Learning Perceptual Invariances: A Spatial Model
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where _is the long term variance of the unit, and _ _is the short term variance. By maximising F, we
will jointly%aximise the long term variance of the unit'!output and minimise its short term variance. (The
log function is used so that the derivative of F' is easy to compute - see Appendix A.)

This learning method was used by Stone in a feedforward network presented with a sequence of one
dimensional random dot stereograms. Each input was a pair of random dot stereograms, with the disparity
between the two images varying in a sinusoidal fashion over time. The learning method was used to
maximise F for the one output unit. After learning, the output of the network was highly correlated (» >
0.97) with the disparity between the images.

The work presented here uses the same learning method to a similar problem in the spatial domain.
Rather than having a sequence of images presented to the network over time, we have one large image
where the disparity varies smoothly over the image. Additionally, instead of having one output unit, we
now have an array of output units, and the learning rule is now applied to maximise F over all of the output
units.



network. The output of the shared network was then copied into the appropriate part of the array of virtual
output units.

For example, let the two input images be 500 x 1 pixels, and the input layer contain 5 x 2 input units.
Both input images are therefore broken up into 100 patches of size 5 x 1. Patch »n from both eyes is
presented together as input to the network. The network computes the output of the network, and this
output is then copied into unit » of the array of virtual output units. This procedure is repea



2.3 Learning Rule

The temporal model learning rule has been slightly adapted for the spatial model, although it essentially
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3.2 Two Dimensional Network

A pair of random dot stereograms of size 120 x 120 pixels were created, such that the disparity between
patches of the images was a gaussian function of the distance of the patch from the centre of the image (see
Figure 5). These two images were then broken down into 3 x 3 non overlapping image patches. The shared
network had 18 (2 x 3 x 3) input units, 5 hidden units, and 1 output unit, feeding into a virtual array of
1600 (40 x 40) output units. Figure 5 shows the network output after 1000 epochs, along with a plot of the
merit function and correlation during learning. Figure 6 shows how the outputs develop during learning.
As can be seen from Figures 5 and 6, the network has essentially learnt the disparity after 200 epochs, and
the remaining 800 epochs are spent gradually improving the merit function.

(Note: The array of 40 x 40 disparity values and 40 x 40 output values are visualised as 40 x 40
greyscale images, with each disparity or output value represented by the pixel intensity: the larger the
value, the brighter the pixel.)

3.2.1 Testing Network Performance
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Figure 6: Evolution of the outputs during learning for the 2D
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Figure 7: Results of testing the 2D network on a novel image pair. Left: Array of disparity values between
the novel image pair. Right: Array of network outputs. The correlation between the disparity and the output
is 0.890.
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A.3 Calculating the Merit Function

The merit function, F, is defined as:

F =log-+
[ 4



A4.1 Computing ey

The error &



By symmetry, a similar expression can be derived for a%a' so that the final § is:

oF 10 10
8 =5 = ¥ (19)
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A.4.2 Summary: Creating weight changes Aw
1. Calculate the output of virtual output units.
Calculate _.and _using equations 1 and 2
T Akt
Calculate § for all output units using equations 18 and 19.

Back propagate errors to hidden layer units using equation 6.

a & N

Calculate weight changes Aw; = & z, for all weights.
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