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Abstract

This paper investigates the use of developmental
progressions in the acquisition of binocular disparity
sensitivity, In an earlier paper we presented results
of simulations comparing a non-developmental neural
network model and two developmental neural network
models trained to detect binocular disparities and con-
cluded that the developmental models consistently per-
formed better[1]. Here we report the results of simu-
lations on additional neural network models, compare
them to the three original models and perform addi-
tional analysis. We conclude that the benefits of de-
velopment are not solely due to limiting the size of
the input in early stages, and that in order for devel-
opment to be helpful to the task of binocular disparity
detection, the developmental progressions should be de-
signed to take advantage of known simplifications.

1 Introduction

Human infants are born with immaturities in their
perceptual, motor, and cognitive systems relative to
adults that effectively act as limitations to those abili-
ties. In the developmental psychology literature there
are at least two schools of thought about these lim-
itations. The more traditional view, as espoused by
Piaget[2] and others, is that these immaturities are ob-
stacles that must be overcome in order for the infant
to become an adult. That is, the initial limitations
are in effect a handicap which serve no positive pur-
pose. Turkewitz and Kenney [3] proposed an alternate
perspective on these initial limitations. According to
this increasingly popular view, what appear to be in-
adequacies are in fact advantageous. They effectively
simplify the world allowing for the building of simple
neural representations that act as “building blocks” or
“stepping stones” for the later development of more
complex neural representations.

Such bootstrapping strategies have been hypothe-
sized in children’s language acquisition. Newport’s[4]
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“Less is More” hypothesis states that children’s lim-
ited memorial and attentional abilities enable chil-
dren to segment language into its smaller componen-
tial parts, and that adults’ difficulty in learning new
language stems in part from a poor ability to do this
segmentation [5]. Elman [6] built a system based on
this general idea. He compared the performance of a
recurrent neural network with initially limited mem-
ory capacity that was increased over training, to a net-
work whose memory was always equal to that of the
first network at the end of training. He showed that
the first network learned aspects of a grammar better
than the second, thus supporting the idea that “start-
ing small” is important to language learning. Rhode
and Plaut [7] were unable to reproduce these results,
however, so it is difficult to know how to interpret
them.

This paper considers the hypothesis that systems
learning aspects of visual perception may benefit from
suitably designed developmental sequences. In earlier
research[1] we performed simulations on three neural
network models: model C2M(Coarse-to-Multiscale),
model F2M(Fine-to-Multiscale) and model ND(Non-
Developmental). We compared the performance of
these three models on acquisition of binocular dispar-
ity sensitivities. We concluded that the two develop-
mental models outperformed the non-developmental
model in all of our simulations, and thus that the
developmental approach was advantageous for prob-
lems of this nature. But the question remained, was
the performance improvement observed merely due to
early limitations on input size, or was it due to the
principled design of models C2M and F2M? We spec-
ulate that the important features of the developmental
sequences used in C2M and F2M are that (1) the vi-
sual inputs to which these models are exposed are of a
single spatial frequency scale early in training, and (2)
the scale of the inputs progresses to neighboring scales



in an orderly fashion between stages of training. This
paper presents simulation results consistent with this
hypothesis and provides further analysis of the results
of the original paper.

2 Previous Work

In the original paper, we compared three mod-
els: a non-developmental model (ND), a Coarse-
to-Multiscale model(C2M), and a Fine-to-Multiscale
model(F2M). Models C2M and F2M were develop-
mental in that the nature of their input changed dur-
ing the course of training. The input to model ND
did not change during training. The developmental
models had inspiration both from existing computer
vision approaches to disparity detection and from hu-
man psychophysical studies.

Model C2M first received only coarse grained, or
low spatial frequency, data. At subsequent stages of
training, data at increasingly fine scales, or higher spa-
tial frequencies, was added to its input. This was in-
tended to model a similar progression in human in-
fants. At birth, infant spatial frequency acuity is
roughly 1/15 - 1/30 of that of an adult with normal
eyesight. They are sensitive only to low spatial fre-
quencies — that is, they can not see fine details. Acuity
improves approximately linearly from these low lev-
els at birth to near adult levels by about 8 months of
age[8]. Interestingly, infants are acquiring other visual
skills during this time period; in particular, sensitivity
to disparities appears around 4 months of age [9, 10].
We speculate that this early poor acuity aids in the
acquisition of disparity detection in infants, and thus
could also be helpful to an artificial neural network
learning the same task.

The field of computer vision, where coarse-to-fine
processing strategies are often used, provides further
motivation for the C2M model. Systems using this
strategy (see [11, 12, 13] and many others) typically
search for stereo correspondences first in a pair of low
resolution images. Low resolution images have fewer,
larger, more robust features, and thus the search is
constrained and allows for a rough estimate to be
made. This estimate is then refined using one or more
higher resolution image pairs.

The F2M model received only fine-scale, or high
spatial frequency, information early in training, and
progressively added coarser, lower frequency, data as
training proceeded. This model was inspired by adult
human psychophysical studies[14] that show that hu-
mans can use high spatial frequency information to
disambiguate low spatial frequency information, and
further that we are not always able to do the reverse.
This would indicate that humans are, at least on oc-

casion, using a fine-to-coarse processing strategy (see
also [15, 16, 17]). This is also similar to some com-
puter vision systems which use edge-detection(a form
of high-frequency band-pass filtering) as an initial step
in solving the stereo correspondence problem. Again
this is because edges are often large, sparse, and ro-
bust to noise.

Model ND was intended as a control. In contrast
to the developmental models, its input did not change
during the course of training. It received all inputs
from the beginning.

2.1 The Models

For a considerably more in-depth discussion of the
models please see [1]. All three models shared a com-
mon structure, as shown in Figure 1. This structure
is based on a similar architecture studied by Gray,
Pouget, Zemel, Nowlan, and Sejnowski [18]. The reti-
nal layer consisted of two one-dimensional arrays of 62
pixels for the left and right images.

The next layer consisted of binocular energy filters.
As proposed by Ohzawa, DeAngelis, and Freeman [19],
binocular energy filters model the binocular sensitivi-
ties of simple and complex cells in the primary visual
cortex in primates. In these filters, a simple cell re-
ceives input from subunits for each retina. The re-
ceptive field profiles of the subunits can be described
mathematically as Gabor functions:
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Each function is a Gaussian windowed sinusoid, where
x is the distance to the center of the Gaussian, o2 is
the variance of the Gaussian, w is the frequency of the
sinusoid, and ¢ and d¢ are referred to as the base phase
and phase offset of the sinusoid. The Gabor functions
associated with the left and right retinal subunits dif-
fer in that the phase of the left subunit is offset from
the phase of the right by d¢. The outputs of these sub-
units are summed, then this sum is half-wave rectified
and squared to produce the output of the simple cell.
The output of a complex cell is the sum of the outputs
of four simple cells with the same phase offsets, and
with base phases that form quadrature pairs. This is
the final output of the binocular energy filter.

In our simulations, there were 35 receptive field lo-
cations which received data from overlapping sections
of the retinae. At each receptive field location there
were 30 binocular energy filter units corresponding to
three spatial frequencies(low, medium and high) and
10 phase offsets for each frequency. The outputs from
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Figure 1: The developmental and non-developmental models shared a common structure. Information from the
left and right eye retinae was processed through binocular energy filters tuned to low, medium and high spatial

frequencies before being passed to the neural network.

the binocular energy filter layer were inputs to an ar-
tificial neural network (see Figure 2).

For the developmental models, the training period
was divided into three stages, with the training data
qualitatively different for each stage. For model C2M,
the training proceeded in a coarse-scale-to-multiscale
progression. During the first stage, the neural net-
work portion of the model received only the outputs
of the binocular energy filters tuned to low spatial fre-
quencies. In the second stage it received the outputs
of the filters tuned to low and medium spatial fre-
quencies, and in the final stage it received all outputs.
Model F2M was trained in a fine-scale-to-multiscale
progression. In the first stage it received the outputs
of only the filters tuned to high spatial frequencies, in
the second stage it received the outputs of the high
and medium frequency filters and in the final stage it
received all outputs. The non-developmental model
(ND) received all outputs throughout training,.

2.2 Data Sets and Simulation Results

The three models were evaluated by their perfor-
mance on three data sets (based on data sets used by
Gray et al. [18]). All data sets were gray scale images
with luminance values between 0 and 1 and dispari-
ties between 0 and 3 pixels. Results can be seen in
Figure 4 and will be discussed in later sections.

The images in the solid object data set consisted
of a single light (luminance between 0.0 and 0.1) or
dark (0.9 and 1.0) object on a gray background (0.5).
The object’s size, location, and disparity were ran-
domly chosen real numbers. When object edges fell
between pixel locations, the gray-scale values were in-

terpolated. An example of right and left images is
given in the top panel of Figure 3. Given right and
left images, the task was to estimate the disparity be-
tween the object’s location in the two images.

In the noisy object data set images again consisted
of a single object on a background. However in this
data set both the background and the object pixels
were randomly generated. The object’s size, location,
and disparity were again randomly generated. The
background had zero disparity. An example of right
and left images is given in the middle panel of Figure 3.
Given right and left images, the task was to estimate
the disparity between the object’s location in the two
images.

The planar data set consisted of binary images of
a fronto-parallel plane with a uniform disparity. An
example of right and left images is given in the bottom
panel of Figure 3. Given right and left images, the task
was to estimate the overall disparity between the two
images.

Overall, the two developmental models did sig-
nificantly better (according to a two-tailed t-test,
p<0.002 in all cases) than the non-developmental in
each data set. These experiments demonstrated that
developmental sequences can be beneficial to the pro-
cess of acquiring binocular disparity sensitivities, but
the question remained of whether these benefits were
due to the careful design of those sequences or merely
to the early limitation on the size of the training data
items.
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Figure 2: The structure of the artificial neural network portion of the developmental and non-developmental
models. The activations of the input units were set to the normalized outputs of the complex cells. The 32
hidden units were organized into 8 groups with 4 units each. Weight sharing among the hidden units’ incoming
and outgoing weights provided the network with a degree of translation invariance. The output unit was trained
to estimate the disparity present in the left and right images.
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Figure 3: Examples of left and right eye images (top and bottom rows) from the three data sets. Top panel: in
going from the top to the bottom images, the dark object is shifted to the right. Middle panel: the noisy object
is towards the left edge of the images. In going from the top to the bottom images the noisy object is shifted by
two pixels to the right. Bottom panel: the entire top images is shifted by two pixels to the right in order to form
the bottom image.
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Figure 4: The three models’ root mean squared errors (RMSE) on the test set data items after training on the
three data sets (the error bars give the standard deviations).



3 Additional Developmental Models

To determine whether or not the benefits shown in
the first paper could be explained away by mere limita-
tions on input size, we designed a third developmental
model. Model RD (randomized development) received
the outputs from a semi-random third of the dispar-
ity energy filters at the first stage of training and had
an additional semi-random third added at each sub-
sequent stage. The randomness was constrained such
that each third contained exactly one energy filter out-
put from each phase difference and receptive field lo-
cation. The results can be seen in Figure 4. Model
RD showed none of the benefits of development that
models C2M and F2M displayed, performing nearly
as poorly or even worse than model ND. Thus clearly
the limitations on size alone are not enough to ensure
profit from developmental sequences.

We speculated that the benefits witnessed in mod-
els C2M and F2M were due to two factors. Namely
(1) each training stage consisted of outputs from a sin-
gle spatial frequency, and (2) training proceeded in an
orderly fashion from scale to neighboring scale. Condi-
tion (1) would allow the system to combine and com-
pare input features without the need to compensate
for the fact that these features could be at different
spatial scales. If condition (2) is satisfied, when the
system receives inputs at a new spatial scale, it is close
to a scale with which the system is already familiar.

To test the importance of condition (2) two addi-
tional models were constructed and tested on the solid
object data set. These two models satisfied condi-
tion (1) but not (2); that is, each stage consisted of
outputs from disparity energy filters at a single spa-
tial frequency, but the progression from stage to stage
was out of order with respect to scale. The two models
were model C-CF-CMF (coarse-coarse and fine-coarse,
medium, and fine) which received first low spatial fre-
quency information, then low and high, and finally
all three; and model F-CF-CMF (fine-coarse and fine-
coarse, medium, and fine) which received first high
spatial frequency information, then low and high, and
finally all three. Since we conjecture that condition
(2) is, indeed, important, we would predict that these
two models would perform poorly.

The results can be seen in Figure 5 which shows
the performance of models C2M, F2M, C-CF-CMF,
and F-CF-CMF at the end of training on the solid ob-
ject data set. As we predicted, models C-CF-CMF,
and F-CF-CMF performed very poorly. This provides
support for the conjecture that it is helpful for a de-
velopmental system to proceed in an orderly fashion
from one scale to a neighboring scale during training.

4 Summary and Conclusions

This paper has considered the hypothesis that sys-
tems learning aspects of visual perception may benefit
from suitably designed developmental sequences. We
reported the results of simulations in which several
different systems were trained to detect binocular dis-
parities. One system was non-developmental, in that
its data remained the same throughout training. The
other models were developmental, their training data
changed during the course of training. The develop-
mental models whose stages satisfied the constraints
that (1) each training stage consisted of outputs from
a single spatial frequency scale, and (2) training pro-
ceeded in an orderly fashion from scale to neighbor-
ing scale, consistently outperformed both the non-
developmental model and the developmental models
which violated those constraints. This result supports
the notion that the aforementioned constraints are
important to learning to detect binocular disparities.
We conclude that suitably designed developmental se-
quences can be useful in the acquisition of binocular
disparity sensitivity, in agreement with the “Less is
More” hypothesis. Further, that visual development
can aid visual learning, and should be further studied.
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