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A Variable Weighting Based Training Data Selection Method for

Discriminative Training of Acoustic Models

CHEN Bin’ NIU Tong! ZHANG Lian-Hai' LI Bi-Cheng? QU Dan'

Abstract By combining the phone posterior and phone accuracy, a data selection method based on variable weighting
is proposed to improve the discriminative training performance of the acoustic model for continuous speech recognition.
Firstly, the word lattice is reduced by using a posterior-based Beam pruning method, and for each hypothesis word a weight
is derived from the word error rates of the path containing that word with the posterior. Then, each pair of confusing
phones is variably weighted according to a phone confusion matrix, and the modified phone accuracy is calculated by
applying those weights. Finally, the distribution of the expected phone accuracies is estimated and all competing arcs
are soft weighted using Gaussian functions. Experimental results show that compared with the minimum phone error
criterion, the variable weighting method not only improves the recognition rate by 0.61 %, but also reduces the required
training time.
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K i FERITE AT AR AL (%) BUE
1~10 11.77 27.84
11~20 6.79 16.06
21~30 4.88 11.54
31~40 3.56 8.42
41~ 50 3.25 7.69
51~ 60 2.95 6.98
61~70 2.62 6.20
71~ 80 2.37 5.61
81 ~90 2.13 5.04
91 ~ 100 1.95 4.61
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Fig.2 The illustration of phone accuracy calculation
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Fig.3 The Beam algorithm
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Table 2  The lattice word accuracy with
different Beam (%)

Beam LLBeam PPBeam
80 72.45 74.37
90 73.41 74.74
100 74.52 75.89
150 75.18 76.11
200 75.84 76.19
250 76.11 76.19
300 76.18 76.22
400 76.18 76.19
500 76.16 76.22
1000 76.21 76.22
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HET i U A< s A S Y1 B AR v AR A A U
RELESE 4.4 e,

*£ 3 ANIA Beam fH T (19 B AR K /N

Table 3  The lattice size with different Beam
Beam LLBeam PPBeam
80 65.1 M 98.4 M
90 98.5M 163.8 M
100 148.6 M 1.10G
150 1.3G 391G
200 11.63 G 9.97G
250 22.3G 16.2G
300 314G 294G
400 36.1G 39.6G
500 39.6 G 421G
1000 53.2G 52.1G

4.3 BEFREGEEMNHMEZEHETELLR

B TRE R BINBNER ] MPE b & R %
TSR VUSRI 4 Pros. drl&l 4wk, ASCHE
A AT ST VA RE A ROt B R P RE, AEIA AR
BRIy, PERER S i SO W] . DEWTIE L 5% A
1 D TRV FOM K0 REde e AR U3 1R e,
R TR RS SRS ZHERf T ST R

Bl4 B TRERE BB MPE & H#HEH R 15N
BUNPERE
Fig.4 The performance of phone accuracy calculation

based on confusion information weighting and MPE
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Fig.5 The weighting function based on expected

phone accuracy
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¥ {1 40 %

Beam 59487 i) &1, 76887 5 10 B L, AR
FOJG B 20 ik i 93 & I (PPBeam+PPW);
RV S BT 5 Z ORI AR B AL (PP-
Beam-+PPW-+CIW); o i+ 16 ] 82 5 R UEff 5 1)
L (PPBeam+PPW+CIW+EPAW), J 15 3 ik
[16] TV REHEAT T X EE.

Fa  FET VPP OB RUNEER (R (%))

Table 4 ZMPE

The recognition accuracy upon -y,

weighting (accuracy rate (%))

ERUE MPE Ja BRI 185 3 IE S AL PR B I

1 74.31 74.46 74.40 74.59
2 74.87 75.13 74.98 75.13
3 75.23 75.81 75.34 75.61
4 75.42 76.09 75.75 76.17
5 75.56 76.28 76.26 76.55
6 75.78 76.42 76.35 76.56
7 75.89 76.41 76.33 76.56
8 76.03 76.38 76.36 76.57
9 76.11 76.40 76.34 76.56
10 76.16 76.40 76.34 76.57

%

76.8 =
76.3F
75.8F
Bossl —— MPE
&0 —=— SCHR[L6]
—+ PPBeam+PPW
74.8F —— PPBeam+PPW-+CIW
—«— PPBoam+PPW+CIW+EPAW
743 L L L -

1 2 3 4 5 6
BAURH

Bl 6 Ao AN SR INBU AR E fE

Fig.6 The recognition accuracy by combining different

7 8 9 10

data selection and weighting methods
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