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This model shows what a man y would look like if
ecach part grew 1n proportion to the area of the cortex of

the brain concerned with its movement.
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Language Semantic analysis
c- generation (or, understanding) -1
Tainio scored a beautiful goal!
Sentence
__— \\\;P < Syntactic parsing
NP Verb/ \ (NP = noun phrase,

/ NP \ VP = verb phrase)
I

Det Adjective  Noun
! | \

Tainio scored a beautiful goal Morphology: score-d
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NLPIRATENARRIE

Tasks  Dependency onNLPp -Casier” &
More “workarounds”

Classification/
Retrieval

Summarization/
Extraction/
Mining

Translation/
Dialogue

Question
Answering
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The boy saw the man on the } o
mountain with a telescope

attachment
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iR E(POS Tagging)
o AAFHRRIEMAEIRERE(part-of-speech

marker).

John saw the saw and decided to take it to the tab
NNP VBD DT NN CC VBD TOVB PRPINDT NN
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HEWPOSESR

» [RiIgBrowniZ¥ER 7874 POS tags

« BEINLP{la=HAS=Penn Treebank set , @45
tags




e
Y POSES

e Noun (person, place or thing)
e Singular (NN): dog, fork
e Plural (NNS): dogs, forks
e Proper (NNP, NNPS): JohBpringfields
e Personal pronoun (PRP): I, you, he, she, it
e Wh-pronoun (WP): who, what

e \Verb (actions and processes)
e Base, infinitive (VB). eat
Past tense (VBD): ate
Gerund (VBG): eating
Past participle (VBN): eaten
Non 39 person singular present tense (VBP): eat
3'd person singular present tense: (VBZ): eats
Modal (MD): should, can
To (TO): to (to eat)

©




e

Y POSES

e Adjective (modify nouns)
e Basic (JJ): red, tall
e Comparative (JJR): redder, taller
e Superlative (JJS): reddest, tallest
e Adverb (modify verbs)
e Basic (RB): quickly
e Comparative (RBR): quicker
e Superlative (RBS): quickest
e Preposition (IN)on, in, by, to, with
e Determiner
e Basic (DT) a, an, the
e WH-determiner (WDT): which, that
e Coordinating Conjunction (CCand, but, or,
» Particle (RP)off (took off), up (put up)




A3 vs. FFRLk

o ¥R ( Closed class ) idf% MM—HESHhAE/MY
ElEANEiEIEERE
e Pronouns, Prepositions, Modals, Determiners, Particles,
Conjunctions

FFi2E(Open class)i@ERI LA RIKE/5EC , H#B
AEEFNEICIOA

e NounsGoogletextlish, Verbs (Google), Adjectives (geeky]
Abveriichomping)y
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e (AR E AR RIS X

 "Like” can be a verb or a preposition
e | likeVBPcandy.

e Time fliegskegIN an arrow.

« “Around” can be a preposition, particle, or
adverb
e | bought it at the slampundN the corner.
e | never gatroun(RP to getting a car.

e A new Prius costesuntRB $25K.




) [ERIERRAYIS X

o IR WIEE (BEFBrown corpus)
* 11.5% RYiFfz(word type)HI% X
o 40%A%9i8% (word token)BiE Y

o gesrzy TreebankfR A THT;ERI RIS A —20 149

* Baseline: A MAREZIARSE AREERC | /Eif
& (accuracy ) iXZF]90%




e

wnEiRiE R &

o HFHN(Rule-Based): ATEFRICSHEHMMESH
ISR

» BEF%3](Learning-Based): BF ATHREIEH ()
#ilPenn Treebank ) #17i)Il45x

e 1TiEE (Statistical models): Hidden Markov Model
(HMM), Maximum Entropy Markov Model (MEMM),
Conditional Random Field (CRF)

o HIMIZ>](Rule learning): Transformation Based
Learning (TBL)

o Bk, BFFINFEEMNEN
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- HBIRHINEZIEFEMREBE—MFIEIRERTDE
ElEZE3<HIATIR)RR.

- BEBRSPEFEIRE
* DecisionTrees and Rule Learning
* Naive Bayes and Bayesian Networks
* Logistic Regression / Maximum Entropy (MaxEnt)
® Perceptron and Neural Networks
* SupportVector Machines (SVMs)
* Nearest-Neighbor / Instance-Based

3l




PRFIZI

o tED R RRERIZAMGIZ BT XREXBHEMIZ(i.i.d.:
independently and identically distributed)

» RENLPREAHEXMRE , s MFIRIFIRR
EtHEXEXRY

« BEHTHAIFIFUEER AL IR FiR GRS
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| EARERS(Sequence h

Labeling)
» RENLPIEELRAT B MR

o ARFIRBNMFSHIF—MEE

- FSiFERRTFEMGFSARE , KEEEBETSH
iTZE (not i.i.d)

QIZIO'A [ J
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* anRiRnliH 5l

people organizations places

e Michael Dell is the CEO of Dell Computer Corporation and lives
in Austin Texas.

\E \) —:
° 1|:|X$@*ZFI$
agent source destination instrument

* John drove Mary from Austin to Dallas in hisToyota Prius.

¢ The hammer broke the window.
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- EFRETISIE , S1EESEIERNERRAESMAIEH
1TERI 3 (sliding window)

\J(lhnfaw the saw and decided to take it to the tabl
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- EFRETISIE , S1EESEIERNERRAESMAIEH
1TERI 3 (sliding window)

John siwfe saw and decided to take it to the table

classifier
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VBD
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- (FRETSIE , SEEBIREREREABMAEH
7RI (sliding window)

John saw the saw and decided to take it to the tabl

N/

classifier
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- (FRETSIE , SEEBIREREREABMAEH
7RI (sliding window)

John saw_the ,saw and decided to take it to the tabl

N/

classifier
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John saw the saw and decided to take it to the tabl|
classifier
3




s

BT B RIFEIIFE

- EFRETISIE , S1EESEIERNERRAESMAIEH
1TERI 3 (sliding window)

John saw the saw and fe‘(yed to take it to the tabl

classifier

l

VBD
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1TERI 3 (sliding window)

(A3

KB RIRH

John saw the saw and decided to take it to the tabl

N/

classifier
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TO
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- EFRETISIE , S1EESEIERNERRAESMAIEH
1TERI 3 (sliding window)

John saw the saw and decidij to take It to the tabl

classifier
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VB
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BT B RIFEIIFE

o EASTISE , SEEMEIENERRAENEIEH

1TERI 3 (sliding window)

John saw the saw and decided i)‘tike it to the tabl

/

classifier
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BT B RIFEIIFE

o [ERETISIE , SfEEMBEIERE!

1TERI 3 (sliding window)

(A3

KB RIRH

John saw the saw and decided to tik‘e it to the tabl

L/

classifier
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BT B RIFEIIFE

o [ERETISIE , SfEEMBEIERE!

1TERI 3 (sliding window)

(A3

KB RIRH

John saw the saw and decided to take |t ,to the tabl

\ L/

classifier
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John saw the saw and decided to take it lfe tabl
classmer
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- SEEMRFHEER 1EEPREEATERC |, (BiXL
tRMCAFE

- AJLAEACERGRIRIERERNAEIRC ( skiRARTHE
RB1E , (EACERSNREERIERIR EFC )

e Forward Classification (or Backward Classification)




Forward Classification

John saw the saw and decided to take it

/

N\

IaSS|f|er

(-

NNP

to the tabl




Forward Classification

NNP

JONN iavv/the saw and decided to take it to the tabl
classifier

VBD

o y




Forward Classification

NNP VBD
Jo sq@w the saw and decided to take it to the tabl

L/

classifier

l

DT




Forward Classification

NNP VBD DT

John s e say and decided to take it to the tabl
classmer




Forward Classification

NNP VBD DT NN

John saw e saw a}d decided to take it to the tabl
classmer

CC




Forward Classification

NNP VBD DT NN CC
John saw the s and decided to take it to the tabl

L/

classifier

l

VBD




Forward Classification

NNP VBD DT NN C VBD
John saw the saw a d cidled/to take it to the tabl

classifier

TO




Forward Classification

NNP VBD DT NN CC VBD JO
John saw the saw and d idéilo }ake it to the tabl

classifier

VB




Forward Classification

NNP VBD DT NN CC VBD TO VB
John saw the saw and decide¥y t tfk? it to the tabl

classifier

l

PRP




Forward Classification

NNP VBD DT NN CC VBD TO VB RRP

John saw the saw and decided t(Xa&ilit‘/to the tabl

classifier

l

IN

pro-



Forward Classification

NNP VBD DT NN CC VBD TO VB PRP \IN

John saw the saw and decided to ta i\ltoj the tabl

classifier

l

DT

pro-



Forward Classification

NNP VBD DT NN CC VBD TO VB PRP IN QT
John saw the saw and decided to take it \ to tfez tabl

classifier

l

NN
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BRI ERE

o IR FIIRTRB T SRAFES RS MER KRR

R REAREE | H—IRERTEENZ

oloxotdllu]

o HHEYISHY
¢ Hidden Markov Model (HMM)

°* Maximum Entropy Markov Model (MEMM)

e Conditional Random Fields (CRF)




Markov Model/Markov Chain
¢ _A ﬁ*ﬂf""lkuﬁﬁgﬂﬁﬁﬁ :Ikll.a‘ E E}J*"l

» Markov assumption
o F—MATREBFIIRE | MIRZFZRIRHEIRTS

Markov Assumption: P(gilq1...qi—1) = P(qilgi—1)
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" Sample Markov Model for
POS




- Sample Markov Model for A

POS

0.1
PropNoun
0.5

0.1

P(PropNoun Verb Det Noun)
= P(PropNoun|start)*P(Verb|PropNoun)*P(Det|Verb)*P(Noun|Det)*P(stop|Noun)
k = 0.4*0.8*0.25*0.95*0.1=0.0076 /

0.1

start
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Hidden Markov Model

« SERIFEFI B R AR

- FE— SR ATMERSES, FIRAERE

o WSZIIFEREREE, HIMNREAF5IERRA—1POS
#5215 —1POS

+ FFENRSEIRSIBELR , GUIMEAPOSERT
7=
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Sample HMM for POS




Sample HMM Generation




Sample HMM Generation

0.05

0.1

0.5




Sample HMM Generation




-

Sample HMM Generation

0.05
cat 0.1
dog
car bed
penapple
0.95
Noun 0.9
0.05
0.
0.8
0.5 PropNoun 01/
01 0.25

0.5




-

Sample HMM Generation

0.05
cat 0.1
cgrogbe‘j
penapple
0.9 Noun 0.9
0.05
0.
0.8
0.5 - PropNoun 0.1

01 0.25 /
start ) john bit

0.5




-

0.5

0.1
start ) john bit

Sample HMM Generation

0.05

0.1

PropNoun

0.5




-

0.5

0.1
start ) john bit the

Sample HMM Generation

0.05

0.1

PropNoun

0.5




-

Sample HMM Generation

0.05

0.1

0.5 PropNoun

0.1
start ) john bit the

0.5




-

Sample HMM Generation

0.05

0.1

0.5 PropNoun

0.1 '
@ John bit the apple

0.5




-

0.5

Sample HMM Generation

0.05

PropNoun

> 0.25 /
start J John bit the apple
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Formal Definition of an HMM

- AN +2 ’P%@Zﬂﬁﬁﬂgﬂﬁﬁ%é-fﬁso.spsz. eee SN S}
o IRIRTS: S0
o IS s

o MARIEERIMIZRTTS V={v, v;...v)}
- KSHIBEEST A={a))
a, =P(q.,=s/19 =5) 1¢i,j¢ Nandi =0,] =F

ga,.j+a1.F =1 OCICN
j=1
« BMASHITSELBIES T B={b(K)}
b (K)=P(v att|g =s;) 1¢j¢N 1¢k¢M

- SRS A={4,8
-




HMM&RLZTE

o ERE—1EH, 88T MRERFS: 0=0,0,...07

IZBMIRIATSq, =5,

Fort=1toT
BFRSq SRS b (KiEhfFSo.=v
BB MES ;MRS sEBEIR—IAEq,. 1 =5,
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HMMAR=/4MESS

o MZBEFIRIIEEZRITE (Observation Likelihood)
o XMZEBRFRFIHITRDKHERF

o« RURERIIASEiERE (Decoding)
» MRFFIP S FSHTIREIND

o S#ftiT (Learning):
o YISRRELE RS20

~a_u




" HMM: Observation

Likelihood

. BE—AMIEEFI0, —MSERAGISE, ST
oL i SN TN

o AVFISHMM{ERISSIREL(ER

- EESIHsMIFAFEEH
* Sequence Classification
® Most Likely Sequence

?

Ol
@recedent co
?__Qvice preside@e

. . O,
o Ordinary English - o, | ordenglish) > RD, | OrdEnglish) 2
.

/




" HMM: Observation
Likelihood - Naive Solution
. S5 RFETEE R E R TR 5

* B AGERRSEIIQ | ITEMRRESIRSEFS
RIBXSHEEP(0,Q[ A) = P(O| Q A) P(Q| A)
- P(O| Q N) EFISHtimESHitE
» P(Q| NEFREHBHMRSHITH.

* XFFEAIRERIIASEFIRIP(O,Q| A)KFN1FZIP(O] A).
 iTRSEHE: O(TN).




" HMM: Observation A
Likelihood - Efficient Solution

- BiMEZX(Forward Algorithm)

o FIASRBXEBSEFINEMEI(dynamic programming){E
O(TN?)HESEFRERB I TEMER R

« B—/BiEKE (forward trellis) ieRFAETIRERVIASER RS
B RKFRENHERTHEEFREIOMRTESE




RIR3EE

.+ a(j)EFEREL, HMMEBE TS 0,0, ... o, , HE(
3SR (RISHATA SIS TR R
)

a,(])=P(0,0,,..0, q =5, |/)




o A¥aREHIREIAS@EE-1, HMME]
i&’lﬁ:’éﬁsi, #Eﬁiﬂiiﬁ'.ﬁfgﬂoloz
0u1 ZIRATIRAIBEER ()

o IWIRESsEEBRIIRSS;, HERSS1

a (j)= eaatl(l)a”ﬁ:)(o) 1¢j¢N, 1<t¢T
ei=1




RIREE

e Initialization

a,(]) =g,b;(0) 1¢j¢N

e Recursion
el . .
a.())= A a.,()a, (@) 1¢j¢N, 1<teT
Ci=1 u
e Termination

PO|/)=ar,(s:) = éj a. (i)a.

(>
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BIREZTESERE

 FAISZEO(TN?)

» RUNBRREE
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HMM: Decoding

c /{E—IMUMZBRFS O 58I, FEZNZFFINERRHE
RIASEQ=9.1.9,.... a1 =BITA?

» FHIREESSFRER : 8PMASHR—MEE | PEER
SFIEEZBERIRIRERS

/
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HMM: Decoding

c /{E—IMUMZBRFS O 58I, FEZNZFFINERRHE
RIASEQ=9.1.9,.... a1 =BITA?

» FHIREESSFRER : 8PMASHR—MEE | PEER
SFIEEZBERIRIRERS

Johngave the dog a@ue.

Det Noun PropNourverb




s
HMM: Decoding

c /{E—IMUMZBRFS O 58I, FEZNZFFINERRHE
RIASEQ=9.1.9,.... a1 =BITA?

» FHIREESSFRER : 8PMASHR—MEE | PEER
SFIEEZBERIRIRERS

Johngavethe dog a@.

Det Noun PropNourverb
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HMM: Decoding

c /{E—IMUMZBRFS O 58I, FEZNZFFINERRHE
RIASEQ=9.1.9,.... a1 =BITA?

» FHIREESSFRER : 8PMASHR—MEE | PEER
SFIEEZBERIRIRERS

~

N Y
Johngavethedog an@.

Det Noun PropNourverb
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HMM: Decoding

c /{E—IMUMZBRFS O 58I, FEZNZFFINERRHE
RIASEQ=9.1.9,.... a1 =BITA?

» FHIREESSFRER : 8PMASHR—MEE | PEER
SFIEEZBERIRIRERS

—~

N
Johng}vetheé'og an@

Det Noun PropNourverb
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HMM: Decoding

c /{E—IMUMZBRFS O 58I, FEZNZFFINERRHE
RIASEQ=9.1.9,.... a1 =BITA?

» FHIREESSFRER : 8PMASHR—MEE | PEER
SFIEEZBERIRIRERS

T\

Johng}vetf]eé'oggn@

Det Noun PropNourverb
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HMM: Decoding

c /{E—IMUMZBRFS O 58I, FEZNZFFINERRHE
RIASEQ=9.1.9,.... a1 =BITA?

» FHIREESSFRER : 8PMASHR—MEE | PEER
SFIEEZBERIRIRERS

\\\
NN
Johng\a‘vet%eé'oggn@

Det Noun PropNourverb




" HMM: Decoding - Efficient

Solution
o BIRRILLBEIISEEZRBNAIERIASEY - 407]
7!

- BRURERTFIISHYAEFADSREXES

o tuERIZ  Viterbi algorithm , BIEASHREA
O(N2T)




s

Viterbi Scores

B ENEAAERGS | #RERTFRS

Vi(1)=_max P(Qp,Gh--iG1s OpreiOns G =S5 [7)

- FAIABR—1 1 ERE TEEDbt,()BFEFICIE
icFRZIEE LIRS Bp—IASEIREE




e

it&iViterbi Scores

e Initialization

Vi(])=a,b;(0) 1¢jC¢N

e Recursion
v.(j) :r?}xvt_l(i)a,.jbj (0) 1¢j¢N, 1<t¢T
e Termination
P =v,,,(s.) = maxv, ()3,
FKpIRmEx , (BEAHA max & sum




it&Viterbi Backpointers

e Initialization

b,(J))=s 1¢J¢N

e Recursion

N
bt.(J) =argmaxv,_,(I)a;b;(0,) 1¢ J¢N, 1¢tCT
=1
e Termination

N
O * =btr,(S) = arg:r?ava (1)a,

REANSMUTFRIIAESE. IREEERIESTEIIGIA
© S FEIREINESEI,
.




Viterbi Backpointers




Viterbi Backtrace




HMM: Learning

» Supervised Learning: FiBilIEFEFIHE LR
iE

 Unsupervised Learning: FFiEII&FE5)SER
iE

 Semisupervised Learning: 8535
it , RafaieBitniE




Supervised HMM Training

® 2 Y :L,\ I r 4= U%
WRINESAIDTERSES , DAL

Training Sequences

Johnatetheapple
A dogbit Mary

Mary hit the dog Supervised
JohngaveMary thecat |mmf HMM
- Training

Det Noun PropNourierb

(o




" Supervised Parameter

Estimation

o M*EE#%*E%?TEFME%EFF*TKMQ ram#/]
unigramJ(E2#E1Tdhit

C(qt =910 = j)
Ca =5s)

- FSmbtETEFiRIEIERIFE/REHIER
it

b, (k) =

d =

C(q| o S Vk)

C(q| =S )

» MRIGEIELLES G | SZERSENTEERE
Lo




HMM POS Taggers

o ERtREPOSHIIEHI B RA @B TR NLES
SJfgEHMMIREL

o« |E—NFIRIFENS (FiERFY) |, (€M
Viterbi EiAFNNERAEIRERS!

- MAPOSIREES . BIEHMMIZEA , HEiftE/996-

97% (for Penn tagset trained on about
800K words)




(o

HMM Learning: Bfth5i

e Unsupervised Learning

e Baum-Welch algorithm (a.k.a. forward-
backward) , EFExpectation Maximization (EM)

Eig—ANHMMBNAMIRTS.
MBI ES%IA=(A,B) , FRERSIEND
Until converge (i.e. A no longer changes) do:
E Step: fEMforward/backwardidiEifiEERE IS
FET EERSRFIRRE
M Step: {ERXLEHISREMHLITRBISEE A

r~_w

HEAY

e Semi-supervised Learning

- EMEZRGEBEFIREMRIFERRESIBEIHETIS




FR3CiAE iR

» XT3RS KE(FE)IERIS%ER
- EEGAHIRMARDIERL
- BBEEHIRBIRRFE , TERIEZIAR
- BRRMNAFRBEX

o AR IRIE S KT (Accuracy)iEid90%




APt




AEDthRE

o QiL/RRS /FEEESIAT vs. IFRRST

cutive director

o TR vs. Kﬁ*ﬁ/ ﬁEEﬁ*ﬁ

o EEDH &ﬂéitiéﬁ*ﬁ(Chunking)
K aFhIEE AR AEESTEEEF
[NPI] [VP ate] [NP the spaghetti] [PP with] [NP meatballs].

/




s

B FIItRERAR S

o WFEFREE—IRA=/MrEXTMAHITERMC
* B (Begin) : A= BInEiERYEIRIE
e | (Inside) : ¥#ARBFBIFBISAI—E7 . (BAEEIRIA
e O (Other) : ‘¥RABFBIFEEH—EF7

o BRIFAIChunkingZEEE—HARF{E >90%

e NP chunkingZ£fjl

e He reckons the current account deficit will
narrow to only # 1.8 billion in September.

Begin Inside Other




e

ChomskyiEizEiR

Mildly Context Sensitive

Type| Common Name Rule Skeleton Linguistic Example
0 Turing Equivalent o—B.st.aze HPSG, LFG, Minimalism
l Context Sensitive aAP — ayP, s.t. yF£ ¢

TAG, CCG

Context Free

A —s-"_r"

Phrase Structure Grammarsll

w o]

Regular /

A—xBorAd—x

Finite State Automata

BATHTR
e CIPFS
Gt

Recursively Enumerable Languages

Context-Sensitive Languages

Mildly Context-Sensitive Languages

Context-Free Languages (with no epsilon productions)
<F{eguar (or Right Linear) Languages>

(o

/




Context Free Grammars (CFG)

» NIFERERFERES (HELER)

 S: BEFES(ENERZE)

o R: ESHINI/F~=EIES (a set of productions or
rules), fizz\/3 A—b, HR A J53F£E455F |, bAEH
(S CN)*FRYTFS R

o S: —MFRIRYIERLETT | FRAVIIEFT (start)




Simple CFG for ATIS English

Grammar

S—>NPVP

S—> Aux NP VP

S — VP

NP — Pronoun

NP — Proper-Noun

NP — Det Nominal
Nominal — Noun
Nominal — Nominal Noun
Nominal — Nominal PP
VP — Verb

VP — Verb NP

VP — VP PP

PP — Prep NP

_exicon

Det — the | a | that | this

Noun — book | flight | meal | money
Verb — book | include | prefer
Pronoun — I | he | she | me
Proper-Noun — Houston | NWA
Aux — does

Prep — from | to | on | near | through




s

BFERK

o —MNIFRERITER : @EidiE)kigaiEmn
eSS AaNERMSS | 5EIRF
TEERALE

|

Vel{\ P

b(lok Dhminal

/T

the Nominal PP

/ /\
N(Tun Prep IP
flight thrgugh Proper-Noun

@ Ho\uston




REEE 73t (Parsing)

- RE—REBLEFSH—ICFG , BEZTSHRETLERS
% CFGER&ERE
o A AIZGS IR Ea)ER

o WIBTIERELIRE0ENIES
e Top-Down Parsing: \N1aSHia
e Bottom-up Parsing: \NFSBRPLZESHIR




e
Parsing Example

VP

/N

Verb NP

book that flight —EEE———) \ \\

book Det Nominal

that Noun

|

flight




e

RLREEIE X

o —NMIFRIEERIRIS N IERY, BB W BIFE
o 1EIFIS X (Attachment ambiguity)

E.g. I shot an elephant in my pajamas.

o 75 ¥ (Coordination ambiguity)

E.g. old men and women

o RZiFAEEIESIE N (Noun-phrase bracketing ambiguity)

E.g. complete peace plan




Top Down Parsing

5
S 5 S
N I

NP VP Aux NP VP VP
S S 5 S 5 S
N NNl |
NP VP NP VP Aux NP VP Aux NP VP VP VP
N | N NN
Det Nom PropN Det Nom PropN V NP V

Figure 13.3  An expanding top-down search space. Each ply is created by taking each tree from the previous
ply, replacing the leftmost non-terminal with each of its possible expansions, and collecting each of these trees
into a new ply.




Bottom Up Parsing

Book that flight

MNoun Det Noun Verb Det Noun
Book thlat ﬂiéht Bc!ok th|at flight
MNominal Nominal Nominal
Noun Diet MNoun WVerb Det MNoun
B olok th|at fli |ght Bo| ok th|at fli |ght
NP NP
MNominal MNominal VP MNominal MNominal
Noun Det Noun Vflrb Det N::|n.|r1 Verb Det Nc!un
Book  that Hight Book th|at fli |ght Bc!ok Th|ar fli |ght
VP
VP NP Hxﬁ P
Nominal Nominal
Verb Det Noun Verb Dret Noun
Book that ﬂi‘l;hr Book th|.'1t ﬂi|ght

Figure 13.4  An expanding bottom-up search space for the sentence Book that flight. This figure does not show
the final tier of the search with the correct parse tree (see Fig. 13.2). Make sure you understand how that final
parse tree follows from the search space in this figure.

_/



Top Down vs. Bottom Up

* Top down S ZRAZEAEESH R AlEMIRIEIR ,
(BEEE 1 I SRIRLIRFTTiERIAAYELR

* Bottom upGiERATEABSLIRAFXERAYEELR ,
(BREE 7 IS A5 SH=EANEMANEIR

» TAEELHKRIMTF XD ZRR




Dynamic Programming

Parsing

« ATEBAXENESTIE , BREFPELSR  &F
BRFZMI At (CFG ) FARIXHE

- BF BRI TR EET‘JJ: RS R i%EE
ZESO (N )HBNAISRE , nABARIIKE




Dynamic Programming
Parsing Methods

e CKY (Cocke-Kasami-Younger) algorithm
- BEFBIER LS | FENAARHTHEN

 Earley parser
- EFERA TS . AREEEN , (EENSESR

o Chart parser
- SHNE TSHKRLEE




CKYEX

« BAZw iR hFBEE ezl Chomsky normal
form (CNF) , HRESHNAMHRIELF 524 L=
T, B PINRER

» E—NREPERERLHETSHR , W—1FRHRNS
kR IEF RIS




e

R)EEEIR
Original Grammar

S—NPVP
S — Aux NP VP

S— VP

NP — Pronoun

NP — Proper-Noun

NP — Det Nominal
Nominal — Noun
Nominal — Nominal Noun
Nominal — Nominal PP
VP — Verb

VP — Verb NP

VP — VP PP

PP — Prep NP

Det — that| this | a

i B

Chomsky Normal Form

S—>NPVP

S—>X1VP

X1 — Aux NP

S — book | include | prefer
S — Verb NP

S — VPPP

NP — 1 | he | she | me

NP — Houston | NWA

NP — Det Nominal
Nominal — book | flight | meal | money
Nominal — Nominal Noun
Nominal — Nominal PP

VP — book | include | prefer
VP — Verb NP

VP — VP PP

PP — Prep NP

Noun — book | flight | meal | money

Verb — book | include

Pronoun — [

Proper-Noun — Houston | TWA

Aux — does

Preposition — from | to | on | near| through




CKY Parser

Book  the flight through Houston
=1 2 3 4 5
|: A A A A ﬂ‘ Ce"[i,j]@ﬁﬁﬁ
0 BEEMMIE
I LSk 1shEai
[04] [02] (03] [0.4] [05] ;Eélgéggjﬁl(ﬂé?jﬂ?
1 T = i
[1.2] [1.3] [1.4] [L5] R
2 .
[2,3] [2,4] [2,5]
._2.}
3 [3.4] [3,5] ”
4 [4,p]




Book  the flight through Houston
S, VP, Verb,
Nominal,
Ndun None
/[0,1] [0,2] [0,3] [0,4] [0,5]
v g , . NP
Noun — book | flight | meal | money Det <—|
Verb — book | include | prefer [1,2] j [1,3] [1,4] [1,5]
S — book | include | prefer \L
Nominal — book | flight| meal | money Nominal
Noun
[2,3] [2,4] [2,5]
: . [3.4] [3,5]
NP — Det Nominal
[4,5]

(=

CKY Parser




(2

CKY Parser

Book  the flight through Houston
S, VP, Verbed
Nominal, \ VP
Noun None
[0,1] [0,2] \\ [0,3] [0,4] [0,5]
De NP
[1,2] [1.3] [1,4] [1,5]
Nominal,
Noun
[2,3] [2,4] [2,5]
VP — Verb NP
[3,4] [3,5]
[4,5]




CKY Parser

Book  the flight through Houston
S, VP, Verbs P
Nominal, VP
Noun None
[0,1] [0,2] / [0,3] [0,4] [0,5]
\’
. NP
[1,2] [1.3] [1,4] [1,5]
Nominal,
Noun
[2,3] [2,4] [2,5]
Verb NP
[3,4] [3,5]
[4,5]




CKY Parser

Book  the flight through Houston

S, VP, Verb, S
Nominal, VP
Noun None
[0,1] [0,2] [0,3] [0,4] [0,5]
Det NP
[1,2] [1.3] [1,4] [1,5]
Nominal,
Noun
[2,3] [2,4] [2,5]
[3,4] [3,5]

@ (4,5




CKY Parser

Book  the flight through Houston

S, VP, Verb, S
Nominal, VP
Noun None None
[0,1] [0,2] [0,3] [0,4] [0,5]
Det NP
None
[1,2] [1.3] [1,4] [1,5]
Nominal,
Noun None
[2,3] [2,4] [2,5]
Prep
[3,4] [3,5]

@ (4,5




CKY Parser

Book  the flight through Houston

S, VP, Verb, S
Nominal, VP
Noun None None
[0,1] [0,2] [0,3] [0,4] [0,5]
NP
Det None
[1,2] [1,3] [1,4] [1,5]
Nominal,
Noun None
[2,3] [2,4] [2,5]
Prep<— PP
[3.4] [3,5]
NP
ProperNoun

@ PP — Preposition NP [45]




CKY Parser

Book  the flight through Houston

S, VP, Verb, S
Nominal, VP
Noun None None
[0,1] [0,2] [0,3] [0,4] [0,5]
NP
Det None
[1,2] [1,3] [1,4] [1,5]
Nominal§—— | _
Noun None — Nominal
[2,3] 24 L~ [g5]

/ Prep PP

[3,4] [3,5]
Nominal — Nominal PP

NP
ProperNoun

@ [45]




CKY Parser

Book  the flight through Houston

S, VP, Verb, S
Nominal, VP
Noun None None
[0,1] [0,2] [0,3] [0,4] [0,5]
NP NP
Det < None
[1,2] [1,3] 4 |y \[1,5]
Nominal, X/ )
Noun /'K Nominal
[2,3] [2,4] [2,5]
Prep PP
[3.,4] [3,5]
NP — Det Nominal "
ProperNoun

@ [45]




CKY Parser

Book  the flight through Houston

S, VP, Verb < S
Nominal, \“’V‘P\
Noun None [ None ————\P
[0,1] [0,2] [0,3] [0,4] P \| [0,5]
NP ?LP
Det None
[1,2] [1,3] [1,4] [1,5]
7
Nominal, )
Nou/ None Nominal
Al [2,4] [2.5]

/ Prep PP

[3.4] [3.5]
VP — Verb NP

NP
ProperNoun

@ [45]




CKY Parser

Book  the flight through Houston
S, VP, Verb,< 5 //
Nominal, VP S
Noun None None \fp

[0,1] [0,2] [0,3] [0,4] [0,5]

v
Det NP NP
None
[1,2] [1,3] [1.4] [1,5]
Nominal, )
Noun None Nominal
[2,3] [2.4] [2,5]
Prep PP
[3.4] [3,5]
NP
ProperNoun
[4,5]

S —

Verb NP




CKY Parser

Book  the flight through Houston
S, VP, Verb, S o b —T W1 VP —
Nominal, VP $
Noun None None YP

[0,1] [0,2] [0,3] [0,4] [0,5]

NP NP
Det None
[1,2] [13] [1,4] [1,5]
Nominal, )
Noun None Nominal
[2,3] [2.4] [2,5]
v
Prep PP
[3.4] [3,5]
NP
ProperNoun
[4,5]

VP PP




CKY Parser

S — VPPP

Book  the flight through Houston
S, VP, Verb, S 1§ |
Nominal, VPé/ YP
Noun None None R

[0,1] [0,2] [0,3] [0,4] \VHO,5]

Det NP N "
one
[1,2] [1,3] [1.4] [1,5]
Nominal, )
Noun None Nominal
[2,3] [2.4] [2,5]
Prep PP
[3,4] [3,5]
NP
ProperNoun
[4,5]




CKY Parser

Book  the flight through Houston
S, VP, Verbg: S | — T 5 <
Nominal, e VP
Noun None None 3

[0,1] [0,2] ‘ [0,3] [0,4] \VHO,5]

\l/ NP
Det —T None
| | o i L5
No\LninaI, )
Noun None Nominal
[2,3] [2,4] [2,5]
Prep <—— pp
[3,4] | [3,9]
NP
ProperNoun
[4,5]

Parse Tree #1




CKY Parser

/

Book  the flight through Houston
S, VP, Verbsf—— | S S
Nominal, VP —| VP
Noun None None T i —

[0,1] [0,2] [0,3] [0,4] HO,5]

\’
NP ——— [ NP
Det < | None
[1,2] [1,3] [1.4] [1,5]
Nominal, €<4+—_ | \ )
Noun None — Nominal
[2,3] [2,4] [2,5]
Prep <—— pp
[3,4] | [3,9]
NP
ProperNoun
[4,5]

Parse Tree #2




CKY Parsergij|n)gx
. FEEEFRAATRER A

o EEHTIHIE

=2 : BRI REN A EDFRIERRIER ?




s

FiTRED
. EREARRE SR AR

° FEIFE

AELEFINEREFIFERESHIRE




Probabilistic Context Free

Grammar (PCFG)

» PCFGECFGRIBRZRALZIN , BRAIERN (~£R )
A1 HZEE

- BEHEEEME ST ENRIBIEREA1

o IREREARIRE ERIEFE~E




P o
Simple PCFG for ATIS English
Grammar Prob Lexicon
SY NP VP 0.8 DetY the | a | t ha
SY Aux NP VP 01 H10 06 02 0.1 0.1
S Y VP 01__ Noun Y book | fligl
NP Y Pronoun 0.2 01 05 02 02
NP Y Piouper 02 #10 Verb Y book | incl{
NP NMet Nominal 0.6__ 05 0.2 0.3
Nomi nal Y Nows Pronoun Y | | h
Nomi nal Y Nomi2n &01.0 Noun 0501 01 03
Nomi nal Y Normisnal PPppgperr-Noun Y Houston
VP Y Verb 0.2 ) 0.8 0.2
VP Y Verb NP 05 +H1.0 Aux Y does
VP Y VP PP 0.3 | 1.0
PP Y Prep NP 1.0 Prep Y from | to
0.25 0.25 0.1 0.2 0.2

(e




e
ISR

o (R AER LB EIURNERE IR/
o FAAIESRBIERAMRAEITER 2 MR

P(D,) =0.1x05x0.5x0.6x0.6 X FOl D,
05x0.3x1.0x0.2x0.2x |
0.5x0.8 e .

= 0.0000216 05 T

bOOkO.G et ominalo_5

the Nominal P1.
0.3 0

Noun _ Pre NP
0.2 P | 0.2

flight through Igrolper-Noun

Houston

0.5

/




4 N
g N U4
fi%iHIR
« RAFEEFETGENE (2R ) RARRLEN
P(D,) = 0.1 X 0.3 X 0.5 X 0.6 X 0.5 X Tor Do
06x03x10x05x02x VP 4,
0208 %%\
= 0.00001296 0 szrb MR06
book })et I\}ommal
the ORI un 0. Prep I|\IP02

P(D,) >P(D,)

(-

flight

through Igrolper Noun
Houston




DFHE

o — M AFRIBEIRACYINEE AliERIRIER 2
o RIR—NMAFBE—1PCFGERRIRIHEE

P(“book the flight through Houston”) =
P(D,) + P(D,) = 0.0000216 + 0.00001296
= 0.00003456




s
=1PCFGIESS

o AFHEZ1TE (Observation likelihood)
- BFaFHITOENHIR

o E{EREMHES (Most likely derivation)
o A— M AFRERENDEM

+ PCFGIEEI%]
o BiTiIEEURIIEPCFG , BRISHE




e

(e

S NPVP 0.9
S - VP 01
NP DetAN 0.5
NP - NPO®P
NP PRsopN 0.2
A - ¢ 0.6
A - Adj 0A
PP - Pr e@
VP - V 0P
VP - VPOP

English

PCFG: R{EREMIES

 FfUViterbiFi% , AREAFIHRETLEIERK
A9

@ked the do@@n./s\

NP P
P / /K
—X
N P Ii/ed the dog in the pen

P




e

(7

PCFG: R{EREMIES

 FfUViterbiFi% , AREAFIHRETLEIERK
A9

@ked the dog in the pgn.
S NPVP 0.9

S - VP 01 /)i\\
NP DetAN 0.5

NP - NPOP
NP PRsopN 0.2
A - ¢ 0.6
A - Adj 0.A

PP - Pre@
VP - V OP
VP - VPOPP

English




EZ={L CKY

* (ZBCKYIESPCFGHR , BN RTERABAN RS
FEIA—1HZR(E

» Cellli,j] BERER %%}M.LEHP‘IJJEI'JF.IFE'JEA
EIE_-_n’?EEﬁEI?Jaa_Jau S EIMATHE ==

. JBEIEEEACNFR , PIRSBIHRE




LA

Original Grammar

S—NPVP 0.8
S — Aux NP VP 0.1
S—> VP 0.1
NP — Pronoun 0.2
NP — Proper-Noun 0.2
NP — Det Nominal 0.6
Nominal — Noun 0.3

Nominal — Nominal Noun 0.2
Nominal — Nominal PP 0.5
VP — Verb 0.2

VP — Verb NP 0.5
VP — VP PP 0.3
PP — Prep NP 1.0

Chomsky Normal Form

S—NPVP 0.8
S — X1VP 0.1
X1 — Aux NP 1.0

S — book | include | prefer
0.01 0.004 0.006
S — Verb NP 0.05
S — VP PP 0.03
NP— 1 | he | she| me
0.1 0.02 0.02 0.06
NP — Houston | NWA
0.16 .04
NP — Det Nominal 0.6
Nominal — book | flight | meal | money
0.03 0.15 0.06 0.06
Nominal — Nominal Noun 0.2
Nominal — Nominal PP 0.5
VP — book | include | prefer
0.1 0.04 0.06

VP — Verb NP 0.5
VP — VP PP 0.3
PP — Prep NP 1.0




e

Probabilistic CKY Parser

Book  the flight through Houston
S:.01, VP:.1,

Verb:.5

Nominal:.03

Noun:.1 None

Dot & |

NP:.6*.6*.15
=.054

)Llominal:.15

Noun:.5




e
Probabilistic CKY Parser

Book  the flight through Houston

S:.01, VP:.1,
Verb:.5 €—
Nominal:.03 [ ——— [VP:5*5%.054
Noun:.1 None |:0135
NP:.6*.6*.15
Det:.6 =.054
Nominal:.15

Noun:.5




s
Probabilistic CKY Parser

Book  the flight through Houston

$:01,VP:.1,| —[3:.05%5*.054
Verb:.5 < | =.00135
H&Tr:f“"l":'% None VP:.5%.5%.054
B =.0135
NP:.6*.6*.15
Det:.6 =.054
Nominal:.15
Noun:.5




s
Probabilistic CKY Parser

Book  the flight through Houston

S:.01, VP:.1, S:.05*5*.054
\Verb:.5 =.00135
Nominal:.03
\/P:.5*.5%.054] None
- None
Noun:.1 ~ 0135
NP:.6*.6*.15
Det:.6 =.054 None
Nominal:.15
Noun:.5 None
Prep:.2




s
Probabilistic CKY Parser

Book  the flight through Houston

S:.01, VP:.1, S:.05*5*.054
\Verb:.5 =.00135
Nominal:.03
\/P:.5*.5%.054] None
- None
Noun:.1 ~ 0135
NP:.6*.6*.15
Det:.6 =.054 None
Nominal:.15
Noun:.5 None
P:1.0*.2* 16
Prep:.2
rep le =.032
NP:.16
PropNoun:.8




s
Probabilistic CKY Parser

Book  the flight through Houston

S:.01, VP:.1, S:.05*5*.054
\Verb:.5 =.00135
Nominal:.03
\/P:.5*.5%.054] None
- None
Noun:.1 ~ 0135

NP:.6*.6*.15
Det: .6 =.054 None

_ ominal:
Nominal:.15 |&<— | 5% .15%.032
Noun:.5 None =.0024
Prep:.2 |PP:1_.0C’)“E.322*.16
NP:.16

PropNoun:.8




s
Probabilistic CKY Parser

Book  the flight through Houston

S:.01, VP:.1, S:.05*.5*.054
Verb:.5 =.00135
Nominal:.03
\VP:.5*.5*.054] None
- None
Noun:.1 ~ 0135
NP:.6*.6*
W/ .0024
Det: 6 <— | =054 None =.000864
Voo
. Nominal:
Nominal:.15 5% 15% 032
Noun:.5 None =.0024
|PP:1.0*.2*.16
Prep:.2
rep =032
NP:.16
PropNoun:.8




s

Probabilistic CKY P
Book  the flight through Houston
S:.01, VP:.1, S:.05*.5*.054
Verb:.5¢— =0013s §S:.05%.5*
Nominat03 | one [vP:5+.5+.054 None 000864
3 ~ 0135 =.0000216
\7
NP:.6*.6*
NP:.6*.6*.15 0024
Det:.6 =.054 None =.000864
) Nominal:
Nominal:.15 5*15%.032
Noun:.5 None =.0024
|PP:1.0*.2*.16
Prep:.2
rep =032
NP:.16
PropNoun:.8




s

Probabilistic CKY Parser

Book  the flight through Houston

S:.01, VP:.1, S:.05*.5*,054 /’S:.03*.o135*
Verb:.5 =.00135 032
Nominal:.03 me \ = 00001296
Noun:.1 None R one S:10000216
=.0135
NP:.6*.6*
NP:.6*.6*.15 .0024
Det: 6 =054 None =.000864
] Nominal:
Nominal:.15 b* 15*% 032
Noun:.5 None +.0024
|PP:1.0*.2* 16
Prep:.2
rep =032
NP:.16
PropNoun:.8




e

Book  the flight through Houston
S:.01, VP:.1, S:.05*.5*.054
Verb:. 55— =-00135 S:.0000216
Nominal:.03
\V/P:.5*.5*.054] None
- None
Noun:.1 ~ 0135
v
NP:.6*.6*
W/ 0024
Det: g&&— | =.054 None =.000864
Vo
. Nominal:
Nomlnal:.15< 5% .15%.032
Noun:.5 None =.0024
w * D%
Prep:.2KIP\P'1_'OOé22 A6
NP:.16

PropNoun:.8

Probabilistic CKY Parser

eI AI BE IR A
HIEIES




s
PCFG: BIaENIZ:

o« EF ATIRERIAEREE , fl2lPenn Treebank, aJE#E
(hitaizs8

Tree Bank
NP P

S - NP VP 0.9

John NP P
I A f): S —->VP 0.1
put the dog in the pen NP —->DetAN 0.5
: NP—->NPPP 0.3
NP/S\P SuperVISed NP — PropN 0.2

J!hn —' PCFG -A—)S 0.6

| & Pé A—>AdjA 04
- - —> .
put the dog in the pen Tra.l n I ng PP — Prep NP 1.0

VP —- VNP 0.7
VP—-VPPP 03

English

o




s

PeE st

o FFEFINTTEIEM Treebankd#2EY
o AT EIEM Treebankrh SRR REH 1T

Pla- bla)= count@ - b) _count@- b)

“Hocount@- g)  count@)
g




s

PCFG: FoHEENIZ5

- BEFRIFERENNaFERSRHT

Training Sentences

John ate the apple
A dog bit Mary
Mary hit the dog
ggpn gave Mary the

—>

PCFG
Training

S—>NPVP 09
S — VP 0.1
NP > DetAN 0.5
NP —»NPPP 0.3
NP — PropN 0.2
[ A & 0.6
A>AdjA 0.4
PP — Prep NP 1.0
VP->VNP 07
VP - VPPP 03
English




s

PCFG: FoHEENIZ5

- ASMEEZ(Inside-Outside algorithm)
o —HMEMEZE , ZHMMIEEIRBaum-Welch §iX

o HEAFREHHE | BFIEEGHHIMEEIRNEETEERaT

BEAICNFF=4E,

o (EREMIEIIG=EIVRITER , LARKLE

BRI BBESE




e

PCFGRIPRH : RiCHPCFG
. BRI BERIRDT AR SRR

S

T
NP VP<— - - -~
NNS VBD/\NP*— N
wc:;v,f"ke‘r.s NNS P/\NP
dumped I'J?‘f() DT NN
sacks r‘;' fl'."'ﬂ

IRIBERESLT | ISPPIEIEZINPLLEERIVPRY AT BE
HEEX , BASeERIEENPHE.
A SREE b B Nizik s FEiFiEiC (dumped),




PCFGRIPHH : iRiCHEPCFG

o 1a8iC{EPCFG(Lexicalized PCFG)

o WalEMIRSNERESFEAALE ( Head Word)i#1T
e , SREE ARG S TR

- SHINTHEERABEBRRA

Sliked-VBD

NPjohn-NNP WVBD

NNP VBD  NBiogNN Nominaldog-NN — Nominaldog-NN PPin-IN
Jclhn liked T Naminabog-NN

the N%mnal Fh-IN

oo e

dog in DT Nominapen-NN

the NN
© o )




PCFGRIMUH : D EEESH

o RET ETEXE , FEANSIFENF ETFI,
PAT SR LRI TF L TX

o 530 : NP{EAZEiIF(subject)BILLIEAEIE(object) RIZEEA]

gEftia(pronoun)




PCFGRIZIH : RS TFH

« ATIRMETXER | IEE2EFILIBFTHERZER
RS S B RS A HI R

e A subject NP becomes NPAS since its parent node is an S.
e An object NP becomes NP~AVP since its parent node is a VP

NP AS VPrs — VBD"vP NP~vP
S /LK

N!\\P’\NP VED"VP )IQP

Jghn liked )DT’\NWP‘NP

the N})AmN nal PRNominal
PP
NFINomlnIaITI;:\)P K

dog in Ijj“N Nominal*NP
t

P
e NN *Nominal

© l,




PCFGRUEN#H : PREEH

- JHRERFORIBM 7T SHEHE | —IRXVSERBRIAEE
SHITDZ

. HEEEN—LIHRERITAH , B TR
%, ENEEBISY




Pl (Treebanks)

- BAZIES. SXRENIME
o B3, X, FTRIAIE, ...
e Phrase structure, dependency, CCG, HPSG, ...

o ixemlI=English Penn Treebank & Chinese Penn
Treebank

o FHFIRS N
- BEFHEREFISEIEDER



http://en.wikipedia.org/wiki/Treebank

X AED TSR

FEIREED RIS K (BT EIETENFE)EI
80%

Wl

« (REESITHSRIKT ( EAFCHREERE ) BiF0%
HFCAREERES T




Bk BHIXMIEXITRESERES

RN SREDhEhE
wiCETR
BEXR(EEHEE




BN ESRES TR




Language Semantic analysis
(or, understanding)

generation

Tainio scored a beautﬁrﬂ goal!

Sentence
— T ) Syntactic parsing
NP Verb (NP = noun phrase,

/ NP \ VP = verb phrase)
I

Det Adjective  Noun

! | \
Tainio scored a beautiful goal Morphology: score-d




e

F3VE T
e “| have a car

Je,y Having(e)/\Haver(e, Speaker) AHadThing(e, y) ACar(yv] —— E'rSt Order
ogic

Having

Had Thmw Semantic Network

Haver

Speaker Car

Car Having
ﬂ POSS-BY Haver: Speaker

Speaker \ HadThing: Car
Conceptual \
Dependency

Frame-based




s

iE)‘(iEEE%sz

 HFormulafzXxa)+FE

First-order Predicate Logic

John loves Mary

lovesfohn,mary

Somebody sleeps

$x sleeps(x)

Somebody loves
everybody

1.$x " y lovesk,y)
2." y $x lovesk,y)

@

Other candidates: Modal logics,
higher-order predicate logics, description logics etc.




BBt

° ﬁﬂ!ln |=|$7'CEIJ
o REEIR : &L E?g&‘ REHR

o ALEIREIAIFRIEN S
o AFANEX HEAERRZRIEXHSTSE
« EFEiCIEZERIRNOFENTRE

Inputs 4{ Syntactic Analysis ]—~/>>\4>{ Semantic Analyms

Syntactic Structures

Meaning

Representations
@ Y,




@

BBt

o FREUES RIS X
e AEER : "WiCHKk. AIFHR. BER

o FRIRENHIRFRIE N ST
- BFEICHIEAERIRMAFENFRE

S JeLiking(e) ALiker(e, Franco) A Liked(e, Fragca)

/ /

ProperNoun ~ Verb- " ProperNoun

Franco likes Frasca




e
From parse trees to logic

N'P - .
FA compositional 2x:think(bill likes(harry,x))
who 7 S semantics
| / N
does VP ]
NP \S or some other suitable
| / \, representation
VP
T
Harry T Semantic
likes

augmentations to
syntactic rules




@

Example

° Proper nouns map to a constant
° [[ John ]] = john
* [[ America ]] = america

* Adjectives, nouns, and intransitive verbs maps to a one-place
predicate

* A predicate is a function that returns a boolean value (true, false)
[[ sleeps ]] = /X sleeps(x)
[[ man ]] = /X man(x)
[[ red ]] = /X red(x)
* Transitive verbs map to a two-place predicate
° [[loves]] =/y./x loves.y)
* Auxiliaries map to the identity function

o [[is]]z[[does]]Z/XZX




Example
S
NP VP
/\NP
N V \
N
John loves '
Mary
“John loves Mary”




Example
S
NP VP
/\NP
N V \
. N
john /y: Ix: loves(Xx,y) '
mary
“John loves Mary”




Example
S
NP VP
. l /\NP
john V \
N
/y: I'x: loves(x,y) '
mary

“John loves Mary”




Example

S
john VP
/\NP
i \
N
/y. I'x: loves(x,y) '
mary

“John loves Mary”




Example

/\

john VP

TS

/y: I'x: loves(x,y) \
N
a

mary

“John loves Mary”




Example

/\

john VP

TS

/y: I'x: loves(x,y)

mary

“John loves Mary”




Example
S

/\

john VP

T

/y: I'x: loves(x,y)

“John loves Mary”

mary




Example

S

/\

john

[ /y: /x: loves(x,y) ] (mary)

“John loves Mary”




Example
S
john / x: loves(x,mary)

“John loves Mary”

N




e

Example

[ /x: loves(x,mary) (john)

“John loves Mary”




e

Example

loves(john,mary)

“John loves Mary”




e

BBt

 ZERIEX S (EX AT

agent source destination Instrument

Jiti 55 KIE  HHE TH

John drove Mary from Austin to Dallas In his Toyota Prius.
The hammer broke the window.




s

AFRENBIER

o FEBXOREM , BRIFSBRANBEAHIRS

* B ABIRERSISKE(FE)E70%LIE




maath(Discourse Parsing)
. BER—HEREELHINET

( is a coherent structured group of
sentences)

o f5i4N : A (monologues), ¥iE(dialogues)
c BEDTREE{ESS
o MENDEI(Discourse Segmentation)

o GEIXFiIRRI(Determining Coherence Relations)
o 15(%ikif(Reference Resolution)

- RIS THEERENXPEESARNILL LIS |
(ERRALEEERBIXER G




" EE4E|(Discourse
Segmentation)

o RERE: BXE RS IR FERRE RS
o BRI HS 1 EIRERAHERY
o f5l40: BlFZieX ]9 E/g : Abstract, Introduction,
Methods, Results, Conclusions
s mEEIRIRNAE:
o XHEHRE: eI KRB HE
- SERNZES(EEHEL 5 EMERELHEHT
o 1HXA(ESS: WFEFIRAINTHESTZ 7 E]




i

REDEIRE

- BRI %(Cohesion-based approach)
« BXHESEIFIER , BN FIEEPHERE/DFZ

[EHESER | Fiaetin R LR IERE
 TextTiling HjXx(Hearst, 1997)

o EEBARSBRINI AR
o SHialiC_ERYEEIR

va Ie¥

-'q”-

i




WA EE Y (Text Coherence)

o —RINIRVPAVFHABEMEE—IMRE B
IRZERE

o iIERE : BRI ZIEANENKETR , AIFER
XA EHTHE szﬁﬁéi*ﬁﬁﬁk¥$¥

r: =84
John hid Bill' s car ke*;, He was drunk.

John hid Bill’ s car keys. He likes spinach.




EETHXKF (Coherence Relations)

o A few more such relations, Hobbs (1979):
@@= Result gy,

The Tin Woodman was caught in the rain. His joints rusted.

rallel

The scarecrow wanted some brains. The Tin Woodman
wanted a heart.

oration

Dorothy was from Kansas. She lived in the midst of the great
Kansas prairies.

asion

Dorothy picked up the oil-can. She oiled the Tin Woodman’ s
joints.




S (Discourse Structure)

- RELSH: BFERXFNRERRIGH
« RUSAEMEE
s P RRTAFZARERXSR: discourse

segment (not linear)

John went to the bank to deposit his paycheck. He then
took a train to Bill' s car dealership. He needed to buy
a car. The company he works for now isn’ t near any
public transportation. He also wanted to talk to Bill
about their softball league.




EElg(Discourse Structure)

/Oc%

John went to the bank to E pla tlon
deposit his paycheck. Par Iel
He then took a train to /

He also wanted to talk to Bil

EXP|a nation | about their softball league.

Bill’ s car dealership.

He needed to buy a cafhe company he works for now
isn’ t near any public transportation.




REZZid(Discourse Structure)

» RGP
o MRS : nJL AR k8 S FF#fiElaboration xR iEE

HIEEIT

« AIZRE : 7

. EEHIERS : FEEWNSEER RS L
EVAG()

o

Y=y

FHExplanation X Hi#{TEZ




R

: BEliRsIRERTZEANERXR
o : BEEREVE =
ENRESH
o LA EAm M EREREELARRRAYERE , (BE—LE%ERY
HiZREIFIREI—ERHR | flan , BFREIRRE
%Z=iA
- IRRELIIAYIEIE, e.g. “joining us now” ,
“coming up next” etc.
o 1E#R: “because” , "although” , “with” , “and”




4 ™
{54\;Ef% (Reference Resolution)

o IHEMEAEAFMESREMMEIE(SHR)

Mr. Obama visited the city. The president talked about
Milwaukee’ s economy. He mentioned new jobs.

“Mr.Obama” , "Thegregdent and “He"” =EIBiRY

( ), "Barack Obama” 35|zl (
) ' E1I]¢\;E ( )

f Bl
(a ntecedentﬁ'[—,n-;'_l) Llljf'?%;l:gs I'“.(l)%lca H:e SJM%{ZE
president” ,

:SIARIAVISRZ RIREIRYSEMD , MFRT

cataphoric, e.g. “the city”




IefRRIET,

e Indefinite noun phrases (NPs): e.g. “a cat”

« ERE L TXHRNEHEY
e Definite NPs: e.g. “the cat”

o ERIFRATZAEY
 Pronouns: e.g. “he” ,” she” , “it”"
« Demonstratives: e.g. “this” , “that”

e One-anaphora: “one”




ﬁ?é?ﬁﬁiﬁﬁﬂﬁ%
: &g

D*ED*WHG?aﬁ% 3\ , BEES Heitiatt
o BUTAfllFAREIgHEEg: {Mr. Obama, The president,
he}, {the city, Milwaukee’ s}

?ﬁﬁﬂkﬁﬁiﬂﬁﬁi’ﬁrﬁj A95c1Tid
 BUTAf5FHh, " $8M “Mr. Obama”
o =F ?a.l%ﬁ:ﬂ?l?r&“




ATRIE B AFRYISIE
. B3
- HE—5E
Singular pronouns (it/he/she/his/her/him) refer to

singular entities and plural pronouns
(we/they/us/them) refer to plural entities

o ATR—EE
He/she/they etc. must refer to a third person entity
o TH3I—E1E
He -> John; she -> Mary; it -> car
o FRLUR
John bought himself a new car. [himself -> John]
John bought him a new car. [him can not be John]




AFRMCIEERERV4SALE
o {JE5%G1%:
 PMIE[EN (Recency): i ZIRISCIF B ol sEMTS

went to a movie. went as well. was not
busy.

o {Ei%f(Grammatical Role): EiE{(SERISCIBEL
EiS(uERYSEIrEnIseRiat

went to a movie with . He was not busy.
o 243 (Parallelism):
went with to a movie. went with

to a bar.




AFRMCIE i ERERYSIE
o {L5CTE:
o TJiFdiE X (Verb Semantics): FLa)iF EHEERIN
iiEmE EiEEiSHRRF

John telephoned Bill. He lost the laptop.
criticized Bill. He lost the laptop.

o %1ZPRE(Selectional Restrictions): i&X _ERIPR

il
parked his in the after driving
around for hours.

o AR ERFIEHITH S

? 2 2

Mr. Obamavisited the city. The presidentalked abouta A f & | detoBofyide mentioned new jobs,

(o7 Y




%?“ﬁﬁﬂ
BES AT

S2: 0P adES

A B??:é‘éﬁ* Ea]LAXIIEIRRIE

« 'R . B EIEIHE

o [@FA: “John Smith” in 3#4A =

in #iB?
e Bk
SEaEE:

Within-document co-reference
Vector Space Model similarity

FR. BFH

FERLZRE SES

“John Smith”




wWiDEGTE




HBEXTF

B BF: P - il
|ﬂ!ﬁﬁ I think you Chen Shui-blan

TR D Fifv WF

T|'a nSlate From: Chinese « 4'.' To: English «

English  Spanigsh = Chinese (Simplified) Detect linguage

Chinese (Simplified)  English = Spanish
FHE iR

X |think flat you

Allow phonetic typing




FIFLRSERIERS , KIS (hong) B2 REHHIL , ZDME
Ak, MRERES , BRIREM—T. 5—X , WEX
KR 7. FFIRCAMEIN Tk , fEAAREIRGAYRIE , 18
E: “We, BEEEIE?”

“EPAE , XA ! 7 ISR,

“UF , IBRIEHAE | " [RIERE | RIEJL7] , BIERE
HIMmEEEETFR , B2INIFE,
KAFDKERALIE—FM B iR EIR.

"8, BFENS ? " PRI,

“ARE , AE ! " [WIETIH,

U, BAERAE. " [ARERE , XRIET] , #BiEX
P RRYEEFEITR , REHEL,

KA RF—E . BOHRRMEERREFN , WEISR
MREIIBE. X—THAISIKY , MASER. “S,
S, IAESEREAINHHEEINS ? ~ FARER : "BE
&ERE , AERBBRT | EERNLER , REARSE
Il — (P RLIERIELEE)

P RIRTEZE L isilE , FIRiRE
EXHIATHELE , RiG(ERA.




s=1r )
'la :DEX
s IRIFIENENX
o BEHERTRIBHNEN ?
o IFEZ AR EAXIAR ?

BXiE, RXiE, LEfnd, Fud, 55
RIS AL




18] (Word Senses)

WX : —MAERNFERE X
« —NMAFHEESMAX;
o — MR M HEHI—1 iT#E (gloss) Fhiik

o apple: fruit with red or yellow or green skin
and sweet to tart crisp whitish flesh

. —FBY
: : R REARERX
Bank: money bank, river bank
o L IR Z B XEX

Bank: financial institute, building of the financial
institute, storage of blood (blood bank)

- REZ AR PRIER

(=




W XERXRER

» [AXiA(Synonymy)
» 2 id(Antonymy)
o kfidl(Hypernomy)
» T{iiaA(Hyponomy)
» B{X(Holonymy)

» 893 (Meronymy)




imiCAE{UE (Word similarity)

s AMIAXRRE_(EXR
o IMAR/ARRINEKR

o EBESIARYEEN

o A CHREIE /B X BB (Word similarity or Word
semantic distance)

ﬁAGZEEﬁﬂﬁm EHEER{EL
o LR EREFRIMAIKR
BT R T




hStELIERETR G A
- EFENIAIHAYGZ(Thesaurus-based)
e HFAm/MATEWordNetSFHiEVGFHAES “HSB”

- BFERFETRGE
(Distributional/Statistical algorithms)
o EEEGRETESHIER ETX




WordNet

« ERNFEANXRITERIR , 17 EUERE
- BRIANFEHEXER

o BERNSHI T
http://wordnet.princeton.edu/

e Developed in the mid-1980s by famous

cognitive psychologist George Miller and a
team at Princeton University

e George A. Miller passed away on July 22,
2012 at the age of 92.




WordNet

o (synonym set): (E{)RINXES
 WordNetfJEAEJt
o B— ' synsetFRFR—MEXELE
» Example synset: {hit, strike, impinge on, run
into, collide with}

° ggg%@iﬁg’l\synsets , iE5E , (BRI

o Synsets B ARRYIE N KR IEE




Format of WordNet Entries

The noun “bass™ has 8 senses in WordNet.
bass! - (the lowest part of the musical range)

b =

bass?, bass part! - (the lowest part in polyphonic music)
bass>, basso! - (an adult male singer with the lowest voice)

nanlll

sea bass!, bass® - (the lean flesh of a saltwater fish of the family Serranidae)

EJ'I

freshwater bass! \ bass” - (any of various North American freshwater fish with
lean flesh (especially of the genus Micropterus))

=)

bass®, bass voice!, basso? - (the lowest adult male singing voice)

=]

. bass’ - (the member with the lowest range of a family of musical instruments)
8. bass® - (nontechnical name for any of numerous edible marine and
freshwater spiny-finned fishes)

The adjective “bass™ has 1 sense in WordNet.
1. bass!, deep® - (having or denoting a low vocal or instrumental range)
¥ . 133 e " . . . ¥
a deep voice”; "a bass voice is lower than a baritone voice”;
"a bass clarinet”




Semantic Relations in WordNet

A semantic relation
is represented by a
pointer between
word forms or
between synsets.

Semantic

Relation

Synonvimy
(similar)

Antonymy

(npp( site)

Hyponymy
(subordinate)

Meronymy
(part)

Tr ponomy
(manner)

Entailment

Note: N = Nouns

Syntactic
Catege ry

N, V. A}, Av

Aj, Av, (N, V)

.\j - Adjectives

V = Vierbs

pipe, tube

rise, ascend
sad, unh;:l)p\
|'.1pu'lh. spm-rhh

wet, dry

P werful, p()\\'m’h'.\.\
friendly, unfriendly

rapi(ll\". slowly

sugar maple, maple

m;uplv. tree
tree . pl.fu'lt
brim, hat
gin, martini
\'hip, fleet

march, walk
\-.hjxl)m . \’P:-ak

drive, ride
divorce, marry

A « Aduerbs




e
A WordNet Snapshot

synsets

\

meronym

W
>

hyponym




WordNet Hierarchies

Sense 3

bass, basso —
(an adult male singer with the lowest wvoice)

=> singer, wvocalist, wvocalizer, wocaliser
=> musician, instrumentalist, player
== performer, performing artist
=> entertainer
=> person, individual, someone...
=> organism, being
=> living thing, animate thing,
=> whole, unit
=> object, physical object
=> physical entity
=> entity
=> causal agent, cause, causal agency
=> physical entity
=> entity

Sense 7
bass ——
(the member with the lowest range of a family of
musical instruments)
=>» musical instrument, instrument
=> device
=> instrumentality, instrumentation
=> artifact, artefact
=> whole, unit
=> object, physical cobject
=> physical entity
=> entity




WordNet Senses
» WordNets senses{fiFF s

o “play” as averb has 35 senses, including
play a role or part: “Gielgud played Hamlet”

pretend to have certain qualities or state of mind: “John played
dead.”

» AEMLIRITANERXS , RBERILCFER
A RERHX S
» AR EEXINLPESEH ?

o A—7E
o AJLABEXMEAIERIGRITIAF | SRIEAE.
ZHTFXSBHRENX

(=




(=

EFWordNetiidiStE{EE

» ALM{ERAWordNetiESER
e Relation
e Glosses
e Example sentences

- BREE

o FAMATE (A X)EWordNetdhigiHPek B ARIHETE
32 , BB AIXFMMANE (15 3 ) EAR1EL,

simpath(cl,Cg)
SIMRagpik(€1,¢2) = —logP(LCS(c1,¢2))
2 x log P(LCS(c1,¢2))
logP(c1)+logP(c2)
1

—log pathlen(cy, ;)

SimLin(Cl ) C2)

sim; .(c1,62) =

) 2 x log P(LCS(c1,¢2)) — (logP(c1) +1ogP(c2))
simgp og(c1,¢2) = 3 overlap(gloss(r(c1)), gloss(q(c2))
rgeRELS




(=

f5ll— -

- T ERE
BREMIER)

(i.e..

4w coin

“+hickel

Path based similarity

/

~ coinage

BE /RSP tHSE , XAt

" medium of exchange scale %

Richter scale

currency money

AN

fund

N\

budget

dime




" fl— : Path-based similarityfi§
ESIi_

pathlen(cl,c2) = @¥ B =cl and c2Z|E&gE
FFLLH’J&E

e simpath(cl,c2) = -log pathlen(cl,c2)

e wordsim(wl,w2) =
® MaXcli senses(wl),c2i senses(w2) sim(cl,c2)




" fl— : Path-based similarityfl§
)R
- [IREBFREE(D ) FREFRIER
o HFPath-based similarity, Nicke/to money 5
nickel to standard BEBtEEIIELIE

o R0 , Nickelto money H¥eERMIZEL nickel to
standard BE{El

- Elt , TEXNTFIBAIMCHHET E?ﬂizﬁ




5l— : Resnik method

o Resnik: EIEmMARIEEA
A SRR L AT SIS RN S (info

content)

e sim . (cl,c2) = -log P(LCS(c1,c2))

ent

PECEEP(C)

mnanima

HEEET RERRGERAEEE , BEEERX

ity 0.395

e-object 0.167

natural-object 0.0163

geolo gical—fon&tion 0.00176

0.000113 11atura171evation shore 0.0000836

0.0000189 hill

coast 0.0000216




H{thig Xirj#-VerbOcean

» VerbOcean is a broad-coverage semantic
network of verbs
e 3,477 unique verbs
e Unrefined 22,306 relations

SEMANTIC HTAMPLE Transitive SYRRIRELric Hharre i
RELATION FERBOCEAN
simmilarity produce - create T T 11,515
sirangth wound kil T I 4 220
AMEQIVIRY open o close I T 1,975
enabiement fight :: win I Iy 593
happens-before bmﬁté.r?:?*frorce T Iy 4,205
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B FEAFTREEEIE

» A bottle of tezgiiinois on the table
» Everybody likes tezgiino

o Jezgiiino makes you drunk

 We make tezgiino out of corn.

e Intuition:
o MiJiERYE I HREREEHEN tezgliinoIE X
e Basic idea: B/MAiSUIREINEAMCIA LT ,
BB eliB1Ll.
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» A EFUFIEMSERTIAIE
- BFRSIEE/AUE2NHEITITR
- BMAERERMN , BBAXMmMETE(EL
arts | boil | data | function | large | sugar | summarized | water
apricot 0 1 0 0 1 1 0 1
pineapple 0 1 0 0 1 1 0 1
digital 0 0 | | 1 0 | 0
information 0 0 | | 1 0 | 0
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I EER (Wikipedia) .

The Free E Ill.)(/l)/)u/h!

» Wikipedia F—RXEHEiR—MEE

> 4,072,164 content articles, and 28,400,722 pages.
- BREXERTFEL 15!

KALARIRAR
« XEZARNEIHERIR 7 BI1ZENEN KR

CD”_Qar Redirect hyperlinks
W Disambiguation hyperlinks

Fedirected from Puma (animall)

This article is agbout the large cat species. For other uses, seae Cougar (disambiguationl .- .
Associations hyperlinks

"Catarmouwnt” redirects hore, For the sk grea, see Catarnount D5 Ares.

The cougar (Fuma concolof), also puma, mountain lion, or panther, depending on region, is @ mammal of the Felidae fanily, native to the

Armmericas. This large, solitary cat has the greatest range of any wild terrestrial mammal in the YWesterm _ extending from Yukon in
Canada to the southern Andes of South America. An adaptable, generalist species, the cougar is found in every major American habitat type. It is
the second heaviest cat in the American continents after the jaguar, and the fourth heaviest in the world, along with the leopard, after the tiger, lion,
and jaguar, although it is most closely related to smaller felines.

A, capable stalk-and-ambush predator, the cougar pursues a wide variety of prey. Primary food sources include ungulates such as deer, elk, and
bighorn sheep, as well as domestic cattle, horses, and sheep, particularly in the northern part of its range, but it also hunts species as small as
insects and rodents. Moreover, it prefers habitats with dense underbrush and rocky areas for stalking, but it can live in open areas. The cougar is
territorial and persists at low population densities. Individual territory sizes depend on terrain, vegetation, and abundance of prey. While it is a large
predator, it is not always the dominant species in its range, as when it competes for prey with other predators such as the jaguar, gray waolf, black

bear, and the grizzly bear. It is a reclusive cat and usually avoids people. Attacks on humans remain rare, despite a recent increase in frequenc:},r.[‘”

Due to persecution following the European colonization of the Americas, and continuing human development of cougar habitat, populations have
dropped in many parts of its historical range. In particular, the cougar was extirpated in eastern Morth America, except an isolated sub-population in
Florida; the animal may be recolonizing parts of its former eastern territory. With its vast range, the cougar has dozens of names and various
references in the mythology of the indigenous Americans and in contemporary culture.
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- ARKIE
« EWikipediaF{EiEX “im#” , aiZANHIREZIE
HISHHXER ;

Wikionary: a free lexical database in every language

>2,614,209 entries with English definitions from
over 400 languages

» BWikipediafFAiEH , #iTHRITHR

ESA - Explicit Semantic Analysis
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Wikipedia-based Explicit
Semantic Analysis

o IRIFRISEEEM SN EREEHN ,
H—MEEHERERT.

BN

w Input: “equipment” [nput: “investor”

l Tool [nvestment

2 Digital Equipment Corporation Angel investor

3 Military technology and equipment | Stock trader

4 Camping Mutual fund

5 Engineering vehicle Margin (finance)

6 Weapon Modern portfolio theory
7 Original equipment manufacturer Equity investment

8 French Army Exchange-traded fund
9 Electronic test equipment Hedge fund

[0 | Distance Measuring Equipment Ponzi scheme




FWeb SearchfJiaiDENITE

- FIRIEES|SEZRMOERITEIRICZRIHIEXR
e “A and B”

o HITS(Pz Goole

» Snippet

Search

Everything
Images
Maps
“ideos
Mewvws
Shopping
hdore

Any time

Fast hour

Fast 24 hours
Fast week
Fast month
Past 2 months
Fast yvear
Custom range...

All results
Related searches
Timeline

hlore search tools

"“ibm and microsoft”

fFIEN PC DOS - Wikipedia, the free encyclopedia
enwikipedia. argfwiki/IBM_PC_DOS - Cached
In June 19385, IBM and Microsoft signed a long-term Joint Development ... This DOS also is

Lthe last DOS that IBM and Microsoft shared the full code for, and the ...

ety -

T o ToSUn = o JdioU - REETETTCE

IEM ws. Microsoft Will the Open WWeb Chande the Game?

wonns. Feadwriteweb. comd. . fibm-vs-microsoft-will-the-open-web-cha. .. - Cached

19 Jan 2010 — At Lotusphere this year, the contrast between IBM and Microsoft could not be
more distinct. IBM is making it clear it is banking on a strategy that ...

Microsoft and IEM Announce Technology Adreement: 1B ...
wanew microsoft. comfpresspassfpress/20037. . M1 1-03xboxibmpr. mspx - Cached
3 Mo 20035 — 1B Technology to Power Future ¥box Products and Services.

IEM solutions for Microsoft technolodies - Systerm x

wasew ibm. comdsystemsfxfosfwindowss - Cached

For decades, IBM and Microsoft® have undenaken joint development initiatives to improve
industry standards and provide proven leadership solutions. -

IBM and Microsoft two takes on the future of the PC

wewi techflash.com » 2011 » August - Cached

11 Aug 2011 — Mews, profiles and commentary on Seattle technology startups, Microsoft,
Armazon.com, gadgets, PCs, software, venture capital and Internet ...

On Eve of PC's 30th Birthday, IBM and Microsoft Diebate Its Future ...

waned. pomag. comdanticle2/0 2817 2390397 00 asp - Cached

11 Aug 2011 — Friday is the 30th anniversary of the PC, but executives who helped develap
and advance the groundbreaking technology have different ...

™~
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o 1A X iHIE(Word Sense Disambiguation) : J3—
MEiE TSR ERYE IREERIEIE— MR Y
o i8] IREE R B Sin) s AR EE
« EFANRRGE & BEFEINHIE

o 1a¥ X% (Word Sense Discrimination) : {£i%
BIEX AR XIREABERT , B—MaiERIER
¥R HARE IR
s THRERIX




i1 X

e The fisherman jumped off the bank and into the water.
()
e The bank down the street was robbed! (£17)

« Back in the day, we had an entire bank of computers
devoted to this problem. (#E)

e The bank in that road is entirely too steep and is really
dangerous. (#}iF)

e The plane took a bank to the left, and then headed off
towards the mountains. (fli§l €17 , (iF]5£5)




WSD{EEMmEIT

T|‘a nglate From: English = ".p To: Chinese (Simplified) -

The plane took a bank to the left, and then headed off towards the mountains | —ELHLE—EI —‘[Eﬂ f{?ﬁ,’ﬁ*, @;_ﬁ;_{ljl] . ﬁ%\}_ﬁ“ Iﬁ @ U

T|‘E| nglate From: English = ".' To: Chinese (Simplified) -

The bank in that road is entirely too steep|and is really dangerous. RATTE IR IE R %7‘%% K EE, ;‘E%ﬁ]ﬂﬁ B .

(- y
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SEhRR A

o NEEEiE(Machine Translation)
e Translate “bank” from English to Chinese
Isita “#R1F" ora "jig”

- (EE#8ZE (Information Retrieval)
e Find all Web Pages about “cricket” (3EIE/fREK)

The sport or the insect?

- EEEAIE (Question Answering)
 What is George Miller’ s position on gun control?
The psychologist or US congressman?
» F1IR3XEY(Knowledge Acquisition)
» Add to KB: Herb Bergson is the mayor of Duluth.
Minnesota or Georgia?
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Google

document summarization hd “

Scholar I

Aboot 42,800 results (0007 sec) I

Aticles

Legal documents

Ay time

Since 2013
Sihce 2012
Sihce 2009
Custom range...

Sart by relevance
Sort by date

«include patents

#include
citations

B Create alert

Information fusion in the context of mult-decument summarization

R Barzilay, KR Mckeown, M Elhadad - ... ofthe 3¥th annual meeting ofthe ..., 1999 - dl.acm.org
AbstractWe present a method to automatically generate a concise summary by identifying

and synthesizing similar elements across related text from a set of multiple documents. Qur
approach is unigue inits usade of language generation to reformulate the wording of the ..
Cited by 278 Related articles  All 36 versions  Cite

The use of MME, diversity-based reranking for recrdering docurments and producing surmmaries

J Carbonell, J Goldstein - Proceedings ofthe 21st annual international ..., 1998 - dl.acm.arg
- 4 Summarization [fwe consider document summmarization by relevant- passage extraction,
we must again consider relevance as well as anti-redundancy. ... This is espe- cially true
inthe case of guers-relevant multi-doecument summarization. ...

Cited by 1200 Related adicles Al 20versions  Cite

hMuUlti-decumeant summarizatien by sentence extraction

J Galdstein, W Mittal, J Carbonell... - . Adtomatic sunmamarization- ., 2000 - dlacm.arg
Abstract This paper discusses atext extraction approach to multi-document summarization
that huilds on single-decument summarization methods by using additional, availahle
information about the document set as a3 whole and the relationships bhetween the ..

Cited by 202 Related aricles Al 24 versions  Cite

Multi-decument summarization by graph search and matching

| Mani, E Bloedarn - arkiv preprint cimp-19f97 12004, 1997 - arxivorg

Abstract: We describe a new method for summarizing similarities and differences in a pair of
related documents using a graph representation for text. Concepts denoted by words,
phrases, and proper names in the document are represented positionally as nodes in the ..
Cited by 206 Related aricles  All 8 versions  Cite

From single to multi-decumant summarizatien: A profotype syster and its evaluation
Y Lin, E Howy - Proceedings of the 40th Annual Meeting an .., 2002 - dl.acm.org

Abstract MeATS is a multi-document summarization system that attempts to extract relevant

or interesting porions from a set of documents abhout some topic and present them in

coherent order. MeATS is among the best pedormers in the large scale sumimarization ...

Cited by 163 Related aricles Al 24 versions  Cite

Document Summarizatioen Using Conditional Fandorm Fields.

O Shen, JT Sun, H Li, 2 ¥ang, £ Chen - IJCAL 2007 - aaai.org

Abstract Many methods, including supervised and unsupervised algorithms, have been
developed for extractive document summarization. Most superised methods consider the
summarization task as a twoclass classification prokblem and classify each sentence ..
Cited by 133 Related adicles  All 28 versions  Cite

# Br Citntions -

upenn.edu [PDF]

cru.edu [POF]

LUpenn. edu [PDF]

Arxiv.0rg [POF]

LUpenn.edu [PDF]

ust.hk [PDF]
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E BHREX

Luhn. The Automatic Creation of Literature Abstracts
(1958)

E BRS04 , IS—EHRE | (BIIAEESABE

E  FEETEMER ?
5AI88. BAESEERMESIML
REHEE vs. EXREHE

E RERS
NewsInEssence by University of Michigan
NewsBlaster by Columbia University
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e HEXIT
DUC

NISTZH4R , 2000-2007
ERMES(EH) : BXHE. SWHE. EiFEXHEER

TAC Summarization Track
NIST¢HZH , 2008-2011
FEESFE) :

Update Summarization
Opinion Summarization
Guided Summarization
AESOP ({GZB&1Th)

NTCIR-9 ~ 10: 1click (§7BY)

TREC2013: Temporal Summarization Track (&)
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| anguage-independent sentence
scoring methods
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Structure- Vector-
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Position Length Frequency Similarity Degree Pagerank Similarity
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TJU_Summary1
pris1

pris2

NUS2

semell

NUS1
SIEL_IITH1
BLLIP2
(Baseline2
(Baseline

ROUGE-2
ATiF9Responsiveness (0~5%7)

Score

4.9545
4.9545
4.9091
4.8182
47727
47273
4.7273
4.6818
3.1591
3.1364
3.1136
3.0909
3.0909
3.0909
3.0682
3.0682
3.0455
3.0227
2.8409)
2.5000)

ERES5 535"

ERISAIERR  BERLL
SR
SETAC201 LREHES AL
2

models

H3 0.13440 (95 %i-confint. 0.11940 - 0.14215)
17 012994 (95 %-confint 0.11479 - 0.14512)
25 0.1282]1 (25 %-confint 0.11219 - 0.14311)
24 0.12306 (05 % -confint 0.10715 - 0.13800)
4012133 (05 %-confint 0.10621 - 0.13623)

40 011884 (95 % -confint 0.10337 - 0.13363)
30 011884 (05 % -confint 0.10337 - 0.13363)
F 011742 (05 %- confint 0.10501 - 0.13001)

42 0.11662 (95 % -confint 0.10185 - 0.132865)
22 0.11496 (95 % -confint 0.10152 - 0.12820)
26 0.11324 (95 % -confint 0.09748 - 0.12750)
31 011302 (95 % -contint 0.09854 - 0.12641)
35 011220 (95 % -confint. 0.09722 - 0.12779)
41 0.11143 (25 %-conLint. 0.02658 - 0.12685)
10 0. 10957 (05 Y-confint 0.09748 - 011080
13 010934 (05 Yi-confint 0.095T3F - 0.12230)
12 0.10217 (05 %-confint 0.09454 - 0.12366)
28 0.10848 (05 % -confint 0.094%G - 0.12195)
33 0.10838 (95 % -confint 0.09568 - 0.12028)
20.10764 (25 %-conLint 0.0253T - 0.12064)

18 0.10712 (95 %-confint 0.09388 - 0.11984)
37 0.10654 (95 %-confint 0.02480 - 0.11210)
21 0. 10349 (05 % -conLint. 0.089251 - 0.11841)
16 0.10262 (25 % -conLint. 0.0825% - 0.11602)
44 0.10110 (95 % - confint 0.08814 - 0.11414)
32 0.00083 (05 Y-confint 0.08533 - 0.11400)
48 0.00825 (05 Y-confint 0.0855] - 0.11021)
12 0.09724 (05 %-contint 0.08364 - 0.11140)
T 002687 (25 %-confint 0.03307 - 0.11070)

47 0.02503 (95 % -confint 0.08168 - 0.10330)
38 0.08848 (25 % -confint 0.0TETF - 0.02813)
2 0.08682 (25 % -conLint 0.07T320 - 0.099T73)

S 0.08640 (25 % -conLint 0.07472 - 0.09964)

6 0.08530 (05 % -conLint 0.07T580 - 0.09508)

4a 0.08273 (05 %-confint 0.0T055 - 0.02500)
14 0.08134 (05 %-confint 0.06970 - 0.09205)
49 0.0760T (25 %-confint 0.06460 - 0.087T0D)
20 0.075TT (05 %-confint 0.06358 - 0.08038)
34 0.07350 (05 %-confint 0.061%6 - 0.08563)
23 0.07274 (95 % -contint 0.05930 - 0.08524)
45 0.07120 (25 Y-confint. 0.059246 - 0.08359)
20 0.068 16 (05 % -conLint 0.0561% - 0.07944)
11 0.0GT80 (25 %0 - conLint 0.057T3 - 0.07TE2T)
17 0.067T53 (05 % -conLint 0.0557F - 0.07892)
1 0.06410 (05 %-confint 0.05230 - 0.07TTEE)

8 0.05080 (05 %-confint 0.04822 - 0.07109)

S0 0.04200 (25 %-confint 0.03464 - 0.0500%)
36 0.04062 (05 %-confint 0.03385 - 0.04772)
30 0.00000 (5% -confint 0.00000 - 0.00000)
27 0.00000 (25 % -contint 0.00000 - 0.00000)
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E ZARANEFIE(ACLOS, ACL10)
Related work generation
Survey generation

E EBFHMEHEE(WWWO07)
E BEBE(EMNLP2007)
E FRESHAREEAFAE

SH5E(SIGIR2011, CIKM2012)
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News summary

Subject. Russian jet crash (Our method: SumLevel)

Tweets summary

As experts analyse data from the plane’s cockpit voice recorder for clues as to why it
crashed during a demonstration flight, officials called off the search for victims. The
aircraft did not report any failure before disappearing from radar screens. Russia’s
first new passenger jet since the fall of the Soviet Union two decades ago was scat-
tered on a steep slope near the top of Mount Salak. a volcano 30 miles south west
of the capital Jakarta. “An investigation must be done immediately and thoroughly™,
President Susilo Bambang Yudhovono told a news conference. The aircraft made
two demonstration flights on Wednesday. It is not clear why the Russian pilot and
co-pilot asked to drop down, especially when it was so close to the 7,000ft mountain,
or if the descent was approved. Several Asian airlines have already committed to
the program, including Indonesias Kartika Airlines. “We haven’t found survivors,”
Gagah Prakoso, spokesman of the search and rescue team, told Indonesia’s Metro
TV. MOSCOW, May 10 (Xinhua) — Russian new Prime Minister Dmitry Medvedev
ordered to investigate the crash of a Sukhoi Superjet 100 commercial plane in In-
donesia.

Russian jet Sukhoi Superjet 100 crash in Indonesia Video
russian jet sukhoi superjet crash in indonesia. More re-
mains retrieved from Sukhoi plane crash site in Indone-
sia: Sukhoi jet plane 100 carried eight Russian cre... Rus-
sian jet crash puts Indonesian sales in limbo. ReutersAero
Search spokesman says Indonesian rescue team has ar-
rived at the Sukhoi Superjet crash site and found several
bodies but sadly no survivors... Sad for Russia’s struggling
aircraft industry after Indonesia crash of new Sukhoi pas-
senger jet. Sukhoi makes superb aircraft. Bad luck. about
17 hours ago via... Indonesia jet crash bodies sent for iden-
tification. News by Yahoo 12 bodies found at Russian jet
crash in Indonesia: Search teams who scaled a volcano’s
steep slope...

Gao, Wei, Peng Li, and Kareem Darwish. ""Joint topic modeling for event
summarization across news and social media streams." CIKM-2012.
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Table 7: Selected part of timeline generated by balanced ETS with optimization for H1N1.

April 23, 2000

April 29, 2009

s1: Lhe WHU makes 1ts hrst report about the so-called Swine In-
Auenza (A) HIN1.

sg: In Mexico, more than a thousand people have been infected; WHO
has sent a team of experts there to further study the outbreak.

April 25, 2009

=1: wWHO holds emergency meeting, says outbreak has potential to
become a pandemic.

sa: The Mexican Director-General declares Swine Influenza (A) HIN1
a public health emergency.

=31 .5, emergency departments step up efforts to control the virus
should 1t surface.

s4: More than 100 students are sick with flulike symptoms.

=1: President Obama asks Congress for 51.5 billion to fight the swine
flu outbreak, build drug stockpiles and monitor future cases.

sg: WHO's decision to raise the alert level helps mobilize pharma-
ceutical companies and governments to start manufacturing adequate
antiviral drugs and speed up the creation of a vaccine.

=3: For the first time, the World Health Organization raises the pan-
demic level to 5.

z4: Egvpt begins slaughtering the country’s roughly 300,000 pigs as a
precautlion.

October 2, 2009

April 27, 2000

s1: The World Health Urgamzation raises the pandemic alert one level
to phase 4, which 1s two steps short of declaring a full-blown pandemie.
sa: A general practitioner considered swine flu a possible diagnosis,
but specimens were not stored properly and a laboratory assessment
could not confirm the case.

sz: European Union's health commissioner warns Europeans to avoid
nonessential travel to Mexico and the United States.

241 The World Bank in Washington, D.C., says a staff member who
traveled to Mexico on business April 14-18 has been “preliminarily
diagnosed” with swine Au.

spn: T4 schools are closed, leaving students out of classes by swine flu.

s1: T'he IS announces implementation of a massive campalgn to vac-
cinate millions of Americans against swine flu, with the first 600,000
doses to be distributed in coming days.

sg: The US ardered 979 million dollars worth of Fluviron HIN1 vac-
cine from Novaritis.

s3: Spray vaccines will be the first to reach vaccination sites, one of
the most vulnerable groups, pregnant women, will have to wait until
later this month for the injection version.

October 5, 2009

=1: UN officials warn that poor countries face “explosive outbreaks”
of the global swine Hu pandemic and need speedy financial assistance
to access vacclnes.

sg: WHO said pharmaceutical firms can produce only 3 billion doses of
HI1N1 vaccines a yvear, covering less than half of the global population.

Yan, Rui, Xiaojun Wan, Jahna Otterbacher, Liang Kong, Xiaoming L.,
and Yan Zhang. ""Evolutionary timeline summarization: a balanced
optimization framework via iterative substitution.” SIGIR-2011.
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Table 10: Selected part of visual timeline generated by VTS on H 1N 1 (long lasting news).

April 23, 2000

5y1: Edgar Hernandez, known as the
“patient zero” to have contracted the
swine flu, lives in the southern Mexi-
can town of La Gloria.

s2: The WHO makes its first report
about the so-called Swine Influenza
(AYHINI.

s5: The number of confirmed flu in-
fection cases in the U.S. climbs to 20
in five states.

April 29, 2009

s1: The government hands out masks
at Mexico City: the outbreak of swine
flu is making people cautious.

sg: The World Health Organization
has declared a global flu pandemic af-
ter holding an emergency meeting.

s3: LLS. emergency departments step
up efforts to control the virus should...
s4: The Mexican Director-General de-
clares Swine Influenza (A) HINI a
public health emergency.

s1: The World Health Organization
(WHO) declares A/HIN1 flu pan-
demic. raises alert level to highest.

so: The CDC said that the number of
laboratory-confirmed cases of HINI
virus infection had climbed to 91 peo-
ple in 10 states.

s3: Staff members check the temper-
ature of passengers with the help of
machines at Hong Kong International
Airport in Hong Kong, south China.

October 2, 2000

s1: The World Health Organization
raises the pandemic alert one level to
phase 4, which is two steps short of
declaring a full-blown pandemic.

s2: Mexico city shut down schools,
museums, libraries and state-run the-
aters across the overcrowded capital.
sz: Massachusetts public health of-
ficials yesterday mobilized against a
possible swine flu outbreak as the alert
level is raised.

s4: Euwropean Union’s health com-
missioner warns Europeans to avoid
nonessential travel to Mexico and the
United States.

s1: The US announces implementa-
tion of a massive campaign to vac-
cinate millions of Americans against
swine flu, with the first 600,000 doses
to be distributed in coming days.

=2: Five doses of swine flu vaccine,
part of the first shipment of vaccine
sent to Methodist Hospital in Omaha.
s3: Made HIN1 vaccine isexpected to
go into mass production soon.

s1: WHO said pharmaceutical firms
can produce only 3 billion doses of
HINI1 vaccines a year, covering less
than half of the global population.

sa:  The U.S. Centers for Ddsease
Control and Prevention says the worst
could be yet to come., so Americans
need to prepare for a large outbreak
this fall and winter.

Yan, Rui, Xiaojun Wan, Mirella Lapata, Wayne Xin Zhao, Pu-Jen Cheng, and Xiaoming L.i.
"Visualizing timelines: Evolutionary summarization via iterative reinforcement between text and

/

image streams.” CIKM-2012.
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It 15 also Mr Baker who 15 makang the most of presidential powers to dispense largesse.
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Sunmary by proposed approach:

sI -1 A6 BIRMEER. kAR, MG M 6 AR & 057
(Twro propostions on Calftmia's Nov. & ballt would, avong other thmgs, lont the tenns of stateands officeholders and state

legislators )

sd: BT — RALRAR 15 F B0 090 6 Dok i R R T8 ARIER L 8 L (0.38)

(One mason 15 that term lontts wonald open up poltics to mary people nowr exchided fomm office by caesr moumbets.)

3 F—-tieE R, ARRFN, T AREERIBEE SR BT RIS R, HBR AT A R A F R .
(040

(Another onnet 5 that a cieen Congress wath s comtroung foowr of fiesh faces ndo Washmgton would ®msult m better
goverrenent than that provided by represert atnees with kngthy ternre )

sd: HF-MEASERAIRSE, BFEFE, FPAAaRAENE BREETa0Ed. (03

(Ther aw two solid reasons for congmssional tenn limitation that econcanists, & least those of the public-choice parmasion,
shonild fially appreciate.)

5: SHEMPBNREL BREFEAERE. LTRETTAMEIRE. 047

(The roct ofthe problems with Congiess 1s that, barymg mapr scandal, # 15 abmost ivpossible to defest an mommbert. )

@ Wan, Xiaojun, Huiying Li, and Jianguo Xiao. ""Cross-language document summarization based on
K machine translation quality prediction.”"” ACL-2010.
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(MNobel Peace Prize 1s a political “reward” to L Xiacobo by the
West. Norwegian Nobel Commuttee awarded the Nobel Peace Prize
to Lin Xiaobo in this vear, which once again exposed the double
standards of Western countries. Nobel Commuttee awarded tlas
year's Nobel Peace Prize to the Chinese "dissident” - Lin Xiaobo
on day 8. To date, the Nobel Peace Prize has been awarded to
two Chinese persons: one 1s the Dalai Lama and the other 1s Lin
Xiaobo. Norwegian Nobel Committee made the decision for
1deological bias and political needs, and the Nobel Peace Prize will
become a political tool of some Western forces, and it seriously
undermuned the credibality of the Nobel Peace Prize, but also
tarnished the honor of Mr. Nobel.)

As the West applauds L Xiaobo's Nobel, China sees another
attempt to impose Western values on it. Norway's Nobel Peace
Prize commuttee has done the right thing m awarding fhus year's
prize to Chinese dissident Lin Xiaobo. Liu was represented at
Friday's Nobel ceremony by an empty chair because China would
not release him from prison - only the fifth ttme 1n the 109-year
history of the prize that the winner was not 1n attendance. It tried to
bully the Nobel commuttee mnto not awardmg Mr. Liu this vear's
Nobel Peace Prize. China has prolubited L and lus fanuly
members from leaving China to aftend Friday's ceremony 1n Oslo.
Two days after the prize was announced, Mr Liu's wife, Liu Xia,
met with um at the prison in northeastern China where he 15
serving his sentence, buf she was escorfed back fo Betjing and
placed under house arrest, a human rights group sard.

the opposition and accuse of
Liu Xiaobo's Nobel Prize

@ multilingual news." SIGIR-2011.

Wan, Xiaojun, Houping Jia, Shanshan Huang, and Jianguo Xiao. ""Summarizing the differences in

the support of Liu Xiaobo's
Nobel Prize and China’s arrest
of Liu Xiaobo

/
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Feature Based Summary:

Featurel: Touch screen
Positive212
* Theouch screas really cool

* Theouch scre@as so easy to use and can do
amazing things.

Negatived

* Thescreers easily scratched.

* | have a lot of difficulty in removing finger
marks from theuch screen

Feature2: battery life

Note:We omit opinion holders

@ Hu, Minging, and Bing Liu. "Mining and summarizing customer reviews.” , KDD-2004.
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Topic label

Opinion Summaries

Sentiment

I think it is time to say that Barack Obama deserves credit for backing up his words with action
on #Libya despite domestic opposition.

Positive

writes Dean Baker http://t.co/I4pCBEOA #p2

#libya Thanks to Obama’s approach to Libya, not 1 American soldier was lost. Positive
Film comparing Obama’s praise of public protests in Libya /Syria with the viclence .
- . . - Negative
of arrests on Occupy Wall St -
@BarackObama I'm running out of hope. Please replace Geithner w/ Reich .

. LT ' Negative
or Krugman #wallstreetoutofwhitehouse #0WS. :
Foccupywallst — - — ' - - — - —

GBarackObama : Please recognize the men and women who are occupying wall street. Negative

Obama suggests MLK Jr. would have backed #occupywallstreet. Positive

We need to completely repeal #0bamacare and start by replacing it with HR 3400! #cnndebate | Negative

It ObamaCare 15 not repealed then we can expect stagnant growth, long term unemployment Negative

. . . e i
F#obamacar and record high premiums. &

Op-ed: Despite conservatives™ claims, #0bamacare 15 having little impact on hiring, Negative

e i

#johsnow

Thanks to @BarackObama’s efforts, 270 businesses have committed over
25,000 jobs to American veterans.

Positive

Cain creates 11 more jobs in 1 day than Obama in a lifetime.

Negative

Let’s be clear, the US economy 1s horrible because of Obama’s policies.

Negative

Table 12: A case study of the opinion summary for “Obama”

@ Meng, Xinfan, Furu Wei, Xiaohua Liu, Ming Zhou, Sujian Li, and Houfeng Wang. "Entity-centric
topic-oriented opinion summarization in twitter”, KDD-2012.
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Comparison of +

reviews of
Bl Cell Phone 1

Cell Phone 2

@ Liu, Bing, Minging Hu, and Junsheng Cheng. ""Opinion observer: analyzing and comparing opinions
\ on the web.” , WWW-2005.
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