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Improved Decision Tree-Based State Tying In Continuous
Speech Recognition System
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ABSTRACT

In many continuous speech recognition systems based on HMMs, decision tree-based state tying has been used for not
only improving the robustness and accuracy of context dependent acoustic modeling but also synthesizing unseen models.
To construct the phonetic decision tree, standard method performs one-level pruning using just single Gaussian triphone
models. Tn this paper, two novel approaches, two-level decision tree and multi-mixture decision tree, are proposed to get
better performance through more accurate acoustic modeling. Two-level decision tree performs two level pruning for the
state tying and the mixture weight tying. Using the second level, the tied states can have different mixture weights based on
the similarities in their phonetic contexts. In the second approach, phonetic decision tree continues to be updated with
training sequence, mixture splitting and re-estimation. Multi-mixture Gaussian as well as single Gaussian models are used to
construct the multi-mixmre decision tree. Continuous speech recognition experiment using these approaches on BN-96 and
WSI5k data showed a reduction in word error rate comparing to the standard decision tree based system given similar

number of tied states.
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Fig. 1. Anexample of phonetic decision tree.
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oM xSyt AR A AL FEG(context) 52 EH3
A He A58 1317 959 outlier FHXE AHLS)
o 2 5P SRE oA] 33 2FsA 83 24 @)l

input: states pool of u phone
output: Z level phonetic-decision tree

(1) Find a node and queslion that Kive maximum gain in log likelihood.

(2) I xain exceeds threshold then split node into yea/no children and go to (1),

(3} Through the teaf list, find 2 apdes giving minimum decrease in log likelinood
when mengng. If the decrease is lower (han threshold then merge the sccond
node inle the first node.

(4) Compute (otel and splitting probability of all leaf nodes for the best questions.
Teset the (hreshold, and find a Iypical state(tatate) of each cluster.

(5) Do {1) and propagate tatate to splil nodes.

(6) Il gain exceeds new threshold then spéil node inte yes/no children and gs to (6).

(7) Through the lesf list. find 2 nodes giving minimum decrease in leg likelihood
when merging. If the decrease is Jower than threshold and the 2 nodes
have same tstate then do mesge else o not merge.

% 3 27223 29 &%
Fig. 3. Algorithm of two-level decision tree.
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Fig. 4, Pooled parameter for the pool of multi-mixture states.
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I 1. HUB4 3 WSI A2 A}k
Tabte 1. HUB4 and WS system specification.
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Table 4. The number of tied-states of 2 mixture decision tree.

HUB4 Ww3J
1 mix, free 2 mix. lree 1 mix. tree 2 mix, free
LEk 4 FEUDITS 4 HERD BE 3 YD) |
8983(500} 5144(1750) 3820¢360) 2990(1 £50)
9062(480) 5993(1650) 4310(310) 32111000
10520¢450) 6522(1550) 4770(290) 3754(800)
12050(400) 7082015000 * | 5010¢240) 4108(750) *
13840(360) 7421(1400)

AN AF
Table 2. The number of tied-weights for 7220 tied-states in
HUBA4.
Z1EA Fi-& A EE9x| oA AYES G
200 17.000
250 16,200
300 14,700
350* 14,100
400 12,400
450 10.600

2A% 23 EE AMR3 7HEA B4 ARE ERY
o o] P9 AF7E T/ ek MG 290 8 23R %
LA 26f0) SHHZF HRAck RS A 299 A
g A5FE §ol F7HA71A 8284 7R TR
8] AI-E A Fe)7) A Aeloh. HUBLE SiHNE

T 3. WSIAA] 4050 F-& 49 JYPol P FHAE F+# 71
S wy ANy
Table 3. The number of tied-states for 4050 tied-states in WSJ,

713N € #% £9x1] VR PgEy e
70 " 9,300
100 8,700
130° 7.900
200 - 6.100
250 4,700
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A7 238 viPol AN 8 Az AN A s ¥FS

E 5 9o 24 %2
Table 5. Comparison of word etror rates.

IE M 6 | 2 43 24 &9 ¥ €8 74 &9
HUB4| WsJ | HUB4 | WSi HUB4 | WSJ
7220 | 4050
% 4 A | 7220 | 4050 (14100) (7900) 7082 4108
o] 244(%)] 294 [11.2 27.3 8.8 27.0 9.2
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