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Abstract how do neurons, or rather populations of neurons, represent
uncertainty, and (ii) what is the neural basis of statisiica

The fact that humans and animals have several sensory ferences?” and review candidate neural correlates.

modalities and use them together to make sense of the world

imbues their behaviour with an immense richness and robust- By contrast, Atrtificial Life and dynamical approaches in
ness. In this study, recurrent neural networks and minimal cognitive science have repeatedly shown that efficient, ro-
agents with active vision are evolved for a perceptual dis- st or plausible models exist that do not rely on local com-
crimination task (unimodal and bimodal). The purpose & thi - . L

study is mainly exploratory: to test which of the characteri putgtlon but (_)n ager?t morphology,_ ContlngenCI_eS _'n agent-
tics of human perceptua] discrimination evolve eas”y I(NVlt environment interaction or on non-linear dynam|CS in neura
a focus on statistically optimal integration), how they eze control. Examples of such models in perception research in-
alised and what active perception does in this process.stvhil clude active vision to solve a non-Markovian visual diserim
some of the systems evolved to perform perceptual discrim-  ination task with feed-forward control (Floreano et al.020

ination well, they did not conform to the predictions from . . .
statistical optimality. Analyses of the systems point taiga Izquierdo-Torres and Di Paolo, 2005), agency detection by

a number of relevant issues, noticeably towards the lack of ~ €mergentbehavioural coordination (Di Paolo et al., 2008) o

a good account of ‘unimodality’ in existing models of multi- olfactory perception through chaotic neural dynamicsé€Fre
sensory perception. man, 1987). These models do not just point out alternatives,
they also show that, if global dynamics are taken into con-
Introduction sideration, many phenomena that appear complex emerge

. " effortlessly.
Humans and animals use several sensory modalities to make y

sense of the world and to judge on and distinguish objects ~ For the study presented, recurrent neural network con-
in the environment. For instance, the size of an object can trollers and minimal agents with an active vision system
be judged both by touching the object or by looking at it, Were evqlved to sol\{e a size discrimination task. Such
or by doing both at the same time. In humans, it could an evolutionary robotics (ER) approach has been argued to
be shown that subjects, when estimating object size, inte- Minimise prior assumptions about underlying mechanisms
grate visual and tactile cues in a statistically optimahfas by outsourcing the design to an automated search procedure
to decrease uncertainty (Ernst and Banks, 2002). Similar (Harvey etal., 2005). The purpose was mainly exploratory:
findings were reported from other multisensory tasks, e.g., If N0 constraints of optimality are imposed, which, if any of
audio-visual sound localization (Alais and Burr, 2004). the hallmarks of MLE optimal integration evolve? How do
These kinds of results are usually obtained using a psy- .the systems _reallze perceptual dlscr|m|nat|on? How QO they
chophysics approach, where subjects are asked to performintegrate thelr_senses and hpw dothey deal ywth varying lev-
perceptual judgments on stimuli that are varied systemati- €IS of uncertainty? Comparing a disembodied network and
cally along a physical dimension. Comparing the human be- " émbodied agent, what are the differences and commonal-
haviour to that of an ‘ideal observer’ using maximum like- 1ti€S? Are there advantages associated with active péocept
lihood estimation (MLE), the mentioned findings of opti- N this task?
mality are derived. This approachpsima faciebehaviour- The results presented can be seen as work in progress.
based; the underlying mechanisms of (optimal) multisgnsor They point out issues that require a rethinking of the ap-
integration are not yet well understood. Under the domi- proach taken here. While some of these difficulties are of a
nant representationalist paradigm, we would expect a ded- more technical nature, others proved to be insightful wath r
icated internal neural mechanism to implement MLE. Ac- spect to the overarching question of (optimal) multisepsor
cordingly, Knill and Pouget (2004) rephrase the problem of integration. In particular, the question of what unimodal-
statistically optimal multisensory integration as folkavi(i) ity means in a system with several sensory channels is of
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Figure 1: Evolved networks for the direct condition (1.1)
and for the active vision condition (1.2).

ary
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potential importance for the study of multisensory integra
tion in general. The results confirm that emphasizing the
non-obvious is one of the key characteristics and merits of
generative ER modelling.

Methods
Simulation and Genetic Algorithm

Continuous-time recurrent neural networks (CTRNNS; e.g.,
Beer, 2003) are evolved to solve a two-alternative forced-
choice (2AFC) size discrimination task. The decision, vahic
of two objectso,, 0, € [1,2.5] is larger is either generated
by an agent controlled by a CTRNN or by a CTRNN di-
rectly. The dynamics of units in a CTRNN is governed by

da;(t) o
R =+ L) £ 0) 10 @
where z(z) is the standard sigmoidal function

z(x) =1/(1+e™7), a;(t) is the activation of uniti at
time ¢, 6; is a bias termy; is the activity decay constant,
w;; is the strength of a connection from ugitto unit 4.
The structure of the network is partially layered, network
sizes vary between conditions (see Fig. 1). Neural and
environmental dynamics were simulated using the forward
Euler method with a time step &f= 1ms.

For all controllers, input signals are fed into input units
n; by I;(t) = Sg; - inp + ve, whereSg; is the evolved
sensory gainjnp is the input signalg is a normally dis-
tributed random variable and € [0, 3,6, 9, 12] is the level
of sensory noise that modulates channel reliability adrbss
als. In the network condition, the inpuisp = o, 0, are
fed directly into the network (see Fig. 1, 1.1). The active
vision agent, inspired by (Beer, 2003), can move left and
right byv = Mg - (2(n;) — z(n,)) units/s in an arena

of random widthar,, € [3.5,4] and depthury € [4.5,5]
(see Fig. 1, 1.2). The agent has a vision system comprised
of four rays with angle$—7.5°, —2.5°,2.5°,7.5°] and per-
ceives distance bynp; = d;/5 whered; is the distance
at which a rayi is intercepted. All controllers are evolved
for both a ‘unimodal’ and a ‘bimodal’ condition. In the bi-
modal condition, controllers are given a redundant dinect i
put channel and two additional hidden units (see Fig. 1).

An output unit n, generates a perceptual estimate:
z(ap) > 0.5 means a perceived, > o, at the end of a
trial. This leads to the following performance criterion fo
pairs of objectgo,, o)

1 if (2(ap) > 0.5) = (05 > 0y)
0 else

Plo..0) = { @)

Fitness for individual controllers is computed according t

16
P ) s

i=0

whereo,, 0, € [1,2.5] are drawn from a uniform distribu-
tion. As pairs are presented in both ordersfgrevaluation
involves2 x 16 = 32 trials. The response bidB € [0, 1] is
proportional to the amount by whicha,) > 0.5 has a bias
stronger thatt5% to either side. The multiplicative term and
the punishment for response bias were included after pilot-
ing because evolved systems tended to be very accurate but
strongly biased towards one side. Object presentatios last
T € [3000,4000ms] for networks ¢-t,.. € [100,500ms]
without stimulus) andl’ € [16000, 18000ms] for agents.
Networks are initialised randomly and agents are positione
on the mid point of the line along which they can move.

CTRNNSs are evolved using a generational GA with a
population of 30 and are selected using truncation selec-
tion (1/3). Genes are real-valued [0, 1] with vector mu-
tation » € [0.3,0.5] and reflection at gene boundaries.
Evolved gene values are linearly mapped onto the target
range forw;; € [-8,8],6; € [—3,3] and exponentially for
Sg € [0.1,20], Mg € [0.1,100] and7; € [30,3000ms]
(networks) orr; € [30,10000ms] (agents) respectively. For
the hidden and output laye; = —0.5 Z;V:O w;; (center-
crossing).

v is drawn randomly each trial from the available range of
noise levels. Evolution starts noiselessQ) and the maxi-
mum level of noise is increased every time average top per-
formance over 50 generation excedds= 0.5 till the full
range ¢ € [0,3,6,9,12]) is reached. In the bimodal con-
dition, two quarters of the trials were unimodal trials (one
quarter for each channel) to avoid specialization. Thismaea
that one modality received no signal but instead strongenois
with v = 15. Otherwise, noise in the first channel was ran-
dom as in the unimodal condition, whereas noise in the sec-
ond channel was fixed at= 6.
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Analysis

Perceptual discrimination and integration is analysetigas

in human psychophysics (e.g., Ernst, 2005). Perceptual re-
sponse probability is described as a cumulative probwgbilit
function (‘psychometric curve’) of real differences in ob-
ject sizes. Evaluation is performed presenting a standard
stimuluso, = 1.75 to one side and a comparison stimu-
luso. € [0.30s,1.704] to the other side. Each measurement
is repeated 20 times. This procedure is repeated for both
sides and for all levels of noise Cumulative Gaussians are
fitted to the responses using the Matlab toolbox psignifit for
maximum likelihood fitting (Hill, 2005). Th&0% level of

a psychometric curve is called the PSE (point of subjective

equality) and corresponds to the mean of the fitted Gaussian.

Itindicates perceptual bias. The difference between e
and the84% is called the JND (just-noticeable-difference)
and corresponds t¢2¢ of the underlying Gaussian. It indi-
cates perceptual accuracy.

Optimal integration is assessed by comparing the evolved
system’s perceptual discrimination with an ideal observer
model using MLE and an independent channel model. In
such a model, a bimodal perceptual estiméteis gen-
erated as a weighted sum of unimodal estimates (i.e.,
S* = w151 + weS2) in a way that minimizes uncertainty.
MLE generates the following testable predictions (cf. Erns
2005; Ernst and Banks, 2002):

1/07
1/0? +1/03

The first term indicates multisensory integration in gen-
eral, whereas the second and third term are characteristic o
optimal integration in particular. These criteria alsorcla
ify the significance of the noise level as the parameter
that should modulate;. According to the predictions, the
weightsw; anda* should change witlr; (in particular, bi-
modal discrimination should be more accurate than each of
the unimodal discriminations).

To compute the weights, crossmodal conflicts
¢ € [—.2504,.250,] are introduced during testing, i.e.,
for one modalityo! = o, — 0.5¢ and for the other modality
0? = o, + 0.5c. Integration occurs if, in the presence of
conflicts, PSEs are shifted along the — 0.5¢, o + 0.5¢]
interval according to the weightsr; can be computed by
JND =+/20;.

2 2
x2 _ 0103

w1 +we =1 w; = _0'%—1-0%

(4)

Per ceptual Discrimination in Recurrent
Neural Networks

Evolving perceptual discrimination in recurrent neuratne
works is a less biased approach to the study of perceptual
integration because it allows for the evolution of dynami-
cally complex solutions and functional intertwinement: so
lutions evolved may not employ separate populations of neu-
rons to perform different tasks, such as unimodal estimatio
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Figure 2: Unimodal networks. Psychometric curves for the
different noise levels, data pooled from all 7 networks and
both orders. Inlay: mean and s.e.m. for fitting parameters
PSE (bias) and JND (accuracy) from individual fits (average
of both stimulus ordersy = 7).

integration and measuring uncertainty. Also, given that th
fithess function Eq. (3) does not require optimal integra-
tion, there is the possibility that optimality spontandgus
emerges.

Unimodal Networks

The purpose of the unimodal condition was primarily to ver-
ify that the task is suitable for the study of perceptual dis-
crimination. In order to allow the evolution of optimal inte
gration, controllers have to perform perceptual discramin
tion sufficiently well. Their accuracy should decrease with
the level of noise (JND should increase) to make it possible
to test for statistically optimal integration.

CTRNNSs were evolved in 20 evolutionary runs with 1000
generations. 7 of the 20 networks evolved performed suf-
ficiently well according to these criteria. The main exclu-
sion criterion pointed towards a very successful but ttivia
local maximum for this task (up té" ~ 0.6): 7 networks
were excluded because they considered only one stimulus
and judged if it is ‘big or not’, which means that perfor-
mance is good during testing for the standaydn one side,
but at chance level or substandard for the other side.

Figure 2 depicts the psychometric curves for the differ-
ent noise levely for all 7 successful networks together, as
well as the INDs and PSEs from individual fits. Increase
in v leads to a clear increase in JND (1 factor ANOVA:
F(4,2) = 7.55,p < 0.001), while PSEs are not influenced
by noise ¢'(4,2) = 0.25,p = 0.91). The successfully
evolved networks show that, given the task and the fitness
criterion, artificial systems can evolve to generate behavi
and simulated data that can be compared to human data and
that can be analysed the same way.
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Figure 3: Unimodal, bimodal and predicted PSE (top) and
(width of fitted Gaussians, bottom) for all networks evolved
to perform (partial) bimodal discrimination.

Bimodal Networks

In the bimodal condition, the emphasis is on the kind of in-
tegration behaviour that the networks exhibit and if it con-
forms to the predictions from MLE in Eq. (4).

Controllers for the bimodal condition were evolved in 20
evolutionary runs with 2000 generations. Only one network
evolved to successfully discriminate between objectsifor a
orders in both the unimodal and the bimodal conditions.
The simulated data was fitted and analysed like in the previ-
ous simulation. When comparing the JND of the unimodal
and the bimodal condition for the successfully evolved net-
work, at first glance it appeared to exhibit the most impor-
tant hallmark of MLE, i.e., that the probability distribati
of bimodal estimates was more accurate than either of the
unimodal estimates. However, testing the exact predistion
from MLE (Eqg. (4)) on this controller, the network proved
to besuper-optimali.e., the accuracy (in terms of of the
fitted Gaussian) was dramatically better than expected from
MLE (Fig. 3, bottom left).

7 of the other controllers evolved performed satisfagforil
for both modalities if the standakg, was presented to one
side only. They were analysed and compared to the predic-
tions of MLE as well. Even if lateral specialization is un-
satisfactory concerning the main question, it involvessom
degree of integration. Figure 3 (bottom) depiet$or the
bimodal condition, averaged over noise levelsn compar-
ison to the lower of the unimodaland the predicted using
Eq. (4). All controllers were either grossly super-optiroal
less accurate than the better of the uni-modal conditions, i
there was no evidence for optimal integration.

Why is it so easy to be ‘better than optimal’? Is it be-
cause of the noise = 15 of the inactive channel disturbs
the network in the unimodal condition? Controllers were
tested again withv = 0 in the unimodal condition to test
this assumption. Contrary to the expectations, takinghuat t
noise, in most cases (5 of the 8 networks), did not improve
unimodal accuracy, but led to a complete break-down of uni-

1| ¢+ unimodall PSE
unimodal2 PSE

& bimodal PSE

¢ MLE prediction

proportion og larger
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Figure 4: Example psychometric curves for the most suc-
cessful network withv = 0 in the silent channel: = —0.25,
all noise levelsy. Data pooled fok, left/right. Unimodal
curves are shifted along the x-axis according to the conflict

modal discrimination. This indicates that the noise seaved
functional purpose in integration.

Defining the unimodal condition as noise with= 15
and the absence of a signal had been an arbitrary design de-
cision. However, as it is the case in biological evolution,
the GA worked with what was there and thus incorporated
this noise functionally into the solution, with surprisiaf
fects on perceptual accuracy across conditions. Thistresul
raises the question of what ‘uni-modality’ means in a multi-
modal system which will be picked up in the discussion. For
those networks that also worked in the absence of noise, dis-
crimination during unimodal trials became better than dur-
ing bimodal case, eliminating the super-optimality. Thas r
sult supports the hypothesis that noise in the silent cHanne
is the reason for bimodal super-optimality.

Maybe more surprising still is the fact that the controllers
did not evolve to integrate the two estimates. Introducing a
cross-modal conflict, networks would be expected to gener-
ate PSEs in between the PSEs that the unimodal data pre-
dicts. Figure 3 (top) shows that, in the large majority of
cases, the PSE of bimodal networks is far outside this range
and, therefore, also far away from the PSE predicted from
MLE. Figure 4 shows this behaviour for the most success-
ful network (withv = 0 in the inactive channel): the dis-
crimination is successful for all noise levels for both time-u
modal and the bimodal stimuli. Accuracy for the bimodal
trials is comparable to the unimodal trials. However, the
PSE is far outside the range that would indicate integration
Rather than to integrate uni-modal estimates, the networks
had evolved to perform a different and comparably viable
way of discriminating size in the presence of redundant sig-
nals. The result indicates that multi-modal integratios, a
it is characteristic of humans, is not a process that simply
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emerges as an epiphenomenon of the existence of redundant 5 , ox=1 oy=175 ox=175 oy=1
sensory channels but probably evolved due to more specific & 3
adaptive needs. The previously mentioned tendency of net- < 2}
works to evolve solutions with strong perceptual biases in gﬂ I
this task is likely to also play a role in this result. 5 o[
The solutions evolved do not make use of the dynamic 2|
complexity afforded by the recurrent network structure - & 1f
they rely mainly on feed-forward principles. The passive  ~
open-loop nature of the task for disembodied recurrent net- = !
works does not encourage the use of dynamic complexity. ~ 20.5
Perceptual Discrimination in Simple Agents 0 5000 10000 5000 10000
time (ms) time (ms)

Living organisms are always in dynamic interaction with the

environment. The surge of sensorimotor approaches in per- Figure 5: Selected variables across time from an agent pre-
ception research (e.g., O’'Regan and Nog, 2001) reflects angented with two pairs of objects with, < o, (left) and
increasing awareness that such closed-loop dynamicslaffor , - o, (right). Top: position. middle: sensory input from
alternative and clever ways of solving perceptual tasks. EX one input unit. bottom: decision outputn,,)
isting models of optimal integration assume that integrati
as well as estimation of channel certainty and weight ad-
justment are performed internally. The objective of evadyi
simple vision agents for this task was to explore if and how
active perceptual strategies can play a role in multisgnsor
integration and perceptual discrimination.

To bootstrap the evolution of active perceptual strategies
the performance criterion Eq. (2) was amended such that :
agents receiv®? = 0.1 if their visual system perceives both I | il
objects at least once, even if the wrong decision is made. If - - -
they do not move to see both objects, they recéive- 0,
even if the right decision was made. In 20 evolutionary runs
with 1000 generations, not one controller evolved that@doul
reliably distinguish objects of different sizes for the o soootim;?r?g? 15000 2000 timLO(On?g) 15000
problem space: local maxima, in most cases the mentioned

solution to only pay attention to one of the stimuli, couldno  Figyre 6: Selected variables across time from and agent pre-
be overcome. Variations of the task were explored to miti- sented with two pairs of objects with, < o, (left) and

gate this problem, including a punishmentfor lateral spleci ~ , -, (right). Top: position middle: sensory inputs bot-
ization and the administration of an extra position serisdr, tom: decision output(n,)
performance never exceeded the stable local maximum, i.e.,
to focus just on one side. This suggests that a more radical
change of fitness criterion/task may be necessary. ) ) ) _ _

Controllers were also evolved for the bimodal condition Ng the other side briefly to fulfill the revised performance
in 16 runs for 2000 generations. The possibility exists that Cfiterion) and, otherwise, act as if they had a direct input

the presence of a direct sensory channel serves as a guid_cha.nnel. Instead, nearly all agents_exploit their capaoity.
ance for the evolution of active visual discrimination. In- @actin the closed-sensorimotor loop in order to make the “big

stead, the agents evolved rely heavily on their second (di- or not’ strategy more effective. The remainder_of this setti
rect) input channel (see Fig. 1) and did not evolve to use prese_nts exa_m_ples of S_“Ch_ active sub-;trategles. o
their active sense according to demand. Where partially vi-  Active decision makingrigure 5 depicts the motion, in-

able behaviour evolved, it replicates the general restdts f puts and decision output over time for an agent evolved. The
disembodied networks. agent evolved, under some circumstances, to steer towards

While these performance deficits mean that the predic- the smaller of the two objects and to then make the decision

tions of the ideal observer model could not be tested, it is contingent on the output velocity (using internal activati
still interesting to test whether the partial solutionsleed like an efference copy). This active decision making capac-
exhibit sensorimotor strategies for sub-parts of the bl ity is the most straight-forward one of the ones evolved and
space. If agents evolve to base their decision on one input iS an exceptionto the trend to pay attention to one inputonly
only, they could just evolve to move over to one side (pass-  Active decision expressidrhe agent depicted in Fig. 6

ox=1 oy=175 ox=175 oy=1
© )

Ox
Cly W

B NNTENN

vis.input Xpos (arena)
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the trial ends if the second object is small enough, otherwis
] it will go on indefinitely or at least till the end of the trial.
L i In that sense, this controller can be seen as a variant of the

Ox

pos (arena)
- U.O - N WApH

X A O oy only strategy. The length of the oscillatory phase is, how-
'31' i ever, not just contingent om,. The size ofo, appears to
£ 2 take influence on the time of onset of the oscillations as well
2057 ] as its offset in ways that are not obvious.

These are just three examples of the ways in which agents
used their motion capacities in their size discrimination a
tivity, not all of which are easy to understand. In depth anal
ysis of only partially functional agents is an endeavour of
limited value. The fact that an abundance of active strategi
evolved, however, is a result worth mentioning. In systems
that discriminate stimuli exploiting the agent-envirommhe
5(’)00time ms) T0000 interaction dynamics, processes of multisensory integrat

would rely on these closed-loop dynamics. How (optimal)
integration could work in the absence of explicit represen-

tation of perceptual estimates remains an intriguing open
Figure 7: Selected variables across time from and agent pre- question.

sented with one pair of objects with > o,.. Top: position.
Second: sensory input from one unit. Thirg{a) from a Discussion
selected hidden unit. Bottom: decision outp(t,,)

Using ER for this kind of multisensory perceptual discrim-
ination task is a novel approach and as such the research
presented has mainly exploratory character. Both technica

evolved to only pay attention to the second inpyt If the and conceptual difficulties were encountered. Most dramat-
agent deems it large (Fig. 6 left), it comes to a halt and ically, minimal agents could not be evolved to perform per-
constantly outputs its decision(@,) < 0.5). If, however, ceptual discrimination and the predictions from MLE could

it deems the object small (Fig. 6 right), it initiates an 0os- not be tested for the second part of the project. ER simula-
cillation towards and away from the object. Driven by this tion modelling serves as a tool for thinking, and as such, the
oscillation, the decision output starts oscillating ard time simulation results here presented have pointed out a number
decision boundary at(a,) = 0.5. This kind of behaviour of issues that are worth reporting.
evolved very frequently. It provides the agents with a way
of expressing uncertainty: depending on when the trial ends Unimodality in a Bimodal System
the same input would lead to different answers, and slight Possibly the most important insight gained from the simu-
differences in object size may bias the proportion of sueh de  |ation models is that existing models of optimal integratio
cisions by modulating the oscillations. Probably, suchtetr have a gap to fill: as humans, it is obvious for us what a uni-
gies evolved at least partially in response to the term in modal and what a bimodal stimulus is. It is, however, not
the fitness function Eq. (3) that punishes a strong response clear how the MLE circuits proposed (e.g. Knill and Pouget,
bias: if some of the decisions are random, it is unlikely that 2004; Ernst and Banks, 2002; Alais and Burr, 2004) or a lo-
more than 75% of decisions would be of one kind. calized brain area would be able to recognise the absence
Temporal decision makingFigure 7 depicts an agent’s  of a signal in one channel and what possible noise entering
dynamics during the presentation of a single pair of objects through that channel can do to the decision making process.
The agent’s strategy makes active use of the time allocated MLE assumes independent channels and independent pro-
for making a decision. One hidden unit (Fig. 7, third) con- cesses of unimodal estimation and multisensory integratio
trols the position of the agent: it decreases activity dtéma  (cf. Method section). How the same process of generating
cally in the beginning (steering to the right) and then slowl  perceptual judgments in human observers can be indicative
increases. When it reaches a certain threshold, the agentof either of the stages is not made clear in existing mod-
starts moving to the left. Reaching the gap between the ob- els. In the model presented, the administration of random
jects, the agent starts oscillating between the two ohjects noise in the silent channel led to the evolution of apparent
which is reflected in the activity of the hidden unit, too. The ‘super-optimality’ in bimodal trials: not because netwsrk

output unit always decides, is larger ¢(a,) > 0.5), un- accurately estimate the levels of noise present, but just be
less the oscillations pull it below this threshold. Therefo cause additional noise sources were absent during bimodal
oscillation stands in correlation with the decision thatis trials. The fact that performance breaks down in most con-

smaller. The oscillation can only be stopped in time before trollers when the noise is removed shows that the definition
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of what ‘uni-modal’ means in a system is not an arbitrary of the human hand and the human eye as agents, it is not
one. Existing models of optimal integration would benefit unlikely that active sensing principles are exploited ingkt

from making explicit the behaviour of the inactive channel like visuo-haptic size estimation. Itis by no means cleat th
during unimodal trials and incorporating mechanisms into the introduction of noise or the variation of physical param
their models that distinguish between multimodal and bi- eters, like in psychophysics, would have the same impact on
modal trials. Testing for their existence can then confirm such embodied processes as they have on decoupled systems
that the reported increase in accuracy in bimodal trial@is n  that are passively cruncing representations. Even though
due to the influence of the silent channel during ‘unimodal’ limited in their own significance, the present results pdevi
trials. a good incentive to proceed with a revised version of the

_ research on perceptual discrimination in simulated agents
Per ception vs. Perceptual Judgments

Unlike humans, the evolved systems were surprisingly inca- Noise and Uncertainty

pable to integrate their senses in a coherent way. This prob- The question of noise estimation, independent noise ssurce
lem may well be due to the fact that the controllers were and reduction of uncertainty is one of the cornerstones of
evolved for a laboratory task. 2AFC perceptual discrimina- optimal multisensory integration research. Given that no
tion tasks, like the size discrimination task used here,eanak system evolved to confirm the predictions from MLE, this
it possible to measure perceptual accuracy, as well as per-question could not be direclty addressed. The first simu-
ceptual bias. The fitness criterion Eqg. (3) emphasises this lation confirmed that the introduction of different levels o
accuracy component. Therefore, the systems evolved tend Gaussian noise led to the expected deterioration of percep-
to favour being accurate over the absence of perceptual bi- tual accuracy (cf. Fig. 2). Itis arguable if adding Gaussian
ases (as evident from the large and variable PSEs in Fig. 3) noise at any time step to a signal that is then fed into a rate
and are rewarded for this tendency. Humans, on the other code neural network is the most suitable approach for the
hand, develop their perceptual skills not for this kind ofps ~ evolution of systems whose behaviour is contingent on lev-
chophysics task, but in real-world situations, where gaerce  els of noise. As a lot of the noise is filtered directly by the
tion has behavioural relevance. In many real-world costext neurons, that have a minimal time constant-of= 30ms,
strong or variable perceptual biases would be extremely dis such systems may have a hard time to develop sensitivity to
advantageous. In future research, therefore, systemsatill levels of noise. In future models, noise may instead be added
be evolved for 2AFC tasks exclusively, but for perceptual ca to a physical stimulus, which, at least in theory, wouldwllo
pacities more generally (e.g., the approach taken hereean b agents to use active strategies not just to perform perakptu
combined with a magnitude estimation task or with a senso- discrimination, but also to perform noise estimation. Gen-
rimotor control task that involves perceptual decision mak erally, it was a long shot to expect that optimal integration

ing). would evolve in evolved systems by merely adding the re-
_ _ _ quirement to be accurate in perceptual discriminationnEve
Ideal Observing vs. Active Sensing if the outlined technical and conceptual problems can be

Ideal Observer Models of perceptual integration strongly Selved in future research, it may be necessary as a next step
draw on the assumptions of the dominant representationalis {© €xplicitly require agents to integrate optimally in orde
paradigm in cognitive science: MLE is a dedicated process tackle this question.

that combines unimodal estimates and noise estimates. Even .

though behavioural approaches (e.g. Ernst and Banks, 2002; Conclusion

Alais and Burr, 2004) arprima facieagnostic about the un-  The ambitious goal to evolve optimal multisensory integra-
derlying mechanisms, it is easy to jump to conclusions and tion in networks and agents has not been met in the cur-
assume that internal dedicated neural process perform MLE, rent research. However, the difficulties encountered were
represent the noise, represent the unimodal estimates, etcinformative about hidden prior assumptions on several lev-
(e.g. Knill and Pouget, 2004). Evolving embodied agents els: about ideal observer models (what is ‘unimodal’ in a
to integrate their senses optimally (on a behavioural Jevel bimodal system? Can noise in the silent channel explain
can potentially challenge such underlying assumptions (on an increase in bimodal perceptual accuracy?), about using a
the level of the underlying mechanism). The active vision psychophysics task for evolution (does success in a 2AFC
agents presented here did not arrive at a level of behaviour task equal perceptual capacity?) and about the role ofractio
that would allow drawing strong conclusions about multi- in perceptual discrimination (if active sensing is benafici
sensory integration. However, even superficial analysis of for perceptual discrimination, how does it figure in multi-
their behaviour revealed an abundance of active sensing in sensory integration?). Rather than answering one question
the accomplishment of aspects of perceptual discriminatio  the study generated more digestible sub-questions, which i
including but not limited to active decision making and the characteristic of generative ER models. The outlined av-
expression of uncertainty through motion patterns.Thigki enues for future research will be pursued to further eldeida
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the relevant question of (optimal) multisensory integnati
from an embodied and Artificial Life point of view.

Acknowledgements

This work was supported by the HFSP Research Grant
(2006) on Mechanisms of associative learning in human per-
ception.

References

Alais, D. and Burr, D. (2004). The ventriloquist effect risdirom
near-optimal bimodal integratiorCurrent Biology 14:257—
262.

Beer, R. D. (2003). The dynamics of active categorical peioe
in an evolved model agenfidaptive Behaviqrl1:209-243.

Di Paolo, E., Rohde, M., and lizuka, H. (2008). Sensitivity t
social contingency or stability of interaction? Modellitite
dynamics of perceptual crossinflew Ideas in Psychology
26:278-294.

Ernst, M. O. (2005). A Bayesian view on multimodal cue inte-
gration. In Knoblich, G., Grosjean, M., Thornton, I., and
Shiffrar, M., editorsHuman body perception from the inside
out, pages 105-131. Oxford University Press, New York.

Ernst, M. O. and Banks, M. S. (2002). Humans integrate viaoéll
haptic information in a statistically optimal fashiohlature
415:429-433.

Floreano, D., Kato, T., Marocco, D., and Sauser, E. (2004): C
evolution of active vision and feature selectioBiological
Cybernetics90:218-228.

Freeman, W. J. (1987). Simulation of chaotic EEG patterrib wi
a dynamic model of the olfactory systemiological Cyber-
netics 56.

Harvey, |., Di Paolo, E., Wood, R., Quinn, M., and Tuci, E. A.
(2005). Evolutionary Robotics: A new scientific tool for
studying cognition Artificial Life, 11(1-2):79-98.

Hill, J. (2005). psignifit toolbox for Matlab 5 and up.
http://www.bootstrap-software.org/psignifit/ retrieve
05.02.2010. Version 2.5.6 for Mac OSX.

Izquierdo-Torres, E. and Di Paolo, E. (2005). Is an embodied
tem ever purely reactive? Proceedings of the 6th European
Conference of Atrtificial Life ECAL 200pages 252—-261.

Knill, D. C. and Pouget, A. (2004). The Bayesian brain: thie ro
of uncertainty in neural coding and computatiofrends in
Neuroscience27(12):712 — 719.

O’Regan, K. and Nog, A. (2001). A sensorimotor account siori
and visual consciousnesBehavioral and Brain Sciences
24:939-1011.

Proc. of the Alife XII Conference, Odense, Denmark, 2010

614



