri <- 1 rl <- r0 * r1 r0 <- -.1 r0 <- r0 + ri | r0 <- -.1 r0 <- r0 * r0
r0 <-r0 *x r1 | r1 <- .1 r0 <- r0 * r0 r0 <- r0 + r1 r0 <-r0 +ri | rl <- -r1 r0 <- r0 + r1 rl <-rl *xrl | r0 <- -1
rl <- -.5 rl <-1 r0 <- .5 rli <-1 rl <- 0 rl <- 0 r0 <- -1 r0 <- r0 + ri r0 <- .5
rl <- .1 rl <-rl +ri r0 <- -r0 rs <->ril rl <- r0 * ri1 ro <- -.1 rl <- 1 r0 <- 0 rl <-rl *xril
rl <- -r1 rli <- .1 rl <-rl +ri rl <-rl + ri ri <-rl+ri| r0<--.1 rl <- .1 rli <-1 rl <- -r1
r0 <- r0 * r0 | r1 <- 1 r0 <- r0 * r0 r0 <- r0 * r1 ri <-rl +ri| r0<- .5 rs <-> r0 rl <- 1 rl <-r0 + r1
rl <- 0 r0 <- r0 * r0 rli <- -ri rli <- .1 r0 <- -r0 rl <- 0 r0 <- -r0 r0 <- r0 + ril r0 <- r0 * r0
r0 <- r0 + ri rl <-rl +ri rli <-1 r0 <- 0 rli <- .1 r0 <- r0 + ri rl <- .1 r0 <- 0 r0 <- -r0
r0 <- 0 rl <- -r1 rl <- r0 * ri1 r0 <- r0 + ri r0 <- r0 + ri r0 <- -r0 rl <- r0 + ri
rl <- .1 r0 <- r0 * r0 rl <-rl *ril r0 <- -1 r0 <- r0 + r1 rl <- .1 rs <->rl
r0 <- -r0 r0 <- r0 * r0 rl1 <- 0 r0 <- r0 * r0 r0 <- .5 rs <-> r0
r0 <- r0 * ril r0 <- 0 rl <-1 rl <- r0 * ri1 rl <-rl *ri rs <->rl
r0 <- -r0 rl <-1 r0 <- 0 rl <- r0 + r1
r0 <- -.1 r0 <- -r0 r0 <- .5 rl <-rl1 *xri
rl <- -r1 rl <-rl +ri

r0 <- -.1

r0 <- r0 + ri

rl <- 0

ri <- -.5

rl <- -r1

[EnN
(o¢]
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The ERP averages produced by this solution are shown in &ityd. For
reference we show the averages obtained with traditiora@&ngular bins in
Figure 1-5. As one can see the ERP averages for the middleat#nalmost
identical to the full average in both cases. This is becaose the reference
bin and the GP-evolved bin capture the median response tichewarounding
samples, which are representative of the central tendehthyeovhole distri-
bution. However, when comparing the ERP averages for binsdl3awith
the corresponding reference averages, we see that the msdnpb&unctions
evolved by GP are more selective in their choice of trialsisanoduces bigger
(and hence more statistically significant) variations ket groups. Particu-
larly interesting is the case of bin 3, which, with the stadainning method,
is adjacent to bin 2 and is very broad. This led to averagin® EBmponents
having an excessively wide distribution of latencies, irgdo an ERP average
where late endogenous components, which are typicallyceged with the
preparation of the response, are hardly discernible. &ast€P has produced a
much narrower bin 3 and a large gap between bins 2 and 3. Assorsee from
Figure 1-4, this yields a much clearer representation o $aie potentials.

7. Conclusions

In this paper we used a multi-program form of register-ba&&tito dis-
cover probabilistic membership functions for the purpotbioning and then
averaging ERP trials based on response times. The objegtgeto evolve
membership functions which could significantly improve thetual statistical
significance of bin averages thereby capturing more acelyratie brain waves
than when using simple rectangular bins.

Our results are very encouraging. GP can consistently evol@mbership
functions that almost double the statistical significanfdb@®ERP bin averages
with respect to the standard binning method.

In future work we will test the generality of evolved solutjoby applying
the bins found by GP to newly acquired (unseen) data. We atead to make
use of our new bin averaging technique in BCls. Indeed, the\woesented
in this paper originated from the need to understand in &xaghat ways
stimulus features and task complexity, as well as cogngivers, modulate
ERP components in BCI (Cinel et al., 2004, Citi et al., 2004; & al., 2008).
Our long term objective is to formally link quantitative m$ylogical models of
feature binding and perceptual errors (Humphreys et alQ20inel et al., 2002;
Cinel and Humphreys, 2006) with the presence of specific ERiponents and
the modulation of their latency and amplitude. This knowledould then be
used to design a new generation of BCls where the behavialfemtures of
human cognitive systems are best exploited.
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Figure 1-4. Averages obtained with the GP-evolved bin membership fansin Equations 1.3—
1.5 and shown in Figure 1-3.

10

all
ref binl
8r ref bin2 |
ref bin3

Figure 1-5. Averages obtained with traditional rectangular bins.
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