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OverviewOverview

Learning mapping from S to L
from text to logical form

For example
   What states border Texas?
    λX.state(X) and borders(X,texas)



IssuesIssues

◆ Needs to find predicate names from words
● relate “border” to “borders(X,Y)”

◆ Will use log-linear models
● Like Conditional Random Fields (CRFs)

◆ Concentrate of “structure learning”
● In CCG that means “lexical entries”



Domain: GEO880Domain: GEO880

◆ GEO880GEO880
● 880 utterances (sentences plus logical forms)880 utterances (sentences plus logical forms)
● US Geography questionsUS Geography questions
● Which states border Texas?Which states border Texas?
● Which states border Texas that border Utah?Which states border Texas that border Utah?

◆ History:History:
● CHAT80 (Pereira)CHAT80 (Pereira)



JOBS640JOBS640

◆ JOBS640JOBS640
● 640 queries about jobs640 queries about jobs
● Which jobs offers more than $60K?Which jobs offers more than $60K?
● Which jobs offers more than $80K and is in Which jobs offers more than $80K and is in 

Tuscon?Tuscon?



SemanticsSemantics

◆ Constants:Constants:
● texas  texas  is of typeis of type e  e 
● state is of type <e,t>state is of type <e,t>
● size maps entities to real numbers <e,r>size maps entities to real numbers <e,r>

◆ Logical conectorsLogical conectors
● and, or, not, impliesand, or, not, implies

◆ QuantificationQuantification
● Forall, ExistsForall, Exists

◆ Lambda expressions:Lambda expressions:
● λλX.state(X) and borders(X,texas)X.state(X) and borders(X,texas)    



SemanticsSemantics

◆ Additional quantifiersAdditional quantifiers
● count(count(λλX.state(X) and borders(X,texas)X.state(X) and borders(X,texas)
● argmax(argmax(λλX.state(X), X.state(X), λλX.size(X)) X.size(X)) 
● def(def(λλX.state(X))X.state(X))

→ Unique item for which state(X) is trueUnique item for which state(X) is true



CCGCCG



CCG LexiconCCG Lexicon



CCG exampleCCG example



CCG example2CCG example2



CCG (here)CCG (here)

◆ CCG five rulesCCG five rules
● Forward/backward applicationForward/backward application
● Forward/bacward compositionForward/bacward composition
● Type raisingType raising

◆ Specific lexical entries for special wordsSpecific lexical entries for special words
● ““what” what” 

◆ Lexical items can be multiwordLexical items can be multiword



PCCGPCCG

◆ Probabilistic CCGsProbabilistic CCGs
◆ <L,T><L,T>

● L is logical formL is logical form
● T is sequence of steps to derive LT is sequence of steps to derive L

→ Will be called “parse tree”Will be called “parse tree”

◆ S a sentenceS a sentence
◆ A PCCG defines conditional distributionA PCCG defines conditional distribution

● P(L,T | S)P(L,T | S)



AmbiguityAmbiguity

◆ AmbiguityAmbiguity
● Multiple <L,T> for SMultiple <L,T> for S

◆ Multiple lexical entriesMultiple lexical entries
● New York := NP:new_york_cityNew York := NP:new_york_city
● New York := NP:new_york_stateNew York := NP:new_york_state

◆ Single L by multiple derivations (T)Single L by multiple derivations (T)
● If *same* L for S then “spurious ambiguity”If *same* L for S then “spurious ambiguity”

◆ Usually there is ambiguity Usually there is ambiguity 
● Which is good as that’s what is optimized in learningWhich is good as that’s what is optimized in learning



PCCGPCCG

◆ Log linear models (like CRFs)Log linear models (like CRFs)
◆ f(L,T,S) maps to feature vectors Rf(L,T,S) maps to feature vectors R

● f(L,T,S) ->f(L,T,S) ->
→ f1(L,T,S), f2(L,T,S), …f1(L,T,S), f2(L,T,S), …

● Where fn is count of some substructure in Where fn is count of some substructure in 
(L,T,S).(L,T,S).

◆ Model is parameterized by vector Model is parameterized by vector θθ



PCCGPCCG

• Probability of particular syntax/semantics

• Denominator is sum over all valid parses 
in S



PCCGPCCG

◆ Features (fn)Features (fn)
● Lexical features onlyLexical features only
● Count number times lexical entry used in TCount number times lexical entry used in T

◆ Over simplified but seems to workOver simplified but seems to work



ParsingParsing

• Parsing given a PCCG



Parameter EstimationParameter Estimation

• Log-likelihood of the training set

• Differentiate to get:



Parameter EstimationParameter Estimation

• Estimate using dynamic programming
– Use inside outside algorithm

• Maximize likelihood using
– (EM) or
– Stochastic gradient ascent



LearningLearning

◆ LearningLearning
● A Induction of a lexicon (structure learning)A Induction of a lexicon (structure learning)
● Parameter estimationParameter estimation



Lexical Entry GenerationLexical Entry Generation

◆ GENLEXGENLEX
● Generate entries give S and L that allow Generate entries give S and L that allow 

sentence to be parsed as Lsentence to be parsed as L
● Good examplesGood examples

→ Utah := NP:utahUtah := NP:utah
→ Idaho := NP:idahoIdaho := NP:idaho
→ Borders := (S\NP)/NP:Borders := (S\NP)/NP:λλX.X.λλY.borders(X,Y)Y.borders(X,Y)

● Bad examplesBad examples
→ Utah := NP:idahoUtah := NP:idaho
→ Idaho := Idaho := (S\NP)/NP:(S\NP)/NP:λλX.X.λλY.borders(X,Y)Y.borders(X,Y)



GENLEXLtriggersGENLEXLtriggers



PCCG:trainingPCCG:training



PCCG:proceduresPCCG:procedures



PCCG: algorithmPCCG: algorithm

◆ Step 1 Step 1 
● Search small number of sufficient lexical entries Search small number of sufficient lexical entries 

to parse Sto parse S
● Find highest scoring parseFind highest scoring parse
● Identify the entries that were used in best parseIdentify the entries that were used in best parse

◆ Step 2Step 2
● Re-estimate the parametersRe-estimate the parameters
● Using stocastic gradient ascentUsing stocastic gradient ascent



PCCG: algorithmPCCG: algorithm



Related WorkRelated Work

◆ Older NL interfaces to DatabasesOlder NL interfaces to Databases
◆ X and Mooney workX and Mooney work

● CocktailCocktail
● Had explicit lexical entries, not using CCGHad explicit lexical entries, not using CCG

◆ ATIS (flight information)ATIS (flight information)
● BBN work (non-CCG)BBN work (non-CCG)



ExperimentsExperiments



Best Learned EntriesBest Learned Entries



  


