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Quantification Analysis Problem using Mean Field
Theory in Neural Network
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ABSTRACT

This paper describes MFT(Mean Field Theory) neural network with continuous variables is applied to
quantification analysis problem. A quantification analysis problem, one of the important problems in statis-
tics, is NF complete and arises in the optimal location of objcts in the design space according to the
given similarities only. This paper presents 2 MFT neural petwork with continuous variables for the quen-
tification problem. Starting with reformulation of the quantification problem to the penalty problem, this
paper propose & “one-variable stochastic simulated anmnealing(one-variable SSA)™ based on the mean field
approximation. This makes it possible to evaluate of the spin average faster than real valve caledlating in
the MFT reural network with continuous variables. Consequently, some experimental resulis show the fea-
sibility -of this approach 1o overcome the difficulties to evaluate the spin average value expressed by the
integral in such models.
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(Table 2) The cormparison of energy
ethod | MFT neural network | Numerical Method
Designi™~._| (one-variable SSA) |(Lagrange Multiplier)
Dimension -0.2863 -0.2984
1 -0.6076 -0.6080
-0.2047 -0.1977
-0.0714 -0.0457
+-0.2875 +0.2984
+0.6114 +0.6080
+0.2039 +0.1977
+0.0672 +-0.0457
Energy -326.2 -325.9
Dimension | (-0.2907,+0.2271) | (-0.2984,+0.1233)
2 (-0.5880,+-0.2455) | (-0.6080,4-0.0452)
(-0.2116,-0.0762) (-0.1977,-0.1695)
(-0.0784,-0.6568) (-0.0457,-0.6737)
(+0.2569,-0.2022) | (+0.2984,-0.1233)
(+0.6378,-0.2251) | (+0.6080,-0.0452)
(+0.2037,+0.0954) |(+0.1977,+0.1695)
(+0.0705,+05920) | (+0.0457,+0.6737)
Energy -630.8 -628.9
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