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Abstract

In this paper, we analyze the dynamics of Langevine competitive learning neural network based
on its Fokker-Plank equation. Fram the viewpoint of the stochastic differential equation (SDE),
Langevine competitive learning equation is one of Langevine stochastic differential equation and has
the diffusion equation on the topological space (Q,F,P) with probability measure. We derive the
Fokker-Plank equation from the proposed algorithm and prove by introducing a infinitestimal
operator for Markov semigroups, that the weight vector in the particular simplex can converge to
the globally optimal point under the condition of some convex or pseudo-convex performance
measure function. Experimental results for pattern recognition of the remote sensing data indicate
the superiority of Langevine competitive learning neural network in comparison to the conventional
competitive learning neural network.
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Table 1. Experimental results of paitern reco-
gnition for FLC1 4 class Data.

e

Epoch Ay Langevine 24315

A5 (%) | BAE (%) | B (%) | B=E (%)
100 9355 9209 625 9293
200 M0 920.6 96.125 94.40
300 2 253 30 AUuBn V73
400 94.625 91.13 BHBEDS 953
500 94.625 924 96.125 9487
600 BHBE5 91.93 BHEH NU73
700 94625 8847 96375 9460
800 %375 80 96125 M0
900 M75 &3.13 B0 13
1000 94625 9227 9425 94.07

(524)
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2. FLC) 8242 dojejo] o7 A
A} AR

Table 2. Experimental results of pattern re-

cognition far FLC1 8 class Data

Epoch ek e | Langevine A3y

a5 (%) | B2 (%) | B (%) | AE (%)
100 8988 | 8667 90.06 89.07
200 | 91125 | 8833 8925 8.93
300 | 908125 88.0 90.06 834
400 | 89625 | 8657 9.0 81
500 | 90.6875 886 90.38 8877
600 | 903125 | 8680 90.50 89.07
00 | 89625 | 8657 90.88 8917
800 | 89625 | 8657 9050 89.43
900 | 899375 86.7 90.31 893
1000 8088 | 8667 90.13 885
i 3. Colorado 13-23~ dlojeld] Wi 34

SLREEEES
Table 3. Experimental results of pattern re-
cognition for Colorado 13 class Data.

Epoch - Lissy Langevine A3

5 (%) | AAE (%) | By (%) | HHAE (%)
100 4831 49.46 62.40 61.42
200 4752 4866 62.10 61.23
300 4831 4946 62.0 61.33
400 4831 4936 6022 60.04
500 4831 49.46 63.49 6261
600 4752 4867 62.80 61.82
700 4831 49.46 6151 60.53
800 4831 49.46 299.52 994
900 4752 4867 60.81 045
1000 4831 49.46 62.80 62.12
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