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Abstract

The goal of a search algorithm in continuous speech recognition is to find the
best time alignment sequence according to a certain objective function based on the
specific speech input. In this paper the time synchronous search algorithm is studied
deeply. The commonly used pruning strategies and language model look-ahead
techniques are also discussed. Based on these, the following aspects of work are
done:

1. Acoustic level error analysis

In order to investigate the errors in our speech recognition system where the
usage of language model and acoustic model is separate, we define two sets of judge
rules to perform the error analysis task. Using these judge rules, we can efficiently
find the most important factors that influence the performance of the system and
know how to improve it. To achieve this, we define five types of errors according to
different search algorithms. All the errors defined can be distinguished by
comparing the search results given by these different search algorithms.

2. State duration modeling and its application to decoder

The geometric distribution is embedded in conventional HMMs. It is not
suitable for the describing of the true state duration distribution and may result in
either too short or too long words occurring during the speech recognition procedure,
hereby decreases the performance of a decoder. So other exponential distributions
are introduced to model the state duration distribution. These distributions include
the Normal distribution, the Gamma distribution and the Poisson distribution. Their
parameter estimation method and application to decoder are discussed. The
performance of our speech recognition system can be improved by about 2 percent
with little overhead.

3.The implementation of a word graph search algorithm

The language model must be as fully used as in a search algorithm to achieve
more efficient pruning. So we implement a one pass search algorithm that uses the
acoustic model and the language model in one pass. But the trigram language model
can not be easily incorporated into it for the practical consideration. For this, we
implement a word graph search algorithm that can use complex language models



and get promising results. The data structure of the word graph and the word graph
generation algorithm are given, the word graph search algorithm is also presented.
The experimental result indicates that the word graph search algorithm can use the
language model efficiently and its time consumption is very small.

Keywords: continuous speech recognition, judge rules, state duration modeling,

word graph search algorithm
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SR Speech Recognition

1.1

1 SD, Speaker
Dependent SI, Speaker Independent

2

3

1.2



FFT LPC LPC
LPC CEP MELCEP ARCEP DeltaCEP LSP

. VQ Vector Quantization
CDN Central Distance Normal
MGD Mixed Gaussian Distribution
. HMM Hidden Markov Model
SPM  Segmental Probability Model
CDCPM Central Distance Continuous Probability Model
ANN Artificial Neural Network

4 [Ho 1998, Zheng 1998]

* DTW

. HMM Viterbi

. MLP Hopfield NN SOFM
TDNN RNN Fuzzy NN Chaos

° HMM
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Pr(W1 Wy | X, e Xq ) [Bahl 1983]

Pr(w, ---wWy ) -Pr(X, ---X; | w, ---W,)
Pr(Wl--oWN |X1“'XT): 1 N 1 T i N

Pr(x,---X;)

(2.1)

Wy =argmax Pr(w, -~ Wy | X, -+« X;)

Bayes
1 Pr(w, ---w,)
Pr(WlN ) PI‘(Wn | Wy - Wn—l)
Pr(w, [w,---w,) Bigram Trigram

Pr(Wn |W1“'Wn—1) = p(Wn |Wn—1) (22)
Pr(Wn |W1“'Wn—1) = p(Wn |Wn—2’Wn—1) (23)

2 Pr(x, -~ X; | W+~ Wy)



HMM

[Paul 1992, Aubert 1994]

1997, Zheng 1999-1]

DP

2.1

Bayes

HMM

w' =argmax{ P(w')- > P(x{,s/ [w') |

=argmax{ P(w')-maxP(x/ s/ |w"') }
T T N 1 N
p(xl 1Sy |W1 )=H p(Xt'St |St—1’W1 )
t=1
I N
= H[p(st |St71’W1 ) p(Xt |St)]
t=1
Vlterbl [Jelinek 1976]
5

[Lee 1989, Ney

(2.4)

(2.5)



search hypotheses

Beam
2.1.1 DP
linear lexicon (tree lexicon)tHaeb 1994.Ney 1992
Ortmanns 1995, Mitchell 1997] 21 29
( Bigram) W
Bigram

2.1

w \'

Schwartz
[Nguyen 1999]



Bellman (Bellman’s principle of optimality)!®¢ma"

1957]
A/SXW?, W4
W acbW acW, a W b
2.2
2.1.1.1
Q,(t,s) t v
B, (t,s) t v S
Q, (t,s) = max{p(x,,s|s)-Q,(t-1s)}
B, (t,s) = B, (t—1 5™ (t,5))
sy (t,s) Vv (t,s)
Vv
w

(2.6)
(2.7)
B, (t,s)



W \Y

H (w;t) = max{p(w|v)-Q,(t,s,)} (2.8)
S, w
t
Q,(t-1s=0)=H(v;t-1) (2.9)
B,(t-1s=0)=t-1 (2.10)
2.3
(tree,state)
= Q,(t—-1s=0)=H(v;t-1)
B,(t-1,s=0)=t-1
= DP Q,(t,s)
= B, (t,s)
= bookkeeping
“Single best”: w
- H (w;t) = arg max{p(w|v)Q, (t, S, )}
Vo (w;t) = arg max{p(w [V)Q, (t, S,)}
= V, =V, (W;t)
= 7,=B, (t,S,)
“Word graph”, (v,w)
= r(t;v,w) =B, (t,S,)
= h(w;z,t):=Q,(t,S,)/H(v;7)
2.3
DP
bigram
(v, w)



2.1.1.2

LVCSR DP
HMM 20 000
Bigram HMM
20k*65k*6=7.8*10°

3 [Steinbiss 1994]

1 Acoustic pruning

Qac ()= rpvg;<{Qv (t,s)}

Q,(t,8) < fac - Qac(t)
Q,(t,s)

2 Language model pruning

Qu ()= max{Q, t,s =)}

Qv (t1 S= 0) < fLM 'QLM (t)
(t,s=0;v)
3 Histogram pruning

M Sta M Sta

[Steinbiss 1994]

DP

10 000

65 000

M Sta

(2.11)

(2.12)

(2.13)

(2.14)



Look-ahead [Ortmanns 1997]

2.4
Bigram p(wW|V) Vv s
7, (8) = max p(w]|v) (2.15)
W (s) S
(t,s;v)
Q,(t,s)
Q,(t,5)=7,(5)-Q, t,5) (2.16)
Qe ()= max{Q, (t.s)} (2.17)
Q,(t:5) < fae -Que (®) (2.18)
(t,s;v)

max{p(w | v)}
weW(s)

W)

2.4
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Look-ahead LM look-ahead
[Antoniol 1995, Aubert 1994, Austin 1991, Odell

1994, Ortmanns 1997]

2.1.2
cache [Kuhn 1990] trigger [Tillmann 1997] Iong-range
trigram [Pietra 1994]
Beam
w t
[Schwartz 1991] um u u
1 m-1 m
u?
1 t ur, =(v,w) Beam
2
a) 7(t;v, w)
b) h(w; z(t;v, w),t)
3
DP
z(t;v,w) = B,(t,S,) (2.19)
v r=17(t;v,w) w
h(w;z,t) = M (2.20)
H(v;7)
H (w;t) = max{p(w|V)-Q, (t, S,,)} (2.21)
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2.2

N-Best
stack

Priority queue

1998]

N-best

N

lattice
(Last-In-First-Out, LIFO)

[Renals 1996]

Markov
Viterbi

A*

12

a

Stack decoder

[Soong 1991] c

[Robinson

Markov

LM lookahead



80%
(CDM, Chinese Dictation Machine )
70%
CDM

3.1

3.1.1
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Recomnition

Aooustic Model End—point State Decoding
Errors Detection Errors Errors
3.1 3

3.1.2

Easytalk2000
Merging-Based Syllable Detection Automation

Energy) (Zero Crossing Rate)

MSS

Errors

Easytalk 2000[“"ens 1999-2]

Viterbi

MBSDA

Speech End Point Detection

(Short-term Frame

(Pitch Contour)

Merged Similar Segment,
MSS



1) 0

0
(2)
MBSDA
0
(3)
MBSDA
% 12 1~1 213 7///////////' 7] Silence
f f f % Segment
0-SP 1-SP 2-SP 1~1 | "ot
SP: Splitting Point
3.2
3.1.3 Viterbi

15



EasyTalk 2000

SKB-FSS" 19%8](statistical Knowledge Based Frame Synchronous Speech

Algorithm)

CDCP M [Zheng 1996]
1 SDD

SDD(State Dwell Distribution)
32ms 16ms

[ Dmin ! Dmax ]
Viterbi

DSDD
2 DSDD

SDD

Differential State Dwell Distribution

[dn dra] 0

m _ fltMinStateDwell
m _ fltMaxStateDwell

m_ fltMinStateDwell = (1.0 — Betal) x nDatalLen/(NUMOFSYLSTATES
xm_ nMaxNumOfSyls)

16

DSDD

(3.1)



m_ fltMaxStateDwell = (1.0 + Beta2) x nDataLen/(NUMOFSYLSTATES

3.2
x m_ nMinNumOfSyls) (3:2)
Betal Beta2 0.2 1.5 nDatalLen
NUMOFSYLSTATES 6
m_nMaxNumOfSyls ~ m_nMinNumOfSyls
s>0 DG
[D(S—l) +d® ’ DGD 4 g® ]
DSDD 0
EasyTalk 2000
3.2
W, CDM(EasyTalk 2000) W, wav
WI’ WO
We
PXXX (\Nr ) PXXX (We ) XXX WI’
We
1 A
Viterbi
I:>cep (Wr ) Pcep (We)
2 B A Viterbi
Wave

17



Pwav (Wr ) PW:’;IV (We )

EasyTalk 2000

(FSS)
Pfss (Wr ) Pfss (\Ne)

3.2.1
A
(Acoustic Model Error, AME)
B
AME (Syllable Splitting
Error, SSE)
C Viterbi
B
1
(Syllable Range Error, SRE)
Pran (Wr) Pran (We)
2
EasyTalk 2000
(Level-Two Splitting Error, TSE) P..W,)
Psec (We)

18



(Acoustic Search Error, ASE)

cep(VV)>

1 < 2 <0

1 Cep(\N ) cep(VV )
2 WaVM) WaVM)
3 Pfss (Wr) - Pfss (We)
4 sdc(W) sdc(W)
5 ran(W) ran(W)
6 sec(W) sec(W)
3.2.2 A
1 1 <0
Peep W)
W, =W,
Pce|o Wy) < Pce|o (We)
2
cep(W ) wav(W )

P

Viterbi

AME
Wo
cep (W )
W, =W,
SSE
wav (W )
Pcep (We) Wav (\N )

cep(W ) > cep(W)

19

sdc (Wr ) Psdc (We )

PWElV (Wr )



PW{:lV (\Ne )
SSE

3

I:)sdc (X )

ASE

5

Viterbi

3.2.3

0 3 <0

< 4 <0 ASE
X Wr We Pfss(x)
3 4
3 x 4
< 5 <0 SRE
Viterbi
(SRE)
< 6 <0 TSE
B
<0 AME
AME
>=0 2 <0 SSE
SSE AME
1 >=0
2 <0

ASE

20



4 1 >=0 2 >=0 5 <0 SRE

1 2 0
5 SRE
5 1 >=0 2 >=0 6 <0 TSE
A SRE
3.2.4
A
SRE
SSE
B
A
B B
3.3
4 17
MFCC  ARCEP 34
863 MO0 MO02 ™MO03 MO04 MO5 MO6 M18
M20 M21 M22 M24 M25 M26

A

21



3.3.1 A
3.1 3.2
3.1 A
People AME SSE ASE SRE TSE
MO0 0.182 0.060 0.530 0.198 0.079
MO02 0.165 0.046 0.511 0.031 0.050
MO03 0.298 0.067 0.536 0.065 0.083
MO04 0.088 0.050 0.503 0.058 0.079
MO5 0.098 0.054 0.545 0.061 0.065
MO6 0.142 0.052 0.522 0.031 0.069
M20 0.226 0.069 0.468 0.274 0.052
M21 0.205 0.031 0.505 0.250 0.038
M22 0.225 0.046 0.511 0.192 0.069
3.2 A
People | AME | SSE | ASE | SRE | TSE
M24 | 0.324 | 0.094 | 0.474 | 0.131 | 0.046
M25 | 0.363 | 0.102 | 0.457 | 0.144 | 0.102
M26 | 0.257 | 0.086 | 0.407 | 0.232 | 0.090
3.1 AME
SSE
ASE
SRE

TSE

22

SRE



3.3.2 B
3.3 3.4
3.3 B
People AME SSE ASE SRE TSE
MO0 0.182 0.033 0.250 0.182 0.046
MO02 0.165 0.035 0.167 0.021 0.035
MO03 0.298 0.046 0.244 0.027 0.060
M04 0.088 0.044 0.219 0.056 0.060
MO05 0.098 0.042 0.223 0.052 0.056
MO06 0.142 0.042 0.211 0.027 0.056
M20 0.226 0.044 0.202 0.265 0.023
M21 0.205 0.023 0.246 0.234 0.017
M22 0.225 0.023 0.180 0.179 0.038
3.4 B
People | AME | SSE | ASE | SRE | TSE
M24 0.324 | 0.073 | 0.276 | 0.125 | 0.013
M25 0.363 | 0.061 | 0.152 | 0.111 | 0.036
M26 0.257 | 0.056 | 0.142 | 0.215 | 0.061
AME

23
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3.4

CSR

24

20
SKB-FSS

CDM

30%



4.1

[Rabiner 1989-1]

4.1

Syllable Ngram

HMM

HMM

z,A B
B
a'iti71 (1 - aii)
a;i I t
4.2
4.1
/bai/
HMM

25



90
80 —&—

70 / A ——

60 7
50 %- \

40 —;

30 — -
20 \\
10

4.1 (/bail)
4.2
HMM
d (), t=12,...,t  t Ferguson  d,(t)
Baum Welch [Ferguson 1980]
i i d; (t)
t
Russell Levinson Markov

Semi-Markov Models. HSMM [Russell 1985, Levinson 1986]

Gamma (Normal Distribution)
(Poisson) 4.2

Rabiner
[Rabiner 1989-2]
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Viterbi

0.9

0.8

o7

0.6

Gamma

0.5}

4.2

Gamma Normal, Poisson

600 = et

u
u=E(x),c% =Var(x)

Gamma
—AX n-1
d () = 28T
(n=1)!
A n

27

(4.1)

(4.2)

(4.3)



_E® | _E

- 1] - (4.4)
Var(x) Var(x)
d(x)=e" A (4.5)
X!
A
A=E(X) (4.6)
4.3 4.4

4 m/a/

3.5 W /shang/
3 m/po/

2.5
2 14

1.5
1

0.5f
0
8 m/a/
7 W /shang/
6 m/po/
5
4
3
2 14
1 I
0




HT K [Young 1995] .

Token Token
Token passingln 199
dur HTK HINIT
HMM
Viterbi
K
dur
1 N
E(X)=-=">_dur
N iz
1 N 1 N 2
D(X) = E(X?)—E?(X) == Y dur? | = dur
N = N
42 44 46
4.3
s = s+axlog(d; ()

S : 4,(x)

X Token dur
4.9

29

HTK

4.7)

(4.8)

(4.9)



M q

qa

t qg t+1
D, (t)
1 qg=q D,(t)<M, t+1 P=0
2 q=q D,(t)>=M,
P =log(d, (D, (t+1))) —log(d, (D,(t)))
3 q#q Dy(t) <M,
P =log(d,(D,(t)))
4 q#q Dy(t)>=M,
P =log(d,(M,))
Mq Mq
Mq
Mq
di(Xl):di(Xz) Xy < X, Xy
M, X
(4.9
(4.10) (4.11) (4.12) I
4.4
8 863 10
863 3 9 MFCC

30

(4.10)

(4.11)

(4.12)



ARCEP DeltaARCEP 30
4.5
Da=1 |
41 a=1 |
Baseline Normal Gamma Poisson
People
%Corr | %Acc | %Corr | %Acc | %Corr | %Acc | %Corr | %Acc
M24 69.08 67.46 70.40 69.17 70.48 69.35 70.30 69.19
M25 61.44 59.77 62.46 60.48 62.50 60.60 62.39 60.55
M26 69.33 68.93 70.24 69.65 70.53 69.50 70.08 69.80
2) a M24
42 « |
0.3 0.5 0.8 1 3
%Corr | %Acc | %Corr | %Acc | %Corr | %Acc | %Corr | %Acc | %Corr | %Acc
68.90 67.31 70.14 69.31 70.34 69.13 70.40 69.17 67.37 67.10
BRa=1 11
43 a=1 ]
Baseline Normal Gamma Poisson
People
%Corr | %Acc | %Corr | %Acc | %Corr | %Acc | %Corr | %Acc
M 24 69.08 67.46 70.81 69.65 70.97 69.96 70.71 69.68
M25 61.44 59.77 63.18 61.26 63.25 61.30 63.10 61.20
M26 69.33 68.93 70.73 70.15 71.05 70.05 70.50 70.21

31




4.6

4.2

32
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HTK Token passing

HMM
HMM
Token passing
Token 0 t 0
Token
HMM
Token Token
Token
HTK
5 6
Trigram
HTK
Trigram
Bigram
Trigram

33



5.1

5.1 LVCSR

Integrated search

Bigram
Word graph Word graph rescoring
Trigram
5.2
Bigram
HTK HINIT HREST
HEREST TrilF IF
50000
TrilF “
E “b+a0”“b-a0+c”“ao-c+an,,“c-an”
Cross-word [Beulen 1999]
Look-ahead
Look-ahead IF Look-ahead Look-ahead

Bigram

34



Look-ahead
IF Look-ahead

TrilF
[04
(94
parent node a—>a
q(a:t, At) THIF «
TrilF
TrilF look-ahead
t (a,V)

Q.(t.a) =@t AD-Q, (.5 )

S TrlF o

QLM Quta)
6v(t)a) < fLA 'QLA(t)

(@)

Q, (t,a) < Q_,(t) — plaThresh

plaThresh
IF Look-ahead

5.3

(a,e,w,s,,t,t.)

t,,t

TrilF
beam search
TrilF
look-ahead TrilF
TrilF TrilF
(94 (24
pronunciation lexicon
Xt+l""’ Xt+At At
glait. At Q, ()
(5.1)
(5.2)
fia TrilF look-ahead
(5.3)
plaThresh
70
a,e W
SW W [ta'te]

35



HMM

5.2
) L 3 ce aa
2 3 4 <« »» 35
3 7 8 << SIL>” 6 8

€< _SIL*”

e Graphnode node[MAXGRAPHNODE]
e Grapharc arc[MAXGRAPHARC]
 int linkMAXGRAPHARC]

e int offsetft MAXGRAPHNODE+1]

* intnodeNum

* intarcNum

MAXGRAPHARC MAXGRAPHNODE

Graphnode
* int nodeldx
e inttimeld

36



float maxScore

Grapharc

float likeScore
int wordldx
char wordString[20]

HTK Path
path *prev
LogDouble like

LogFloat Im
DWORD nodeidx
int frame

Boolean used

int usage

path *link

path *knil

5.1 3

Trigram

10

37

Path



5.4

inst

1 inst->nodeidx inst inst token

src  dwHistoryld nodeidx arcidx

. dwHistoryld arcidx instl
. instl instl Trigram

inst1->nodelm *

. src src->like  += instl->nodelm +

wordgraph.arc[arcidx].likescore

. src->like > instl->state->like token src instl
0**
. inst1->like wordgraph.node[instl->nodeidx]
. * ** instl
2
}
2
Trigram
Bigram

38



5.5

TrilF 863 70
863 2
2 16 MFCC
ARCEP 34 521
1)
5.1
MO0 M08 M1l M16
68.4% 80.2% 66.0% 50.0%
69.0% 80.7% 67.6% 52.6%
MO0 MO8 M1l M16
2)
M16 100 m16c1041.mfc
m16¢1140.mfc Trigram
Bigram
5.2
| I
41 62 108
44.9% 42.3% 43.8%
Trigram
Trigram
I 1
I
Trigram
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Trigram

5.6
1 Trigram
5.2
Trigram
2 Long-span
Trigram
Long-range  Trigram
3
5.1 MO0 M16
MO0 MO8 M11 M16
M11 M1l6
Bigram

Trigram
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