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Learning Ability of Deterministic Boltzmann Machine with
Non—-Monotonic Neurons in Hidden Layer
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Abstract

In this paper, We evaluate the learning ability of non-monotonic DBM(Deterministic Boltzmann Machine) network
through numerical simulations. The simulation results show that the proposed system has higher performance than
monotonic DBM network model.  Non-monotonic DBM network also show an interesting result that network itself
adjusts the number of hidden layer neurons. DBM network can be realized with fewer components than other neural
network models. These results enhance the utilization of non-monotonic neurons in the large scale integration of
neuro-chips.
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Table 1. parameters in simulations.
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(a) Continuous sigmoid function

(b) Piecewise linear sigmoid function
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719 39 (a)ollA
& vERY I ‘ﬂ
}_ 43} 2 A

Aol A=
oﬂlg}\'a“ Eh
v} etgest A Hs
g5 o] 8% thx 1‘?319] :}F
of vlgbz el A9
1 ()9 T3l

o o2 4y

rE gy jo o 1
1o r° il nqm

vk AAE AlZIR ol
O}-)‘GI ;]. 80%01 7-]0“ H]"‘

N

RS
=

fsﬂ

}L%rdc’} 73 9} H]J}rs}oq o W=
& & ogltk ol B9, Aol
rele) sh53la=7) 143831 Aol uis)
.0 R A 1133 0]} o4

9] iz AAG 08 AP o
H

2Aqah evzol vairduehs Mg g olgw v
E9art o £ SH4S Hehls 48 ¢ 5 Qo =

e e FHEM 2R oMol staso) BE AT
o FRAY GHol BAME MR A A&Pet )
o] SpEeHiEsl 23 E3 AGRFE A
A2 ADD &5

go MAYZAKORIS HFEAAND)S 23
7RADD)®) Sl tistel A& wlwstg. dEAa

o ¢ -2 o 7}7b sy FMNA 3-3-2 =Y

9 wdg 2
o MEgaE T
. Bhs3 ol v vl

01] e A

3. garH
S AaE 19 49 (a)-(0)

:_

r : v .
100 Boog.g BPB?;" R,
= B oW,
1: 8o} ’w :“‘X *non-monotonic »:‘
% .
o 60} tanh -+t
2 i end-cut-off —-
o p.w.l. sigmoid =
2 a0} i p.w.l. end-cut-off - =
‘€ monotonic H
g ;
- 20} ) 7
. e -
- i
0 B4 R .
0 0.5 1.5 2 25 3
Threshold &
(a)
100r non-monotonic |
£ T
B 80r ,{.ajkg e,
3 / "
& 60F o
E ’ tanh ——
€ a0l i end-cut-off -
] ®: p.w.l. sigmoid -]
] monotonic 'l pw. end-cut-off -
20} 3
S ! i .
0 il . X
o] 0.5 1 1.5 2 25 3
Threshold ©
(b)
600 T
B X non-monotonic
g R €L
Ewo b “,B"n‘“,ﬂ
g tanh ——
§ 300 i end-cut-off -1
monotonic | | p.w.l. sigmoid -+
200 | - D p.w.l. end-cut-off e
}“- e non mnn
100 [
P
0 -——t
o 0.5 1 1.5 2 25 3
Threshaold ©
(c)
8 4. ADD ol thsh AlEeold Ak
PPN 2
(a) TEFEE (b) HFHHT (o) 3l

Fig. 4. Simulation results for ADD problem
(a) learning prability (b) learning stability (c) learning time.
st FH Eol Al
elel]l visle Hgz 5
M o of amp

*T*% & Ot =

& et —}'

Ll—c} gzeel
H]‘(_]'.J— “IT‘%-IQJ ‘/F ‘:5'1‘
A7 wgE weiel
wro 2 ghgplgol] ¥

7812
=2| o) 7} %lt‘r
a1 ko)) 9] %) <
QA 2o ’thk]:.;
35-2 sarHEC] 22%% Rl Wkt
A%k 0— 2.3 vm%ﬂfﬂ 88% |t}

A% 4

vhall A =

§

\:1 o]—:ﬂ

Zo] 7

507



HX| ¥ XA LB =X 2001, Vol. 11, No. 6

Q-9 W E HgETEe 3 Mgl R AR
7

of of 2W) A Wa waE A9 SheEEs} FolHE 2
317} qlojgith. ADD 3ol ol AAg 0% H3e @
o FAY Wx il Wb uEE S o 83 HlEY
29) 497t es] e Al e e A4S o & At
EE PRAY G0 v H5E A%AFE Musd v
iRl TRAY §5E ol g saol At
e el wlaz Rl At S B ety
S e BAsh S8 FRAY eel 497t

L O,
op
_O,L
&
=1 .‘1
=
f-lm
N
N
ol
o}
ok

'lE-]L}— o]rﬂa} A]%aﬂ q 7}
s shrAol e ol R ug 3
Al 4 vE ] SFo] i o L!% %‘riﬂﬂ E
9 By s zAbsle] UESR
DBM WEge] eva
wHE s A8 % %!%’—91 3 8 %494 sl
zbzb -1 59] (a)¢
UL ? A
g=1.0 ot} vy H A 29 59 (a)9) o] w9
7 vl We Wl Rasti Ao v|ste] wjgzirale
o 1l G0 Uekd A AY el A o

Mﬁrew o

Hiygg
l,_ B B

of BEIL i AT & F Atk olge HEYHIE A
of AbgahE JrRlolA Sgel AT PR Hohlo] o] &
sht slis Ao 4re gtk Kel £ e e
o Arigte]l AAA 0% Aol Felo] Qo] ¥z REE Fa

Sz A4S B B Aok
olel Agelold Auel o wekairHg ol 83
J

DBM WIES]A7E dzwes o83 H9-nr} 4ol
e e gstdn. 04/]’\1 vzl e] #4498 g
ol A8 end-cut-off B+ #59] )&EH S #5535}
WA (ol ERA R o] 3 £79) B walE 4
2 o 4 Ak

Fua )= £ = flu=0) =% f.(u+ 0) (4)

A7NA flw) = TE
o o=
#e velbdch A (Dl o8l end-cut-off 342
% 57]0 olx] ]—'ggvf'o] )\1 LUO]C
o = wEr ges

Aol s e, £ ()
747k end-cut-off BF§1e] wghz el 17 e A

[e]
A4S

el &5t St
ol&% srelel S GE oatHe

s R RE ol 83 sl ae) gy
B 5 qloh whie A HvkR RS
aAdee 2z e Azt
- ofelg EAlol lElA it o
& oulghe grle® oAl e o
shiz thar B HlES] Ao Buh @ st
2 7R R uhle] aharel] 9l
Z¥1e] 0o] 5= o 01%6}&1 cm
o .

of 48 4 FA edow P rdo) WE ARHA o
= o F HESA aple] 29F srdle] 78 A

=
=
B4
S
=
B
o
-2 -1 [+) 1 2
Membrane Potential{ui)
(a)
7.0

§ 6.0 -

=

o

=

£

k]

o

-2 -1 [e] 1 2
Membrane Potential(ui)
(b}

a5 24E wde =BHg EE
(@) T AaRo|E Fp
(b) &8 end-cut-off 4.
Fig 5. Distribution of membrane potential of hidden layer
neuron.
(a) Piecewise linear sigmoid function
(d) Piecewise linear end—cut-off function.

5.2 E
715 e 2t gAY AFuyel APEA Bxw
wale] evFel ujgx U Agsd XOR FAlsh

i
e
o

- 2
=
o
o
off
mlo
L
M

geflo| Mol ojsfl FAlstrh

] ] H]?S}] H]L]-z s ol &
DJ Lﬂ‘”:‘ﬂiﬂ ETHE ““S‘ﬁ"”é ol 3k el glof
H 2 Aeol B ek R )= e
aH Y BEE Ao 'n”q end Lut off E}glel wgE &
g o] 83 AL UEh}= L;qo] 1;],3 20] 7o A3k

& A gk ) 29 % AgnZYel 2ol euF
Feael e £adee Bads oIe Ui
EHEPCEI Lﬂ ——7-01 'IT‘L‘I"‘ %‘E}O}}” ﬁ F —}r: 5 e %ZH

o A Rl Yol AR :
ks o]l 4l

Jhw} 4 Ao 7
AN 2 F el dig gl

.—-1‘

ige] Wk AAE Hels ek Aolu nE grA
ol §-g3kiz el w5t A asi)
g2z s

[11 S. Nara, P. Davis, and H. Totsuji, “Memory search
using complex dynamics in a recurrent neural network
model,” Neural Networks, vol. 6, pp. 963-973, 1993.



ey Zo| vlghx

[2] Y. Hayashi, “Oscillatory neural network and learning
of continuously transformed patterns,” Neural Net-
works, vol. 7, pp. 219-231, 1994.

[3] C. Y. Park, Y. Hayakawa, K. Nakajima and Y. Sa-
wada, “Limit cycles of one-dimensional neural net-
works with the cyclic connection matrix,” ICEICE
Trans. on Fundamentals, vol. E79-A, no. 6, pp. 752-
757, 1996.

[4] C. Y. Park, K, Nakajima, “Analog CMOS Implemen-
tation of Quantized Interconnection Neural Networks
for Memorizing Limit Cycles,” IEICE Trans. Fun-
damentals, vol. E82-A, no.6, pp. 952-957, 1999.

{5] C. Y. Park, K, Nakajima, “Magjority Algorithm: A
Formation for Neural Networks with the Quantized
Connection Weights,” ICEICE Trans. on Fundamentals,
vol .E82-A, no. 6, pp. 1059-1065, 2000.

[6] M. Morita, “Associative memory of sequential pattern
using nonmonotone dynamics,” IEICE Trans., vol.
J78-DII, pp. 679-638, 1995,

[7] M. Morita, “Memory and Learning of Sequential Pa-
tterns by Nonmonotone Neural Networks,” Neural
Networks, vol. 9, pp. 1477- 1489, 1996.

[8] H. Yanai and S. Amari, “A Theory on a Neural
Net with Nonmonotone Neurons,” Proc. IEEE Int.
Conf. Neural Networks, vol. 3, pp. 1385-1390, 1993.

[9] T. Fukai, J. Kim, and M. Shiino, “Retrival Properties
of Analog Neural Networks and the Nonmono-
tonicity of Transfer Functions,” Neural Networks, vol.
8, pp. 391-404, 199%.

Feg 2

AYEH X0 ofdlel stgsof

[y =

A=

g o7

rr

=

[10] G. E. Hintonjand T. J. Sejnowski, “Learning and
relearning in Boltzmann machines,” Parallel distri-
buted processing, vol. 1, pp. 282-317, 1986.

. E. Hinton, “Deterministic Boltzmann Learning
Pu‘formb Steepest Descent in Weight Space,”
Neural Computation., vol. 1, pp. 143-150, 1989.
[12] C. Peterson and J. R. Anderson, “A Mean Field

Theory Learning Algorithm for Neural Networks,”
Complex Systems, vol. 1, pp. 995-1019, 1987.

(111 G

S P S

8t o (Cheol-Young Park)
1984y : A ¥ Bldn ® /(]——1—6] q. %lt'i}/k}
1986 - 7 EHf’hﬂ A A}-g- &k} %5}

197 A& sEUE ARyt gt
wkAb
19854 ~ 19904 : ()34 ST A
A5t
1991L4 19939 GHEAE o ’6“3]‘:]0103_ T g+
19931 ~ 1997w LG A HElvt]jo]dp A ddA4d
19973 ~ & A - i ghel H RS *’tz. 3. }._\TL-’F

WAl ¢ AASRYE o] &g AEAHR
VLSI 44 % Ay A58

cypark@taegu.ac.kr

e, NAs 2
En ks

E-mail :

509



