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Abstract

This paper proposes new design algorithms based on stochastic relaxation (SR) for an on-line
vector quantizer (VQ) design. These proposed SR methods solve the local entrapment problems of
the conventional Kohonen learning algorithm (KLA). These SR methods cover two different types
depending upon the use of simulated annealing (SA) : the one that uses SA is called the OLVQ-SA
and the other the OLVQ-SR. These methods are combined with the KLA and therefore preserve
the its convergence properties. Experimental results for Gauss-Markov sources, real speech and
image demonstrate that the proposed algorithms can consistently provide better codebooks than the
KLA.
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Fig. 1.D Single-layered neural network.
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Table 2. Performance comparison between KLA,
OLVQ-SA and OLVQ-SR for speech
data. The used unit is decibel.
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Table 3. Performance comparison between KLA,

OLVQ-SA and OLVQ-SR for image
data. The used unit is decibel.

Mel | 2eR | OLVQ | OLVQ
44| = -SA -SR
64 2079 2086 2076
2 128 2374 2390 2373
256 BR 2721 2721
64 1485 1492 1488
4 128 1659 1692 1676
%6 1799 1919 1917
3. A Asol N Al A
A4 A8 R 27 5ellM B wlel o] “Lena’®
)= 128%1289] 8bit HWe] FAxlg ARE-slIT
o] adakel HFL 123100] EFHAL 43710]ch o]
LS QA oAl =] A #HE 0, EHEA 1R
i

EEsE Al 9 R QA 2as



20014 9B EFITREWRIGE

F3o] HA| Al & 9182702 2K =E| 9} 4006702
479 HEE sl ARSSiglt) E 3ellME E 1
F 29 Z5olMsh sz 2 OLVQ-SAZE 71 95
8 vehglch w3k o sl mmRe) 37)
s #4419 =71el wlstel A3 givk. OLVQ-SAE
KLA vlsl 3o 1.2dBellM 24 007dB7A19] A%
3 e gich

k4

& A

V.Z2 B

B =2 2]l wAle] WE] okxlr] AAl 9led
A Fa4 FAE dF@s] 98 SR ahS $-8slsd
ok SR S SA A ARSSEE oF shvpell
gt B2 bl S 9ok fElE o]F  FEsled SA )
3& o]2% SR v OLVQ-SAE, SA i< o4

T

317 9= SR o#PHS OLVQ-SRZ  wwisieic)
OLVQ-SR ubg-e- wehbde] wla} nrl A&sphd 4
glent FAlwzk whol] 93k OLVQ-SR AMe 714

v}

) Al

7R ol gk wbHol wis| AtiAdeR ozt Als
o] Welxlmg W& deksly] s A
Gauss-Markov A1Z 815} 24 2 <44l zpgol oish =
B ozisl Al As) A HBHEL KLAo| H]3 o
FEHA 5 45 Z=ES A AEHe
2, 2aisl WE] o] Al gloi BAA niye]
AFAHeR 389 & ler o= KLAY 4% 4
HEAE WA 4 d5S Badrh

al
=

Q

LA

b

ik

rot

| oo |
(L

[1] T. Kohonen, Self-Organizing Maps, Springer
-Verlag, 19%.

B. Widrow and S. D. Sterns, Adaptive Signal
Processing, Englewood Cliffs, NJ : Prentice-Hall,
1985,

E. Erwin, K Obermayer and K Schulten,
“Self-organizing maps:

[2]

[3]
ordering, convergence
properties and energy functions,” Biol. Cybern.,
vol. 67, pp. 47~55, 1992.

N. Ml Nasrabadi and Y. Feng, “Vector quan-

tization of images based upon the Kohonen

[4]

self-organization feature maps,” in Proc. 2nd
ICNN Conf,, vol. I, pp. 101~105, 1988.

(275)

#R% Clie £5% b

[5] Jun Wang, Ce Zhy, Chenwu Wu and Zhenya
He, “Neural network approaches to fast and
low rate vector quantization,” in Proc. IEEE
ISCAS'% vol. 1, USA, 199%5.

SriGouri Kamarsu and H C. Card, “Vector

quantization of speech using artificial neural

learning,” in Proc. IEEE Pacific RIM Conf.

Communications, Computers & Signal Proces-

sing, Canada, 19%.

Y. Linde, A. Buzo, and R. M. Gray, “An

algorithm for vector quantizer design,” IEEE

Trans. Commun., vol. COM-28, pp. 84~95, Jan.

1980.

P. -C. Chang and R. M. Gray,

algorithms for designing predictive vector

quantizers,” IEEE Trans. Speech,

Signal Processing, vol. ASSP-34, pp.679~690,

Aug. 19%6.

P. J. M. van Laarhoven and E. H L. Aarts,

Simmulated Annealing : Theory and Applica-

tions, Boston : D. Reidel Publishing, 1987.

V. Cerny,

the traveling salesman problem :an efficient

simulation algorithm,” preprint, Inst. Phys. &

Biophys., Comenius Univ., Bratislava, 1982.

[11] S. Kirkpatrick, C. D. Gellatt, Jr, and M. P.
Vecchi, “Optimization by simulated annealing,”
Science, vol. 220, pp. 671~680, May 1983,

[12] S. Geman and D. Geman, “Stochastic relaxation,

Gibbs distributions, and the Baysien restoration

of images,” IEEE Trans. Patt. Anal. Machine

Intell., vol. PAMI-6, pp.721~741, Nov. 1984.

K Zeger and A. Gersho, “A stochastic

relaxation algorithm for improved

quantizer design,” Electron. Lett, vol. 25, no.

14, pp. 83%6~898, July. 1989.

(61

[7]

[8] “Gradient

Acoust.,

(9]

[10] “A  thermodynamical approach to

[13]

vector

{140 K Zeger, J. Vaisey and A Gersho,
“Globally  optimal vector quantizer design
by stochastic relaxation,” IEEE Trans.

Signal Proc., vol. 40, no. 2, Feb. 1992.
[15] P. D. Wasserman, Neural Computing, NY : Van
Nostrand Reinhold, 1989.



36

[16] D. DeSieno, “Adding a conscience to competitive

leamning,” in Proc 2nd ICNN Conf, vol. I pp.

117~124, 1988,

H. Ritter and K Shulten, “Kohonen's self

organizing maps : Explorering  their comput

ational capabilities,” in Proc 2nd ICNN Conf,

vol. I, pp. 109~116, 1988

[18] E. Yair, K Zeger and A. Gersho, “Competitive
Learning and soft competition for vector

[17]

quantizer design,” IEEE Trans. Signal Proc.,
vol. 40, no. 2, Feb. 1992.
{191 N. Metropolis, A. W. Rosenbluth, M. N. Ro-

R 12 E(EER)

19924 : oliEtE ARFEED. 19954 : ol
i ARRFEIFEAAD. 2000 : ot HA
Tt FERAh. 19954 ~1996 « AojdAr £z e
o] Afa <BARop SAAEA, Az,

QEAF 2 A

Stochastic Relaxation W& o] 43 &2}l

AN XA

(276)

HE ofxbay] AA REHE A
senbluth, A. H. Teller, and E. Teller, “Eq-
uations of state calculations by fast computing
machines,” J. Chem. Phys, vol.21, pp. 1087~
1001, 1963,

[20] L. Holmstrom and P. Koistinen, “Using additive
in backpropagation training,” IEEE Trans.
Neural Networks, vol. 3, 1992.

[21] Y. Grandvalet and S. Canu, “A comment on

noise injection into inputs in backpropagation

learning, IEEE Trans, Syst., Man, Cybern., vol.

25, 199%.

7H
ZF &= HEgA)

19661 - AE st Ar)sta(Eah. 19724 1 A
g AAFIIIHFEAD. 1984 - meieEkal A=)
FTetalgahatal. 1968 ~19704 - ST ARRElw W=
# 198213 ~19834 : Columbia Univny. ZA9us
19873 ~1983d : INRIA PARIS A< 19924~
1994 AR 19733 ~8A] ol fdigte o

S <o $4UEA, $4, AAE o
747



