
10 Neuronal interactions and
their role in solving the stereo
correspondence problem
Jason M. Samonds and Tai Sing Lee

10.1 Introduction
Binocular vision provides important information about depth to help us navigate in a
three-dimensional environment and allows us to identify and manipulate 3D objects.
The relative depth of any feature with respect to fixation can be determined by triangu-
lating the horizontal shift or disparity between the images of this feature projected onto
the left and the right eyes. The computation is difficult because in any given visual
scene, there are many similar features, which create ambiguity for matching corre-
sponding features registered by the two eyes. This is called the stereo correspondence
problem. An extreme example of such ambiguity is demonstrated by Julesz’s (1964)
random dot stereogram (RDS). In a RDS (Figure 10.1a), there are no distinct monocu-
lar patterns. Each dot in the left eye image can be matched to several dots in the right
eye image. Yet when the images are fused between the two eyes, we readily perceive
the hidden 3D structure.

In this chapter, we will review neurophysiological data that suggest how the brain
might solve this stereo correspondence problem. Early studies took a mostly bottom-
up approach. An extensive amount of detailed neurophysiological work has resulted
in the disparity energy model (Ohzawa et al., 1990; Prince et al., 2002). Since the
disparity energy model is insufficient for solving the stereo correspondence problem
on its own, recent neurophysiological studies have taken a more top-down approach
by testing hypotheses generated by computational models that can improve on the dis-
parity energy model (Menz and Freeman, 2003; Samonds et al., 2009a; Tanabe and
Cumming, 2009). While these models are quite distinct in details, they share the com-
mon theme that organized neuronal interactions among disparity tuned neurons play
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Figure 10.1: A, The stereo correspondence problem. When a point in space is projected
on the retinae, depth can be derived from the retinal disparity between the projected
points. Locally, disparity is ambiguous as each dot in a RDS has numerous potential
matches and therefore depth interpretations. The white dot on the right (black arrow)
can be matched with the incorrect (gray arrow) or correct dot (black arrow) on the left
yielding different interpretations. B, A zoomed in image of the RDS that leads to a false
match in a position shifted disparity tuned neuron. The left image has been shifted to the
left with respect to the right image. The left receptive field (dashed ovals) is shifted to
the right with respect to the right receptive field. The dots line up to optimally excite this
neuron suggesting that the local disparity in the image matches the preferred disparity
of this neuron. This is because non-corresponding dots lined up with the left and right
receptive fields so this neuron has detected a false match.

a significant role. This chapter will review these hypotheses and findings pertinent to
them.
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10.2 The disparity energy model
The disparity energy model is described in detail in Chapter 5 (Qians Chapter) so we
will only review some basic details of this model that are essential to understanding
this chapter. The key observation is that binocular disparity tuned neurons in the pri-
mary visual cortex have left- and right-eye receptive fields that can be modeled as
two-dimensional Gabor filters in their respective retinotopic coordinates. These re-
ceptive fields differ with respect to each other in their mean retinotopic position or
phase causing the neuron to respond more strongly for binocular disparities equal to
that difference: the preferred disparity. The response to stimuli with different binocular
disparities results in a tuning curve that has the shape of a Gabor function with a peak
response at this preferred disparity.

The reason the disparity energy model is insufficient in solving the stereo corre-
spondence problem is because the receptive fields respond selectively to monocular
features in binocular stimuli (Chen and Qian, 2004; Read and Cumming, 2007). For
any given stimulus, the features in the left- and right-eyes can cause the neuron to re-
spond strongly to an incorrect disparity (Figure 10.1b). Or to put it another way, the
neuron responds strongly to an incorrect or false match: similar features in the left- and
right-eye that do not correspond to the same feature in space. Neurophysiologists char-
acterize the disparity tuning of a neuron by presenting a series of random dot patterns
for each disparity and computing the average response to these random dot patterns.
This way the selective responses to monocular features are averaged out to reveal the
binocular disparity tuning. Our brain does not have this luxury; it must compute the
disparity for a single stimulus.

10.3 How to avoid false matches
In the simplest terms, the strategy for solving the stereo correspondence problem is
to eliminate false matches and reinforce correct matches. The most straightforward
method to eliminate false matches is to pool or average the responses of neurons with
similar disparity tuning that have different tuning for other feature cues such as orienta-
tion (Qian and Zhu, 1997). Disparity tuned neurons that are tuned for different orienta-
tions will respond differently to the same stimuli and therefore tend to produce different
false matches. Averaging their responses can filter out the different false matches. This
procedure can then be repeated across different spatial scales or frequencies and across
space as well (Qian and Zhu, 1997; Chen and Qian, 2004). Although this method
does reduce the number of false matches, the performance is still poor with inaccurate
and imprecise location of edges and regions with completely wrong disparity estimates
(Figure 10.2).

Instead of averaging across spatial frequencies, disparity can be computed in a
coarse-to-fine sequence (Marr and Poggio, 1979). This way low spatial frequencies can
be used to maximize the range of disparity estimates and high spatial frequencies can
be used to maximize the precision of disparity estimates. Chen and Qian (2004) applied
this strategy to a neuronal network model using neurons represented by the disparity
energy model. Neurons with disparity tuning based on position differences in their
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Figure 10.2: A, Schematic of orientation and spatial frequency pooling of the receptive
fields of neurons with the same preferred disparity. B, Right image and the corresponding
disparity map estimated with pooling disparity energy model neurons (from Chen and
Qian, 2004).

left- and right-eye receptive fields are ideal to provide the coarse estimate of disparity,
while neurons with disparity tuning based on phase differences are ideal to provide a
finer estimate of disparity. Combining this coarse-to-fine procedure with orientation
and spatial pooling does provide substantial improvement to disparity estimates over
simple pooling (Figure 10.3 top row versus Figure 10.2), but the performance still falls
short of what modern computer vision algorithms are able to achieve (Figure 10.3, top
versus bottom row). The errors are especially prevalent in low-contrast regions so Chen
and Qian proposed that spatial interactions might be necessary to propagate disparity
information from high-contrast regions to low-contrast regions. Marr and Poggio also
suggested that there were conditions where a coarse-to-fine algorithm would need spa-
tial interactions, such as those proposed in their 1976 algorithm, to facilitate estimating
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(b) Right image and disparity map

Figure 10.3: A, Schematic of orientation pooling and and coarse-to-fine integration of
neurons with the same preferred disparity. B, Right image and the corresponding dispar-
ity map estimated with pooling and coarse-to-fine integration of disparity energy model
neurons (top row, from Chen and Qian, 2004) and a representative result of modern
computer vision algorithms (bottom row, from Tappen and Freeman, 2003).

disparity.
There is some recent neurophysiological evidence supporting this coarse-to-fine

strategy. Among disparity tuned neurons in cat primary visual cortex, the strongest
functional connections, as determined by cross-correlating spike trains, are from neu-
rons with broad tuning to neurons with narrow tuning (Menz and Freeman, 2003). The
broadly tuned neurons also respond earlier to visual stimulation than narrowly tuned
neurons. These two pieces of evidence suggest that disparity computations proceed in
a coarse-to-fine manner in the primary visual cortex. However, although weaker, they
observed a greater number of functional connections from narrowly tuned neurons to
broadly tuned neurons. Functional connections were also observed between neurons
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with very similar disparity tuning, as well as between neurons with very different dis-
parity tuning (Menz and Freeman, 2004). These additional observations suggest that
the neuronal interactions involved in stereo processing are more complicated than a
simple coarse-to-fine scheme.

Read and Cumming (2007) made a clever observation by asking why we need both
position and phase shift binocular disparity neurons in the visual cortex, as either one
alone is theoretically sufficient for providing binocular disparity information. They
proposed that position-shifted disparity tuned neurons are better suited for determining
disparity in natural scenes compared to phase-shifted disparity tuned neurons. That is,
if the receptive fields of neurons in primary visual cortex effectively detect features,
then the most natural mechanism for determining the depth of that feature would be to
shift the receptive fields between the two eyes corresponding to the binocular dispar-
ity. Each receptive field therefore detects the same feature. Phase-based disparity tuned
neurons, on the other hand, do not correspond to what we naturally experience in binoc-
ular viewing. Each receptive field can detect different features. Since false matches do
not have to follow the predictions of binocular disparity during natural viewing, these
phased-based disparity tuned neurons are more likely to respond to false matches and
can act as false match detectors or lie detectors. Thus, the activation of these phase-shift
disparity tuned neurons can serve to suppress the activity of the position-shift dispar-
ity tuned neurons that respond to the false matches. A simple application of these lie
detectors does reduce the number of false matches, but the performance is still consid-
erably poorer than modern computer vision algorithms (Figure 10.4, top versus bottom
row).

Tanabe and Cumming (2009) provide some neurophysiological evidence support-
ing the lie-detector hypothesis. They fitted linear-nonlinear Poisson models and com-
puted spike-triggered covariance matrices from the responses of neurons in the primary
visual cortex of macaques to binocular white noise stimulation. The principal compo-
nents of each matrix corresponded to linear filters of excitatory and inhibitory elements
in their model. They found several neurons that had responses explained by models
composed of competing excitatory and inhibitory elements. The disparity that caused
maximum excitation in the excitatory element caused the maximum inhibition in the
inhibitory element. This would be consistent with a lie detector neuron providing the
inhibitory input to their recorded neuron. Indeed, they found that this inhibitory ele-
ment reduced the magnitude of false disparity peaks when they simulated responses in
their model to static binocular patterns.

10.4 Why do computer vision algorithms perform bet-
ter?

The proposed improvements to the disparity energy model discussed above still fall
noticeably short in their performance in comparison to modern computer vision solu-
tions to the stereo correspondence problem (Figure 10.5). The primary reason modern
computer vision algorithms perform better is that they incorporate a number of com-
putational constraints that are helpful for resolving ambiguity in stereo matching. The
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Figure 10.4: A, Schematic of suppression between competing position-shift and phase-
shift disparity tuned neurons. B, Right image and the corresponding disparity map esti-
mated with the “lie detector” algorithm (top row, from Read and Cumming, 2007) and
a representative result of modern computer vision algorithms (bottom row, from Tappen
and Freeman, 2003).

first and foremost constraint is what Marr and Poggio (1976) termed the continuity con-
straint, which encapsulates the assumption that surfaces of objects tend to be smooth.
A second common constraint is what Marr and Poggio called the uniqueness constraint
that allows only one depth estimate at each location. Figure 10.6 illustrates a neu-
ronal adaptation of Marr and Poggios schematic description of their stereo computa-
tion algorithm. The gray circles represent neurons with near, zero, and far (from upper
left-to-lower right) disparity tuning and the gray triangles represent excitatory synap-
tic connections. The black circles and triangles represent inhibitory interneurons and
inhibitory synaptic connections, respectively. As you move across space (lower left-to-
upper right), neurons with the same disparity tuning excite each other. The rationale is
that surfaces tend to be smooth and continuous so nearby neurons should come up with
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Figure 10.5: Right image (left), ground truth disparity map (center) and a disparity
map (right) using belief propagation estimation of a Markov random field (from Tap-
pen and Freeman, 2003). This particular algorithm is not the state-of-the-art solution for
this image or the Middlebury database, but was chosen as a representative example to
demonstrate how effective several graphical model techniques are in solving the stereo
correspondence problem.
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Figure 10.6: Neuronal network adaptation of the schematic representation of Marr and
Poggio’s (1976) cooperative stereo computation algorithm.

similar disparity estimates and therefore reinforce each other enforcing the continuity
constraint. Each feature in an image is unique and cannot be at two depths at the same
time so at each point in space, neurons with different disparity tuning inhibit each other
to enforce the uniqueness constraint. This ensures that there is only a single disparity
estimate for each point in space.

Belhumeur and Mumford (1992) have formulated the stereo correspondence prob-
lem as a Bayesian inference problem. Depth perception can thus be formulated as a
Bayesian inference problem, a notion that can be traced back to Helmholtz’s uncon-
scious inference. Using Bayes theorem, the likelihood of a certain observation given a
set of depth hypotheses is multiplied by the prior distribution of the hypotheses to yield
the posterior distribution of the hypotheses. The disparity value where the posterior dis-
tribution peaks gives us the maximum a posterior estimate (MAP) of disparity at each
location. A statistical prior is a probability distribution that encodes our assumption of
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how a variable varies across space and how it varies with other variables, presumably
learned from the statistics of natural scenes. Markov random field is a graphical model
that can be used to represent the dependency relationships between the variables across
space and scales, and between the variables and observations. In our case, it is a spatial
lattice of disparity random variables with their local dependencies and their likelihood
specified in terms of probability distributions.

In the framework of statistical inference, Marr and Poggio’s (1976) computational
constraints can be considered as a kind of statistical priors. Since the continuity con-
straint captures spatial relationships, it can be referred to as a spatial prior. For modern
statistical inference algorithms applied to the stereo correspondence problem, spatial
priors provide the information necessary to infer disparity in regions of the image that
have high uncertainty. Spatial priors can be learned by studying the scene statistics in
three-dimensional environments or can be derived from our general or specific knowl-
edge about the relationships in the three-dimensional environments where stereo cor-
respondence must be solved. The utility of such priors is that when you have a reliable
disparity estimate in one location or in some spatial configuration (e.g., the boundary
of an object), you should use the most likely estimate of disparity in the location that
does not have reliable disparity information based on the learned or defined relation-
ships between the locations. For example, you might assign the same disparity within
the boundary as the disparity estimated at the boundary. The uncertainty in a particular
location could arise due to a lack of features, as well as low contrast and noisy features.
Uncertainty can also arise even with reliable features when there are multiple potential
matches (e.g., Figure 10.1; Julesz and Chang, 1976).

Modern statistical inference algorithms, such as belief propagation or graph cut,
have been shown to be very effective for propagating binocular disparity information
across space for interpolation and stereo matching disambiguation with reasonably
good solutions (Scharstein and Szeliski, 2002; Tappen and Freeman, 2003; Klaus et
al., 2006; Wang and Zheng, 2008; Yang et al., 2008). Using more accurate models of
spatial priors can improve depth inference performance (Belhumeur, 1996; Scharstein
and Pal, 2007; Woodford et al., 2009). These more effective spatial priors allow a
stereo algorithm to clean up noisy estimates from spurious correspondences between
the two images. They are especially valuable when stereo cues become weak or unre-
liable, such as in image regions of low contrast, texture and for objects far away from
the observer (more than 20 feet) where disparity values are very small (Cutting and
Vishton, 1995).

In natural scenes, reliable information can be sparse and full of regions with am-
biguity. For example, a blank wall only has binocular disparity information along the
edges and yet we perceive depth along the entire wall. This phenomenon is called
surface interpolation. Spatial priors such as the continuity constraint facilitate surface
interpolation. Psychophysical studies provide many additional examples of how we ex-
ploit spatial dependencies when inferring disparity in regions with a lack of or ambigu-
ous disparity information (Julesz and Chang, 1976; Ramachandran and Cavanaugh,
1985; Collett, 1985; Mitchison and McKee, 1985; Westheimer, 1986; Stevenson et al.,
1991).
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Figure 10.7: A, An example pair of neurons recorded in primary visual cortex of a
macaque monkey while presenting dynamic random dot stereograms (from Samonds et
al., 2009a). B, These neurons have very similar disparity tuning. C, There is a significant
peak in the cross correlation between their spike trains.

10.5 Neurophysiological evidence for spatial interactions

We recently examined whether or not there was evidence in macaque primary visual
cortex to support the strategy of using spatial dependencies to infer local disparity (Sa-
monds et al., 2009a). We recorded from small groups of neurons that had overlapping
and distinct receptive fields, as well as similar and distinct disparity tuning. Spike trains
of pairs of neurons were cross-correlated to determine whether or not there was a tem-
poral correlation between their spike trains and if so, the strength of that correlation.
This is suggestive of whether or not the neurons are connected in some manner and if
so, how strongly.

First, we show an example pair of neurons with neighboring receptive field (Fig-
ure 10.7a) and very similar disparity tuning (Figure 10.7b). This pair is representative
of two neurons running along the lower-left-to-upper-right axis in Figure 10.6. The
Marr and Poggio model predicts that these two neurons will have an excitatory con-
nection. Indeed, Figure 10.7c illustrates that these two neurons have significant posi-
tive correlation between their spike trains. A broad positive peak in a cross-correlation
histogram could be produced by a pair of neurons connected by multiple excitatory
synapses or having a polysynaptic excitatory connection (Moore et al., 1970).

In Figure 10.8a, we plot the receptive field distance versus the disparity tuning sim-
ilarity for neuronal pairs that had significant correlation between their spike trains. As
you move up the y-axis where receptive fields are farther apart and no longer over-
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Figure 10.8: Connectivity in primary visual cortex (n = 63 neuron pairs) depends on
disparity tuning similarity (from Samonds et al., 2009a). A, distance between recep-
tive fields versus disparity tuning similarity for neurons that had significant connectivity
(spike correlation). B, strength of connectivity (spike correlation) versus disparity tuning
similarity (area under the half-height of the peak in the cross-correlation histogram).

lapping, only neurons with similar disparity tuning are connected: pairs with positive
correlation (rdisp) between their tuning curves. This means that connections between
neurons encoding for different regions of the scene are likely to be connected only if
they are tuned to similar disparities. Again, this is similar to what is shown in Fig-
ure 10.6 along the lower-left-to-upper-right axis except the constraint based on the
neurophysiological data is not as stringent. In Marr and Poggio’s model, facilitation
only occurs across space for the same disparities.

The connections between neurons are also stronger between neurons when their
disparity tuning is more similar (Figure 10.8b). This is also consistent with the con-
tinuity constraint by providing stronger reinforcement when the neurons are tuned for
the same disparity. If these results indeed are indicative of the representation of spatial
priors in primary visual cortex, we are limited in interpreting specific details about the
potential priors because we only tested the neurons with frontoparallel surfaces defined
by dynamic random dot stereograms. However, the prior does appear to be a more re-
laxed version of Marr and Poggio’s continuity constraint, which would be expected for
a more sophisticated spatial prior that would allow a system to perform well in natural
environments.

Another characteristic we observe from our cross-correlation measurements are
that these connection strengths are dynamic. The strength of the connection depends
on which disparity was presented to the monkey and it varies over time. In Figure 10.9,
we show how the spike correlation at the mutually preferred disparity (maximum prod-
uct between the peak-normalized tuning curves) has a delayed increase relative to the
other disparities presented. This observation is also consistent with some complex
polysynaptic circuit that causes the interaction between neuronal pairs to have substan-
tial delays.

The response to the preferred disparity is also enhanced over time, which supports
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Figure 10.9: Dynamics of connectivity in primary visual cortex (n = 63 neuron pairs)
depends on disparity tuning similarity (from Samonds et al., 2009a). A, Population
average of the product of normalized firing rates. B, Population average of the spike
correlation.
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Figure 10.10: Dynamics of disparity tuning in primary visual cortex (from Samonds et
al., 2009a). A-B, Example disparity tuning curves over time fitted with Gabor functions.
C, Example disparity tuning curve showing the deviations from a Gabor functions.

that these observed interactions are resulting in mutual reinforcement among the pop-
ulation of neurons. Representative examples are shown in Figures 10.10a and 10.10b
that demonstrate that over time, the secondary peak responses to non-preferred dis-
parities are being relatively suppressed compared to the primary peak response at the
preferred disparity. Theses examples also reveal that the primary peak is becoming
sharper over time. The data for the examples in Figures 10.10a and 10.10b were fit
with a Gabor function, but when you inspect the data more closely, the relative en-
hancement of the response to the preferred disparity causes the tuning curve to deviate
from this function over time (Figure 10.10c). The peak around the preferred disparity
becomes narrower while the valleys around non-preferred disparities become broader.

Lastly, we also have preliminary evidence suggesting that these connections be-
tween similarly tuned neurons are indeed facilitatory and enhance the responses of
neurons that are presented ambiguous disparity information (Samonds et al. 2009b).
During recording, we presented macaques stimuli similar to what Julesz and Chang
(1976) presented humans in a psychophysical study. Within the receptive field of a
recorded neuron, a random dot stereogram was presented that could be perceived as
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near or far because it had multiple potential consistent matches (ambiguous disparity;
Figure 10.11c). Outside the receptive field, a small percentage of random dots were
introduced that had only one consistent match (unambiguous disparity). When dots
with near disparity were presented outside the receptive field of a near-tuned neuron
(Figure 10.11a, black arrow), the response was enhanced (Figure 10.11d, black). When
dots with far disparity were presented outside the receptive field of this same near-tuned
neuron, the response was suppressed (Figure 10.11d, gray). This suggests that unob-
served near-tuned neurons were excited by the unambiguous dots and enhanced the
response of our recorded neuron driven by the ambiguous stimuli via the connections
revealed in Figure 10.8. There was a substantial delay to this enhancement compared
to the disparity-dependent response within the classical receptive field (Figure 10.11b).
This long latency response followed the delayed increase in correlation between spike
trains (Figure 10.9b), supporting the idea this effect is mediated by propagation of the
disparity signals through disparity tuning-specific lateral facilitation in the neuronal
network. This is consistent with the psychophysical data that shows that the introduc-
tion of a small percentage of sparse unambiguous dots can strongly bias the subjects
3D perception of the ambiguous stimuli (Julesz and Chang, 1976).

10.6 Relationship with visual processing of contours and
2D patterns

The above described strategy for solving the stereo correspondence problem has anal-
ogous mechanisms for detecting contours and segmenting surfaces (Ren et al., 2005;
Latecki et al., 2008; Maire et al., 2008). Graphical models, such as Markov random
fields and conditional random fields, that capture spatial dependencies among vari-
ables have led to better algorithms for detecting contours, junctions, and surfaces.
Psychophysical research has also suggested that we detect contours using our prior
knowledge about the statistical relationships between oriented segments across space
(Field et al., 1993; Polat and Sagi, 1994). These statistical relationships form what is
termed the association field. The structure of the association field has been shown to
be consistent with the co-occurrence statistics of oriented edges across space in natural
scenes (Elder and Goldberg, 2002; Geisler et al., 2001; Sigman et al., 2001), suggesting
it indeed represents spatial priors that we exploit for optimal contour inference. The
neural evidence we observed suggests that there might exist an association field in V1
in the binocular disparity domain for surface interpolation.

Anatomical studies in the primary visual cortex of several species reveal an organi-
zation that could support this inference mechanism (Bosking et al., 1997; Gilbert and
Weisel, 1989; Lund et al., 2003; Malach et al., 1993; Stettler et al., 2002). Neurophys-
iological recordings are also consistent with the anatomy suggesting that the organized
connections between orientation-tuned neurons could facilitate contour detection by
synchronizing and enhancing responses when the stimuli match the relationships pre-
dicted by the spatial priors (Gilbert et al. 1996; Kapadia et al., 1995, 2000; Samonds
et al., 2006).

Figure 10.12a shows an example of neuron pair recorded in the primary visual cor-
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Figure 10.11: A, An example neuron recorded in primary visual cortex of a macaque
monkey tuned for near disparities (Samonds et al., 2009b). B, The post-stimulus time
histogram for this neuron when a near (black) and far (gray) disparity is presented. C,
This neuron was presented a dynamic random dot stereogram that had a region cov-
ering the receptive field that had consistent near and far binocular matches. D, The
post-stimulus time histogram for this neuron when unambiguous random dots with near
(black) and far(gray) disparity is presented outside of the classical receptive field.

tex while presenting the cat drifting sinusoid gratings (Samonds et al. 2006). The neu-
rons have neighboring receptive fields and similar orientation tuning (Figure 10.12b).
Similar to the disparity tuned neurons shown in Figure 10.7, these neurons have pos-
itive correlation between their spike trains (Figure 10.12c) suggesting that there is an
analogous facilitation between neurons with similar orientation tuning and similar dis-
parity tuning. Figure 10.12d also supports this analogy by confirming that there is
stronger spike correlation measured for neurons with more similar orientation tuning
(cf. Figure 10.8b).

However, there are systematic changes in the organized connectivity for two-
dimensional visual processing when drifting concentric rings are presented to pairs
of neurons (Figure 10.13a). These example neurons have neighboring receptive fields,
but very different orientation tuning (Figure 10.13b). In this case, even though the
neurons have very different orientation tuning, they still have significant positive cor-
relation between their spike trains. This was true from the population perspective too.
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Figure 10.12: A, An example pair of neurons recorded in primary visual cortex of a
cat while presenting drifting sinusoid gratings (from Samonds et al., 2006). B, These
neurons have very similar orientation tuning. C, There is a significant peak in the cross
correlation between their spike trains. D, strength of connectivity (spike correlation)
versus orientation tuning similarity (peak height in the cross-correlation histogram).

Neuronal pairs that have receptive fields aligned with the concentric rings have strong
spike correlation (Figure 10.13d). This flexible facilitation for neurons with different
preferred orientation is exactly what is predicted by the psychophysical data and nat-
ural scene statistics. Local contour segments are enhanced when they are co-aligned
with other segments whether the contour is straight or curved. One interesting future
experiment will be to test whether or not a similar shift in spike correlation strengths
occurs if neurons tuned for disparity are presented slanted or curved surfaces, since the
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(b) Different tuning

(a) Receptive fields (c) Cross-correlation

(d) Connectivity strength

Figure 10.13: A, An example pair of neurons recorded in primary visual cortex of a
cat while presenting drifting concentric rings (from Samonds et al., 2006). B, These
neurons have very different orientation tuning. C, There is a significant peak in the cross
correlation between their spike train s. D, strength of connectivity (spike correlation)
versus orientation tuning similarity (peak height in the cross-correlation histogram).

data shown in Figure 8B was based only on the presentation of fronto-parallel surfaces.
Ben-Shahar et al. (2003) have proposed that the spatial interactions in primary vi-

sual cortex could be part of a general inference framework that easily extends from
contour detection to analyze texture, shading, and stereo correspondence. This gen-
eralization makes sense considering that we typically perform these tasks in concert.
The results of the inference of each cue can facilitate the inference of the other cues.
We would want this facilitation to exploit the statistical relationships between the cues
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in a similar manner as how the spatial priors can be exploited. For example, we have
been investigating the interaction between shading and binocular disparity cues for in-
ferring depth in primary visual cortex. Statistical analysis of three-dimensional scenes
has revealed that near regions tend to be brighter than far regions (Potetz and Lee,
2003). We find that populations of neurons in primary visual cortex of macaques are
likely encoding this statistical relationship. Neurons tuned for near disparities tended
to prefer brighter surfaces than neurons tuned for far disparities (Potetz at al., 2006).
This relationship and more sophisticated relationships between shading and depth can
be exploited using graphical models to provide very powerful estimations of three-
dimension shape from shading information alone (Potetz and Lee, 2006).

10.7 Conclusions

We have described several different approaches to solve the stereo correspondence
problem and the neurophysiological data that support each of these approaches. Through-
out this chapter we made a case for taking advantage of spatial priors to infer disparity
because the strategy is so effective, but this method is not mutually exclusive from the
other methods that we discussed. Most of the present neurophysiological data is too
general to make strong conclusions about exactly what mechanism or mechainsms the
brain might be using. For example, we found evidence of fast suppression between neu-
rons with very different disparity tuning but with overlapping receptive fields, which
might reflect the uniqueness constraint proposed by Marr and Poggio (Samonds et
al., 2009a). Such competitive interactions could also be consistent with the lie detec-
tor hypothesis of Read and Cumming (2007), and the results reported by Tanabe and
Cumming (2009), which could be considered an alternative way of implementing the
uniqueness constraint. Further and more precise experiments are needed to distinguish
these two hypotheses.

Another general result observed in multiple studies is that the disparity tuning
sharpens over time (Figure 10.10) (Menz and Freeman, 2003; Cumming and Thomas,
2007; Samonds et al., 2009a). Disparity tuning clearly deviates from a Gabor func-
tion with narrow peaks and broad valleys (Samonds et al. 2007, 2008, 2009a). This
result only suggests that the primary visual cortex is refining local disparity estimates
over time, which is true of all of the proposed solutions to the stereo correspondence
problem that we described.

Although much more research is necessary to elucidate the specific mechanisms
of how the brain solves the stereo correspondence problem, the aggregate results of
these neurophysiological studies in primary visual cortex all come to the conclusion
that organized neuronal interactions are playing a significant role in refining the local
disparity estimates provided by the disparity energy model. This suggests that future
neurophysiological research of stereopsis might benefit from multi-electrode record-
ings and testing for contextual interactions in binocular receptive fields. Experiments
should continue to be guided by computational principles that have lead to better solu-
tions to the stereo correspondence problem. Additional neurophysiological data can in
turn provide insight to develop more effective algorithms.
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