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Outline

Overview
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Language & Grammar

Q Language

Q Structural

Q Productive

O Ambiguous, yet efficient in human-human communication
Q Grammar

Q Generalization of regularities in language structures

Q Morphology & syntax, often complemented by phonetics,

phonology, semantics, and pragmatics
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Ambiguity

O Human languages are ambiguous on almost every layer

Q Grammar frameworks are designed to represent necessary
ambiguities, and eliminate unnecessary ones

Q Parsing models are responsible for retrieving valid analyses
according to the grammar
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Syntactic Parser as NLP Component

PoS Tagging Chunking
Morph. Analysis \ V
Syntactlc Parsing

Semantlc Analysis

!
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Trees (or not)
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Chomsky Hierarchy

Q Type 0 (unrestricted rewriting system)
a—=0 a,Be(WwUVr)
Q Type 1 (context sensitive grammars)
PAw — ¢Pw A€ Wy, B,¢,w € (VnU V7)*
Q Type 2 (context free grammars)
A—=p Ae Wy, pe (WU Vr)*
Q Type 3 (regular grammars)

A—-xBVA—x ABeVyxeVr
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Context-Free Grammar

A CFG is a quadruple: (Vr, Wy, 22, S)

Q Vy: terminal symbols
Q Vu: non-terminal symbols
Q 2. context-free productions

A—=pB Ae W,pBe(WuVp)*

Q S: start symbol
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Context-Free Phrase Structure Grammar

Q S— NPVP Q N — dog|cat

Q NP — D'et N Q Det — thela
QN—AdN Q V — chases|sleeps
avvl-YVv Q Adj — gray|lazy

a VP — VNP

Q Adv — fiercely
Q VP — Adv VP
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CFG Derivation

Qlfg=pAy,w=payandA—aec X
then w follows ¢, ¢ = w

Q If a sequence of strings ¢1, ¢o, . . ., om Where for all i
(1<i<m—1),¢;i = ditq
then ¢1, ¢o, ..., dm is a derivation from ¢4 to ¢

O “Derivable” relation: transitive, reflexive

¢1 :*>¢m
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Basic Parsing Algorithms
Parsing Strategies
CYK Algorithm
Earley’s Algorithm
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Parsing Strategies

Q Top-down: start from the start symbol, and expand the tree with
grammar rules (e.g. replace LHS symbol with RHS sequences of
CFG productions)

Q Bottom-up: start from the input sequence, and apply grammar
rules to build trees upwards (e.g. reducing RHS sequence into
LHS symbols)

ugvsnslﬂr
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Top-Down Parsing

Q Goal-directed search 1. S— NP VP

4 Waste time on trees that do 2. NP — NP PP
not match input sentence 3.

Q Pure top-down (left-first) S
approach cannot parse —
(left-)recursion grammars NP VP

/\
NP PP
/\
NP PP
T
NP PP
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Bottom-Up Parsing

Q Use the input to guide the 1. A— Bla
search (data-driven) 2 B A

0 Waste time on trees thatdon't 3
resultin S

Q Recursive unary rules still
create an infinite parse forest
for a finite length sentence

L->-W->-0W-:
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Q Left-recursion NP — NP PP
O Ambiguity
Q Repeated parsing of subtrees

:mvsnslﬂr .
Fry T Natural Language Parsing Technology 16



Dynamic Programming (DP)

Q Divisibility: the optimal solution of a sub problem is part of the
optimal solution of the whole problem

0 Memoization: solve small problems only once and remember the
answers

Example
Calculating Fibonacci numbers:

FnZFn—1+Fn—2 (F0:0>F1:1)

Pascal Triangle (Binomial Coefficients):

(k)= ()= ()
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CYK Algorithm

Q@ Cocke-Younger-Kasami, also known as CKY algorithm

4 Essentially a bottom-up chart parsing algorithm using dynamic
programming
Q CFG is in Chomsky Normal Form (CNF)
QA- BC
QA—a
QS—e
O ABCeVy, acVr, BC#S
Q Fill in a two-dimension array: C[/][j] contains all the possible
syntactic interpretations of the substring w1 ... w;

Q Complexity O(n®)

u:;vsnslﬂr
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CoNOR®D =

CYK Algorithm

cforalli;j 0<i<j<ndo
Clj]< 0
. end for
cforall A— w; € Zdo
Cli = 1][] <= {AyuC[i — 1][]]
end for
fors=(2...n)do
foral A-BCe Z,i,k:0<i<k<i+sdo
if B € CJi][k] A C € C[K][i + s] then

10: C[ili + s] < {AUC[i][i + s]

end if
end for
: end for
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CYK Chart Example

S —NP VP|N VP|N V|NP V
VP—V NP|V N|VP PP
NP—D NI|NP PP|N PP
PP—P NP|P N

—john, girl, car

—saw, walks

—in

—the, a

o<z

() john (1) saw (2) the (3) gl (&) in (5) a (o) car (7)
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CYK Chart Example

v S —NP VP|N VP|N VNP V
D VP—V NP|V N|VP PP
NP—D NI|NP PP|N PP

N PP—P NP|P N

—john, girl, car

—saw, walks

—in

—the, a

o<z

Vv D N P D N

N
(o) john (a) saw (2) the 3) gl (4) in (57 a YeJ car (7)
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CYK Chart Example

v S —NP VP|N VP|N VNP V
D INP VP—V NP|V N|VP PP
NP—D NI|NP PP|N PP

N PP—P NP|P N

—john, girl, car

—saw, walks

—in

—the, a

o<z

S NP NP
N \' D N P D N

(o) john a) saw (2] the 3) gl (4) in (59 a Ye) car (7)
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CYK Chart Example

V| |V S —NP VPN VPN V|NP V
D INP VP—V NP|V N|VP PP
NP—D N|NP PP|N PP

N PP—PNP|PN

—john, girl, car

—saw, walks

—in

—the, a

o<z
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CYK Chart Example

N|sS S
V| |V S —NP VPN VPN V|NP V

D INP VP—V NP|V N|VP PP

NP—D N|NP PP|N PP
N NP PP—P NP|PN
= PP N —john, girl, car
V —saw, walks
D NP P —in
N D —the, a
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CYK Chart Example

N|S S
\ vpP S —NP VP|N VP|N VNP V

D [NP NP VP—V NP|V N|VP PP

NP—D N|NP PP|N PP
N NP PP—PNPPN
= PP N —john, girl, car
V —saw, walks
D |NP P —in
N D —the, a
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CYK Chart Example

N|S S
\ vpP VP S —NP VP|N VP|N VNP V

D [NP NP VP—V NP|V N|VP PP

NP—D N|NP PP|N PP
N NP PP—PNPPN
P PP N —john, girl, car
V —saw, walks
D |NP P —in
N D —the, a
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CYK Chart Example

N|S S S
\ vpP VP S —NP VP|N VP|N VNP V
D [NP NP VP—V NP|V N|VP PP
NP—D N|NP PP|N PP
N NP PP—PNPPN
P PP N —john, girl, car
V —saw, walks
D |NP P —in
N D —the, a
S
VP
NP
~ NP
VP PP
S PN NP

NN NN P 5
(o) john (&) saw (2 the (8) gl (4 in (5) a (s)

N

car (7)
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CYK Chart Example

N|S S S
\ vpP VP S —NP VP|N VP|N VNP V
D [NP NP VP—V NP|V N|VP PP
NP—D N|NP PP|N PP
N NP PP—PNPPN
P PP N —john, girl, car
V —saw, walks
D |NP P —in
N D —the, a
S
VP
NP
~ NP
VP PP
S PN NP

AL
N /N \\ P D
(o) john 1) saw T2J the 8) girl (4) in (5) a <&

N

car (7)
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Earley’s Algorithm

4 Use dynamic programming to do top-down search
Q Chart: a set of items (h,i,A— « - )

Q h,i: positions inthe input0 < h<i<n

Q A— - (:dotted rule (A — aff € P)

O «: RHS prefix that has already been applied to input from hto i
U B: RHS suffix yet to be found

:n;vsnslﬂr .
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Earley’s Algorithm

Q Predict(i)
foreach (h,i;,A— «a-Bg) € C
foreach B — v e &
C<= {i,i,B— )

A Initialize
foreach S — a € &
C«<(0,0,S— -a)

. Q Parse
Q Scan(i) Initialize
|fw,-:a/\'<h,/—1,A—>a-aﬁ>e<C fori=(1...n)
Ce=(hi,A—aa ) Predict(i — 1)
Q Complete(i) Scan()
foreach (h,i,A— o) € C . Complete(i)
foreach (k,h,B — - Ay) € C if3(0,n,S = ) €C
C < (k,i,B— BA-7) return success
o else

return failed

UNIVERSITAT
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Earley Chart: Example

o the/det 1 dog/n » chases/v 5 a/det 4 cat/n 5

5 : 5 3 = 1. S— NP VP
0 S -NP VP
NP -det n 2. VP - v NP
1 NP — det - n
2 | NP = defn- [/ —— 3. VP = v
S — NP - VP VP — -v NP
3 S — NP VP- VP — v NP — -det n
/RN 4. NP — det n
4 NP — det - n
5 S — NP VP. VP — v NP NP — det n-
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Parsing with Probabilistic Context-Free Grammar
PCFG
Inside-Outside Algorithm
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Probabilistic Context-Free Grammar

An PCFG is a quintuple: (Vr, Vy, &2, S, Pr)
QPr:2—-[0,1 s.t.

VAEe Vy, Y Pr(A—a)=1
A—aeP?

Q Pr(A — «) can be understood as the conditional probability of
observing A — « in the derivation given A: P(A — «a|A)

:?;vsnslﬂr .
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Various Probabilities

Joint Probability: P(x, y)

Q Input sequence: x
Q A Parse: y with corresponding derivation sequence:

S=p1=>do=> ... =X
n ¢1 fzd)zfs Ik

where r; is the production rule used in th i derivation step
Q P(x,y) = IT&, Pr(n)
Q> e 7(6) x=yisld(y) P(X, ) =1
Q More generally, P(x, y|A) = HL Pr(r;) is the probability of a
sub-parse y rooted by A and generate input x by derivation

sequence
A= 1= o= ... =X
o1 = S 'K

u:;vsnslﬂr .
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Various Probabilities

Structural Language Model: P(x)

Q P(X) =3y crx) P(X,Y)
Q .7(x) is the set of parse trees for input sequence x

:u;vsnslﬂr .
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PCFG Example

1. S-S NPVP 10 S

2. NP> DetN 0.8 /\

3. NP — NP PP 0.2 NP NS

4. VP S VNP 07 A /\

5. VP — VP PP 0.3

Det N VP PP

6. PP PNP 1.0

7. V — saw 1.0 A /\

8. N — man 0.3 the man V NP P NP

9. N gl 04 A A
10. N— telescope 03 saw Det N with Det N
11. Det — a 0.4
12. Det — the 0.6
13. P — with 1.0 a girl a telescope
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PCFG Example

§0-000247726

SSNPVP 1.0 /\

1.

2 NP _ Det N 0.8 NPO-144 yp0.00172032

3. NP> NPPP 0.2 A /\

4. VP — V NP 0.7 Del0-6 NO-3 1.0 NpO-0024576

5. VP — VP PP 0.3 /\

6. PP — P NP 1.0

7. V — saw 1.0 the  man saw NPO-128 ppo0.096

8. N—man 03 A A

9. N—girl 04 Detd0-4 NO4 p1.0 NPO-096

10. N — telescope 0.3 A

11. Det — a 0.4

12. Det the 0.6 a girl  with Det0-4
. — .

13. P — with 1.0

a telescope
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PCFG Example

SO 000371589

1. S— NP VP 1.0

2. NP> DetN 08 A

3. NP — NP PP 0.2 NPO-144 p0.00258048

4 VP VNP 07 A /\

5' VP - VP PP 03 Det0.6 NO.3 VP0.0896 PPO.OQS

6. PP — P NP 1.0

7. V — saw 1.0 A A

8. N — man 0.3 the man V1.0 NPO 128 P1.0 NPO.OQG

9. N—girl 04 A A
10. N — telescope 0.3 saw Det®4 NO4 with Ded4  NO-3
11. Det — a 0.4
12. Det — the 0.6 ‘
13. P — with 1.0 a girl a telescope
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Parsing with PCFG

Q Earley and CYK algorithms can be adapted to carry probabilities
QO Best parse tree y* for a sentence x

y* = argmax P(x, y)
ye7z(x)

Q N-—best parse can be recovered with Viterbi-like algorithm

:gvsnslﬂr .
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Learning PCFG Probabilities

Q Given a treebank, with Maximum-Likelihood Estimation (MLE):

Pr(A— )= 1A 5)

#(A)

O When the grammar is large (e.g. by lexicalization), smoothing is
necessary to overcome data sparseness

:gvsnslﬂr .
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Inside-Outside Algorithm

@ When there is no labeled data (treebank), probabilities of a PCFG
can be updated to maximize the likelihood over a set of unlabeled
sentences

Pre = argmaxHP(x) = arg;naxH > P(x.y)
X ye7(x)

Q An Expectation-Maximization procedure can be used to iteratively
find Pr*

ugvsnslﬂr .
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Inside Probability

Definition
Inside probability 5;(p, q) is the probability of sequence wp1 ... wq
being generated with a tree rooted by node N/

Bi(p,q) = P(Wpy1 ... Wq|N£Jq)

D61(0,n):P(W1W2...Wn) N' =S
Q@ Calculation can be carried out bottom-up

Bitk —1,k) = Pr(N = wy) N Vy (1)
qg—1

Bip.a) = > D> Pr(N = N N°)-B(p,d)-Bs(d,q) (2)
r,s d=p+i

ugvsnslﬂr .
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Outside Probability

Definition
Outside probability o;(p, q) is the total probability of beginning with the
start symbol and generating ijq and all the words outside

aj(p,q) = P(wy ... wp, N{,q, Wgi1 - . Wn)

j
Q Np,q means
j ok
N =wpiq...wy

Q P(wiwa...wn, Nbg) = (p, q) - B(P, q)
Q P(wywa ... wp) =Y aj(k — 1,k)Pr(N/ — wy) for any k

:gvsnslﬂr .
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Outside Probability (cont.)

@ Calculation is top-down

1 N=8
@j(0,n) = {0 otherwise )
a(p,q) = Y > adp.e)-Pr(N"— N N9)-gg(q,e)
f,g g<e<n
+> > ane.q) - Pr(N"— NI N))-54(e.p) (4)

f,g 0<e<p

:g;vsnslﬂr .
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Calculating Expected Counts

The expected times N is used in the derivation for sentence wy ... w,

n—1 n
EINwy...wi] =) Y P(Nbglwy ... wh) (5)
p=0 g=p+1
:”i 2”: P(Nbg, w1 ... w) :”i 2”: aj(p.q) - B(p. 9)
o el P(wy ...wp) o el P(wy...wp)

:?;vsnslﬂr .
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Calculating Expected Counts (cont.)

The expected times N/ — N"NS and N is used in the derivation for
sentence wy ... w,

n—1 n
EIN = N'N°|ws ...wa] = > P(Nbg, N = N'N°|wy ... wy) (6)
p=0 g=p+1
Zq =p+1 Zd o1 9P, Q) Pr(N/ — N'N°) - B:(p, d) - Bs(d, q)
P(wy ... wsn)

:?;vsnslﬂr .
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Update Formula

For a single sentence, rule probabilities can be reestimated

5N E[N — NN, N'|ws ... wp]
J NS —
Pr(N — N'N°) = ENTwr . wi] @)
oo o1 Sdpit a4(p:q) - PN/ = N'N°) - B,(p, d) - Bs(d, q)
Srso Zampe1 (P, Q) - Bi(P: Q)

Similarly, for unary rules,

Sh_yaj(h—1,h) - P(wy = wX) - Bi(h—1,h)
i1 (P, Q) - Bi(P: Q)

Pr(N — w") = (8)

:gvsnslﬂr .
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Multiple Training Sentences

For each sentence w' in the training corpus

S804 01(p.G) - Pr(N — N'N°) - B(p, d) - B(d, )

fi(p,q.j.r,s) = Pwi ) 9

. (h—1,h) - P(wy,=w")-Bj(h—1,h
alhjk) = A ) P((VV;”WVMV/H; i ) (10)
h(p,q.j) = W (11)

then
P\I’(Nj—>NrNS) _ Z/ 12 Zq =p+1 f(panvr S) (12)
ZI 12 Zq—p+1 h’(pv qaj)

IS,-(NJ'_> Wk) _ Z/ 1Eh 1g’(h ./7 ) (13)

S 0 Xgpet hi(P.G.0)

:n;vsnslﬂr .
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Inside-Outside Algorithm

Initialize an arbitrary set of rule probabilities Pr°
repeat
F=G=H<0
for W = wf ... wk in the corpus do
Calculate inside probabilities g;(p, q)
Calculate outside probabilities o(p, q)
Accumulate counts F G and H
end for
Update rule probabilities Pr'*" (N — N"N°®) and Pri*' (N — w")
until |Ppic1 (W) — Ppi(W)| <€

UNIVERSITAT
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Outline

Recent Advances in Parsing Technology
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Statistical Constituent Parsing

Q Collins parser [Collins, 1997]

@ Reranking model [Charniak and Johnson, 2005]
Q Self-training [McClosky et al., 2006]

Q Latent-Variable PCFG [Petrov et al., 2006]

:N;VEISIYKY .
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Statistical Dependency Parsing

Q Graph-based approach [Eisner, 1996, McDonald et al., 2005]
Q Edge-factorized scoring model
Q Efficient algorithms to find maximal spanning tree
Q Allows non-projective dependency structures
Q Transition-based approach
[Nivre et al., 2007, Sagae and Tsujii, 2008]
Q (Near) deterministic parsing
Q Projective/pseudo-projective

ugvsnslﬂr .
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Parsing with Richer Formalisms

Q TAG
Q CCG
Q LFG
Q HPSG

:mvsuslﬂr .
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Parser Evaluation

Q Evaluation against “gold-standard”
Q E.g. PARSEVAL

Q Application-based evaluation

:n;vsnslﬂr .
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a) ROOT

5
N NP
. — T ] |
NNS NN$  VBD VP NN n
1 1 ] — T - fl
o Sales ; executivesy were VBG NP yesterday 1o
' e -
3 examining DT NNS N NP
' ¢ I e
4 the 5 figures ¢ with H NN
' '
by
NP

NNS  NNS  VED

i : i

o Sales | executives z were VBG
¢

3 examining NP

e —
DT  NNS W
i

4 the 5 figures ¢ with
| 1 v
7 great g care o yesterday o

(¢} Brackets in gold standard tree (a.):

§40:11), NP40:2), VP{2:9), VP-(3:9), NP{4:6), PP-(6-9), NP-(7,9), *NP-(9:18)

Brackets in candidate parse {b.}:

§40:11), NP-0:2), VP-(2:10), VP-(3:10), NP-{4:10), NP<4:6), PP-(6-10}, NP-(7,10}

{e) Precision: 3/8=375%  Crossing Brackets: 0
Recall: 3/8 = 37.5%  Crossing Accuracy: 100%
Labeled Precision: 3/8 =37.5%  Tagging Accuracy: 10711 = 90.9%

(d
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Domain Adaptability and Multilinguality

Q Statistical parsing models usually performs well in in-domain tests
and suffer significant accuracy drop when tested on out-of-domain
data

Q Differences between languages require different parsing models
(morphology, word order, etc.)

:gvsnslﬂr .
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Open Questions

Q How relevant is linguistic study to the development of parsers?
@ How do we evaluate a parser?

Q How to make trade-offs between adequacy, accuracy and
efficiency?

:?;vsnslﬂr .
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