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Auditory and visual stimuli can fuse into a
single percept even if each of them is pre-
sented from a different location. We recently
examined this illusion, called the ventrilo-
quism effect (VE), in the distance dimension
(Hladek et al., 2013; Hladek et al., 2014). Typi-
cally, the fused object’s perceived location is
near the visual signal location, even if the
subject is instructed to localize the sound

Previously we observed that VE in the dis-
tance dimension was influenced by the ref-
erence distance and direction of the AV dis-
parity despite the fixed value of the AV dis-
parity (Hladek et al, 2013; Hladek et al,
2014). (Figure 1, Figure 2).

The underlying model likely involves sta-
tistically optimal integration of the inner rep-
resentations of the audio and visual informa-
tion (Alais, Burr, 2004) formulated as Maxi-
mum likelihood estimation (MLE) integration
(Ernst, Banks, 2002). However, auditory (also
visual) distance perception is known to be
highly compressed (Zahorik, 2005) which
could be related to the prior information
which also enters the integration process.

Kording et al., (2007) showed that the VE
in the horizontal plane does not always
follow the predictions of the optimal integra-
tion especially at the high magnitudes of the
AV disparity because then the integration of
the stimulus starts to fall apart. Their experi-
ments suggested that the transition from the
full integration to full segregation is not nec-
essarily linear process (linear combination of
the two distributions) but is influenced by
the process in which the subjects are trying
to infer the cause of the event (whether the
sound and light were produced by the same
event or produced by two separate events).

In the VE experiments in distance (Hladek
et al., 2013; Hladek et al., 2014) the disparity
was fixed on logarithmic scale, however, the
AV disparity was increasing with distance on
the linear scale which may have caused that
the subjects perceived two stimuli nonuni-
fied, i.e., segregated.

We examined whether cue combination
models are sufficient to explain the observed
data or whether casual inference needs to be
considered.
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Figure 1 Localization bias of AV
stimuli as a function of the target dis-
tance. Responses are compressed and
biased in the direction of visual compo-
nent (circles). Circles show the amount
of the actual AV disparity.
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Figure 2 Magnitude of the VE
was defined as the amount of
bias due to the AV disparity (re.
V-Aligned). Gray lines show the
theoretical positions extrapo-

lated from the V-Aligned data.

What is the underlying mechanism of the AV integration in distance dimension?

Models
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Figure 5 MLE is the forced fusion model. d =
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Figure 6 The causal structure depends on the actual measurements and the noise of the underlying
distributions. P(x,,x,|C=1) is a Gaussian distribution of the integrated percept and P(x,,x,|C=2) distribu-
tion of the segregated percept. p.,mmon IS Parameter of the distrubition.
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Figure 7 Alternative model to Causal Inference. The
resulting distribution is only a linear combination of
the two extreme cases.p.,mmon IS Parameter of the
distribition.
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Methods

Experiment

- the experiment was run in a small semi-reverberant P IR Xy

room (Tgy =408 ms)
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- the subjects (h=114) were seated in front of 8 linearly ‘O~ o Oy
spaced loudspeakers with LED lights above the array posi- — | a
tioned in the median plane of the subject (LEDs served for

presentation and collection of responses)

Model Structure

C=1

- the task was to localize sounds (300 ms noise bursts) —-
in distance dimension presented along with the flashes of

the LED lights with the fixed AV disparity from one pseudo
randomly chosen loudspeaker. The lights were always ap-

proximately 30% closer or farther.

- subjects performed 2 experimental sessions (V-
Closer+V-Farther),(V-Closer+V-Aligned), or (V-Farther+V-

Aligned) with counterbalanced order
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Figure 3 Schematics of the relative positions of the
subject, target sounds, and LED lights in all three condi-
tions. (Upper) V-Farther (middle) V-Closer (bottom) V-

Aligned (zero AV disparity).
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Figure 4 The model structure. Inputs of the model are xy, = N(sy,0
v) and x, = N(s,,0,) the noisy inner representations (measurements)
of the visual and auditory components. C=? means that the underly-
ing cause is not known to the observer. If they have common cause
(integrated) (C=1) they are optimally combined together with prior
distribution. If the sound is perceived with a independent cause
(C=2) only auditory and prior functions are optimally combined.
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The estimated position was computed as an the

average of the two possible causes.
$a=P(C =1lxy,x4)84¢c=1+ (1 = P(C = 1lxy,x4))34,c=2

Model histograms were obtained by Monte Carlo
simulations. The parameters of the model histo-
grams were fit to subject histograms (multinomial
distribution) by maximizing the likelihood function.
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B) Causal Inference
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C) Linear model
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Figure 9 (A-C) Three models produce almost equal results because forced fusion always dominate the fit. The small de-

viation of Causal Inference model is within the error bars. The deviation of the blue point at 70cm only relates to the fact
that the V component of the AV stimulus was placed really close to the listener away from the loudspeaker array.

Figure 8 An example of the fitting procedure for one subject in
V-Closer (upper row) and V-Farther (bottom row) conditions. Data
show response histograms (blue) and model fits for each target lo-
cation (columns) and two conditions of AV disparity (rows) on log
scale. For this particual subject all three models had identical best
fit therefore three model lines are on the top of each other.

o, 0.57+0.02  0.57+0.02  0.57 +0.02
o, 0.25+0.01  0.24+0.01  0.25+0.01
o, 1314004 1331004  1.33+0.04
Mo 3.87+0.02  3.87+0.02  3.87+0.02

P cormmon 0.96+0.00  0.96 % 0.00

ABIC -9.29+5.4 1.54 +1.3

Table 1 Summary of the estimated mean parameter values and
across subject SEM for three models. BIC is a measure that can
compare likelihood of the models with various number of param-
eters. Negative ABIC means that a given model performs better
but none of the models seems to outperform MLE model given
the magnitudes of the standard error.

Data of each subject were fit separately in a similar fashion as
shown on Figure 8. Four or five parameters were computed from
480 data points. Model data on Figure 9 were computed from his-
tograms with the best fit. The estimated responses were computed
as a center of gravity of the histogram.

Current data suggest that the MLE model is sufficient in explain-
ing current data.

Total variance of the MLE model can be expressed as:
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which gives the approximate value 07g7a. = 0.22 which is close
to the o0 computed from the subject histograms (~0.20).

The current results are ‘work in progress.

The aim of the current modeling is to explain
observed data of the VE experiments in the dis-
tance dimension and to identify possible under-
lying mechanisms.

Current preliminary analysis suggest that the
subject response pattern can be explained by
the MLE model with least number of parameters
in which the A and V components were always
perceptually integrated and additional param-
eter is not necessary. The reason could be the
magnitude of the AV disparity relative to stan-
dard deviations in the current experiment.

However, no validation was made on the esti-
mates of the internal variables o, and oy. And,
the model was not tested with A-only or V-only
stimuli, or with AV stimuli with varying disparity.
Thus, the range of data used was not sufficient to
critically test individual models.

The important factor seems to be that the
model involved a prior function. Possibly, sub-
jects create  strong expectations about the
scene which can account for the compression of
the distance perception.

The auditory distance perception has been
traditionally modeled by the power law function
(Zahorik, 2005) which predicts only response
biases. Here, we evaluate a Bayesian approach
that can describe the data in terms of both biases
and standard deviations.
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