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Parsing in Thr ee Slides

Finding the right tree is a major research 
problem called parsing.

Parsing is hard because natural language 
sentences are ambiguous (unlike programming 
language sentences).

We solve the problem with weighted grammars.

When I say Òparse,Ó think Òfind a tree, 
specifically the max-scoring derivationÕs tree.Ó



Parsing Is Spr eading Its Wings

NL syntax is useful downstream.

Parsing isnÕt just for English anymore.

Great prototype for structured learning.

*question answering, machine translation, information extraction

CoNLL 2006 and 2007 competitions, new treebanks; new challenges

CRFs, max-margin, contrastive estimation, *M-estimation



Part 1:  The Jeopar dy Model
Joint work with Mengqiu W ang and Teruko Mitamura



Question Answering

Who is the leader of France?

Henri Hadjenberg, who is the leader of France Õs 
Jewish community, endorsed confronting the specter 
of the Vichy past.

Bush met with French President Nicolas Sarkozy.

string match

correct answer



QA from 10,000 Feet

1. Retrieve documents relevant to question.
2. Select candidate answer passages.
3. Rank.

We tackle #3.



The Jeopar dy Model

Two kinds of effects:
Lexical semantics
Syntax

score(answer) = p(answer ! question)



Lexical-Semantic 
Transformations

president !  leader (more general)
killed !  murdered (more specific)
autumn !  fall (synonym)
inaugurated !  crowned (near synonym)
person-name !  who (question-word)
France !  French (derivation)



Syntactic T ransformations

Who is the leader of France?

Henri Hadjenberg, the leader of FranceÕs Jewish community, ...
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Syntactic T ransformations

Who is the leader of France?

Bush met with French President Nicolas Sarkozy.

leader

of

France

President

Sarkozy
French

Nicolas



Prior W ork

models of synchronous trees (usually for MT)
Shieber and Schabes (1990), Wu (1997), Eisner (2003), Gildea 
(2003), Melamed (2004), Smith and Smith (2004)

dependency tree features for QA
Punyakanok et al. (2004), Shen et al. (2005), Cui et al. (2005)

noisy channel translation models for QA
Echihabi and Marcu (2003), Murdock and Croft (2005)



Formalizing the Pr oblem

Given a question q, a set of candidate answers (a1, ..., 
an), all parsed, calculate

The model:  a quasi-synchronous grammar (QG; due to 
D. Smith & Eisner, 2006), a model of loose 
transformations from one tree to another.

Source tree defines a weighted grammar over possible 
target trees.
Isomorphism is likely, but not required.
Alignment between words is a hidden variable.

! i " { 1, ..., n} , p(q | ai )
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Seven ConÞguration T ypes

Parent-Child 

Child-Parent
Grandparent-Child

Siblings
Same Node

C-Command
Other

most synchronous models 
allow only parent-child

ask your favorite linguist



The Jeopar dy Model

A probabilistic  grammar for the question tree, 
defined by the answer tree

Predicts question top-down, node by node, 
with steps to choose configuration and the 
lexical features

Mixed with a log-linear model that uses 
WordNet relations as features

Dynamic programming to calculate the score

Sum out hidden links, or

Maximize over hidden links.



Training

Parameters to estimate:
multinomials in base parent-child model
weights for various lexical-semantic and 
configurational features (see paper)
mixture coefficient

Training uses L-BFGS to (locally) optimize:

max
θ

N!

i =1

!

a! A ( i )
+

log
!

!

pθ(q( i ) , ! | a)

set of correct answers 
for example i

marginalize out 
hidden link variable



Experiment

Assume a simple retrieval model based on 
keyword matching from question

TREC 8-12 for training, 13 for devtest, test
Manually labeled 100+100+84 questions (around 3 positive 
answers per question, around 20 negative answers per question)

Automatic tagging, named-entity recognition, 
and parsing

Ranking evaluation:  Mean Averaged Precision, 
Mean Reciprocal Rank



Experiment:  Results

UIUC
NU Singapore
Jeopardy (max alignment)
Jeopardy



Conclusions

The Jeopardy model is
Formally clean (QGs are grammars)
Linguistically appropriate
Computationally efficient:  O(qa2) to score
Highly competitive

What else can we use this model for?



Part 3:  M-Estimation
Joint work with Doug Vail and John Lafferty



Challenge:  T raining

ÒDeepÓ linguistic features are important 
for accurate parsing (and other NLP).

Rich features challenge decoding 
(parsing) algorithms.

They challenge training  algorithms, too!



Log-Linear Models

ÒArbitrary-feature Ó probability model:

Decoding:

pw (x, y) =
expw ! f (x, y)

!

x ! ,y !

expw ! f (x", y")
=

expw ! f (x, y)
Z (w)

hypothesis(x) = arg max
y

pw (x, y) = arg max
y

w ! f (x, y)

partition
function

(input, output)

parameters

dot-product score

discrete optimization problem;
solve by dynamic or linear

programming, or search



MLE is too painful.

Alternatives:
conditional random fields (Lafferty et al., 2001):  x-wise 
partition functions
maximum margin (Taskar et al., 2003):  decode only

öw = argmax
w

1
n

n!

i =1

logpw (xi , yi )

= argmax
w

"
1
n

n!

i =1

w!f (xi , yi )

#

! logZ(w)

hard to compute; may be infinite



Jeon and Lin (2006)

Notational variant:

New loss function:

pw (x, y) =
q0(x, y) expw!f (x, y)

Z (w, q0)

exponential of negated 
dot-product score

linear function in w

! (w) =
1
n

n!

i=1

exp
"
! w ! f (xi, yi)

#
+

!

x,y

q0(x, y)w ! f (x, y)

$ %& '
w ! Eq0 [f (X,Y )]



This is attractive!

Convex.
Statistically consistent.
Computationally efficient:  O(m + D)

m = number of features

D = number of nonzeros in features-example matrix (D !  mn)

! (w) =
1
n

n!

i=1

exp
"
! w ! f (xi, yi)

#
+

!

x,y

q0(x, y)w ! f (x, y)

$ %& '
w ! Eq0 [f (X,Y )]



Motivation (KL-Diver gence)

True distribution:
Perturbed distribution:
Goal:  recover true distribution by corr ecting the 
perturbation.
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q0

p∗ ! p∗/e w ! f

q0 áew ! f " q0

use this for prediction
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Tricky Parts

q!  needs to be easy to estimate, smooth, 
and permit rapid calculation of:

If ej  =  0, wj  will go to infinity; we use 
quadratic regularization.

Optimize using L-BFGS.

e = Eq0 [f (X , Y )]



Experiment

CoNLL 2000 shallow parsing data

NP chunking by B-I-O tagging

q!  is a smoothed MLE trigram pair HMM

Quadratic regularization, tune constant on 
devtest data



Experiment:  Results

time (h:m:s) precision recall F1

HMM 0:00:02 85.6 88.7 87.1

M-est. 1:01:37 88.9 90.4 89.6

MEMM 3:39:52 90.9 92.2 91.5

PL 9:34:52 91.9 91.8 91.8

CRF 64:18:24 94.0 93.7 93.9

Sha &
Pereira
(2003)
rich
features



Experiment:  Results

more than additive

generative  !  discriminative

richer features

richer features



What Else?

See the paper for:
Variations on q!

(Failed) attempt to Òmake it discrimative Ó 

WSJ section 22 dependency parsing:
Generative baseline (Klein & Manning, 2003)
Added features from McDonald et al. (2005):  3 
million
Trains in 4 hours

85.2% !  86.4%



Open Questions

Can it be adapted for conditional 
models?

Can it be adapted for latent-variable 
models?



Conclusions

Our M-estimator is
Fast to train (no partition functions)
Easy to implement
Statistically consistent
Feature-empowered
Generative

A new point on the spectrum of accuracy/speed/
expressiveness tradeoffs.



If I had mor e time ...

Combining morphological and syntactic disambiguation 
(Shay Cohen)

Using syntactic and other context features to improve 
statistical translation with phrases (Kevin Gimpel)

Semantic parsing in an open domain (Dan Tasse)

Modeling shallow pragmatics in political blogs (Tae Yano)

Running EM and other unsupervised learners under 
MapReduce

NoahÕs ARK:  http://www.ark.cs.cmu.edu



Final Words

1. Incorporated a syntax-driven QG model 
into answer selection for QA, to great 
benefit.

2. Introduced a novel, efficient training 
algorithm for log-linear structure models.

Future work:  QG for ...

Future work:  large-scale, distributed training algorithms
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