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Pattern Classification Using Hybrid Monte Carlo Neural Networks

sung Hae Jun' - Seong Yong Choi'" - Im Geol Oh'''- Sangho Lee'™ " - Hong Suk Jorn™t'?

ABSTRACT

There are several algorithms for classification in modeling relations, patterns, and rules which exist in data. We learn to classify objects on
the basis of instances presented to us, not by being given a set of classification rules. The hybrid monte carlo neural networks uses the
probability distribution to express our knowledge about unknown parameters and update our knowledge by the law of probability as the evidence
gathered from data. Also, the neural network models are designed for predicting an unknown category or quantity on the basis of known
attributes by training. In this paper, we compare the misclassification error rates of hybrid monte carlo neural networks with those of other
classification algorithms, CHAID, CART, and QUEST using several data sets. In terms of error rate, the Bayesian method works better than
others in all data sets. The only trouble at this point is computing time.

79| : Hybrid Monte Carlo Algorithms, Pattern Classification, Bayesian Neural Network, Bayesian Learning
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4. HMC(Hybrid Monte Carlo)

Hybrid Monte Carlo ¥38%&& Gibbs Sampling”]®
#} Metropolis 28 ES 2% 72& Zr=th.(Duane,
Kennedy, Pendleton, Roweth, 1987). HMC ¢xel59 2
#}= Monte Carlo W8l g 7ldA 4 AHgE &&
o] #t} o]ed HMC ¢1#Z& Hamitonian dynamicol
o3t Metropolis A gzngEel & €t & HMC
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4.1 Hamiltonian Dynamics
2+2k9] g9} pE Y Aol ga) A (S Bt ®
g3t}
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42 Leapfrog step

step 1) 3(++5) = Bild) — 5 -52(a()
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step 2) g;(t+e) = g;(t) + « —

step 3) 5,4+ e = P (t+ 6) — —6 (q(t-l— &)

step 4) stepl)¥ ¥ step3)2 L(leapfrog step94 )9 qk
B}

4.3 Dynamical transition

step 1) Initial state (¢,) = (g (0), 2 (N FE 9
step size® leapfrog stepS Ly wHEafA
(a(eD).p(eL)E 2E

step 2) &5 35S (momentum variables)?] H3& g
g2 X (¢%,") = (g (eL),— D (eLNE T
gl o3t (g7, p)E AMEZ stateo] W

candidate stateZ ¥t}

step 3) o122 A Tl candidate stateol s Metropolis
G EfMME min(l, exp(—(H (", ) —H
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5.1 Wave Data A&
vilo|gt 59 AlEH oA RER ALe DEHeY =}

(E 1) 02| MYZ e LERE

CHAID CART QUEST BNN
1 0.3561 0.25 0.2629 0.1414
2 0.3633 0.248 0.26 0.1342
3 0.3511 0.2517 0.25% 0.1489
4 0.3528 0.2594 0.2569 0.1439
5 0.3752 0.2359 0.2557 0.1286
6 03739 0.2382 0.2608 0.1291
7 04397 0.2493 0.2765 0.1266
8 0.3371 0.2438 0.2564 0.1282
9 0.3877 0.2593 0.2511 0.1228
10 0.3449 0.2318 0.258 0.1247
11 0.3874 0.2472 0.2472 0.1359
12 0.3924 0.23 023 0.1326
13 0.354 0.2544 0.2444 0.12
14 0.3563 02271 0.2627 0.1227
15 0.3908 0.234 0.2649 0.1349
16 0.3307 0.2453 0.2757 0.1439
17 0.3499 0.2409 0.2388 0.1168
18 0.3483 0.2461 0.2587 0.1309
19 0.3777 0.2308 0.252 0.1248
20 04019 0.2469 0.2715 0.1284
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£+ Wave 389} 33 A2 (Breiman et. ALL198)ZEA 21
A A& A (x] - x2D)E Atk YA o
20, 1, 29 37e 2FoE EFACL

<E >3 (2™ 29 4% BE 3 203 289 2E
AglA WE B 22 AFWBNN)E o] QERE
°of b wE A& & 7 %M.

5.2 Digit Data 4/&

A AAANZ|ZEE G AREA 7MY 94F
Fx1-xNE 7B 22 0~99 10719 Jeez &
k.

<E 2>9 (29 3)9 A2FE BY F 039 A¥e o
BEo AfolA WE Be Z2 AAYe] W 2&F

&o) 2 Yehte AS ¢ £ 9o,

CE 2) 2082] ez g 2272

CHAID CART QUEST BNN
1 04598 0.2989 0.2989 03103
2 0411 0.2192 0411 0.2466
3 0.4416 0.3377 0.4286 0.2727
4 04819 0.3253 0.3253 0.2771
5 0493 0.3099 0.3239 0.2676
6 0.4149 0.3617 0.2553 0.266
7 04337 0.3253 0.3253 0.2892
8 0.5529 04 05529 0.3647
9 05698 0.3837 0.4419 03023
10 05412 04235 04118 04118
11 04875 0.35 0.3625 0.35
12 0.4483 0.3563 0.2989 0.2759
13 0.4545 0.2087 04545 0.2727
14 04872 0.2692 0.4872 0.3077
15 05287 0.3448 05172 0.3103
16 0.3523 0.329 0.3409 0.2614
17 05132 0.28% 0.3947 0.2632
18 05263 0.3289 0.4737 0.3026
19 0433 0.3299 05052 0.3196
20 0.5059 0.294] 05176 0.3765
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Hybrid

q Gl
e Zeod WE 2u 22 A% WH 9__‘,‘;21_ Monte Carlo &3] FolA 9] Leapfrog stepol Al step size
gol e Ad WA wo ol A veAe gy 5 ) U] SECIS. Bebd uE S6 wE Anuy
2] ‘ﬂ', HA LBFEY HiEe v 2 5H 013959 8% Sh AR w3717 A E A4 step sizeol tig
gz 228 AolAW MEd BEE ¢ dse ¢ & WAL ELAR
ot} =3 <F 4>¢ (28 5 50319 Pen-based Recog-
(E 3y 2080 AHZBH0| Ut 2FFE (E 4y 5089 A&zl e 22FE
CHAID CART QUEST BNN CHAID CART QUEST BNN
1 0.1119 0.1119 0.1194 0.097 1 0.2365 0.29%6 0.3839 0.1327
2 0.1261 0.1261 0.1261 0.0924 h? 0.2967 0.3238 0.4538 0.3038
3 01552 0.1466 0.1552 0.1379 3 0.1286 0.3228 0.4438 0.3102
4 0.1862 0.1862 0.1862 0.1655 4 0.2756 0.3999 0.4302 05
5 0.1858 0.1327 0.2035 0.115 5 0.2686 0.3271 0.3492 0.2381
6 0.1608 0.2168 0.2168 0.1538 6 0.3089 0.2238 0.3377 0.466
7 0.119%4 0.1194 0.1269 0.1269 7 0.3028 0.3559 0.3302 0.3658
3 0.1269 0.1269 0.1269 0.194 3 02673 0.3642 0.4301 0.51394‘
9 0.13% 0.1163 0.1395 0.1473 9 0.2587 0.3227 0.4464 0.3587
10 0.1181 0.1181 0.1181 0.1102 10
1t 0.1508 0.1508 0.1746 0.1349 |4 0.289 0.3453 0.4349 04125
12 0.1504 0.1353 0.1504 0.1504 42 0.2051 03212 0.4332 0.3695
13 0.203 0.203 0.203 0.1504 43 0.3315 0.319 0.3826 0.6353
14 01221 0.1221 0.1374 0.1145 4 0.3474 0.2816 0.4453 0.274
15 0.1838 0.1888 0.2098 0.2168 45 0.2737 0.3716 04326 0.4905
16 0.1367 0.1367 0.1439 0.1295 46 0.3319 0.3666 0.4319 0.466
17 0.1391 0.1391 0.1652 0.1478 47 0.2432 0.3622 0.48% 0.377%
18 0.1628 0.1628 0.186 0.1628 %48 0.3767 0.3297 0.4451 0.3622
19 0.1214 0.1143 0.1857 0.1214 49 0.3105 0.3839 0.4619 0.4674
20 0.1071 0.1071 0.1286 0.1214 \*50 0.2244 0.3482 0.4458 0.4622
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