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<Abstract>

Unseen Model Prediction using an Optimal Decision Tree

Sungtak Kim, Hoi—-Rin Kim

Decision tree-based state tying has been proposed in recent years as the most popular
approach for clustering the states of context-dependent hidden Markov model-based speech
recognition. The aims of state tying is to reduce the number of free parameters and predict
state probability distributions of unseen models. But, when doing state tying, the size of a
decision tree is very important for word independent recognition. In this paper, we try to
construct optimized decision tree based on the average of feature vectors in state pool and
the number of seen modes. We observed that the proposed optimal decision tree is
effective in predicting the state probability distribution of unseen models.
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2. Binary decision tree
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e o) Fo}A threshold ZRTF 2L Z 9ol decision treed] FI7IE FA Tl
<1%Y 1> binary decision tree TXE UERHATL



i

u
b

120 2] #H45%

i

o O
0990
ot KOO
elstte
‘ Q: Isaright phone i ?
NO YES

Q: Is aleft phone v ? Q: Is a left phone o ?

YES

YES

<7173 1> Binary decision tree -4 ¢l

2.2. State tying o4&
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A tE Optimal tree2] A% & BILE}7] $43] baseline systemol A= F 141719
threshold 4t%! log likelihood gaing 5,300, 5,600, 6,000 2] 63002 & 3} state
F7F 1,541, 1,469, 1,357 28]3 130870 Al2®g FASIAT A" Optimal
tree 72 #S 17, 19, 21 2] 22& 8} baseline system®] state 59} F-3-3}
= 1,559, 1,433, 1,349 21213 1,3037019] stateE 7} = decision treed FAISle] Al
He PPt a8l ALEEHO A question set-> 47702 monophone 2= A 5
o]zl 94712] questionS AME3td AHPES FH3ACt State tyingS FH37] A, A
A state®] = 6,40870°]t}. Baseline A =HAA70A stated] & FLT+2
Aol FETr A o 21%2WEE AHRAS wWrt Bl M 'tk A
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<¥ 1> Baseline system¥ optimal tree based system®] state ol ©E A%

Baseline Optimal tree
Tied state & Tied state 5
Mixture < A A E(%) Mixture ANAE(%)
1 79.59 1 82.49
1,541 3 79.59 1,559 3 90.25
5 88.70 5 91.93
7 88.89 7 91.67
1 79.59 1 83.07
1,469 3 79.59 1,433 3 90.83
5 89.02 5 91.73
7 89.47 7 92.05
1 79.33 1 82.30
1,357 3 79.33 1,349 3 90.57
5 89.08 5 91.73
7 89.47 7 91.73
1 79.07 1 82.30
1,308 3 79.07 1,303 3 90.70
5 88.50 5 91.47
7 88.76 7 91.67

<¥ 1>& HY AL3 optimal treee AHE 739 Gaussian mixture Gl TA Y
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] Aol ¢S K&, ERR (Error Reduction Rate):= ¢F 24%o]t}. ofgf 1
HEE 29 AL optimal treeE ©l£Y AL %ol FAAHI, = Gaussian
mixture’} 3¢ WHE AAHAH H5E& EASE W baseline systemol A= Gaussian
mixture7} 5Y WEE AAH B & RAI

Word Recognition Accuracy

100%

95%
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5% L. ,—-I—Opun'al tree based ,

80% [~ e — | syster(1,869) L

78% o e e e e e ]

70%

1 3 5 7
The nurrber of Gaussian mixtures
<713 2> Baseline(state: 1,541)7} optimal tree(state: 1,559)¢) 2=}
e .
Word Recognition Accuracy
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} 100%
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| 90% <& - Baseline systemh 469)
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88% \—— Oplimal tree based :‘

80% (. system(1.483) &

75% f————————— — —— e ] '
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<2173 3> Baseline(state: 1,469)3} optimal tree(state: 1,433)2] A3}

—— e

Word Recognition Accuracy

100%
95%
0% |- - - Baseline system(1,357)
85% ~—— Optimal tree based
80% o syslem(1.349)
75%
70%

The nurrber of Gaussian mixtures

<719 4> Baseline(state: 1,357)3} optimal tree(state: 1,349)¢} A3}
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Word Recognition Accuracy

100%
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'78% - o = s ] i
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1 The number of Gaussian mixtures i
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<719 5> Baseline(state: 1,308)3} optimal tree(state: 1303)-»] s}
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A #ZrIEY FARE HUF, T2 EAHCE o] &3t7] 93] optimal treeE
TE3le WS AGsEch O 2H, &4 448 ol &3t A2HE F5EE 9
ALgH o] A= threshold & 141708 Al2=® 7HFAV A Z2ASA 43, state
pooldll U= B/ESHE|E9 H log likelihood FFH TVZHEH FE o] &3t vl
BE2rdEe A FEZ dZo 43 EAHHQ optimal treeEF TFEHY F YATH
oA optimal treeE THFOZHN oI P AU AF T 7193 A

FF o= optimal tree T5HE #3] AME]F weight 7<) 9] &E IS F
o BZ2edo APF e FHIHE QTS 3t3, ©] Jo}sl optimal reeE T
Sttt AE3HA o] HA Ge vASEAEY AH FEFESE 458 £
AT FFY A4E T Aotk
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