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Natural Language Processing problems

Natural Language Processing Applications

• Typical Applications (among others):

? Machine Translation

? Intelligent Information Retrieval and document managment

? Information Extraction

? Question&Answering

? Document Summarization (multidocument, multilingual)

? Dialog Systems
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Natural Language Processing problems

Natural Language Processing Applications

• Typical Applications (among others):

? Machine Translation

? Intelligent Information Retrieval and document managment

? Information Extraction

? Question&Answering

? Document Summarization (multidocument, multilingual)

? Dialog Systems

• Different levels of linguistic knowledge/comprehension are required

• They need to resolve a number of basic subproblems
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Natural Language Processing problems

Natural Language Processing Problems(1)

Part–of–Speech Tagging

The San Francisco Examiner issued a special edition around noon

yesterday that was filled entirely with earthquake new and

information.
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Natural Language Processing problems

Natural Language Processing Problems(1)

Part–of–Speech Tagging

The dt San nnp Francisco nnp Examiner nnp issued vbd a dt

special jj edition nn around in noon nn yesterday nn that wdt

was vbd filled vbn entirely rb with in earthquake nn news nn

and cc information nn . .
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Natural Language Processing problems

Natural Language Processing Problems(1)

Part–of–Speech Tagging

The dt San nnp Francisco nnp Examiner nnp issued vbd a dt

special jj edition nn around in noon nn yesterday nn that wdt

was vbd filled vbn entirely rb with in earthquake nn news nn

and cc information nn . .

POS tagging is a pure sequential labeling problem

(sequential learning paradigm)
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Natural Language Processing problems

Natural Language Processing Problems(2)

Syntactic Analysis (Parsing)

Pierre Vinken, 61 years old, will join the board as a nonexecutive

director Nov. 29.
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Natural Language Processing problems

Natural Language Processing Problems(2)

Syntactic Analysis (Parsing)

Pierre Vinken, 61 years old, will join the board as a nonexecutive director Nov. 29.

((S (NP-SBJ

(NP (NNP Pierre) (NNP Vinken) )

(, ,)

(ADJP

(NP (CD 61) (NNS years) )

(JJ old) )

(, ,) )

(VP (MD will)

(VP (VB join)

(NP (DT the) (NN board) )

(PP-CLR (IN as)

(NP (DT a) (JJ nonexecutive) (NN director) ))

(NP-TMP (NNP Nov.) (CD 29) )))

(. .) ))
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Natural Language Processing problems

Natural Language Processing Problems(3)

Shallow Parsing (Chunking)

He reckons the current account deficit will narrow to only 1.8 billion

in September.
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Natural Language Processing Problems(3)

Shallow Parsing (Chunking)

[np He ] [vp reckons ] [np the current account deficit ] [vp will

narrow ] [pp to ] [np only 1.8 billion ] [pp in ] [np September ] .
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Natural Language Processing Problems(3)

Shallow Parsing (Chunking)
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Chunking is a sequential phrase recognition task

It can be seen as a sequential labeling problem (B-I-O encoding)
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Natural Language Processing problems

Natural Language Processing Problems(3)

Shallow Parsing (Chunking)

[np He ] [vp reckons ] [np the current account deficit ] [vp will

narrow ] [pp to ] [np only 1.8 billion ] [pp in ] [np September ] .

Chunking is a sequential phrase recognition task

It can be seen as a sequential labeling problem (B-I-O encoding)

He b-np reckons b-vp the b-np current i-np account i-np

deficit i-np will b-vp narrow i-vp to b-pp only b-np 1.8 i-np

billion i-np in b-pp September b-np . o

this is simple, but...
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Natural Language Processing problems

Natural Language Processing Problems(4)

Clause splitting (partial parsing)

The deregulation of railroads and trucking companies that began in

1980 enabled shippers to bargain for transportation.
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Natural Language Processing problems

Natural Language Processing Problems(4)

Clause splitting (partial parsing)

(s The deregulation of railroads and trucking companies (sbar that

(s began in 1980) ) enabled (s shippers to bargain for

transportation) . )
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Natural Language Processing problems

Natural Language Processing Problems(4)

Clause splitting (partial parsing)

(s The deregulation of railroads and trucking companies (sbar that

(s began in 1980) ) enabled (s shippers to bargain for

transportation) . )

Clauses may embed: they form a hierarchy
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Natural Language Processing problems

Natural Language Processing Problems(4)

Clause splitting (partial parsing)

(s The deregulation of railroads and trucking companies (sbar that

(s began in 1980) ) enabled (s shippers to bargain for

transportation) . )

Clauses may embed: they form a hierarchy

Clause splitting is a hierarchical prhase recognition problem

Not a good idea to treat it as a sequential problem...
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Natural Language Processing problems

Natural Language Processing Problems(6)

Semantic Role Labeling (semantic parsing)

He wouldn’t accept anything of value from those he was writing

about.
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Natural Language Processing problems

Natural Language Processing Problems(6)

Semantic Role Labeling (semantic parsing)

[a0 He] [am-mod would] [am-neg n’t] [v accept] [a1 anything of

value] from [a2 those he was writing about] .

Roles for the predicate accept (PropBank Frames scheme):

V: verb; A0: acceptor; A1: thing accepted; A2: accepted-from;

A3: attribute; AM-MOD: modal; AM-NEG: negation;

MAVIR-2006 seminar: Statistical Learning for Structured Natural Language Processing 11



Natural Language Processing problems

Natural Language Processing Problems(6)
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Natural Language Processing problems

Natural Language Processing Problems(5)

Named Entity Extraction (“semantic chunking”)

Wolff, currently a journalist in Argentina, played with Del Bosque in

the final years of the seventies in Real Madrid.
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Natural Language Processing problems

Natural Language Processing Problems(5)

Named Entity Extraction (“semantic chunking”)

[per Wolff ] , currently a journalist in [loc Argentina ] , played with

[per Del Bosque ] in the final years of the seventies in [org Real

Madrid ] .
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Natural Language Processing problems

Natural Language Processing Problems(5)

Named Entity Extraction (“semantic chunking”)

[per Wolff ] , currently a journalist in [loc Argentina ] , played with

[per Del Bosque ] in the final years of the seventies in [org Real

Madrid ] .

• Named Entities may be embedded

• NE tracing: variants and co-reference resolution

• Relations between entities: event extraction
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Natural Language Processing problems

Natural Language Processing Problems(5)

Named Entities, relations, events, etc.
(example from the ACE corpus)

Best−selling novelist and "Jurassic Park" creator Michael Crichton

has agreed to pay his fourth wife 31 million dollars as part of their

divorce settlement, court documents showed Friday.

Crichton, 60, is one of the world’s wealthiest authors, and has had

12 of his novels made into major Hollywood movies.

The writer will retain the rights to his books and films, although he

wife of 13 years, according to documents filed in Los Angeles

Superior Court.

LOS ANGELES, April 18 (AFP)

has agreed to split a raft of other possessions with Anne Marie, his

Entity
Michael Crichton
PER−Individual−SPC

Entity
Anne−Marie
PER−Individual−SPC

Time
13 Years
Ending in 2003−04−18

PER−SOC−Family

Past

Relation

Asserted
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Natural Language Processing problems

Natural Language Processing Problems

Summary:

• Mapping from an input to an output structure

? The input structure is typically a sequence of words enriched

with some linguistic information.

? Output structures are sequences, trees, graphs, etc.
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Natural Language Processing problems

Relation to Machine Learning

• 1980’s resurgence of the empirical paradigm for NLP

• 1990’s massive application of Machine Learning techniques

• Important factor (among others):

? Ambiguity resolution can be directly casted as classification
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Natural Language Processing problems

Relation to Machine Learning

• 1980’s resurgence of the empirical paradigm for NLP

• 1990’s massive application of Machine Learning techniques

• Important factor (among others):

? Ambiguity resolution can be directly casted as classification

• Thus, we know very well how to model and learn local decisions

• But... there is a big gap in between pure classification and

structure learning/generation. Pure classification tasks don’t

really exist!

• Search is strongly related to the generation of the output

structure (decoding, inference, etc.)
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Natural Language Processing problems

Main Challenges

...of the learning approach to structured NLP:

• Put learning at the level of the structure and design features

accordingly

• Make computationally efficient learning and decoding algorithms

• Avoid locality: global (and coupled) learning and decoding

• Increase output complexity
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Natural Language Processing problems

Opportunities for the future

...of this new technology:

• Exploit linguistically rich features and complex dependencies

• Surpass the traditional NLP architecture of a pipeline of processors

• Approach multitask learning

• Design intermediate structures to learn, which are optimal for the

global perfomance
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Outline

Outline

• Motivation

? NLP tasks

? Statistical learning setting

• Existing approaches

? Generative models

? The Learning and Inference Paradigm

? Re-ranking candidate solutions

? Structure learning with global linear models
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Statistical Machine Learning

Supervised Machine Learning

• Given:

? A training set, with examples (x, y) where

∗ x ∈ X could be sentences

∗ y ∈ Y could be linguistic structures

∗ We assume that the set was generated i.i.d. from an unknown

distribution D over X × Y
? An error function, or loss :

error(y, ŷ) = cost of proposing ŷ when the correct value was y

• Goal: learn a hypothesis

h : X → Y

that minimizes error on the entire distribution D
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