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Talk outline

Who caresabout parsing?

PCFGs, maximum likelihood estimation and (lack of)
iIndependence

Dependencearbitrary featuresand exponertial parsing models

Joint vs. conditional maximum likelihood estimation of
exponertial models

Featuresof an exponertial parsing model



Why parsing?

Applications

{ Recorering syntactic structure

Information extraction
Questionanswering
Machine translation

{ Languagemodeling (distinguishing likely from unlikely
sertences)
Speed recognition
Speed error detection and correction
Science

{ First stepon the path to meaning
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Short history of parsing

(1960s{1970s)asic dynamic programming algorithms, ATNs
{ Inspired by linguistic theory (transformational grammar)

(1980s{1990s)uni cation" grammar (no deepstructure)

{ parsersprovably implemert a speci c linguistic grammar
{ grammar axioms,UG logic, parsing deduction

{ emphasison grammar formalisms

(1980s{??)direct statistical models (e.g., n-gram models)
{ rewvolutionized speet recognition, practical applications

(1990s{??) statistical models of linguistic structure
{ \curse of dimensionality" limits direct statistical models
{ emphasison frequen constructions
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N-gram models of strings

Model dependenciedbetweenn adjacen words (n-gram modelg

{ predict a word basedon the n - 1 precedingwords
$! the! man! in! the! hat! drinks! red! wine! $
n = 1:P(hat); n = 2:P(hatjthe); n = 3: P(hatjin;the)
N-gram models are universal approximatorsasn ! 1
Probabillities estimated from real corpora
Probability distinguishes\good" from \bad" sertences

Thesesimple modelswork surprisingly well becausethey are
lexicalized and most degendenciesare local



Limitations of n-gram models

Curse of dimensionality: the number of possiblen-grams
(sequence®f n words) grows exponertially with n

{n=1) Vv 1;000

{ n=2) V" 1;000;000

{ n=3) V" 1;000;000;000

Bias-variancee dilemma: As n getslarger...

{ the model becomeamore accurate (lower bias)

{ more data is neededto learn the model (higher variance)

Structured modelscollect statistics on linguistic structures
{ only model linguistic dependencieqstrong bias)
{ Ignore other dependencieqlower variance)
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Probabilistic Context Free Grammars

S
T P(t) = P(S! NP VP
NP VP (t) ( )
] T T P(NP! D NPP)
D N PP V NP
| N | N P(D! the)
the man P NP drinks AP N
PN | | P(N! man)
in D N red wine
| |
the hat

Rulesare ass@iated with prokabilities
Tree probabillity Is the product of rule prokabilities

Most prolabletree is \b est guess"at correct syntactic structure



Treebank corp ora

ROOT

S

. T~

NP-SBJ VP .
NNmP VBD NP PP-DIR PPDIR .
BELL INDUSTRIES Inc. increased PRP$ NN  TO NP IN NP

its quarterly to CD NNS from NP NP-AD V

10 cents cO NNS DT NN

seven cents a share

The Penn treebank contains hand-annotatedparsetreesfor
50;000 sertences

Treebanksalso exist for the Brown corpus,the Switchboard
corpus (spontaneoustelephoneconversations)and Chineseand
Arabic corpora



Estimating a grammar from a treebank

Maximum likelihood principle: Choosethe grammar and rule
probabilities that make the treesin the corpusas likely as

possible

{ readthe ruleso the trees

{ for PCFGs, setrule probabilities to the relative frequencyof
ead rule in the treebank

Number of times VP ! V NP occurs
Number of times VP occurs

P(VP! V NP) =

If the languageis genented by a PCFG and the treelank trees
are its derivation trees, the estimatel grammar convergesto the

true grammar.



Estimating PCF Gs from visible data

S S S
PN PN PN
NP VP NP VP NP VP
| | | | | |

rice grows rice grows can grows
0 1
S
Rule Count Rel Freq P% Np/\vp g = 2=3
SI NPVP 3 1 A gr(‘m
| i —
NP ! rice 2 2=3 0 .
NP ! can 1 1=3 S
VP! grons 3 1 P% NP/\VP g = 1=3
|

can grows
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Non-lo cal constrain ts and PCF G MLE

S S S
PN PN PN
NP VP NP VP NP VP
| ] ]

rice  grows rice  grows 0 bananasgra/v
Rule Count Rel Freq %) g = 4=9
S! NPVP 3 rlce grovvs

I ' =
NP ! rice 2 2=3 0 1
NP! bananas 1 1=3 /S\
VP! grows 2 2=3 P‘% NP VP E = 1=9
VP! grow 1 1=3 | |
bananasgrow

partition function Z = 5=9
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Rule
S!

NP |
NP |
VP !
VP !

Dividing by partition

NP VP

rice
bananas
grows

grow

rice grows

Count Rel Freq P%

3

2
1
2
1

rice grgNs bananafgroN
S
PN E )
NP VP =
| |
1 rice grows
2=3 0 1
N
2=3 P% NP VP E
1=3 ‘ ‘
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bananasgrow

S S S
NP VP NP VP NP VP

function Z

4=9 4=5



Other values do better!

S S S
PN PN PN
NP VP NP VP NP VP
o o o

rice grows rice gr%/vs bananaigraN
S

Rule Count Rel Fre

] P% NmP E = 2=6 2=3
S! NPVP 3 1 ‘ ‘
NP ! rice 2 2=3 e grows
NP! bananas 1 1=3 0 < 1
VP! grows 2 1=2

P% Nmp § = 1=6 1=3

VP! grow 1 1=2 | |
(Abney 1997) bananasgrow
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Mak e dependencies local { GPSG-st yle

rule count rel freq 0 1
si NP VP 2 /\

" +singular +singular +smgular+smgular - 2=3
S| NP VP 1

" +plural +plural nce grows

NP -
+singular + FIC€ 2 1 . .
+|S||f:a| | bananas 1 1 /\

VP +p|ura| +p|ura| = 1=3
+ singular ' grows 2 1

bananas grow

VP

+ plural ' grow 1 1
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\Head to head" dependencies

S
drinks
NP VP
man }nks\
D N PP V NP
the man /ln\ drinks wine
the man P NP drinks AP N
iT /h< er wi‘ne
N D N red wine
the hat
the hat

Rules:
S , NP VP
drinks - man drinks

VP, V NP

drinks drinks wine
NP, AP N
wine red wine

Lexialization capturessyntactic and semartic dependencies

Lexicalized structural preferencesnay be most important
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Summary so far

Maximum likelihood is a good way of estimating a grammar

Maximum likelihood estimation of a PCFG from a treebankis
easyif the treesare accurate

But real languagehas many more dependencieghan treebank
grammar descriles

relative frequencyestimator not MLE
{ Make non-local dependenciedocal by splitting categories

) Astronomical number of possiblecategories

Or nd someway of dealingwith non-local dependencies..
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Exp onential models

Rulesare not independent ) in generalZ 6 1

Modelswith dependenciedbetweenfeaturesare called
expnential models

{ UniverseT (set of all possibleparsetrees)

{ Featuresf = (fq;:::;fn) (f;(t) = value of | feature on
t2T)
{ Featureweights w = (Wq;:::;Wp)

1
P(t) = —expw f(t)
%

Z = expw f(t9
to2T

Hint: Think of expw f(t) asunnormalizedprobability of t
17



PCF Gs are exponential models
T = setof all treesgeneratedby PCFG G

f;(t) = number of times the jth rule isusedint 2 T
p(rj) = probability of jth rule in G
Setweight w; = logp(r;)

0 S 1
S [ N 1 B [ I [ T [ B
ric‘:e grc‘)ws SI' NP VP NP! rice NP! bananas VP! grows VP! grow
— ¥ Afi (1) = ¥ Afi (1) =
P, (1) p(r;) (expw;) exp(w f(t))

j=1 j=1

Soa PCFG is just a special kind of expnential modelwith Z = 1.
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Adv antages of exponential models

Exponertial modelsare very exible ...

Featuresf canbe any function of parses...

{ whether a particular structure occursin a parse

{ conjunctions of prosadic and syntactic structure

Parsest neednot be trees, but can ke anything at all
{ Featurestructures (LFG, HPSG)

{ Minimalist derivations

Exponertial modelsare related to other popular models
{ Harmony theory and optimality theory
{ Maxent models
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Mo deling dependencies

It's usually di cult to designa PCFG model that capturesa
particular set of dependencies

{ probability of the tree must be broken down into a product
of conditional prolkability distributions

{ non-local dependenciegnust be expressedn terms of
GPSG-style feature passing

It's easyto make exponertial models sensitive to new

dependencies

{ add a new feature functions to existing feature functions

{ guring out what the right degendenciesare is hard, but
Incorporating them into an expmnential model is easy
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MLE of exponential models is hard

An exponernial model asswiatesfeatures

1
P(t) = —expw f(t)
%

Z = expw f(t9
t 2T
Giventreebank (ty;:::;tn), MLE choosesw to maximize
P(ty) ::: P(t,), i.e., makethe treelank as likely as possible

Computing P(t) requiresthe partition function Z
Computing Z requiresa sum over all parsesT for all sentenes

computing MLE of an exmnential parsing model seemsvery
hard
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Conditional ML estimation

Conditional ML estimation choosesfeature weights to
maximize P(t1Js;) ::: P(tnjsn), wheres; is string for t;

{ choosefeature weights to make t; most likely relative to
parsesT (s;) for s

) CMLE dcesrt involve other sentenes

P(tjs) = 5 >g5) expw f(t)
expw f(t9
t 02T (s)

Z(s)

CMLE \only" Involvesrepeatedly parsingtraining data

With \wrong" models, CMLE often producesa more accurate

parserthan joint MLE
22



100

Conditional vs joint MLE
VP
VP Y NP
T
VP PP see NP PP
VP VNN | N
' T T
Vv : .
| see N with N people with N
run 2 peo|ple telescop es 1 telescop es
2=105 1=7
2=7 1=7
Rule count rel freq rel freq
VP! V 100 100=105 4=7
VP! V NP 3 3=105 1=7
VP! VP PP 2 2=105 2=
NP ! N 6 6=7 6=7
NP ! NP PP 1 1=7 1=
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Conditional ML estimation

S f(t) |ff(t):t2T(s);t 6 t(s)g
sentencel | (1;3;2) | (2;2;3) (3;1,;5) (2;6;3)
sentence?2 | (7;2;1) | (2;5;5)
sentence 3 | (2;4;2) | (1;1;7) (7;2;1)

A parserproducestreesT (s) for eat sertences
Treebanktells us correcttree t(s) 2 T (s) for seriences
Feature functions f apply to eat treet 2 T (s), producing
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Coarse-to- ne parsing

Z(s) is still hard to compute) make T (s) even smaller!

Restrict attention to 50-best parsesproducedby Charniak
parser(a good PCFG-basedparser)

Exponertial model is trained using CMLE to pick out best
parsefrom Charniak's 50-best parses

S Sertence
/\Charniak parser
tq1 D tso Trees
f(ty) Dl f(tso) Features

l l

w f(ty) ::: w f(tsg) Parsescores
25



Parser evaluation

A node's edgeis its label and beginning and ending string positions
E(t) is the set of edgesassaiated with a tree t

If t Is a parsetree and t is the correct tree, then
precision Py (t) = JE(t)jJ5E(t) \ E(t)]
recall Re(t) = JE(t)FE() \ E(1))
f-siore  R(t) = 2P, (t)" * + R/(t)" 1) (geometric mean of P and R)

Edges RO‘OT
S

oo W

2 VP 3) P ‘

© S 3) D‘T '\" VF

Othe 1 dog 5 barks 3
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Oraclef-score

Performance of Charniak parser

F-scoreof Charniak's most probable parse= 0:896
(cross-alidated on PTB sections2-19)

Oracle f-scoreof Charniak's 50-best parses= 0:965(66% redn)

0.97
0.96-
0.95-
0.94}-
0.93|-
0.92-
0.91

0.9

0.89 | | | | | | | | | |
0 5 10 15 20 25 30 35 40 45 50

Beamsize
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Expt 1. Only \old"

features

Features: 1 log Charniak prolability, 10;124 Rule features
Charniak's parseralready conditions on local trees!
Feature selection: featuresmust vary on 5 or more seriences

Results: f-score=

0:894 baseline= 0:89Q0 4% error reduction

discriminative training alone can improve accuracy

NP
WDT

That

ROOT
:
VP -
VBP/\PP |
went  IN e
over NP/\PP
DT/J,J\NN IN NP
the permissible line fo|r ADJP NNS
JJ CC JJ feelings

warm and fuzzy
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Lexicalized and parent-annotated rules

Lexialization assaiatesead constituernt with its head
Ancestor annotation provides a little \v ertical cortext"
Context annotation indicates constructionsthat only occur in
main clause(c.f., Emonds)

ROQT <« --- Context
| o Ancestor

NP VP | .

T |
WDT VBD PP
That  went [ [IN Np || 0 Rule

| /
over | NP PP
DT JJ NN |IN NP
/" the permissible' line |for ADJP NNS

Heads--~~ J‘J CC J‘J feelings

29 warm and fuzzy



Functional and lexical heads

There are at leasttwo sensiblenotions of head (c.f., Grimshaw)

{ Functional heads: determinersof NPs, auxilary verbs of
VPs, etc.

{ Lexial heads: rightmost Ns of NPs, main verbsin VPs, eftc.

In a Maxent model, it Is easyto useboth!

functional / S
I
functlonavl/\ Nmp .

DT NN NN VBZ RB

VP .
| | | | | PN
A record date has n't VBN VP

| |
been VBN

set
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Functional-lexical head dependencies

The SynSemHeadg$eaturescollect pairs of functional and
lexical headsof phrases

This capturesnumber agreemenh in NPs and aspects of other
head-to-headdependencies

ROOT

S

N
NP VP |
/\

D'|I' NS | VBP 5 .

|
The |rules force NP VP

NNS TO VP

executiv es to VB NP
|

replort NNS

purc hases
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n-gram rule features generalize rules

Collects adjaaent constituentsin a local tree
Also includesrelationshipto head
Constituents can be ancestor-annotate and lexicalizeo

RO|OT
S
N
NP VP )
D'|I' NI|\| Alfx NP .
/\
The clash is NP PP
/\
D'|I' NI|\| I|\|l NP
/\

a sign of NP PP

T
Dr J\|] Nl|\| C|C Nl|\| Il\|| NP
a new toughness and divisiv eness in| NP JT] J]J l Nl\|IS 3

NS :
NNP POS once-cozy nancial .- circles

Japan 'S L eft of héad, non-adjac ent to head
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Head to head dependencies

Head-to-headdependenciedrack the function-argumen
dependenciesn a tree

Co-ordination leadsto phraseswith multiple headsor functors

Parameterizedby headtype and number of governorsto include

RO|OT
S
N T
Nr VP |
/\
WDT VB|D PP .
//\
That went I|\|| - NP
/\
over| NP '\ PP
~—~— /\
DT JJ NN | IN NP
S PO O e e
the permissible |line | for . ADJP y~~ NNS
— .|
JJ CC JJ | feelings

warm| and fuzzy
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Subject-V erb Agreemen t

The SubVerbAgr featuresare the POS of the subject NP's
lexical headand the VP's functional head

ROOT
:
e
DT NI\||S VBlP S |
The rulles forlce N!D VP
Nl\:IS TCIJ VP
execultiv es tc|> VB NP
rep|ort Nl\|IS
purc hases
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Head trees record all dependencies

Headtreesconsistof a (lexical) head, all of its projections and
(optionally) all of the siblings of thesenodes

Thesecorrespnd roughly to TAG elemetiary trees

They were

consulted | IN NP
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Tree n-gram

A tree n-gram are tree fragmerts that connectsequence®sf
adjacen n words

DT J|J NE\I Il\|| NP
/\
the permissible line for ADJP Nl\|IS
JJ CcC JJ feelings

warm and fuzzy
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Righ tmost branc h bias

The RightBranch feature'svalue is the number of nodeson the
right-most branah (ignoring punctuation)

Re ects the tendancy toward right branaiing in English
Only 2 di erent features,but very usefulin nal model!

ROOT
;
NP/VPN.
WD|T VBD/\PP |
That went IN/\NP
over NP/\PP
DT 3] NN IN/\NP
th|e permissible line  for ADJP/\NNS

— T |
JJ CC JJ feelings

warm and fuzzy
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Constituen t Heavyness and l|ocation

Heavynessmeasureghe constituernt's category its (binned) size
and (binned) closenesso the end of the sertence

ROOT
:

e
WDT VBD PP |
That went IN /NP\

over NP/ \PP

DT JJ NN IN NP

the permis|sible line fo|r ADJP/\NNS

|
JJ CC JJ feelings

warm and fuzzy

> 5 words =1 punctuation
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Coordination parallelism (1)

The CoPar feature indicatesthe depth to which adjacern
conjuncts are parallel

ROOT
é __Isomorphic  trees to depth 4
w
N|P 2 N :
PRP
/\
They |VBD

in NN at NP VP
adv ance DT NN VBN

the action tak en
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Coordination parallelism (2)

The CoLenPar feature indicatesthe di erence in length in
adjacent conjuncts and whether this pair cortains the last
conjunct.

RO|OT
»
i ]
PRP VP CcC VP )
/\ /\
They VBD VP and VDB VP
were VBN PP were VBN PP
PN | T
consulted IN NP surprised IN NP
1 =
in NN at NP VP
adv ance | DT NN VBN
4 wor ds ‘ the action tak en‘

CoL enPar featur e: (2,true) 6 wor ds
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Exp erimen tal results with all features

Featuresmust vary on parsesof at least5 senencesin training
data

In this experimert, 724,550features

Gaussianregularization, adjusted via cross-alidation on
section23

f-saore on section 23 = 0.912(15% error reduction over
Charniak parser)
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Conclusion

It's possibleto build (moderately) accurate, broad-coserage
parsers

Generative parsing models are easyto estimate, but make
guestionableindependenceassumptions

Exponenial modelsdon't assumeindependencesoit's easyto
add new features,but are di cult to estimate

Coarse-to- ne conditional MLE for exponertial modelsis a
compromise

{ exibilit y of exponertial models

{ possibleto estimate from treebank data

Givesthe currently best-reported parsing accuracyresults
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S
T
NP VP |
T NG
JJ JJ NNS VBP ADVP .

Colorless green ideas sleep RB

furiously

S|1

SINV
T
ADVP VP NP .
| | T~
RB VBP NP ADJP .
| | | N
Furiously sleep NNS JJ JJ

Ideas green colorles:s
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Sample parser errors

S
NP ™ VP , ADVP S Do
/\
PI|?P ‘|‘ MD RB VP | R|B A[lJP | |
T T
I—le w|iII n|0t AUX VP hovJever JJ , JJ cc 1

be VBN PRT PP surprising , alarming or vexing

shaken RP IN NP

N N
out by JJ NNS

external events

S
/N
NP VP Do
/\
PI|?P ‘l‘ MD RB VP l l
/\
I—le Wlill nlot AUX VP
T
be VBN PRT PP
/\
sha|1ken R|P IN NP
T
o|ut b|y NP , ADJP
JJ NNS l RB JJ , JJ cc J

external events however surprising , alarming or vexing
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P N
NP VP )

JlJ Nll\IS VB|D SBAR

Soviet leaders said S

N|P VP
/\
Pll?P MID VP
7
they would VIB NP PP
%\ /\
support PF|QP$ Nll\IP Nll\ls Ill\l NP
/\
their Kabul clients by NP ADJP
RN
D|T Nl|\IS J|J | C|C Al|JX
all means necessary-- and did
S
T
NP VP .
N P D
JJ NNS VP . CC VP .
| | PN |
Soviet leaders VBD SBIAR -- and AUX
said S did
/\
NIP VP
/\
Pll?P MlD VP
) T
they would VB NP PP
%\ /\

support PR|P$ NNP NNS IN NP

| N
their Kabul clients by NP ADJP
N

|
DT NNS

45 | |
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S

_— N
N|P VP |
/\
NI|\IP Al|JX NP .
/\
Kia is NP PP
/\ /\
DT ADJP IN NP
the RBS JJ of NP
most aggressive DT NNP NNP NNP IN NP
| | | N
the Korean Big Three in N|N N|N
offering financing
S
N
N|P VP |
T
NNP AUX NP PP .
| - T AN
Kia is NP PP II|\| |S
%\ /\
DT RBS JJ IN in VP

| | | /\ N
the most aggressive of DT NNP NNP NNP VBG NP

the Korean Big Three offering NN

46 1
financing



S
-

ADVP , NP VP .
N |
NP RB , DT NN VBD S S .
AN | | | | | |
CD NNS ago the district decided VP VP
Two years TO VP TO VP
to VB NP to VB NP PP
limit D|T Nl|\IS fire NI|\IS II|\I NP
T
the bikes roads in PF|2P$ C|D J|J NI|\IS
its 65,000 hilly acres
S
/—”%\
ADVP , NP VP )
N NG
NP IN , DT NN VBD S
N | | | | |
C|D NNS ago the district decided VP
Two years T|O VP
7 T
to VB NP PP
| N T
limt DT N||\IS T|O NP
/\
the bikes to NP PP
/\
N|N Nl|\IS Il|\| NP
P

fire roads in PRP$ CD JJ NNS

| | | |
47 its 65,000 hilly acres



S
- -

NP ADVP VP .
DT NN RB VBD NP PP S .
| | | | | /N |
The company also pleased NNS IN S | VP
| PN
analysts by VP VBG NP
_— T | N
VI|BG NP ending .JlJ Nll\IP
/\
announcing NP VP next August
ClD JlJ NlN Nll\IS VE|3N PP
four new store openings planned IN NP
N
for JlJ CID
fiscal 1990
S
) T
NP ADVP VP .
DT NN RB VBD NP PP .
| | | | | N
The company also pleased Nll\IS Ill\l IS
analysts by VP
VI?G NP
/\
announcing NP VP
/\
CID JlJ NIN Nll\IS VI?N PP
/\
four new store openings planned IN NP
%\
for NP , VP
| /\
JJ CD , VBG NP

| | N
fiscal 1990 ending JJ NNP

48 next August



C|C I\I|P AD|VP VP |
/\
But NI|\IS R|B AL|JX VP .
_— T
funds generally are AD|VP VI?N NP
%\
R|B prepared D|T N|N R|P
better this time around
S
C|C I\I|P AD|VP VP |
T
But NNS RB AUX ADJP ADVP .
funds generally are RBR JJ NP RB
| | RN |

better prepared D|T N|N around

this time
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_— N T
NP VP .
N N

DT NNP VBD SBAR

| | |
The U.S. said S

N|P VP
T
PI|?P M|D AD|VP VP
X
it would RB VP . CC VP
| U PN
fully V|B NP -- and AL|JX R|B
support D|T N|N did n't
the resistance
S
T
NP VP .
PN N
DT NNP VP : CC VP .
| | N | PN
The U.S. VI?D SB|AR -- and AL|JX R|B
said S did n't
N|P VP
/\
PI|?P M|D VP
%\
it would ADVP VB NP
/\

R|B support D|T NN

fully the resistance
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