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Neural Network Design for Spatio-temporal Pattern Recognition

®oBE T
(Chung-Soo Lim + Chong-Ho Lee)

Abstract - This paper introduces complex-valued competitive learning neural network for spatio-temporal pattern

recognition. There have been quite a few neural networks

for spatio-temporal pattern recognition. Among them,

recurrent neural network, TDNN, and avalanche model are acknowledged as standard neural network paradigms for

spatio-temporal pattern recognition. Recurrent neural netw
convergence to global minima. TDNN requires too many ne

ork has complicated leaming rules and does not guarantee
urons, and can not be regarded to deal with spatio-temporal

pattern basically. Grossberg's avalanche model is not able to distinguish long patterns, and has to be indicated which
layer is to be used in learning. In order to remedy drawbacks of the above networks, unsupervised competitive learning
using complex number is proposed. Suggested neural network also features simultaneous recognition, time-shift invariant
recognition, stable categorizing, and learning rate modulation. The network is evaluated by computer simulation with

randomly generated patterns.
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2.2 Layer1 to layer2 subsystem
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Fig. 1 Neuron i in layer one
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Fig. 2 Neuron j in the second layer
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2.3 Layer2 to layer3 subsystem
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Fig. 3 Neuron j in the third layer
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2.4 L ayer3 to layer4 subsystem

°f NARE B2FE o) 43d A ¥MA 349 wHo
gHsHE «ME AGeY A WA Fo RS 84
ule eME AFse e FdY BYI} £M24A
FHEHE Adg BEr) At F FFHoR 4 WA
ZAA dAstE HAEHe A0z ojFojz FHUL oA
AA Zo shue wilol shgAlvlee Zolt, ¥Asse
FTME UEE 7S WHozE BHLFE o)l
Aol g wet BAHEE AHBLI FHAIAG
FaAlZls el AAEH3), F7HA2 ¢ 8438 ¢



BREEIANE 46A% 118 1999% 118

H2H ¥4HE o] 2w A& sole 9
Yol v FHHOT o}F 2 R& A
REE P02 gL MY ARHoz
dHg % 94T #7F Uk ol Y VHE 2
o BA4E olgsted Azl £48 Ueue gL

3t
2414 #HA o 7

2¥48 2ol Al WA Fo| A £Y 10] Baf vMEH
SotdM il WA 29 wHoR YYHEY o Hasp
g @43 5 109 o )F Esd4 2E-n
=3 A71H="ed "5 We Bag stExe) asnz
cos§,221 W¥E H4EZ sind9g HeZ sAg =
2hY A Hafrh ol WA Foz gHESH: 4&
update N Zo wel A} A AR F3 o) w2
o]2] 94L& 14l dgoln BE JNFAE FUYT HS
k=3

ety

Reset signal

Update signal l

oM.
J

a4 U HW B9 FH jof 7=
Fig. 4 Neuron j in the fourth layer
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Table 1 An input to the fourth layer

Time Pattern
1 [140°0,0,0,0]
2 [120°0,12 6%%0,0]
3 [120°0,12 8°%0,1.,28%)
4 [12£0°0236°%126°01226*]
5 [1£0°1238°%1,268°1,46*1,208%)
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=0 otherwise
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Fig. 5 Neuron j in the fifth layer
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Table 2 12x6 input matrix used in the simulation

1 2 3 4 5 6
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2 -0.1758] 0.1413| 0.3380|-0.2224| 0.3900| 0.7958
3 -0.5690! -0.3887| -0.3170! -0.4574| -0.4505{ 0.1117
4 -0.1143(-0.3625| -0.1298| -0.5158] -0.2250] 0.7225
5 0.0478| 0.4372|-0.4798| 0.5948|-0.1060] 0.4597
6 0.1198{ -0.0500] -0.8378} 0.0212]-0.4615| -0.2603
7 0.5072] 0.1370{ 0.3466|-0.4277| -0.4636| -0.4539
8 -0.3109| 0.0780|-0.4595] -0.0365| 0.8250{ -0.0646
9 0.4126(-0.4207| 0.2167[-0.7469] 0.0074|-0.2188
10 0.4018]-0.2814| 0.1177}-0.6785| -0.3244| -0.4242
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