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Abstract A new maximum likelihood training algorithm is proposed that compensates for weaknesses of the EM 

algorithm by using cross-validation likelihood in the expectation step to avoid overtraining. By using a set of suf 

ficient statistics associated with a partitioning of the training data, as in parallel EM, the algorithm has the same 

order of computational requirements as the original EM algorithm. Analyses using a GMM with artificial data 

show the proposed algorithm is more robust for overtraining than the conventional EM algorithm. Large vocab 

ulary recognition experiments on Mandarin broadcast news data show that the method makes better use of more 

parameters and gives lower recognition error rates than EM training. 
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M Initial model 

E-step 

M Final model 

E-step! 

I 1 Parallel EM training. SS(i) denotes the sufficient statistics $1 2 CV-EM training. M(i) denotes the i-th CV model estimated 

for the i-th data subset. without using the i-th data subset. 
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1 CER for development set and evaluation set 

Algorithm and data size 
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(21 4 Training set likelihood obtained in the E-step. 

tc 21 

-EM ̂ W 

"140 2 5 10 20 25 30 40 

Number of CV-folds 

5 Number of cross-validation folds and the model perfor 

mance. 

4.2 

* 1 

(CER) 

CV-EM iz 

), CV-EM 

EM 

EM J: »)J 

4. 

4.1 

ht 

, EM Oft*> *) K CV-EM 

-tr-y htCi5lt^>^^^7!i?18.9%^^ 18.4% 

2.6%O«l)^«rffiI«i-*ifc^tfJ5|5fe0 :o«ftli, NISTO 

Matched Pairs Sentence-Segment Word Error (MAPSSWE) 

test *fflw»;fc$£\ p=.O21 

5. 

[9], [l0]o 

: CV-EM {Zl\ C Is v * X, 

L^ «t - tztti* M -co+h 

Decipher -> 

-195-



frU CV-E 

CV-

CV-EM <F> E-step \Z j3 V > Xf# h fl Z> JLBt it ?!£■ if V * 5rt ^ W % <K ± U ft it % — %£ # # Department of Electrical 

Engineering, University of Washington (Seattle, Washing 

ton, U.S.A) &XIF International Computer Science Institute 

(Berkeley, California, USA) Uif ft^U, 'ftfotltZo 

- £ ri? oJtfc t ft & ft £ CV-EM fgtt#f- HR0011-06-C-0023 U J: ») 

5: itt 

< ft£ t £ &{-&? tt I1] T- Hastie. R. Tibshirani, and J. Fliedman. "The Elements 

lll$£r&*'mt^T^-m of Statistical Learning", Springer-Verlag, (2001). 
wx3£Vht:m <*.■?-& ^ A p Dempster, N. M. Laird, and D. B. Rubin, "Maximum 

fc#>U CV-EM Ofg^li EM ̂ IS^Uilr^ LTV> < ^ likelihood from incomplete data via the EM algorithm", J. 

of the Royal Statistical Society, Series B 39, No. 1, pp. 1-38 

(1977). 

[3] H. Melin, J. W. Koolwaaij. J. Lindberg, and F. Bimbot, 

Z CV-EM i)* EM £l Jfcf£ L ~C «£ 0 <£ V^fS^^-^-x. "A comparative evaluation of variance flooring techniques 

in HMM-based speaker verification", Proc. ICSLP, Sydney, 

pp. 2379-2382 (1998). 

CV-EM ̂ XmHU^LTdl^L^") %Xmt LTIi, § j4j s Chen and p s Gopalakrishnan, -'Clustering via the 

Bayesian Information Criterion with applications in speech 

recognition", Proc. ICASSP, pp. 645-618 (1998). 

[5] K. Shinoda and T. Watanabe, "Acoustic modeling based 

on the MDL criterion for speech recognition", Proc. Eu-

roSpeech, pp. 99-102 (1997). 

[6] T. Shinozaki, "HMM state clustering based on efficient 

cross-validation", Proc. ICASSP, Toulouse, Vol. 1, pp. 

1157-1160 (2006). 

[7] S. Young et al.. "The HTK Book", Cambridge University 

Engineering Department (2005). 

[8] M. Y. Hwang, X. Lei, W. Wang, and T. Shinozaki, "Inves 

tigation on Mandarin broadcast news speech recognition", 

Proc. ICSLP. pp. 1233-1236 (2006). 

[9] L. R. Bahl, P. F. Brown, P. V. de Souza, and R. L. Mer 

cer, "Maximum mutual information estimation of hidden 

LT(i% CV-EM £l&^jitED& <h*£ 3: £*£ &ffl Markov model parameters for speech recognition". Proc. 

- t *, a«Bl-W+*a»*t«. r h *** r > ICASSP, pp. 49-52 (1986). 
[10] D. Povey and PC. Woodland, "Minimum phone error and 

i-smoothing for improved discriminative training". Proc. 

ICASSP, Vol. 1, pp. 105-108 (2002). 

[11] H. Soltau, B. Kingsbury, L. Mangu, D. Povery, G. Saon, and 

G. Zweig. "The IBM 2004 conversational telephony system 

for rich transcription", Proc. ICASSP. vol. 1, pp. 205-208 

(2005). 

[12] C. J. Leggetter and P. C. Woodland. "Flexible speaker 

6. 3c t tf) adaptation using maximum likelihood linear regression", 

Proc. Eurospeech, pp. 1155-1158 (1995). 

[13] A. Gunawardana and W. Byrne, "Convergence theorems for 

generalized alternating minimization procedures", Journal 

fl CV-EM <7)H of Machine Learning Research, Vol. 6, pp. 2049-2073 (2005). 
[14] S. Waterhouse, D. MacKay, T. Robinson, "Bayesian Meth-

•o\ir nji»R«i#^ii -r» ,1 -fu-ft ods for Mixture of Experts", Proc. NIPS8. pp.351-357, 

(1995). 

-196-


