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Abstract

In this paper, in-depth research on the following aspects of Language
Modeling (LM) is described: data sparseness, domain-dependence, huge

model size problems and decoding speed. The achievements are as follows,

1. A Poisson Process Hypothesis based on Katz smoothing is proposed.
First, hypothesis testing is used to prove that the occurrences of an n-gram
unit in the corpus conform to the Poisson Process. Second, the confidence
intervals for units with different occurrence counts are constructed, which
leads to the conclusion that the confidence intervals for units with low
occurrence counts are much bigger than those for units with high occurrence
counts, and thereby the reliability of the probabilities for units with different
occurrence counts varies greatly. Consequently, a reliability factor for
smoothing is proposed to catch this information. In order to prevent those
units with low reliability from being overactive, their probabilities are limited.
Experiments show that this method can reduce both the perplexity of a
language model and the character error rate in both speech recognition and

Pinyin-to-Hanzi conversion.

2. An online incremental language model adaptation method is presented.
Conventional LM adaptation methods are static or half-static, meaning the
corpus produced by the users of an application is not used. In this paper, my
online incremental LM adaptation method updates the model parameters
online via the proposed MAP method, according to the language data
produced by application users. In order to speed up the adaptation, a dynamic
weight factor is established. A method for controlling the parametric
oscillation is provided to guarantee that the correct updates will remain while
the improper updates will be amended. Experiments show that the new
adaptation method can reduce the character error rate in Pinyin-to-Hanzi

conversion.



Abstract

3. A novel language model compression method is also put forward. In
this paper, a new method based on probability pruning and ranking is applied
to language model compression. Because the probabilities of the units
surviving pruning are in good order, it is appropriate to utilize the rank-based

method. This compression method is proved by experiments.

4. A multi-layer framework for language model-based applications is
further illuminated. Moreover, decoding algorithms based on syllable or
Pinyin input are brainstormed. Experiments show that these algorithms
achieve very good decoding results with a very small beam width; even better,
their low memory-requirement and fast decoding speed make them very

effective on embedded devices.

Key words: Statistical Language Model, LM Smoothing, LM Adaptation, LM

Compression, Decoding Algorithm
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TFIDF [50]
(Term Frequency) ftf. J

1

i j
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unigram



IDF (Inverse Document Frequency)

]
idf, = -
J
TFIDF
TFIDF,; =tf; log(idf))
TF IDF
TFIDF
IDF
o Z tfidf, *tfidf
Similarity(D,, D;) = : J >
. 2 H
\/Zk(tﬂdfik) *Zk(tfldfjk)
(
)
[46]
3.1.3
)

-41 -

(3.1.3)

(3.1.4)

TF
IDF

(3.1.5)



(Maximum Entropy Models)

[11, 51]

fi(X)

2. PX)(X)=FE

fi(X)
n-gram
unigram
1 W=W,
f — 1
-]
> fu(w)/N

-42 -

n-gram

(3.1.6)

P(X)

trigram bigram unigram

(3.1.7)

(3.1.8)



(Divergence Function)
P(X)

;P(X)Iogm

[52]
P(X)oc [ Tu,"

u.

Ronald Rosenfeld

-43-

(3.1.9)

3.1.10)

3.1.11)

[11]

(1]

[11, 53-58]



3.2

3.2.1

3-1

3-1

[59]

1)
2)

3) OCR
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3-2

3-2



3-2

3-2

3.2.2

MB GB

2.6MB(
51,158

3-1

OCR

500

3-1
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C ) (%)
0 70.44
156 71.95
299 74.43
595 80.68
1,196 82.18
2,530 85.83
5,083 87.37
10,156 87.65
20,331 88.59
40,621 90.52
81,250 91.61
162,507 92.64
325,012 93.28
650,015 93.87
1,300,013 94.87
2,600,006 95.01
(%)
84
82 -
80
78 //
76
74
72
70
68
200 400 600 800 1000 1200 1400
C )

3-3
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- 1MB
30MB

3.2.3 MAP L

[60]

Discrimination Information)!®®%

(Maximum a Posterior) [59]

h P(w|h)

¢ {th|W€W,h€H}

’ MAP

-48 -

Z’hW

(Minimum

(3.2.1)

P(#1X)



¢MAX [64]

(I)MAP =arg maXP(X |¢)P(¢) (3_2.2)
o
X P(¢)
MAP P(¢) P(¢)
dmap
X
MAP Dirichlet [65, 66]
n
(Py Py )
Dirichlet
n (Py Py )
o 1 0
P(¢) = Dirichlet(P;U) =——] | p"* (3.2.3)
Z(U)li;[
U n Z(U)
1 PPy P >0 > =1
i=1
U, Uy,..,u, >0 ( ) U i 1
0 1
( p) Dirichlet
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& & (S

u=u,=1 u=u,=10 wu, =u,=100 u=71 u,=31

3-4 Dirichlet U,

i 1 1 e €

P+ P, =1

& & 1( ) (P Py)

€, (P p2) (0.5,0.5)

3 2 3 (pub,)

(0.5,0.5) 4 e e

ppdf . p

(0505 @ -
ygﬂff P1

1.0/

f'pl

1 10 2 10

- 07,03\

P1

3 10 4 10
3-4 Dirichlet

3-4 Dirichlet
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Y P(wlh)=1 u, >0(u,, hw

wew

Dirichlet

P(¢) = Dirichlet(P;U) = ——— ] P
(U)WEWhEH

Unhw :Cfg-\li-v) +1 (WEW,h € H)
Chv (h w)
hw = (h, w)
P, [ P(wlh),

Ph — ChW

w = =
ZWGW ChW

C(A)

hw

P(X 1) =TTTTRS

heH wew

(3.2.4)(3.2.5)(3.2.6)(3.2.7)

Punp = ATQ max {HH pC”’+c<A>j

weW heH

-51-

1)

P(wlh)>0,

(3.2.4)

(3.2.5)

(3.2.6)

(3.2.7)

(3.2.8)
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MAP

(T) (A)
ChW + Chw

(MAP) __
weW " "
3.24 MAP —

1)

2) °c
3) MAP

4)

S =ww,..w,
S =WW,..W,
90%
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‘e - ( ) ‘e - e =»

e as e s ce -2

e >>[67] << ””(Entities should not be

multiplied unnecessarily)

( s
) MAP MAP
CO +axCY
P(w|h) = hw hw 3.2.11
weW
a a
0('good (
) o
OLmin’ a‘good < a’min
o= OLgood ! OLmin < oLgood < OLmax (3212)
0('max’ 0Lmax < 0('good
OLmin OLmax o OLmin 1
O goog 1 0.5( ) 1

max
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3.3

3.3.1
99%
90%
(99%-90%)/(100 -90%)  90% n-gram
10%
90% 90%
90%
10%
(
)
o
1
Creal Csway
C (3.2.13) o

sway

-55-



o =are @ (3.3.1)
_Couay
o >1 e ¢
1 (
) MAP
3.3.2
1) )
2)
( o )
3.3.3
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(Word Formation Power, WFP)!®®!

WFP(c)=

WFP

WFP

3.4

[69]

WFP

200M

-57-

WFP

[70]

WFP

(3.3.2)

93



94 96 97 92 94 94
94 96 2
A
C
3-2
3-2
A 4,424 7.64% 6.19% 19.0%
3,602 9.08% 6.41% 29.4%
C 3,103 9.64% 9.60% 0.4%
C
(
C

3.5
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OCR

MB
6
4.1
4.1.1
220%
2001 31 2005

170

trigram
MB
PDA
2
3
(IDC)
(Smart Phones)
14
3,500 (7]

2003 1

ARC Group2003
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2002 350

2007 4,500
BREW
Environment for Wireless
BREW
(QualComm) 2001
[72] 4-1

1%
5%

(BREW Binary Runtime
CDMA
BREW )
2007

180

160+

140

120+

100+

80+

60

40-

20

2001 2002 2003

4-1

4-2
2003 BREW

2004 2005 2006 2007 EE

(QualComm) 2002

[72]
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gﬁf?"F?&:ﬁt%ﬂ (BAX
: ZZ
7 /
6 //
5
4 /
. 27 .~
2
1 —
0 s:{= Nov. D | Jan Feb April
2002 2003 F
4-2
PC
4.1.2
( )
4-1
CPU
1/10 1,000
4-1
CPU  (H2) (MB) (MB)

2.5G 80,000 512

<400M 32 8

MB
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MB

4.2
4.2.1
[73-76] (Count
cutoff) (Pruning) (Clustering)
(Count cutoff) K
k [74, 77]
(Weighted Difference Method)!"®  trigram
bigram bigram unigram
P(W3 |W1’W2)
P(w, |w,)
[C(W1’W2’W3) - D(C(W1’W21W3))]*[|Og P(W3 | W1'W2) - IOg P(W3 | Wz)]
(4.2.1)
[75]
(W, Wy, Ws)
—P (W, W, w,) Tlog P’ (w, | w;, w,) — log P(ws | wy, ;)] (4.2.2)
P(wz | w,w,) (W, W,, W)
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[17, 76, 79] bigram

.
P(W,C)=P(cy)P(w, | e)] [P(e [ -1)P(W | &)

t=2
C, W, C
P(c) unigram P(w|c)
P(c [cy)
bigram
[P 1c)),P(w, [c)li, .k}
4.2.2
n-gram (W, w, )
(w;, w,)
(A)

bigram

IMP (g, w, ) = S Wa)

c(w,)
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IMP (w,, W, )

(4.2.3)

bigram

(4.2.4)



(B)

E
E :{(Wl’WZ) | W, W, EV}

(w;, w,) E

C(Wl'WZ)

2. c(w,w,)

W, W, eV

IMP(w,,w,) =

(C)

IMP (W, w,) = ‘Iog P(w,|w,)—logP (w, |W1)‘

P(w, [w,) (W, w, )

(W, w, ) P (w, |w,)

—_ P (w,|w,)
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(4.2.5)

(4.2.6)

(4.2.7)

P(w,|w)



IMP (W, W,) = c(wl,wz)*‘log P(w, |w,)—logP (w, |wl)‘ (4.2.8)

c(w,w,) (w,, w,) P(w,w,)
(4.2.8)
4.2.3
(
) Katz 200M
1 35,025 2 863
1,801 23,310 3 4178
51,007 bigram
4-2
4-2
Vi
(%) A c
1.0 8.91 7.92 7.32
1.6 8.27 7.64 6.84
3.8 7.63 6.69 6.25
7.5 6.85 5.98 5.53
21.0 4.85 4.63 451
43.0( ) 3.64 3.64 3.64
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4-3

4-3

4-3
IMP(w,, w,) :c(wi,wj)*‘log P(w, |w)-logP'(w, |vvi)‘

H(X):—Iimllog P(X, Xy, X,) (4.2.9)
n—>oon
X; I bigram

n

H(X)=—Lm%(log(P(x1))+ (Iog(P(xi|xi1)))j (4.2.10)

i=2
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H(X)= —%(Iog(P(xl))jti(log(P(xil | X, )))j (4.2.11)

(X1 %) ( bigram

H(X) :—W[Iog(P(wxl))JriZZc(vvi,wj)*Iog(P(wj |wi))J (4.2.12)
W, Nv

Ny Ny

> count(w;,w;)=N -1 (4.2.13)

i=1 j=1

bigram
Ngi_r bigram (
) NBi—R

Ngipr = Ng ¢+ =N (4.2.14)

Bi—Pr Bi-T ~ 'VBi-R

c(w,w,) % log P (w, | w,)~log P (w, | w)|

1 i (Wi, W, ) i

AH(X) I(Wu,wmfﬁ(C(Wwwiz)*\log(P(wiz |w,))~log (P(w,))|)

(4.2.15)

PI(Wz |W1): P(WZ)
c(wl,wz)*‘log P(w, |w,)—logP (w, |W1)‘
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AH (X ) |Prune=
1 Npgi t

m-_N A 1(C(Wil’wi2)*‘log I:)(Wiz |Wil)_|09 P(Wiz)D

AH (X) |Reserved =
1 Ngi r

N7 2 (000 ,) #{log P (w, ) ~log P (w, )

bigram  unigram

AH(X) |Bi—Uni =
Ngi_t

ﬁ > (c(wil,wiz)*‘log P (w;, |w,)—log P(Wiz)‘)

4-4

(4.2.16)

(4.2.17)

(4.2.18)

4-4
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4.2.4

4-5

8000
7000
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5000
4000
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2000
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|1og
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—

p(w]
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h1

4-5

4-6

45
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4-6

(h,w)
4-7

25000

20000

15000

10000
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— M IO M~ O
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3
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29
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h h
s(h) s(h)
h h s(h)
4-8 s(h)y=1 2 3 llog(w|h)]|
s(h) 0 s(h)

14000
12000 ——3(h)
10000 S(hy=2
6000
4000
2000
0
0 1 2 3 4 5 6 7 8
[Tog p(wiM)|
4-8 S(h) llog P(w]h)]
S(h)=s i
P,= 2> R@Oh)/ Y1 (4.2.19)
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(4.3.16)
4-9
s=1 s=2 s=3
- -
P(W21]hy) P(W21,|hy;) P(W22,| hy1) i P(W213 hs))  P(W224  hs;))  P(W234| hay)
P(W2;]|hy,) P(W21; hy)  P(W22; hy) i P(W215 hs)  P(W22; hy)  P(W23,| hsy)

4+ 4 It It Il

P11 P21 P2 P31 P32 P33
4-9 R,
1M
( 4.3 )
unigram
[80]

[81]
4.3
4.3.1
4-3
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43 ()

s\i 0 1 2 3 4
1 0.385 - - - -
2 0.322 0.157 - - -
3 0.285 0.139 0.091 - -
4 0.273 0.132 0.084 0.060 -
5 0.262 0.130 0.083 0.058 0.045
6
4.3.2
4.2
1 35,025 2 863
1,801 23,310 3 4,178
51,007
100 bigram
4-4
4-4
0,
(%) A+ B+ C+
1.0 6.65 7.85 7.62
1.6 6.10 7.74 7.23
3.8 5.63 6.65 6.40
7.5 5.05 6.05 5.67
21.0 4.25 4.64 4.54
43.0( ) 3.64 3.64 3.64
4-10
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4-10
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10 15 20 25 40 a5
LELITEEPS
Al Bl Ci1
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4-11
1 3
2
863
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ARG R A
4-11
4.3.3
4-5
863 521 6751
4-5
43MB 1MB
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43/1
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OCR

5.1.

5.1.1

5-1
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5-1

OCR !
5.1.2
GB2312-80!" 6,763  GB13000.1[%
20,902 2000 7
GB18030!®! 27,484 400 GB2312
GB13000.1 GB18030 17 52 69
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[84-92]

[86, 93]
CPU
1)
2)
(CPU
51.3
2
1) ( )

2)

5-2
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)
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[77, 86]
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5-3

5-4
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5.2

5-4

-83-

[77, 93]

[86]

[95, 96]

““henai””



5.2.1 (Beam Grid)

(  CPU )

(Beam Grid)

5-5

(wWordID)

(dfScore)

(pPreStepUnit)

(pHigherUnit)

(pLowerUnit)

max

max
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(pPreStepUnit) i—-1 i—L

i
-2 -1
i-2 i-1 i
5-5
( )
( a an)
i i-1 )
1. curLen=L_,;
2. i—cueLen+1 () i () curLen
¢curLen(0 1
(I)CUI’LEI’] 3 (I)curLen 6
3. i—cueLen+1
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¢CUI’LEI’]

score

i —cueLen+1

i—cueLen+1

curLen =curLen-1;

curLen 0

2 3 45

score I
5
W ( )
pPreStepUnit
6
W ( )
i pPreStepUnit
[
1
io1-L,
Lmax Lmax
)
5-6 ( 10)
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5.2.2 (Beam Grid)

5.2.1
CPU
1 g nr
““henai””
““hen ai””( ) ““he nai””( ) g n
a/ai/an/ang/ao/e/ei/en/eng/ou r
er ““eran”’”( ) ““eran””( )
1,300
2. ““xian”” ““xian””
( ) ““xi an””( )
100
3. ““aon””
““a’” ““o07’ ao
4. T £ B
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““xiang ang...””

““xiangang...”” ““xiangang...””

g...””
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W ( )

(Bean Grid)

(wWordID)

wo h

(pCurSyINode)

(pCurWTNode)
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(dfScore)

(pPreStepUnit)

(pHigherUnit)

(pLowerUnit)

5-7
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5-7 —
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Xi xia
(xi a) (xian,xiang )
5-7
n-gram
1.
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(  n-Gram )
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5.2.3

5.2.1 5.2.2
OCR
()
( )
( )
[97]
5.3
53.1
5-1 5-2
43MB 1MB bigram
1 35,025 2 863 1,801 23,310
3 4,178
““xi an shi>”)
5-1 ( )
1 2 3 4 5
1 87.08 97.90 98.42 98.48 98.53 98.75
(%) 2 78.37 94.01 95.29 95.71 95.99 96.45
3 80.68 92.60 93.42 93.30 93.13 93.92
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100

5-2 ( )
1 2 3 4 5
1 8785  96.45  97.02  97.14  97.37  97.75
(%) 2 79.15 8957  90.33  90.77  90.88  91.45
3 8207 9110 91.69 91.94 9196  92.25
5-9
1
3 4 5
4 5
B HERIERE®%)

5-9
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5.3.2

2
13/ 5-11
2

160
140 F A -
120 ——THHHHHHT
100 ]
80
60 SHHHHHHHHAH
40 |
20 1 H

o =l Lo

Lo M~ (2] — o Te] N~ (o] — [a2]
— — — — — N (V]
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5-11
5 ( )
5-3 5-4
5-3 ( )
(%) 95.99 88.71 95.99 96.03
N/A 236 N/A 2
() N/A 13.1 N/A 0.1

-06 -



5-4 ( )
(%) 90.88 83.90 90.88 90.79
N/A 236 N/A 6
() N/A 13.1 N/A 0.3
13.1%
(
0.04%)
99.7% 1,801
99.9%
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6.1

(Stachastic Linguistics)

(Zipf's Law)®(

unigram [26]

6.1.1
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6.1.2

Katz

6.1.3

IVI( )

6.2
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6.2.1 Katz

Katz Katz

(Baseline) Katz

Katz

6.2.2
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6.2.3

1M

6.2.4

Cache

Symbian Palm OS WinCE

PC OCR
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6.3

1)

PCFGs(Probabilistic

Context Free Grammars) [98-101]

n-Gram

n-Gram

PCFGs

(1)
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(2)
(Word-Net)02 103]

apple
Terms)

citrus( )
apricot( )

peach( )

plum( )
pineapple( )

banana( )

apple
(edible fruit)
(fruit)
(plant organ)

(natural object)

200M
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(3)

2)
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trigram
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n-Gram
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