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Abstract

An optimal linear system for integrating visual cues to 3D surface geometry weights cues in inverse proportion to their uncer-
tainty. The problem of integrating texture and stereo information for judgments of planar surface slant provides a strong test of
optimality in human perception. Since the accuracy of slant from texture judgments changes by an order of magnitude from low to
high slants, optimality predicts corresponding changes in cue weights as a function of surface slant. Furthermore, since humans
show significant individual differences in their abilities to use both texture and stereo information for judgments of 3D surface
geometry, the problem admits the stronger test that individual differences in subjects’ thresholds for discriminating slant from the
individual cues should predict individual differences in cue weights. We tested both predictions by measuring slant discrimination
thresholds and stereo/texture cue weights as a function of surface slant for multiple subjects. The results bear out both predictions of
optimality, with the exception of an apparent slight under-weighting of texture information. This may be accounted for by factors
specific to the stimuli used to isolate stereo information in the experiments. Taken together, the results are consistent with the
hypothesis that humans optimally combine the two cues to surface slant, with cue weights proportional to the subjective reliability of

the cues.
© 2003 Elsevier Ltd. All rights reserved.

1. Introduction

Vision provides a number of independent cues to the
three-dimensional layout of objects and scenes—stereo,
motion, texture, shading, etc. While individual cues by
themselves provide uncertain information about a scene,
under normal conditions multiple cues are available to
an observer. By efficiently integrating information from
all available cues, the brain can derive more accurate
and robust estimates of three-dimensional geometry (i.e.
positions, orientations, and shapes in three-dimensional
space). One complication that makes cue integration a
hard problem is that the reliability of the information
provided by different cues can change in a-priori un-
predictable ways as a viewer moves or as surfaces
change position and orientation in a scene. In order to
most accurately interpret multiple cues, the visual sys-
tem should combine the information provided by the
cues in a way that accounts for these changes in their
relative reliability.
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Fig. 1 illustrates the effect of cue uncertainty on the
optimal interpretation of a pair of visual cues to depth.
The information provided by each cue is characterized
by the likelihood function derived from the image in-
formation for that cue. The spread, or variance, of the
likelihood function is a measure of the uncertainty of the
data. Assuming that the image data associated with each
cue are conditionally independent (e.g. the noise on one
set of measurements is independent of the noise on the
other), the joint likelihood function for the two cues
together is simply the product of the individual likeli-
hood functions. The result is a likelihood function whose
peak is biased toward the more reliable of the two cues.
When likelihood functions are Gaussian, the peak of the
joint likelihood function is a weighted average of the
peaks of individual likelihood functions, with weights
inversely proportional to the variances of the likelihood
functions. Thus, an optimal integration system will ar-
rive at an interpretation that is, on average, a weighted
sum of the interpretations from each cue individually,
with more weight given to the more reliable cue.

In this paper, we test whether the human visual sys-
tem integrates stereo and texture information to esti-
mate surface slant in a statistically optimal way. In
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Fig. 1. The information provided by a cue about a scene S is given by
its likelihood function, p(I|S), where [ is the image data associated with
the cue (e.g. disparities for stereo or the flow field for structure-from-
motion). The likelihood function for a combination of cues is, under
some independence assumptions, simply the product of the likelihood
functions for each cue. The peak of the joint likelihood function for the
two cues, S is biased toward the peak of the narrower likelihood
function. The variance of the joint likelihood function, ¢2, is smaller
than the variances of either of the individual likelihood functions, a3 or
3. This reflects the reduction in uncertainty that is gained by com-
bining multiple sources of information.

particular, we test the hypothesis that human observers
are ‘“‘subjectively” ideal observers for this perceptual
task. A subjectively ideal observer is one that weights
cues in inverse proportion to their subjective uncer-
tainty—the uncertainty with which the observer can
make inferences from individual cues. Several things
make the problem of integrating stereo and texture in-
formation for slant perception a particularly interesting
problem for testing optimal integration.

First, we can reasonably expect the relative uncer-
tainties of texture and stereo information about slant to
vary as a function of the slant itself. The uncertainty in
the information provided by texture is known to de-
crease by an order of magnitude as slant increases from
0° to 70° (Knil, 1998a, 1998b). How the uncertainty of
stereo information behaves as a function of slant is
somewhat less clear; however, Banks, et al. computed
theoretical reliability curves for slant from stereo based
on an assumption of fixed noise levels on horizontal
disparity, vertical disparity and horizontal vergence and
found that the predicted reliability varied little over a
wide range of slants (Banks, Hooge, & Backus, 2001).
While this result may not hold exactly for large field of
view stimuli, in which disparity noise can be expected to
vary as a function of relative depth away from fixation,
it strongly suggests that the relative uncertainties of
texture and stereo cues to slant will vary significantly as

a function of slant—the very parameter being estimated.
This differs from the more commonly studied situation
in which cue uncertainty varies with changes in an un-
related scene dimension (e.g. stereo information im-
proves at closer viewing distance, motion parallax
information improves with increased head motion) or is
made to vary by adding visually apparent noise in one or
the other cue (Ernst & Banks, 2002). Unlike in these
situations, in which ancillary cues exist to help deter-
mine cue uncertainty (Landy, Maloney, Johnston, &
Young, 1995), changes in cue uncertainty that result
from changes in slant cannot be estimated independently
of the slant itself.

Second, large individual differences exist in subjects’
abilities to use stereo information for judging depth;
thus, we are likely to find large differences in what would
be each individual’s optimal cue combination rule for
texture and stereo. We can use these individual differ-
ences to test whether the relative weighting of texture
and stereo for each subject is consistent with their sub-
jective uncertainties for the two cues—a strong predic-
tion of the subjective ideal observer hypothesis.

Finally, previous quantitative tests of optimal cue in-
tegration have studied how the brain integrates infor-
mation from different sensory modalities—auditory and
visual (Gharamani, Wolpert, & Jordan, 1997), pro-
prioceptive and visual (van Beers, Sittig, & Denier van
der Gon, 1999), or visual and haptic (Ernst & Banks,
2002)—rather than within-modality integration. Within-
modality integration may have different properties than
cross-modal integration. For example, cross-modal in-
tegration may involve selective allocation of attentional
resources, whereas attention cannot be easily deployed
selectively between different, spatially coincident visual
cues when both are available (except by artificial means
such as closing one eye to eliminate the stereo cue).

Our research followed an experimental strategy sim-
ilar to that taken by Ernst and Banks in their study of
visual-haptic cue integration (Ernst & Banks, 2002). We
first measured individual subjects’ slant discrimination
thresholds for stimuli containing only one or another of
the studied cues. These provided measures of the sub-
jective uncertainty in each cue. Applying optimal esti-
mation theory, we used these thresholds to predict the
pattern of weights that each subject should give to stereo
and texture cues as a function of surface slant. Using a
cue perturbation paradigm, we measured the actual
weights that characterize subjects’ combination rules for
integrating stereo and texture cues to slant and com-
pared these to the weights predicted by the discrimina-
tion thresholds.

1.1. Optimal cue integration

Several sources provide good tutorial introductions
to optimal linear cue integration; in particular, showing
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how the weights in a linear model relate to the under-
lying uncertainty in a set of cues (see, for example,
Blake, Bulthoff, & Sheinberg (1993) or Landy et al.
(1995)). Here, we introduce the concept of optimal cue
integration beginning from a somewhat more general
perspective. The concept of an ideal observer from sta-
tistical estimation theory is central to understanding the
theoretical underpinnings of cue integration. An ideal
observer is an estimator that combines information from
multiple cues so as to minimize a pre-defined error
function on the estimated parameters. We use the
standard definition of an ideal observer as one that
minimizes the mean squared error of its estimates (for
unbiased observers, this is necessarily a minimum vari-
ance estimator). The ideal observer bases its estimates
on a posterior conditional probability density function,
p(§|f ), on the parameter being estimated, S, given a set
of image data, /. Assuming a flat prior probability
density function on S, ! the posterior density function is
proportional to the likelihood function, p(1|S).

As illustrated in Fig. 1, the joint likelihood for a pair
of cues, I, and I, is simply the product of the likelihood
functions for each individual cue,

p(11, 1IS) = p(1S)p(L|S). (1)

When the likelihood functions for the two cues are
Gaussian, the joint likelihood function is Gaussian as
well. The mean of the joint likelihood function, S, is a
weighted sum of the means of the individual likelihood
functions, S; and S»,

/»§ = W1§1 + W2§2, (2)

where the weights, w;, are in inverse proportion to the
variances of the individual cue likelihood functions
(Rao, 1973),

1/}
1/} +1/03

The variance of the joint likelihood function, ¢° is given
by (Rao, 1973)

02——1
1/} +1/a3

These relationships lead naturally to an implementation
of an ideal integrator as one that computes a weighted
average of the outputs of independent estimators for
each of the individual cues available in an image (see
Fig. 2). Rather than take such a mechanistic point of
view to cue integration, we consider the system for es-
timating surface slant to be a black box with inputs
coming from stereo and texture and an output giving
some representation of surface orientation. We are ag-

(3)

Wi

(4)

! The effect of a non-flat prior is minimal when the image data is
much more constraining than one’s prior knowledge of scenes.
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Fig. 2. The classic model of linear cue integration assumes indepen-
dent modules for estimating a scene parameter like surface slant from
each cue. The estimates derived from each cue are presumed to be
weighted and summed to arrive at a final estimate. This point of view
leads to questions of the form, “how does the visual system determine
the weights to give to each cue?” As described later in the general
discussion section, such an explicit embodiment of cue weights in the
system need not exist for a system to be optimal.

nostic as to the algorithm that the system uses to inte-
grate the cues but would like to test whether the system
is optimal (we take up the issue of mechanism in the
general discussion section). The optimality hypothesis,
in this context, predicts certain consistency relationships
between the statistics of the slant estimates generated
under different cue conditions. The two specific predic-
tions are, first, that the variance in slant estimates de-
rived from images containing both cues is related to the
variance in slant estimates derived from images con-
taining only one or another of the cues by Eq. (4), and,
second, that the average estimated slant for images in
which the slants suggested by stereo and texture conflict
will be a weighted average of the slants suggested by the
individual cues (assuming an unbiased estimator), with
the weights related to the variance of slant estimates
derived from individual cues according to Eq. (7).

1.2. Previous work on optimal cue integration

Numerous studies have shown that subjects give dif-
ferent weights to cues under different stimulus condi-
tions. For example, recent psychophysical studies have
shown that the human visual system gives a pro-
gressively lower weight to stereo information as ver-
gence distance increases (Johnston, Cumming, & Parker,
1993). This seems rational, as the reliability of stereo
information about relative depth along a surface de-
creases with increasing distance away from the observer
(Banks et al., 2001). The same is true for motion—when
the number of frames of a motion sequence is reduced to
two, the weight that subjects give to motion cues for 3D
shape is reduced (Johnston, Cumming, & Landy, 1994).
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These results are qualitatively consistent with the pre-
dictions of optimal integration.

Another approach to modulating cue reliability has
been to add noise to the visual features underlying a cue,
either naturally (e.g. by increasing the randomness in
surface textures prior to projection (Knill, 1998c;
Young, Landy, & Maloney, 1993)), or less naturally
(e.g. adding motion jitter to texture elements in a motion
display (Young et al., 1993)). As predicted, increasing
the noisiness of a cue reduces the weight that subjects
appear to give to the cue when combined with other,
uncorrupted cues.

Results like these are qualitatively consistent with
optimal integration of purely visual cues, but have not
quantitatively tested for optimality. One exception in the
vision domain was an experiment by Jacobs (Jacobs,
1999), in which subjects’ variances in shape settings for
motion-only and texture-only stimuli were used to pre-
dict their biases in shape settings for combined cue
stimuli. Jacobs showed that subjects’ shape settings for
multiple cue stimuli could be accurately predicted by a
linear integration model with weights set using Eq. (4),
combined with a free parameter for the variance and
mean of the subjective prior. This data provides indirect
evidence for optimal integration, but Jacobs did not
actually measure cue weights, nor did he find the best
fitting set of weights to compare with the variance
measures. Whether or not subjects used a quantitatively
optimal integration strategy in the experiment is left
unclear.

In the domain of cross-modal integration, a number
of studies have directly addressed the predictions of
optimal cue integration. Gharamani et al. (1997) studied
the optimality of visual—auditory integration for target
localization. He found that, while localization was
dominated by vision, subjects appeared to give a small
weight to auditory cues (inconsistent with complete vi-
sual capture). Unfortunately, differences in visual and
auditory cue reliability across conditions were not large
enough to provide a strong test of optimality. More
recently, Ernst and Banks (2002) tested for optimal vi-
sual-haptic cue integration in object size judgments by
adding different levels of external visual noise to virtu-
ally displayed three-dimensional blocks. This allowed
them to artificially vary the reliability of visual cues to
object size over a large enough range to quantitatively
test the predictions of an optimal integrator. Ernst and
Banks found that visual and haptic size discrimination
thresholds accurately predicted the weights that subjects
gave to visual and haptic cues for size judgments when
simultaneously viewing and grasping objects.

The present study tested the predictions of an optimal
integrator for intra-modal (i.e. visual) cues to depth,
when the relative reliability of the cues changes naturally
as a function of the surface geometry being estimated
and when one might expect large individual differences

that allow a strong test of the hypothesis that humans
are subjectively optimal observers.

1.3. Specific psychophysical predictions

In order to operationalize the predictions of anopti-
mal integration model, we used slant discrimination
performance as an empirical measure of cue uncertainty.
We measured subjects’ slant difference thresholds for
discriminating the slants of surfaces depicted by stimuli
containing only texture or stereo information individu-
ally or a combination of both cues. Assuming small
amounts of decision noise and a weak prior on the ex-
pected slant, discrimination thresholds can be directly
related to standard deviation parameters in the linear
Gaussian model, so that we can express Eq. (4) in terms
of the experimentally measured thresholds,

1 1 1
7~ >+ R
Taex(S)"  Tu(S)” Tex(S)

(5)

where Ty 1« (S) is a subjects’ threshold for discriminating
surface slant from stimuli containing both stereo and
texture cues, expressed as a function of the base slant, S,
around which the threshold is measured. 7y (S) is the
threshold obtained using stimuli containing only stereo
cues and Ti(S) is the threshold obtained using stimuli
containing only texture cues.

Individual cue thresholds also predict the relationship
between the average perceived slant of cue conflict
stimuli and the slants suggested by each cue individually.
For an optimal integrator, the weights accorded indi-
vidual cues in a linear model are given by Eq. (3), which
can be expressed in terms of thresholds as

Wst(S> %kTst(S)z’ (6)
(S) mk— ()

Wiex ~ TLeX(S)z I

or

wa(S) _ Tn(S)’
wiex(S) Ty (S)*

(8)

The weights, like the thresholds, can change as a func-
tion of slant, S.

We set out to test these predictions by measuring
discrimination thresholds and cue weights for a number
of subjects at a range of surface slants. In particular, we
tested (a) whether or not slant discrimination thresholds
for single cue stimuli measured at different surface slants
accurately predict discrimination thresholds for com-
bined cue stimuli, (b) whether or not the single cue
thresholds predict differences in cue weights as a func-
tion of surface slant, and (c) whether or not individual
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differences in the same slant discrimination thresholds
predict individual differences in cue weights.

2. Overview of experimental logic

We ran seven naive subjects in two experiments each
to test for subjective optimality. The first experiment
measured subjects’ slant difference thresholds for dis-
criminating surface slant from stimuli containing only
texture cues, only stereo cues or both. We measured
thresholds for test slants ranging from 0° to 70° away
from the fronto-parallel. We used this data to test the
perceptual uncertainty predictions of an optimal inte-
grator model as embodied in Eq. (5).

We then ran the same subjects in a standard cue
perturbation experiment to measure the weights in a
linear model relating the perceived slants as suggested by
stereo and texture cues individually to the perceived
slant of combined cue stimuli. In this experiment, test
stimuli were generated with small conflicts between the
stereo and texture cues. Subjects made slant discrimi-
nation judgments comparing the cue conflict stimuli to
stimuli with consistent cues. Using this data, we esti-
mated the weights in a linear model characterizing the
perceived slant of a stimulus as a weighted sum of the
slants suggested by the texture and stereo cues. This
allowed us to test the prediction embodied in Eq. (8)
relating discrimination thresholds to cue weights.

The biggest problem we faced was to generate stimuli
that isolated stereo cues (for the stereo-only stimulus
condition). Texture-only stimuli were easy to generate—
subjects viewed projections of randomly tiled textures
with one eye patched. Combined stereo-texture stimuli
were similarly generated by having subjects view the
same stimuli, projected in stereo, using both eyes. To
generate stereo-only stimuli, we used large arrays of very
small, randomly positioned dots rendered on a receding
planar surface (see Fig. 3). Technically, these stimuli
contained texture density cues to a surface’s orientation;
however, we reasoned that since humans appear not to
effectively use texture density to judge surface slant
(Buckley, Frisby, & Blake, 1996; Knill, 1998c) and since
the rendered dots were so small as to make the size and
foreshortening cues nearly undetectable, these stimuli
had no subjectively useful texture information. An al-
ternative approach would have been to use textures that
were constrained to have a uniform density in the front-
parallel plane. Such stimuli, however, would not have
eliminated the texture density cue, but rather have
provided a constant, conflicting cue that surfaces were
fronto-parallel. In most experimental conditions, this
would have corresponded to a large, unnatural cue
conflict, raising the possibility that subjects might resort
to unknown non-linear cue integration strategies in the
discrimination task. For this reason, we chose to use

Fig. 3. Example stimuli used in the experiment. Stimuli are projected
at 0°, 30°, 50°, and 70° from top to bottom. Note that the random-dot
stimuli appear to have little if any slant. The blurry borders reflect the
visually blurred boundaries of the occluders, as seen by subjects.

textures that were uniform in the plane of each test
surface, creating cue-consistent conditions. A control
experiment showed that subjects were so much poorer at
discriminating slant from monocular views of the
random-dot textures than they were from binocular
views that the density cue could have only had a mini-
mal effect on measured discrimination thresholds in
the binocular viewing condition, confirming our intu-
ition.

3. Experiment 1: Slant discrimination
3.1. Methods

3.1.1. Stimuli

Stimuli simulated perspective views of planar, tex-
tured surfaces that were slanted relative to the frontal
image plane. Surface slant varied, but tilt direction was
always vertical (i.e. the gradient of surface depth relative
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to the viewer was vertical in the cyclopean projection).
The slant of the virtual surfaces was conveyed by some
combination of texture and/or stereo information (see
Fig. 3). Three cue conditions were tested in the experi-
ment:

e Stereo and texture—Stimuli were stereoscopically
rendered views of a surface covered with a texture
composed of Voronoi polygons. The textures were
generated by computing the Voronoi tiling for a set
of randomly positioned points in the plane, and then
shrinking each polygon by 20% around its center of
mass. To increase the regularity of texel spacing, a
stochastic diffusion algorithm was applied to random
initial positions before constructing the Voronoi til-
ing (see Knill, 1998b; Rosenholtz & Malik, 1997).

e Texture-only—Stimuli in the texture-only condition
were identical to the stereo and texture stimuli, except
that only one eye’s view was presented, with the other
eye patched, so that no stereo information was avail-
able.

o Stereo-only—Stimuli were stereoscopic views of a sur-
face densely covered with small randomly positioned
planar dots. The random-dot texture was chosen to
minimize texture information and isolate stereo infor-
mation (see the control experiment below).

Nineteen Voronoi and nineteen random-dot textures
were generated in advance of the experiment. Each trial
used a randomly chosen pair of two different textures
from these pre-generated sets. Prior to mapping a tex-
ture onto a slanted surface, the texture was randomly
oriented in the plane, effectively increasing the number
of test textures. This also counterbalanced the effects of
any global compression that may have been present by
chance in the limited set of sample textures (which could
have created biased slant judgments). Both Voronoi and
dot textures were constructed as wrap-around tex-
tures—for stimuli with high surface slants the textures
were repeated as necessary to fill the field of view. The
periodicity in the textures is not readily apparent, as
can be seen in Fig. 3.

Voronoi textures consisted of 400 elements. These
were scaled prior to mapping them onto a test surface so
that the textures would have a density of 0.25 texels/cm?
and an average polygon diameter of 2.1 cm as measured
on the surface. For a texel at the fixation point, this
diameter corresponds to approximately a 2° visual
angle. For the dot textures, samples consisted of 1600
elements, scaled to have a density of 6.0 texels/cm? and
dot diameters of 0.11 cm (0.11° visual angle at the fix-
ation point, on average). In the stereo conditions, sub-
jects could theoretically discriminate surface slant based
only on the difference in depth at the top (or bottom) of
a pair of stimuli. Similarly, in the texture-only condition,
subjects could make judgments based on the difference

in texture density at the top (or bottom) of a pair of
stimuli. In order to minimize the effectiveness of these
cues, we randomized the depths of the surfaces displayed
within a trial by 4 cm around a mean distance of 60 cm
at the point of fixation (at the center of the stimulus).
This randomized the texture density in the image, since
the density was held constant on the surface.

Displays included a small spherical fixation target
(rendered without shading) in the center of the display at
the depth of the test surface in a stimulus. The fixation
point was scaled to have a diameter of 0.2° of visual
angle. The fixation point appeared prior to stimulus
presentation to allow subjects to establish fixation. Be-
cause we randomized the absolute depth of surfaces
within a trial, the fixation target was made visible during
the delay between pairs of stimuli in a trial, positioned at
the depth of the succeeding surface. That is, after the
first stimulus surface disappeared, the fixation mark
moved in depth to the depth of the second stimulus
surface. This facilitated proper fixation prior to the
presentation of each test stimulus. The fixation mark
remained on during the stimulus presentation.

3.1.2. Apparatus

Visual displays were presented in stereo from a com-
puter monitor viewed through a mirror (Fig. 4), using
CrystalEyes shutter glasses to present different stereo
views to the left and right eyes. Circular apertures were
positioned in front of each eye, at a distance of 6-8 cm,
to limit the field of view for each eye to a 15° region
around the fixation point. By placing the occluders near
the eyes, we also eliminated spurious frame effects of

monitor
. apertures
mirror
150 f|e|d ’"’",x’ /
of view.~ .~
""" ot Commndono o monitor
...................... . reflection

Fig. 4. Schematic of the apparatus used in the experiment.
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viewing surfaces through an artificial occluder at the
same depth as the surface.

In stereo mode, the monitor had a refresh rate of 120
or 60 Hz for each eye’s view, and a pixel resolution of
1024 x 768. The stimuli and feedback were all drawn in
red to take advantage of the comparatively faster red
phosphor of the monitor and prevent inter-ocular cross-
talk. The virtual surface of the monitor reflected
through the mirror was slanted relative to the viewer,
and any depth cues that cannot be simulated using ste-
reo shutter glasses, such as accommodative gradients,
would be consistent with the slant of the reflected
monitor surface. In the experiment, the angle between
the monitor surface normal and the viewer’s line of sight
was approximately 40° (varying slightly between sub-
jects), which was near the middle of the range of test
slants used for stimuli.

At the start of each experimental session, we used an
optical alignment procedure to calibrate the virtual en-
vironment. The backing of the half-silvered mirror was
temporarily removed, so that subjects could simulta-
neously see both the reflection of the monitor and a
small optical marker, which was tracked in 3D by an
Optotrak 3020 system. A sequence of visual locations
were cued by dots on the monitor, and subjects aligned
the marker with the cued locations. Cues were presented
monocularly, and matches were performed in separate
sequences for left and right eyes. Thirteen positions on
the monitor were cued, and each position was matched
twice at different depth planes. The combined responses
for both eyes were used to estimate the plane of the
virtual monitor surface (the reflected image of the
monitor behind the mirror) and the left and right eye
positions in 3D space. These parameters allowed us to
render geometrically correct images of left and right eye
views of a stimulus surface for each individual subject. It
also automatically accounted for any drift in the 3D
orientation of the mirror between experimental sessions.
After the calibration procedure, a rough test was per-
formed, in which subjects moved the marker while it was
visible through the half-silvered mirror and checked that
a rendered dot moved with the marker appropriately.
Calibration was deemed acceptable if deviations were
less than approximately 1-2 mm. Otherwise, the cali-
bration procedure was repeated.

3.1.3. Procedure

Subjects performed a two-alternative forced-choice
slant discrimination task. On each trial, subjects were
presented with a successive pair of surfaces, and judged
whether the first or second surface was more slanted.
Slant was defined to be the signed angle between the
surface normal and the line of sight to a cyclopean eye
mid-way between a subjects’ left and right eyes. For
positive slants, the tops of stimulus surfaces appeared to

recede in depth; for negative slants, the bottoms ap-
peared to recede in depth.

Subjects were presented with some examples to dem-
onstrate the task, and in the first experimental session
performed a short block of practice trials with feedback
to ensure that they understood the procedure. On any
given trial, one of the pair of surfaces was the test
stimulus, set to one of four test slants (0°, 30°, 50°, 70°)
and the other was a probe stimulus. The order of test
and probe stimuli was randomized within blocks. The
probe stimuli had slants that varied around the test
slants, chosen using an adaptive staircase procedure.
Prior to each trial, all the previous responses from trials
in the same condition were used to compute maximum
likelihood estimates of the point of subjective equality
between the first and second stimuli, PSE, and the
threshold, 7. The new probe value was randomly chosen
from within a small range around either the estimated
25% point (PSE —T) or the estimated 75% point
(PSE + T). A-priori estimates of the mean and variance
of PSE and thresholds were combined with the data,
which served to constrain the choice of initial probes
when few or no previous trials are available. These
a-priori values were set manually between experimental
sessions based on offline fits of the data.

Trials began with a 250 ms presentation of the fixa-
tion point alone, followed by a pair of slanted surfaces,
each displayed for 1000 ms. Between pairs of surfaces,
there was a 500 ms delay with a blank screen and new
fixation point, presented at the depth of the second
stimulus. After both surfaces were presented, the display
remained blank until the subject made a response, which
initiated the next trial. Except for the initial practice
trials in the first session, no feedback was given.

Trials were self-paced, and subjects were encouraged
to take breaks as necessary. Subjects performed three
blocks of trials in each 1-h experimental session, corre-
sponding to the three cue conditions: texture-only, ste-
reo-only or stereo-and-texture. In the texture-only
condition, the unused eye was covered with an eye
patch. The order of conditions was randomized 