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The Application of an HMM-based Clustering Method to
Speaker Independent Word Recognition

4 ¥, o7& gL oW

(H. Lim*, S. Y. Park*, M. W. Bang*)

2 o

£ =g gol§ Hidhes Wilel A4 te A5 Hol g T FFHAEE B4l FAHA 2dR S 79
7] #13l) HMM & 71222 stE P8 & AN €3 7jdd ¥y oz 25 doj3 HMMAE e nyig &
Sg34al D go] A4 S4BTk '

HMM 8 23 S5 vol8R FE oj8 FAR 50 3L FARE 2 85395 % 2aldid 42 ¢ JAve @
X o] Fduld de BZITE 01§43l M2 2dHS FgA7s Ptk Jes A3 uEsed Hae §4}
EE zhe 299 I BEEEE A 2u3tz Al 8IS0 et 42 RdE AP V2 AR
Agtt, 2einzg of Adg Wi Y 33 gelvje FAo] AN Gs)ol A& el 9 Jas} PEuo oS
A& Ho] At

AY A HMMol o @ Fdst why o) 71&9] dede] o) D8} winrl 09 €38 A4 NN 1.43%9] Q4§
€ $3E £ AN 9 B9 AHERTE 2.08%9) QA Eol TG

ABSTRACT

In this paper we present a clustering procedure based on the use of HMM in order to get multiple statistical
models which can well absorb the variants of each speaker with different ways of saying words. The
HMM-clustered models obtained from the developed technique are applied to the speaker indepgndent isolated word
recognition,

The HMM clustering method splits off all observati.a sequences with poor likelihood scores which fall below
threshold from the traiming set and create a new modej out of the observation sequences in the new cluster.
Clustering is iterated by classifying each observation sequence as belonging to the cluster whose model has the
maximum likelihood score, 1f any cluster has changed from the previous iteration, the model in that cluster is
reestimated by using the Baum-Welch reestimation procedure, Therefore, this method is more efficient than the
conventional temptate-based clustering technique due to the integration capability of the clustering procedure and
the parameter estimation,

Experimental data show that the HMM-based clustering procedure leads to 1.43% performance improvements
over the conventional template-based clusteriug method and 2.08% improvements over the single HMM method for

the case of recognition of the isclated korean digits.
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