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Abstract ‘‘Multisensory integration’’ refers to the

phenomenon by which information from different

senses is integrated in order to interpret and guide

responses to external events. Here, we advance two

specific hypotheses: (1) the process of multisensory

integration in spatial localization is statistically opti-

mal, and (2) the optimality of the processes guiding this

localization results from the implementation of Bayes’

rule. We explicitly test the predictions of an optimal

(Bayesian) model for the behavior of animals trained

and tested in a spatial localization task, and find that

the model correctly predicts behavioral patterns which

are at times counterintuitive. The model also predicts

the receptive field properties of superior colliculus

neurons that are involved in these behaviors, and sheds

new light on the computational responsibilities differ-

ent circuits have in effecting these behaviors. Thus, the

Bayesian model appears to represent not only a yard-

stick for the optimality of a behavior, but also a

descriptor of the underlying neural processes.

Introduction

‘‘Multisensory integration’’ refers to the process by

which animals fuse information from different senses

in order to interpret and guide their responses to

external events (Meredith and Stein 1983; Stein and

Meredith 1993). One example is the ability of animals

to combine visual and auditory information to more

effectively detect and localize events; an ability that is

known to involve the superior colliculus (SC). Empir-

ical studies have determined a set of principles guiding

multisensory integration (Stein and Meredith 1993),

one of which is of particular interest in the current

context. The ‘‘spatial principle’’ dictates that events are

more easily localized and detected when cross-modal

stimuli originate from the same location; and, at the

physiological level, that SC neuronal responses are

enhanced when cross-modal stimuli fall within the

respective unisensory receptive fields of a neuron,

which are overlapping in space (Meredith and Stein

1986, 1996; Kadunce et al. 1997, 2001). The spatial

principle also dictates that localization accuracy (at the

behavioral level) and SC responses (at the physiologi-

cal level) should be degraded (‘‘multisensory depres-

sion’’) when these stimuli originate from different

locations or fall into inhibitory regions surrounding a

neuron’s receptive fields (Stein et al. 1989; Hughes

et al. 1994; Frens et al. 1995; Corneil and Munoz 1996;

Jiang et al. 2002; Frassinetti et al. 2002; Pavani et al.

2003).

Despite the intuitive plausibility of the spatial prin-

ciple of multisensory integration and the broad and

extensive empirical support for it, there is a specific

experimental configuration in which it is consistently

violated at the behavioral level. When a dim visual

target in peripheral space is combined with an auditory

stimulus located even farther peripheral in space,

localization of the visual stimulus is enhanced rather

than depressed (Jiang et al. 2002; Colonius and

Diederich 2004). This behavioral pattern is confusing

B. Rowland (&) � T. Stanford � B. Stein
Wake Forest University School of Medicine,
Neurobiology and Anatomy, Medical Center Blvd,
Winston-Salem, NC 27157, USA
e-mail: browland@wfubmc.edu

123

Exp Brain Res (2007) 180:153–161

DOI 10.1007/s00221-006-0847-2



in light of the fact that current computational theories

of multisensory integration, which claim that integra-

tion is statistically-optimal (Anastasio et al. 2000; Ernst

and Banks 2002; Battaglia and Aslin 2003; Alais and

Burr 2004; Knill and Pouget 2004; Beierholm et al.

2005), predict behavioral patterns consistent with the

spatial principle. One possibility is that disparate

auditory and visual stimuli in peripheral space invoke

an integrative process that is uniquely non-optimal.

However, this explanation is not parsimonious, as there

is little objective justification for considering this par-

ticular variation of a common spatial-disparity config-

uration to be unique.

A possibility pursued here is that this violation of

the spatial principle at the behavioral level is none-

theless consistent with statistically-optimal integration

in a Bayesian model when certain physiologically

realistic constraints are placed on its internal compo-

nents. These constraints lead to direct predictions for

the properties of the neurobiological processes that

produce the observed behavior, and give a sound

computational explanation for how and why, in this

circumstance, the spatial principle is preserved at the

physiological level despite its violation at the behav-

ioral level. One broader implication of this result is

that seemingly minor modifications in experimental

design (e.g., stimulus eccentricity) can have significant

behavioral consequences, and thereby provide us with

unexpected insights about the underlying physiology.

Methods

Overview

The assumption here is that the violation of the spatial

principle discussed above is due to the presence of

implicit auditory localization that varies predictably

with perimetric location, as it does when auditory

stimuli appear alone (Heffner and Heffner 1988;

Rauschecker and Kniepert 1994; May and Huang

1996). To construct the appropriate Bayesian model of

optimal spatial localization, empirical data were first

gathered from cats performing a visual spatial locali-

zation task (see below). The purpose was to generate

model constraints sufficient to reproduce the behav-

ioral data, which in some configurations produced re-

sults in violation of the spatial principle. The task was

carefully structured so that the predictions of the

model would be unambiguous. First, animals were

trained to localize visual stimuli, but ignore auditory

stimuli, so that the correct response was unambiguous

in multisensory trials where the two were spatially

disparate (if both stimuli were targets, a response to

either stimulus location or potentially between them

could be interpreted as a ‘‘correct’’ response). Second,

visual intensities were reduced at every location to

expose the impact of multisensory integration, but

auditory intensities were constant in order to minimize

the number of parameters that were required to de-

scribe the implicit auditory localization performance.

The model parameters describing the visual localiza-

tion performance were fixed by the empirical data

obtained in the experiments described below. The

model parameters describing the implicit auditory

localization performance were adjusted at each

perimetric location so that the model’s multisensory

performance matched that obtained empirically. The

best-fit values of these parameters were then used to

generate predictions for the underlying physiology.

Behavioral procedure

Adult cats (n = 4) were trained and tested using

methods previously established for visual localization

(Jiang et al. 2002). They were first required to stand in

the center of a 90 cm semicircular perimetry device

and fixate directly ahead at 0�. The device contained

light emitting diodes (LEDs) and speakers embedded

in the wall at 15� intervals extending 90� to the left (–)

and right (+) of center (0�). The animal’s task was to

approach a briefly (40 ms) illuminated LED (3.0 · 10–3

fc) within 3 s of stimulus onset to obtain a small food

reward (175 mg pellet). In the initial shaping proce-

dure, the animals were first trained to approach a visual

stimulus at 0�, then ±15�, then at increasing eccentric-

ities, and finally to approach visual stimuli appearing at

any randomly selected location. Interleaved with the

visual-alone trials were catch trials (no stimulus) and

auditory-alone trials, in which a speaker between –90�
and +90� was randomly and briefly (40 ms) activated to

present a broadband noise burst (60 dB). The animal

was required to maintain its position and continue

fixating directly ahead to receive the reward on catch

trials and auditory trials. During training there were no

multisensory stimuli. Stimuli were pseudo-randomly

selected and their presentation was controlled by cus-

tom software.

After training, visual intensities were chosen for

each animal at each perimetric location to elicit

approximately 40% correct responses. Auditory stim-

ulus effectiveness was not manipulated and was always

suprathreshold (Jiang et al. 2002). During testing, vi-

sual and auditory stimuli were presented in four pos-

sible configurations: individually at any location

(unisensory trials); together at the same location
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(multisensory trials: spatial coincidence); together but

with auditory stimuli 45� to the left or right of the

visual stimulus (multisensory trials: spatial disparity);

or not presented (catch trials). Multisensory spatial

disparity trials were further divided into two categories

based on whether the auditory stimulus was central or

peripheral to the visual stimulus.

Table 1 summarizes the stimulus types, numbers,

and locations. These stimulus conditions were ran-

domly interleaved during testing. Multisensory spatial

coincidence and multisensory spatial disparity (central

and peripheral) conditions were presented in separate

blocks of trials in order to maximize the number of

trials/condition/day (thus reducing sampling error).

There were approximately the same numbers of visual

and nonvisual trials within each testing session (4–8

trials for each stimulus condition at each location/day

yielding an approximately 180 trials/animal/condition).

The experimenter wore headphones and avoided

looking at the LED display in order to remain unaware

of the particular stimulus condition or stimulus loca-

tion. Response locations were scored before the iden-

tity of the stimulus condition was revealed to the

experimenter. Correct responses were rewarded during

testing. Collected data included the accuracy rates for

the unisensory trials, catch trials, and multisensory

trials on each day, as well as the number, type, and

pattern of errors.

Data analysis

There were 28–33 trial-types for each animal on each

day of testing as shown in Table 1. Responses to each

trial-type were recorded each day and averaged to

estimate the probability of responses to each stimulus

location for each trial-type. The mean and standard

errors (across days) of the resulting probabilities were

calculated for each location and for each testing block

separately for spatially coincident and spatially dispa-

rate multisensory trials. To quantify multisensory

enhancement and depression, the multisensory index

was calculated (Stein et al. 1989) (multisensory re-

sponse accuracy minus unisensory response accuracy,

quantity divided by unisensory response accuracy and

multiplied by 100 to generate a % score), and a two-

tailed t test was used to determine significant differ-

ences between responses to the unisensory (visual) and

multisensory stimuli. Bonferroni correction for multi-

ple tests was not used because locations were not

redundant.

A response bias shift could potentially manifest in

this experimental configuration; for example, the

presence of an auditory stimulus may simply encourage

more orientation responses (vs. ‘‘no-go’’) in the mul-

tisensory case without affecting accuracy, or, alterna-

tively, the auditory stimulus may discourage the

elicitation of a response since it demands a ‘‘no-go’’

response when it appears alone. The Bayesian model

we present deals exclusively with changes in localiza-

tion ability (i.e., the informational gain specific to the

location of a stimulus) rather than changes in response

bias. To avoid any contamination by changes in re-

sponse bias, we calculate the probability that the ani-

mal oriented to each location, given that an orientation

response was made, i.e., the probability of responding

to a location after removing the ‘‘no-go’’ responses.

These data are used in fitting the model.

Model fitting

The model consists of probability distributions whose

variances were determined by the model parameters.

Only four free parameters were used in fitting. Two of

these parameters describe how the resolution of the

auditory system is predicted to change in space (rate

and intercept of a line defining the standard deviation

of auditory sensory reports), and two describe the

efficacy with which visual and auditory stimuli at dif-

ferent locations are bound together during multisen-

sory trials (variance and covariance of the prior

distribution). Maximum likelihood estimation was used

to obtain separate fits for the four parameters to the

individual data and a composite averaged across the

group of animals.

Only the model fits for the population are provided

here due to space constraints, but the variance across

the population was very small (avg. fit error <5%). For

each model fit and stimulus condition, an error calcu-

lation was made of the difference between the actual

Table 1 Stimulus types and locations during testing

Stimulus type Locations

Visual alone (9) V-60�, V-45�, V-30�, V-15�, V0�, V15�,
V30�, V45�, V60�

Auditory alone (9) A-60�, A-45�, A-30�, A-15�, A0�, A15�,
A30�, A45�, A60�

VA coincident (9) V-60�A-60�, V-45�A-45�, V-30�A-30�,
V-15�A-15�, V0�A0�, V15�A15�,
V30�A30�, V45�A45�, V60�A60�

VA Disparity (14)
Central Disparity(6)
Peripheral Disparity (8)

V-60�A-15�, V-45�A0�, V-30�A15�,
V30�A-15�, V45�A0�, V60�A15�;
V-45�A-90�, V-30�A-75�,
V-15�A-60�, V0�A-45�, V0�A45�,
V15�A60�, V30�A75�, V45�A90�

Catch trials (9 or 14) No stimulus (9 on days testing spatial
coincidence, 14 on days testing
spatial disparity).
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and model-predicted accuracies after correction for

response bias. Statistical comparisons between the

model and empirical data were performed using a

bootstrapping procedure: the model was repeatedly

sampled to generate the same number of data points

obtained empirically (118–172 days/testing block),

then a P value was calculated using ANOVA across all

locations and conditions.

Results

The Bayesian model of spatial localization

Neural and environmental noise make spatial locali-

zation a probabilistic task that is nontrivial when sig-

nal-to-noise ratios are low. Noise can come from many

sources: for example, the intrinsic variability in the

propagation of neural signals or additional perceptible

stimuli in the environment. Because of noise, neural

computations cannot achieve certainty about whether

a target is present or absent at any given location.

Localization decisions are based on information re-

ceived from sensory systems (sensory reports), which

can be more or less accurate because of noise and prior

expectations. The optimal response location is that

which is most likely to contain a stimulus that produced

the observed sensory reports.

The model describes how an environmental event

that provides visual and/or auditory cues is trans-

formed into internal sensory reports of the location of

that event, which are then used by the brain to select a

motor pattern to orient toward that location. Three

probability distributions describe this transformation:

two sensory report distributions (visual and auditory),

and the prior distribution that ‘‘binds’’ visual and

auditory information together.

Sensory report distributions

Given that a stimulus is detected, visual and auditory

systems produce internal sensory reports of the loca-

tions of visual and auditory stimuli in the environment.

Noise contaminates sensory signals so that, given a

visual stimulus at a location LV, the visual sensory re-

port (V) of that location is selected from a Gaussian

distribution (P[V|LV]) with mean LV. Similarly, an

auditory stimulus at location LA produces an auditory

sensory report (A) selected from a Gaussian distribu-

tion (P[A|LA]) with mean LA. The noise sources con-

taminating the visual and auditory signals are assumed

to be independent of one another (their covariance is

zero), and therefore the multisensory (joint) sensory

report distribution is equal to the outer product of the

two unisensory sensory report distributions. Equa-

tion 1 describes this relationship mathematically.

p½V;AjLV ;LA� ¼ p½V=LV �p½A=LA� ð1Þ

Figure 1 (left) shows how the multisensory sensory

report distribution is constructed for spatially-disparate

visual and auditory stimuli with the visual stimulus at

45� and the auditory stimulus at 0�. The variances of

the visual sensory report distribution at each location

are fixed by the empirical data (after taking the prior

distribution into account, see below). The variances of

the auditory sensory report distribution increase line-

arly with eccentricity. The changing variance reflects

the fact that auditory intensity is constant at each

location, and thus implicit localization ability should

vary with the eccentricity of the stimulus. In simula-

tions, sensory reports may be at any location in the

360� space around the animal, sampled at 1� intervals.

Prior distribution of stimulus locations

This describes pre-existing expectations regarding the

probable locations of simultaneously-appearing stimuli

in the environment, regardless of the actual sensory

report information. The multisensory prior distribution

is a two-dimensional Gaussian centered at 0� with two

parameters: one defining the overall variance of the

visual and auditory locations, the other describing the

expected covariance in the location of the two stimuli.

Mathematically, the multisensory prior distribution is

written P[LV,LA]. The unisensory prior distributions

P[LV] and P[LA] are obtained by summing the multi-

sensory prior distribution over LA or LV, respectively.

Figure 1 (right) gives an example of a prior distribution

in the model. The distribution is greater than zero only

at the locations where stimuli can appear in the appa-

ratus (–90� to 90�, spaced in 15� intervals).

Response selection

The optimal response location is that which is most

likely to contain the visual stimulus producing the ob-

served sensory report(s). As noted above, the auditory

stimulus is not, itself, the target of an overt response.

The determination of the optimal response location is

made by (1) calculating the probability that a stimulus

at each location could produce the observed sensory

report(s), then (2) multiplying this probability by the

prior probability that a stimulus would exist at this

location, and finally (3) finding the location that max-

imizes this product (R). When only a visual stimulus is
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present, only the visual sensory report and visual prior

distribution are used to determine the most likely value

of LV. When visual and auditory stimuli are both

present, the most likely pair of locations (LV, LA) is

determined and the visual location from this pair is

selected for the response. Equation 2 describes this

computation (the function argmax(.) returns the loca-

tion with the maximum probability).

P½Lv;LA=V;A� ¼ P½V;A=LV ;LA� P½LV ;LA�/P½V;A�
R ¼ arg max

LV
ð½Lv;LA=V;A�Þ ð2Þ

Empirical data

The raw data (before correction for response bias)

averaged across animals are presented first, following

by the data corrected for response bias, which are

accompanied by the model fits.

Raw empirical data

Figure 2 illustrates the apparatus and gives the raw

percentage of accurate visual localizations for each

location in each stimulus condition. Displayed at each

testing location (–60� to 60�) is the localization accu-

racy when a visual stimulus appears alone (V white

histograms) or with an auditory stimulus that is

spatially coincident (VA black histograms), centrally

spatially disparate (VAc dark gray histograms), or

peripherally spatially disparate (VAp light gray histo-

grams). Spatially coincident auditory stimuli enhance

the percentage of accurate localizations of the visual

stimulus by ~50–90% (significant at every location,

P < .05 t test). Centrally disparate auditory stimuli

significantly decrease localization accuracy by ~30–

50%. Peripherally disparate auditory stimuli signifi-

cantly reduce accuracy by 20–50% when the visual

stimulus is at 0�, but significantly enhance accuracy by

up to 50% when the visual stimulus is at 45�.

Model fits to bias-corrected data

Figure 3 displays the data after correction for response

bias (by removing no-go responses) when visual stimuli

are alone (V circles) or accompanied by an auditory

stimulus that is coincident (VA squares), centrally

disparate (VAc diamonds), or peripherally disparate

(squares). Empirical data use white marker points,

model fits to these data use black marker points. There

is very good agreement between the empirical data and

the model’s predictions in every configuration (mean

error across locations and conditions <2%). The

difference between the empirical data and model

predictions was not significant (P = 0.15). Because

Fig. 1 Distributions of the Bayesian model. Left sensory reports
are selected from Gaussian distributions centered on the location
of the stimulus (here, visual 45� and auditory 0�). The
multisensory sensory report distribution is a two-dimensional
Gaussian with 0 covariance constructed by multiplying the two
unisensory sensory report distributions together (lighter areas

indicate higher probability). Right the multisensory prior
distribution gives the probability that stimuli would actually
occur at each possible pair of locations, and typically has a finite
variance and substantial covariance. The unisensory visual prior
distribution is obtained by summing the multisensory prior
distribution along the auditory dimension
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there is very little variance in the performance of

different animals, model fits to the individual data are

approximately just as accurate as the model fit to the

aggregate.

Model predictions

After fitting, the free parameters of the model consti-

tute a set of constraints sufficient for a Bayesian model

of integration to reproduce the empirical spatial

localization data. These constraints can be interpreted

in a neurophysiological context to generate predictions

for spatial localization the response properties of

multisensory neurons guiding this behavior. One pre-

diction is that (cat) unisensory auditory localization

should show a systematic central bias. This prediction

matches well with extant empirical observations (May

and Huang 1996). A second prediction is that,

according to the fitted parameters of the model, neu-

rons acting in an optimal fashion will exhibit auditory

receptive fields that are larger in peripheral space and

have a central bias in their preferred location of stim-

ulation. We explain the bases for this prediction below

in the context of SC neurons, which are known to play

a principal role in spatial localization (Sprague 1965;

Schneider 1969; Casagrande et al. 1972; Harris 1980;

Wurtz and Albano 1980; Sparks 1986).

Three properties of the fitted model are important in

replicating the behavioral data: (1) the variance of

auditory sensory reports increases moving from central

to peripheral space, (2) the prior distribution exhibits

substantial covariance, and (3) the prior distribution is

biased to central locations. All properties are very

plausible. The sensory report distributions correspond

to the information supplied by SC afferents. The pro-

portional relationship between auditory sensory report

variance and stimulus eccentricity translates to an un-

controversial prediction that SC afferents should show

larger receptive fields in peripheral versus central

space. The covariance between inputs in the prior

Fig. 2 Raw localization accuracy. The mean and standard errors
of the % correct localizations of the visual stimulus when it is
alone (V white histograms) or accompanied by an auditory
stimulus that is spatially coincident (VA black histograms),

centrally disparate (VAc dark gray histograms), or peripherally
disparate (VAp light gray histograms). Note that in peripheral
space, peripherally disparate auditory stimuli enhance localiza-
tion

οο ο ο ο ο ο ο ο

οο ο ο ο ο ο ο ο

Fig. 3 Model fits to corrected empirical data. The model data
after correction for response bias (white symbols) are plotted
alongside the model fits (black symbols). Data for spatially
coincident trials (top) are separate from spatially disparate trials
(bottom). See text for more details
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distribution results from the animals’ extensive expe-

rience in their environment, where simultaneous visual

and auditory stimuli are typically produced by the

same events (and therefore share the same locations).

The central bias in the prior distribution can have a

number of sources. First, because of the behavioral

shaping paradigm, animals have more experience with

stimuli in central than peripheral space in the appara-

tus. Second, because animals orient to stimuli as they

detect them, stimuli naturally may be more likely to

appear in central versus peripheral space (Anastasio

and Patton 2004).

SC neurons, which are considered to be the output

neurons of the localization network, should have re-

sponse properties that are different than their affer-

ents. The output of an SC neuron should reflect the

probability that a target is present at a particular

location in space, which in the model is taken from the

response distribution (after the sensory reports and

prior have been integrated). Because the variance of

auditory sensory reports increases in the periphery,

and because central locations are more likely to con-

tain stimuli than peripheral locations, auditory sensory

reports in the periphery are implicitly localized at more

central locations. Consequently, we can infer from the

model a prediction that a neuron generating responses

to an auditory stimulus at location R should be more

likely to respond when the stimulus’ location is

peripheral to R than when it is central to R. The neu-

ron’s receptive field defines those locations that gen-

erate responses. Thus, the model predicts that SC

neurons should show auditory receptive fields in the

periphery whose lateral margins extend farther than

their medial margins; that is, neurons responding to

peripheral space should have large receptive fields with

a central bias in their preferred stimulus location.

There is extant support for this prediction in the

empirical literature (Middlebrooks and Knudsen 1984;

Middlebrooks 1987; Meredith and Stein 1996; Kadunce

et al. 2001).

Figure 4 provides an illustration of this prediction

and its bases. The top-left (A) displays the distributions

of sensory reports produced by auditory stimuli at 0�,

30�, and 60�. Note that the variance increases moving

into peripheral space. As a consequence of this feature

and the central bias in the prior distribution, the opti-

mal response location based on a given sensory report

is centrally-biased (top-right B). The predicted recep-

tive fields (bottom C) of a neuron generating a re-

sponse to location 0�, 30�, or 60� are defined as the

stimulus locations that produce 95% of the neuron’s

responses. These response probabilities were calcu-

lated in a manner parallel to the calculation of the

unisensory visual response probabilities in generating

the model fits (see above), with the exception that

auditory stimuli were simulated to be generated at

locations with 1� separation instead of 15�. These

predictions are possible at this resolution because the

fitted model interpolates the auditory sensory report

variances at locations between those sampled in the

experiments.

Discussion

The spatial principle of multisensory integration, in the

context of localization behavior, dictates that locali-

zation accuracy should be enhanced when cross-modal

stimuli are spatially coincident and degraded when

they are spatially disparate. The exception to this

principle dealt with here occurs when an auditory

stimulus is located farther in the periphery than a vi-

sual target also in peripheral space. In this spatial-dis-

parity configuration, visual localization is enhanced

rather than degraded. This result is confusing given

recent evidence that multisensory integration is statis-

tically-optimal, because typically a model of optimal

integration would predict behavior consistent with the

spatial principle. Nevertheless, the current evaluation

shows that integration in this circumstance is, in fact,

statistically-optimal. Furthermore, it is a consequence

of physiological constraints that we derived from a

Bayesian model fit to empirical data obtained from

animals performing a spatial localization task.

The constants on the fitted model critical to pre-

dicting the observed violation of the spatial principle

are the increase in the standard deviations of auditory

sensory reports and the decrease in prior probability

when a stimulus is present in peripheral versus central

locations. These two properties produce a central bias

in the implicit localization of the auditory stimulus,

which leads to a prediction that SC neurons exhibit

auditory spatial receptive fields with a central bias—

their lateral borders should show more extension than

their medial borders.

Bayesian models are typically used in multisensory

integration to test the hypothesis that the integrative

process is statistically-optimal by fitting the parameters

of the model to unisensory response distributions, then

comparing the multisensory predictions of the model

to the empirical data obtained in perceptual tests with

human subjects (Battaglia and Aslin 2003; Alais and

Burr 2004; Knill and Pouget 2004; Beierholm et al.

2005). This research offers substantial evidence that

multisensory integration is a statistically-optimal (i.e.,

Bayesian) process in the tested stimulus configurations.
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The present evaluation is the first use of a Bayesian

model in an ‘‘inverted’’ fashion; that is, using a fitted

model to predict the underlying single neuron neuro-

physiology that generates optimal integration that is

manifest behaviorally. This, of course, is validated

from studies in animals. When used in this fashion, the

Bayesian model translates a counterintuitive behav-

ioral phenomenon (enhancement by peripherally

disparate stimuli in the periphery) into an empirically-

testable prediction of the conformation of SC receptive

fields, a prediction for which there is already sub-

stantial support (Middlebrooks and Knudsen 1984;

Middlebrooks 1987; Meredith and Stein 1996; Kadunce

et al. 2001).
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