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Optical Two-Layer Neural Net Using a Liquid-Crystal Television
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A two-layer optical neural net based on the delta-rule-learning algorithm is constructed by
an LED array, a CCD camera, and a conventional liquid-crystal television (LCTV). The synaptic
weight matrix interconnecting between the layers is developed on the screen of LCTV by
dividing it into square subcells and the weights are determined by the widths and the posi-
tions of opening windows in the subcells. By this method, wide dynamic range of the synaptic
weight is achieved. Learning and recognition of binary patterns in the neural net are described.
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Fig. 83 Concept for optical implementation of
two-layer neural net. (a) Structure of LED ar-
ray. The hatched column shows LEDs used for

internal offsets in output nodes. (b) Schematic

diagram of optical system.
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Fig. 4 Structure of (7, 7) cell in interconnection
weight matrix on LCTV. The cell has an open-
ing with width proportional to Wj: on its upper-
or lower-half region. The opening on the upper-
half region represents the positive interconnec-
tion weight and that on lower-half region the
negative one.

Table 1 Eight learning patterns. Input signals
in the first column show those for determination
of internal offsets of output nodes.

Input patterns Teaching patterns
10011000|100000O00O00
1110011 1/0100000°0
1000011 1]0010000°0
11111000|00010000
10101010|00001000
11010101]00000100
100011 10[]00000O0O0T1O0
1111000 1|0000000O0°1
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Fig. 5 Transmitted light intensity from cell in
interconnection weight matrix versus opening
width in the cell. Solid curve shows average
value per a cell over all 8x8 cells, O the
maximum value, and A the minimum value.
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Fig. 6 Example of learning curve for eight
binary patterns shown in Table 1.
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Fig. 7 Interconnection matrix patterns in the
learning process shown in Fig. 6. The matrix
has 8% 8 cells. Corresponding to positive inter-
connection weight or negative one, each cell has
an opening on its upper- or lower-half region.
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Fig. 8 Examples of the relationships between
the scatter in light intensity of LED array and
the number of learning cycles for the neural
nets with and without internal offsets.
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