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= | saw a girl with a telescope.
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= | saw a girl with a scarf.

10







& & e

@

12






Cascaded Chunking Model [
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SVM
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@
o CRFs(Conditional Random Fields)
s 1 2
@ ( )
= Maximum Entropy model chunking, CRFs
o -+

argmax - f (x,y)

yeY (x)

arg max p(y | x)

yeY (x)
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VS

+ Window size

(e.q.

trade-off

cascading

(history)
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Magerman 1995

Ratnaparkhi 1997

Collins 1996, 1997

®» @® @« ¢ @

N-best

= Charniak 2000
# Collins Model N-best reranking(Tree Kernel

)
s Collins 2002
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history:

N-best
N-best
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N-best

# Maximum Entropy-inspired Parser[Charniak 00]
m N-best

N

# Reranking with Tree Kernel and Voted Percepton[Collins &
Duffy 02]
= Collins N-best
= Tree Kernel( )

# Coarse-to-fine n-best and MaxEnt Reranking[Charniak &
Johnson 05]

= CharniakQ0O parser n-best parse(2 )
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Statistical dependency parsers

N
\J

4 Eisner (1996)
CKY ( )

@ Kudo & Matsumoto (VLC 00, CoNLL 02):
s SVM CKY
= SVM cascade chunking

# Yamada & Matsumoto (IWPTO03)
= SVM cascade chunking

# Nivre (IWPTO03, COLINGO04, ...)
o Shift-reduce parsing

# McDonald-Crammer-Pereira (ACLO5)

# Reidel & Clarke (EMNLPO6)
k ( )
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Chu-Liu-Edmonds algorithm:0(n?)
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Notation and definition

T={(x,, ¥)H
X, t
Y ={(i, )}
t(1,))
dt(x) X




S(X1 y) — ZS(L J) = ZWf(I’ J)

(I.))ey (I.))ey

min|w|
s.t. s(X,y)=s(x,y)=L(y,y)
V(X,y)eT, Yy edt(x)

L(y,y’) y
loss =

Y

loss
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weight vector update

w049 0

s.t. s(X,y)—s(x,y)=>L(y,Vy')
Vy' e dt(x,)

k-best

min‘w(”l) ~wt

St (¢ y)—8s(X, ) 2 Ly, y)
vy' e best, (x;w™") (k=5 20)
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# Unigram
5 prefix)
# Bigram
# Trigram
@
4-gram (trigram backoff)

e s Wiy e
o Pieas Py
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SVM [Yamada, Matsumoto 03]
. SVM
Shift-reduce parsing[Nivre 03]
¢ memory-based model SVM
(MST) [McDonald, et al 05]

spanning tree
[Nakagawa 07]
. (global feature) (sampling

)

Nivre MST
[Nivre & McDonald 08]

MST + [Reidel & Clarke 06]
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(1)

4
@
o [Fujio, Matsumoto 97]

o [Uchimoto et
al 99]

= Support Vector Machines
[Kudo, Matsumoto 00]

®

s SVM [Kudo, Matsumoto
02]

O Shift-reduce parsing[Sassano 04]
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. 2 3
o [
05]
o (
)

[Iwatate, Asahara, Matsumoto 08]

*
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[Iwatate 08]

chunk

chunkl

chunk?2

chunkn-1

chunkn
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[Iwatate 08]

chunk

—

chunkl chunk?2

chunkn-1

chunkn
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[Iwatate 08]

chunk?2

chunk

chunkl

chunk?2

chunkn-1

chunkn

1




N

[Iwatate 08]

chunk
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L

* [Kudo & Matsumoto 02]
= Cascaded chunking model

L 2

# tournament model [Ilwatate, Asahara, Matsumoto 08]

0 2
testl test? test3
CaboCha 89.22/47.90 | 89.80/47.94 | 89.53/49.79
Tournament |90.09/47.79 | 90.11/49.02 | 90.35/52.59

(1

/

)
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4

@

= (HMM), PCFG, MST

m Cascaded chunking, Shift-reduce parsing

o N-best reranking
o Tournament model
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®

+ e.g., probabilistic inductive logic programming,
Markov logic networks

(Joint inference) vs pipeline
e.g.,

pipeline
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“Median times to progression and median survival times
were 6.1 months and 8.9 months in group A
and 7.2 months and 9.5 months in group B”

At HHEERE N

61 andgg jn and 75 and g5
months  months group A months months group B

[Charniak and Johnson, 2005]

et s

61 adgg jp and ;5 and g5
months months group A months months group B
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‘the standard arm and the dose dense
arm”

the standard arm

the dose dense arm
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the dose dense arm

the

standard

arm

the standard arm

the dose dense arm
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N

“( (Median times to progression) and (median survival
times) ) were

( ( ( (6.1 months) and (8.9 months) ) in group A) and
( ( (7.2 months) and (9.5 months) ) in group B) )”
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Cc

L

#Cc > {N, Cc} CEp {N, Cc}
#Cc > {N, Cc} CEs Ci L
C

T .

N CEp N N CEs N CEp N

| | | | |
wolw W W
“A” “and” “B” “A” “,” (11 B” “and” “C”
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Ci

L

#Ci - {N, Cc} CEp {N, Cc}
#Cl > {N, Cc} CEs Ci

A P

\ CEs N CEs N CEp N

i

\’V \’V w

CAT-ETRRR SR SCN tandT D"
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“( (Median times to progression) and (median survival

—ttmes)-)were ( ( ( (6.1 months) and (8.9 months) ) in
group A) and ( ( (7.2 months) and (9.5 months) ) in

B 73
group B) ) Ny
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#GENIA
#“and”

s GENIA
I

4

COOD

2,948

4,129

1,976
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56.8% 54.5% 59.60

Charniak and ;
Johnson, 2005 45.6% 42.9% 44.2

Bikel, 2004 43.9% 44.4% 44.1
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m Factorial CRF

[Sutton,

Rohanimanesh, McCallum 04]

n CRF

lattice parsing
[Cohen & Smith 07]

[Bunescu 08]
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#“Learning with Probabilistic Features for
Improved Pipeline Models,” Razvan
Bunescu (EMNLP 08)

99
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#Pipeline inference model
. 2( )

y(x) =arg max w-¢(X, Y. 2(x))
yeY (x

Z(x)=arg max p(z | x)

#Joint inference model

y(x) =arg max w- (X, y)

yeY (x)

(0()(’ y) T Z p(Z | X) '¢(X’ Y, Z)

zeZ(X)




N

&
= Z( )

y(x) =arg max w-o(x, y)

yeY (x)
P(xy)= D p(z|x)-4(xy,2)
zeZ(x)
Output y: O I 0 0 0 0 O 0 o O O
Annotation z, - < | > NF W N N
Annotation z, : DT, NNS, RB, VBD, EX: MDg VB, NNSg [Ng DTqg NNy,

Input x : The, sailors, mistakenly; thought 4 there; mustg be; diamondsg ing the,, soil

Figure 2: Named Entity Recognition Example.

Bunescu (EMNLP 08)
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Bootstrapping

(semi-supervised learning)
(domain adaptation)
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