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Overview

e e e =

What is the Language Model?

N-gram models (including various smoothing)
Variable N-grams

N-gram Language Model evaluation

Whole sentence maximum entropy

Long distance models

(Old) cache/trigger models
Latent variable models
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What is the Language Model?
M

Joooooogog?

000 w=wwows---w, 00000 p(w)O
oo d

wlUooooo
Jogooo,oo,ooo, ...

oo

O00000000D000p(w)0DO00D0ODODOODOO
dJuoog,do,...uboottdug

Joddboodbobotdld «oudboodn.
(dual problem)
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Why Language Models?
e e e =

0000 (Speech recognition)
0000 (Brown et al. 1990)

p(J|E) < p(E|J)p(J) (00000 xO00D000)

0000 (Zhai & Lafferty 2001, Berger & Lafferty 1999)
000000 (HCl),OCR/OOOODDO (0ODO0O)
ShannonOO0O,0000/00,000000
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How to model p(w)?

e e e =

p(w)=plw") 000000000 0O0DO?

Conditional method (N-gram)
T
= | [ p(wi|wi™) (1)
t=1

“Whole sentence” method

p(W) o po(W) - exp Z Aifi(w (2)

1:2)0 (WO000 (po(w) = peona(w))
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N-gram approximation model

T
p(wy) = Hp(wt‘wt—lwt—Q ceewn) (3)
t=1
T
~ Hp(wt] Wi—1 *** Wi—(n—1)) (4)
t:1 A\ ~ _J/
n—1 0
[T, plwiwer,w,s) 000000 (n=23)
= I, plwewe_y) 00000 (n=2)
[, p(wy) .0o0gg (n=1)
(5)

0: 000000 p(X,Y|2)=pX|Y,Z)p(Y|Z) DO (3)O
0000000000
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Language Model Smoothing

e e e =

000000000 0o0oooooooooon
fij, 500000 (wj—w),w; 000000000,

filj
fi

00000 ngram D00 0 (0DDODODODDDOONO)

Y
1. n-gram O 0O 0O0OOOO

2. Jd0o00oooooooooo@mouoon)
3. U0 do n-gram

0000: pilj) = (6)
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Katz's Backing-Off
e e e =

fi;=0000 k0D0)0D0O0O0O0O0ODOOO?

p(ilj) = { (1- &(Z)) -p(ilj) when f;; >0

: I
a(j) - p(i) when f;; =0 g

Ly >o00oog,oougougoaododn,
HRERERERNEN

Ly =00000,000000000000,
00000 p@) 00000000

00000 (Back-off):

N0000000000000000000000.
(000000000000)

Language models D-lec 2004 in cl-lab — p.8/39



Class-based n-gram

e e e =

N000000000000000000000000
-~ 00000000000000 (ike HMM)

wi,wo,... 100000000 @O 10)c¢p,¢0,...00

000 T
= [ [ p(wile)p(ciler—s) (8)
0oo, 1 -
(log p(wy )) = 7 log p(wiler) +log p(elc1)] (9)
p(cla CQ)
e ZP c1,Co) log o(e)plcs) + Zp ) log p(w)

C1,C2

=Y I(a,)—H(w). (00000000)

C1,C2 _
Language models D-lec 2004 in cl-lab — p.9/39



Langage Model Smoothing

e e e =

Simple Smoothing Methods
Laplace smoothing, Lidstone’s law
HRERERERERERERERN

Extended Smoothing Methods

Good-Turing smoothing, Kneser-Ney Smoothing,
Bayes smoothing

NLPOOOOOOoOOoooodoogo
Joodoooouoou200000odougagd
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Simple Smoothing Methods

e e e =

Laplace smoothing

" Jijj +1 Jijj +1
plt))) = = (10)
) SU(fyy+1) i+ W
Lidstone'slaw 000 00: A (00, A=1/2)
| Jig + A Jilj + A
7)) = = (11)
P = S 8 T 1A
fily 1 f;
— . 1 — ) — _ )
ey + (1 —p) T (1 fj+W>\) (12)

0000000000 000000000000
oo
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Extended Smoothing methods

e e e =

Good-Turing smoothing
HRERERERERE

(Modified) Kneser-Ney smooothing

Chen and Goodman (1998) U 0 0 OO0 O OO0 O
(DoO00oooo)ooooooo

Hierarchical Bayes optimal smoothing (MacKay 1994)
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Good-Turing smoothing

e e e =

N(f;;+1)
o (filj + 1) ’ N(]lf“j) .
p(t]g) = 7 if fi; <0. (13)
J

N(z):20000 ngram O 00O

ctDDDDDﬁMﬁ:?j
J
00 ¢0000000000000

OO0o000ngramO0 000000 (DOOOOOOO)
p(well|quite) = p(epistemological|quite)?

Jooobooooobouodddtdtdd
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(Modified) Kneser-Ney smoothing

M

Absolute discounting (U OO0 O OO0 OOO)

filg —]fj(fz'lj) N

D(n): 000000000

B _ B N(1) N(2)
n=1000:D(1)=1-2 y552vg * ¥

B _ B N(1) N(3)
n=2000: D(Q) =2-3- N(1)+2N(2) ~ N(2)

p(i|j) = v(5)p(7) (14)

_ B N(1) N(4)
n>3000:D3+)=3—4- N1)+2N(2) " N@3)

v(j))OOO ;0000000000000000

Language models D-lec 2004 in cl-lab — p.14/39



Hierarchical Bayes Optimal
Smoothing (MacKay 1994)

M
" Jijj + o
Elip(e — (15)
()] T
fj Al o _
— : -y 16
F o, PO T A (16)
where ag = >, ay and @; = &
e%s)

a=(a,q,...,ay): 000000000,

Dbodobodbdbdbodbdbdbddbdn
0000aq; # p(i) (Unigram)

(a00000000°7)
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Hierarchical Bayes Optimal
Smoothing (2)

e e e =

W T %% ]
I' 1 L'(Jil i
F\a _ H W(&O) . Hz:l (f|] + CM) (17)
piell || | BERN(ETY ['(f; + o) |
U0 aoUdodbodoo,bddodbdbd,.
OO0 iteration 00O OO0O00OO (Minka 2003).
(t+1) _ (1) 2_; Y(fi; +a;5) — V(o) (18)

YT ST+ D) — V(D o)

MATLAB 0 45
000 SVM2004 [
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Variable Order n-grams (1)

e e e =

OO0000000 (ex. 2words) D000 — OO

OOo/O000000,typical 00000
(D000 O 0O 0o O obooo o oo Oo)

OO0o00o0oooooOoad
000000000 Named Entity.

Joooooogooodgogo?
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Variable Order n-grams (2)

e e e =

Pereira et al. (1995) “Beyond Word N-Grams”

Jooooon:

Ron, Singer, Tishby (1994) “The Power of Amnesia”
Prediction Suffix Tree (PST)
oo dodbodbd.

Willems atal. (1995) (0 0O0O/O0000)
Context Tree Weighting method (CTW)

Jobooobbbobodddobobobobdd
00O (ex. Sadakane 2000)

oot bobotddnod
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Ron, Singer, Tishby (1994)
M

Prediction Suffix Tree (PST)

e 10 9(1)=
g(O):oNA / _ \
_ 9(0)=0.3
9(1)=0:5 0~ g(1)=0.7 010
9(0)=0.6 9(0)=0.8
9(1)=0.4 g(1)=0.2
00
9(0)=0.9
9(1)=0.1

1000

000 h=00100101110 — p(0|h) = 0.6, p(1|h) = 0.4
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Ron, Singer, Tishby (1994)(2)

e e e =

PSTUOOOOOOOOOOO

000 s(0:010)000000000 os (o €{0,1}) 0
00 (0:010—0010)0,0000000000000

p(os) - D(p(-|os)||p(-[s)) (19)
00000000 (= Yodo (1998))

HRERERERERERE
Dododbdbdd e=0.001
N=30gram (OO OOQ4)

U
000 <3000, 0000: ‘shall be’, ‘t here was’
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Pereira et al. (1995)
M

PST O Mixture (CTW (Willems et al. (1995)) 00 0 0)
Jodddoobooooooood

OO00000 w=wwews---wy (/N verylarge) 00 O

OOPSTTOO0MN v
plwy - wn|T) = H'ygT(wl...wi_l)(wi) (20)

nooo, =
pla i+ wy) = L) 21
_ Srer ol unal?)

B ZTGT p(T)p(w - - wy|T)
p(T) : PST T O prior.
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Pereira et al. (1995) (2)
M

Tree Mixture:

Z p(T)p(w; - - wN|T') = Lmix(€) (23)

TeT

Jooogduono.

Lnix(s) = a L,(s) +(1 — « H Lix(05) (24)
0ooooo oW
emission O O

N

00000 emission OO
« : Tree prior. (0 <a <1)
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Pereira et al. (1995) (3)

e e e =

ooog,
plwp|wy -+ - wy_1) = Fe(wy) (25)

OoooPSTUOOO sOUO0O0 w, ODOOOO
&s(wn)m’

~ L Vs(wn) - s U0
Vs (wp,) { @nYs(Wn) + (1 — @n) Y, s(wn) s 00
(26)

b g, U bbon
yw)OOOODOOOOOOOOODOOooooo.
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Language Model evaluation

e e e =

Doddooooooooooog??
OO0O0o0ooo (Perplexity)

OO00O000000 (Cross Entropy)
0.
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Basic of Basics

1
00 p= 000 ==
000 D

Shannon O OO (DOOOO)

1
log ——

T =~ losl(@) @7

O000000d =00 Shannon OO O
Zp ) log p(x (28)

= (— logp )p (29)
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Perplexity
e e e =

00000000 (Perplexity)=00000

T . 1/T
PPL(w?!) = — (0O000) (30
o (H plul 1))
. 1/T
—exp | lo — (31)
p( g(Hmwtwi 1>>
1 T
= exp (T > —logp(wtw’il)> . (32)
t=1
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Cross Entropy (1)
M“"

Kullback-Lelbler 0 O OO OO OO
)] (z)
D(pllq) = :Sp og @) (33)

ﬂogZK )-—logQ( ))p (34)
(=logq(x)) — (—logp(x))),  (35)

. p(zx) 00000 ¢(x) 000000000D0O00C
00000 (@oon).

—~ 0000000 p0O0O0 Q00000000
D(pllq) 00D0O0D0OD0ODO.
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Cross Entropy (2)

M
D(plla) = Zplogg (36)
— > plogp—> plogg (37)
:—H(p)—ZploquDDD. (38)

O000,000000000 H(p,q)0O
Zp )logq(z) (= (—logq(x)),) (39)

DDDDDD,KLDDDDDDDDDDDD
Jooobobooooboooddt,
(00000000 0,0000 p(z)0 UniformOO0000O)
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Whole sentence maximum entropy (1)

M

p(S) OCpO(S) 'eXp(A-F(s)) (40)
po(s): 0 sOO00OODOOOO
A=) ... \):MEOOOOO

F(s) = (i(s) fo(s) ... fo()): 000000
L1 [

po(s) 0 n-gram O 0 00O O O O Whole sentence ME [
0O n-gram O 0O OO OOOOO

RandomFieldOOOOO (=0000)000000O0O0
Joooboboooobouodddtdtdn
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Whole sentence maximum entropy (2)

M‘*‘"
O0oooog/man:
ZP(S)fz‘(S) = (fi), — (O ODOO). (41)

Jogoboboboobobobobooodddd
= JUduobooogddoooudooog.

0 (@00 p(s) D0 0OD0DOOODO0DOOODOOO

Gibbs sampling (O O O O ) (Pietra, Lafferty 1995)
Independent Metropolis sampler
Importance Sampling from n-gram
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Whole sentence maximum entropy (3)

e e e =

OO0000000 (Rosenfeld et al. 2000)

<s> \What do you have to live | os angeles </s>
<s> A. B. C N N business news tokyo </s>
<s> Be of says I'mnot at this it </s>

<s> Bill Dorman been well | think the nbost </s>
(Pietra, Lafferty 1995) 0 0 0 OO0 00000000 d
was, reaser, in, there, to, wll, ,, was, by, hones,

thing, be, reloverated, ther, which, conists, at,
fores, anditing, wth, M., proveral, the, ***,

Gibbs sampling O O O
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Whole sentence maximum entropy (4)

e e e =

OO
OO0O0o0d (n-gram) OO0 py - PPL=81.37
Whole Sentence ME : PPL = 80.49 + .02

(][] 2?7
00 fO000; KLDDDD(D)DDD D(ﬁ(f)Hp(f))( )
. S 1 —p(f
D(p(f)Ilp(f)) =p(f)lo 8 o) + (1 —p(f ))logl_p(f)
() loe P
—p(f)lgp(f)

log(p(f))—log(p(f)) DO OO0, p(f)00OOOLMO

ME+OOOOOOO? (eg. ME=HMM (Goodman
2002/2004), LME (Wang 2003))
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Long Distance Models

e e e =

0000“00"00000000
(Old)00000/000000

Jooobon
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Cachel/trigger models

e e e =

Cache model

Jodoooooooogodododosrodod
Jodoooouo*oggoo*"on,doooad

kOd0ooooouoono?

JO0o000dodoodoooond (Beeferman
1997a)

Trigger model

‘hospital 0 O 00O OO O ‘nurse’ O ‘disease’ [ O [
o000

Dbodoodbodbodboobdbdbdbdbd
OJO0o00d MEOOD (Beeferman 1997b)

Jooooootd ~WxW~10 !

Language models D-lec 2004 in cl-lab — p.34/39



Latent Variable Models

e e e =

Jooobobooobooodd

O000d0oD00o00ooooooooooogod
Mixture Model O O O [

—- 0000000000000 oonoonoooogn
Odo!

PLSIOOOOO (Gildea & Hofmann 1998)
LDAOOOO0O (OO 2002, 00O 2003)
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PLSI Language model
M”

PLSIOOUOO, KOOOOOOOooooao
p(w|z1), p(w|z),...,pw|lzxg) O EMODOOODOO

DO OUUw =wiwsy-- wnDDDDDDDDDDDD
HREREEN
p(W|A) = HZ)‘ZP w;|2;) (42)
L0000 A=(\,...,\ ) 00000,
K
p(w|wy -+ - wy,) :Z)\ip(w\zi) (43)

Jooobooon.
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LDA Language model
M

PLSILMUOO,000 AU0OO0OO0OO0OO0O0OO
— oo guooogddn,

AUD000D00OO0OO0OO0OO0O@ObOOOn)

pluiw) = [ pulNpAw)dA s
:/AZ)\ip(w‘Zi)‘p(A‘W)d)\ (45)

- Z{AAW)p(w\zi) (46)
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Future of Long distance models

e e e =

Jdo0oodoboooooooo.(booobooao)

Hierarchical Mixture (NIPS 2003) D 0O OO OO OO
O OO?

Maxent U U 0O O O O O
00000 (Long distance dependencies).
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Conclusion

e e e =

Let’s model a language!

Generative model and Bayesian method make us
happy.. :-)

Jooogdun
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