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Natural Language (Processing) tasks

Credit: Josh Lee (@wtrsld)
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Translation
Sentiment Analysis
Question Answering
Following Instructions

Human Interaction



Natural Language (Processing) tasks

ASR/OCR —

Morphological Analysis

PoS Tagging

Syntactic Parsing

Semantic Parsing

Reasoning

Generation

Credit: Josh Lee (@wtrsld)
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Natural Language (Processing) tasks

ASR/OCR —

— Morphological Analysis

- PoS Tagging -

Syntactic Parsing

Semantic Parsing -«

Reasoning

Generation <

Not really a pipeline!
Credit: Josh Lee (@wtrsld)




Natural Language (Processing) tasks

ASR/OCR —

— Morphological Analysis

- PoS Tagging -

Syntactic Parsing

Semantic Parsing -«

Reasoning

Generation <

o Arguments for less supervision

Credit: Josh Lee (@wtrsld) o Expensive (time/money)

e Not always reliable or “correct”
e Not how humans learn
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Natural Language (Processing) tasks

— Mo

'phological Analysis

ASR/OCR —

PoS Tagging -«

Two questions

e Can we predict multiple NL phenomena jointly and efficiently?

e Can we do it an a cognitively inspired unsupervised way?

prsing

ing =

)

Credit: Josh Lee (@wtrsld)

~—— (Generation <

e Expensive (time/money)
e Not always reliable or “correct”
e Not how humans learn

A Arguments for less supervision



Outline

e Application-Driven ML: Extended SRL

o  Modular semantic structures
o Inference over independently-trained models

e Cognitive ML: Baby SRL

o Modeling early stages of language acquisition
o Testbed for psycholinguistic theories and unsupervised ML

e Unifying the two: Unsupervised CCG induction
o  Structured lexical-syntactic-semantic representation

e Future directions
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Extended SRL (Joint work with Dan Roth)

e Semantic role labeling covers only specific predicate-argument relations

e Need for comprehensive semantic representations (SRL++)
o Events, Entailment, Winograd schemas

e Difficult to produce hand-annotated resources (e.g. AMR, A-calculus)
o Especially for other languages/genres’

e Lots of independently annotated data for semantic tasks
o Ontonotes, PDTB, Semeval/CoNLL/*SEM shared tasks

TAMR annotation of The Little Prince

W http://amr.isi.edu/download/amr-bank-v1.6.txt



http://amr.isi.edu/download/amr-bank-v1.6.txt

Extended SRL (Joint work with Dan Roth)

\

Semantic role labeling covers only specific predicate-argument relations

Need It was a picture of a boa constrictor in the act of swallowing an animal .

° B (p / picture
Difficu| :domain (i/it) 5)

:topic (b2 / boa
o Es :mod (c2 / constrictor)
:ARGO-of (s / swallow-01

Lots ¢ :ARG1 (a / animal))))

o O||

TAMR annotation of The Little Prince

http://amr.isi.edu/download/amr-bank-v1.6.txt
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Extended SRL (Joint work with Dan Roth)

e Semantic role labeling covers only specific predicate-argument relations

e Need for comprehensive semantic representations (SRL++)
o Events, Entailment, Winograd schemas

e Difficult to produce hand-annotated resources (e.g. AMR, A-calculus)
o Especially for other languages/genres’

e Lots of independently annotated data for semantic tasks
o Ontonotes, PDTB, Semeval/CoNLL/*SEM shared tasks

TAMR annotation of The Little Prince

W http://amr.isi.edu/download/amr-bank-v1.6.txt
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Extended SRL

Modular semantic representation

Inference with independent models
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Extended SRL

Modular semantic representation

(9,

Tokens

Five

prisoners

are

held

captive

Guantanamo
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Extended SRL

Modular semantic representation

(9,

Tokens

Five

prisoners

are

held

captive

Guantanamo

Quantities

[#5] [unit: prisoner]
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Extended SRL

Modular semantic representation

L

Tokens Five || prisoners || are || held || captive in Guantanamo
Quantities [#5] [unit: prisoner]
NER Card. Location
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Extended SRL

Modular semantic representation

L

Tokens Five || prisoners || are || held || captive in Guantanamo
Quantities [#5] [unit: prisoner]

NER Card. Location
VerbSRL Arg1 hold Arg2

NomSRL Arg1 captive ArgM-LOC
PrepSRL Gov Loc Obj
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Extended SRL

Modular semantic representation

L

Tokens Five || prisoners || are || held || captive in Guantanamo
Quantities [#5] [unit: prisoner]

NER Card. Location
VerbSRL Arg1 hold Arg2

NomSRL Arg1 captive ArgM-LOC
PrepSRL Gov Loc Obj

LVvVC Light Verb

FrameNet ottty

Wiki Guantanamo_Bay_

detention_camp
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Extended SRL

Modular semantic representation

L

Tokens Five || prisoners || are || held || captive in Guantanamo
Quantities [#5] [unit: prisoner]
NER Card. Location
VerbSRL / How can we join predictions D

across these phenomena?
NOmSRL A gyt | | UGIJLIVU | | \ rgM'LOC
PrepSRL Gov Loc Obj
LVvVC Light Verb
FrameNet ngﬁviig‘
Wl kl Guantanamo_Bay_

detention_camp
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Extended SRL

Modular semantic representation

Inference with independent models

Tokens Five

prisoners

are

held | | captive

NomSRL(arg)::ArgM-LOC —
“PrepSRL(prep)::Instrument

NER Card. | —Tocanpn T
VerbSRL Arg1 I hold | Arg2 {
NomSRL | Al captive M AGM-LOG |
NER(phrase)::Cardinal — I Gov 'LL_?E_[ Obj |
Quant(phrase)::Number WJ:
FrameNet I Iml
7 Wiki " etention can-

L
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Constraint-driven inference

e Constrained Conditional Models [Chang et al., 2012]
o First-order constraints
o |ILP inference

e Multi-view model combination [Burkett et al., 2010]

7
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Constraint-driven inference

e Constrained Conditional Models [Chang et al., 2012]
o First-order constraints
o |ILP inference

e Multi-view model combination [Burkett et al., 2010]

(ﬁl& 332)

joint prediction
7
\

= arg max
TR

/

independent
predictions

AT +

model weights

A2

5 —

™
> o

-

Ck (X, y*)

\

violation penalty constraints

(here: «)
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Constraint-driven inference

e Constrained Algorithm 1: Weight update algorithm
o  First-orqd Inmput: Models m = {m1,ma,...,my}
o ILPinferd Imput: Labeled Corpora {D1,Dz2,...,Dn}
.. Output: Model weights
e Multi-viewr . i1 = il
3 N 3 for (IITj,yj) € D; do — E
(J1, 92|+ | | Fomle)#vrsi Gy >0 | [pdCr(X,¥7™)
then el
5 ‘ ’\i<_)\i+77'i/\/j =1
6 end
7 train;
joint prediction 8 end ation penalty  constraints
9 end e: =)
4
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Extended SRL: Systems

7
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Clauses

*Comma SRL
*Coreference resolution
FrameNet

Light-verb constructions
Metonymy

Multi-word expressions
NER

*Nominal SRL
Phrasal-verb constructions
PP attachment

*Preposition SRL

Quantities

Sentiment analysis (aspect-based)
Sentence specificity

Temporal extraction

*Verb SRL

VP ellipsis

*Wikification

* denotes previously implemented system
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Detour: CogComp software

e | BJava [Rizzolo & Roth, 2010]
o Rapid development of ML software

° EDISON + TextAnnotation [Sammons et al., 2016]
o Data structures and feature extraction

\
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Detour: CogComp software

e | BJava [Rizzolo & Roth, 2010] NER system definition:

o Rapid development of ML software import edu.illinois.cs.cogcomp.esrl.core.features.*;
import edu.illinois.cs.cogcomp.core.datastructures.textannotation.Constituent;

discrete NERLabel(Constituent phrase) <- { return phrase.getLabel(); }

discrete NERClassifier(Constituent phrase) <-

PY + i learn NERLabel
EDISON TeXtAnnOtatlon [Sammons et al., 2016] using Capitalization, WordBigrams, POSBigrams, WordContextBigrams,

o Data structures and feature extraction POSContextBigrams, ChunkContextBigrams

with SparseNetworkLearner {
SparseAveragedPerceptron.Parameters p =
new SparseAveragedPerceptron.Parameters();
p.learningRate = .1;
p.thickness = 2;
baseLTU = new SparseAveragedPerceptron(p);

}

end


https://github.com/IllinoisCogComp/lbjava
https://github.com/IllinoisCogComp/lbjava
https://github.com/IllinoisCogComp/illinois-cogcomp-nlp
https://github.com/IllinoisCogComp/illinois-cogcomp-nlp
https://github.com/IllinoisCogComp/illinois-cogcomp-nlp
https://github.com/IllinoisCogComp/illinois-cogcomp-nlp

Detour: CogComp software

e | BJava [Rizzolo & Roth, 2010] NER system definition:

o Rapid development of ML software import edu.illinois.cs.cogcomp.esrl.core.features.*;
import edu.illinois.cs.cogcomp.core.datastructures.textannotation.Constituent;

discrete NERClassifier(Constituent phrase) <-

° + ' learn NERLabel _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ ___ _ _ _
EDIsON + TextAnnotation [Sammons et ?I" 2016] ™ Using Capitalization, WordBigrams, POSBigrams, WordContextBigrams, :
o  Data structures and feature extraction }/': POSContextBigrams, ChunkContextBigrams :

™ with SparseNetworkLearner {
SparseAveragedPerceptron.Parameters p = I
: new SparseAveragedPerceptron.Parameters(); !
Classifier definition |  p.leamingRate = .1; :
p.thickness = 2;
: baseLTU = new SparseAveragedPerceptron(p); :

e e
end
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Extended SRL: Constraints

e [LVC(phrase):itrue — “PVC(phrase)::true] A
[PVC(phrase)::true — phrase contains {IN|PRT|RB}]

o LVC accuracy: 81.2 — 82.2
o Same PVC accuracy (89.9)
o Candidate selection prevented constraint violation

7
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Extended SRL: Constraints

e [LVC(phrase):itrue — “PVC(phrase)::true] A
[PVC(phrase)::true — phrase contains {IN|PRT|RB}]

o LVC accuracy: 81.2 — 82.2
o Same PVC accuracy (89.9)
o Candidate selection prevented constraint violation

e Quantities(phrase):.:Date — Temporal(phrase)::Date

o Quantities overall F1: 78.7 — 78.9 (Date acc: 79.2 — 85.5)
o Tempoverall F1: 75.7 — 75.9
o Double implication doesn’t work

7
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Extended SRL: Constraints

e NER(phrase)::Cardinal — Quant(phrase)::Number

e NER(phrase).:Date — Temp(phrase)::Date

e NER(phrase)::Date — Temp(phrase)::Date A "Quant(phrase)::Number
e VerbSRL(arg)::ArgM-LOC — “PrepSRL(prep)::Instrument

e Metonymy(x)::true A NER(x)::y — 3z Vx’ Met(x’)::false A NER(x’)::z A z#y
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Extended SRL: Summary

e Combination of multiple phenomena
o No need for joint annotations

e Joint inference via first-order constraints
o  Offer linguistic insights

e Flexible interface
o  Only requirement is list of k-best predictions

7
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Extended SRL: Summary

\

COmbI ntinn ~nf multinlae "nbhoanoamaona
No f But can we do it with less (direct) supervision?

O

Joint in

(@)

Off

Flexibl

(@)

Onl

e Other languages

e “Better-than-gold” performance [e.g. Spitkovsky et al., 2011]

One solution: Look into human language acquisition
e Cognitive insights for ML models

e Testbed for cognitive theories

31



A (simple) model of language acquisition

“The qirl krads the boy”
“The boy krads”

krad = RUN ?7?
krad = CHASE ??

W\ |
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Baby SRL (Joint work with Cindy Fisher and Dan Roth)

e Syntactic bootstrapping

o Using the structure of the utterances to predict the semantic

e An account of how syntactic bootstrapping can begin
Connor et al. (2010)

Fisher et al. (2010)

Gutman et al. (2014)

van Schijndel & Elsner (2014)

O O O O

e Framed as an SRL problem
o Learn Agent/Patient roles for novel-verb utterances

7

\ A

33



Experiment 1. Supervised model

Given veridical feedback (“mind reading”), do low-level syntactic features

capture anything useful about semantic roles/verb preferences?

7
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Experiment 1. Supervised model

¥
3]
BabySRL corpus 2 Mary flowers
[Connor et al. 2008] i Arg0 Arg1l
™
!
= Arglgx.i. like = 0.753 Argl;x.'l. like = 0.012
. = o e 0, e e ook, Mary = ArgO
Online Percerptron 8 ey e 0811 e >
a=0.1, 6=4.0 u e 2l P ey AT flowers = Arg1
o ncount: 1= 0.742 ncount: 1= 0.742
T
@ lex: mary, like lex: flowers, like
T ncount: 2 ncount: 2
E npat: 10f2 npat: 20f2
L vpos: before vpos: after
T
N V A N
T
77 Mary likes yellow flowers
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Results on novel-verb sentences

A krads B

\

% Agent/Patient

1004

75+

50+

254

child

= adam

N

N

Structure-Mapping hypothesis
[Fisher, 1996]

lex

ncnt

nﬁat

vpos

cﬁwb

36



Results on novel-verb sentences

A krads B A and B krad
100 chid 100 chid
= sarah * sarah
= adam : » adam
75+ . 751

- -

c ] |

2 9

- e}

o ©

& a

2 50+ = 50-

] <

o o

> =)

< <

e X

25 >5] Predicted error in 21mo
' ! [Gertner & Fisher, 2006]
0 0- ———
lex nent n[:;at vplos cmb lex nent n|:;at vplos cmb

\
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Experiment 1. Supervised model

Given veridical feedback (“mind reading”), do low-level syntactic features

capture anything useful about semantic roles/verb preferences?

YES, but verb knowledge is crucial

\
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Experiment 2: Removing bottom-up supervision

Can we predict nouns/verbs using

distributional clusters and a few seed nouns?

7
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Experiment 2: Predicting nouns

\

HMM (80 states) + Variational Inference

O

@)

Trained on 2.2M tokens of CDS
List of function words to separate clusters

List of seed nouns
MacArthur-Bates CDI| production norms [Dale & Fenson, 1996]

@)

@)

75 nouns+pronouns (cutoff 50% at 21-mo)

Noun identification:
state x contains > k seed nouns

where k = 4 [or dynamic]

40
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Experiment 2: Predicting verbs

Step 1: Argument histograms

for each sentence:
count the number of nouns
collect histograms for each non-noun state

38: have, like, do, has, did, ought, remembers,...

47: little, other, new, good, big, next,... yellow, nice, merry,...

éé: baby, horsie, dog, bath,..., flowers, song, secret, cat,...
60: now, here, today, too, again, later, yesterday, first,... 0 1 2 3 0 1 2 3
61: it, you, me, her, nana, them,..., daddy, Mary, ... likes (HMM: 38) yellow (HMM: 47)

(97, B



Experiment 2: Predicting verbs

Step 2: Aggregate verb predictions
store histogram-based predictions

for each sentence:
pick the HMM state most freq. appearing as verb

38: have, like, do, has, did, ought, remembers,...

47: little, other, new, good, big, next,... yellow, nice, merry,...

éé: baby, horsie, dog, bath,..., flowers, song, secret, cat,...
60: now, here, today, too, again, later, yesterday, first,... 0 1 2 3 0 1 2 3
61: it, you, me, her, nana, them,..., daddy, Mary, ... likes (HMM: 38) yellow (HMM: 47)

(97, T



Results of verb/noun heuristics
Noun discovery is very accurate (84.3%)

100 -
([ J
e I o ~30 nouns needed
I VY SO
’ L - 1 " ' b = ]
o ik A A A P e Verb accuracy is 6.6% > guessing (75.5%)
" - . P i —— i %
- A & ry B - . .
p ," P P b ! o  Using only argument counting
(] 1 i
., 17, .
LI e Verb recall is low (~36%)
| A o Multiple-verb sentences
AT
s
i
]
[
A8
25 - 1
k]
[ ]
Metrics
Child
Noun Precision
¢« Adam
== 1 Noun F1
* Eve
== \erb Precision
= Sarah
0- Random Verb Precision
5 10 15 20 25 30 35 40 45 50 55 60 65 70 75
Number of seed nouns
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Experiment 2: SRL predictions

FEEDBACK

PREDICTION

FEATURES

Mary
Arg0

flowers
Argl

1

Arg0 Argl
lex:i, ke = 0.763 lexi, like = 0.012
lex:shop, go = 6181 lex:shop, go = 0.518
lex:sarah, like = 0.402 lex-sarah, like = 0.396
lex:mary. ike = 0.517 lex:mary. like = 0.520
vpos:before = 2,124 vposbefore = 2.124
wpos: after =-1.271 vpos: after = -1.271
npat 1of2 = 1.516 npat: 1cf2 = 1516

ncount: 1= 0742 ncount: 1= 0.742

Mary = Arg0
flowers = Arg1

T

lex: mary, like
ncount: 2
npat: 10f2
vpos: before

lex: flowers, like
ncount: 2

npat: 20f2
vpos: after

N \Y

A N

Mary likes

yellow flowers
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Experiment 2: SRL predictions

¥
Q
< Mary flowers
o
i Arg0 Arg1
* I
z Arg0 o Argl o
&) lex:i, like = 0.763 lex, like = D.012
I lex:shop, go = £.191 lex:shop, go = 0.518
5 S e e Mary = Arg0
5 e 3 w7
g:" ?52?' iS4 HSZI" Jof2 - 1516 ﬂowe rs = Arg .1
o necunt: 1= 0.742 neount: 1= 0742
T
@ lex: mary, like lex: flowers, like
3 ncount: 2 ncount: 2
E npat: 10f2 npat: 20f2
T vpos: before vpos: after
38: have, like, do, has, did, ought, remembers,...
47‘ little, other, new, good, big, next....,yellow, nice, merry,..
|59: baby, horsie, dog, bath,..., flowers, song, secret, cat, ... |
60: now, here, loday, 100, again, later, yesterday, first..... 0o 1 2 3 o 1 2 3
[61: it you, me, her, nana, them.,.... daddy. Mary, .. | likes (HMM: 38) yellow (HMM: 47)

Mary

likes yellow flowers
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Results on novel-verb sentences (transitive)

100-

754

% Arg0 - Argl

254

\

—— g T —

50+

T T T T T T T T T T T T T
10 15 20 25 30 35 40 45 50 55 60 65 70 75
Number of seed nouns

lex < npat < vpos
vpos-rand << vpos (~30%)
lex better than gold-PoS

Class. Features Child
Lexical =« Adam

== Noun Pattern + Eve

= \erb Position = Sarah

Random Verb Position



Experiment 3: Reducing top-down supervision

¥
Q
< Mary flowers
o
i Arg0 Arg1
* I
z Arg0 o Argl o
&) lex:i, like = 0.763 lex, like = D.012
I lex:shop, go = £.191 lex:shop, go = 0.518
5 S e e Mary = Arg0
5 e 3 w7
g:" ?52?' iS4 HSZI" Jof2 - 1516 ﬂowe rs = Arg .1
o necunt: 1= 0.742 neount: 1= 0742
T
@ lex: mary, like lex: flowers, like
3 ncount: 2 ncount: 2
E npat: 10f2 npat: 20f2
T vpos: before vpos: after
38: have, like, do, has, did, ought, remembers,...
47‘ little, other, new, good, big, next....,yellow, nice, merry,..
|59: baby, horsie, dog, bath,..., flowers, song, secret, cat, ... |
60: now, here, loday, 100, again, later, yesterday, first..... 0o 1 2 3 o 1 2 3
[61: it you, me, her, nana, them.,.... daddy. Mary, .. | likes (HMM: 38) yellow (HMM: 47)

Mary

likes yellow flowers
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Experiment 3: Reducing top-down supervision

¥
o .
< Mary = animate flowers = unknown
[a]
w
m Arg0
* I
= Arg0 Argi
lex, ke = 0.753 lexi, ke = 0.012
9 \z::sho; go=0.191 \z::sho:‘ go=0518
lex:saran, like = 0.402 lex:sarah, like = 0.306 —_
5 P e Mary = Arg0
6 vposibelcre =2.124 vposiberure =2124 —>
w o s 2 oo ahr = L2 flowers = Arg1
o necunt: 1= 0.742 neount: 1= 0742
T
@ lex: mary, like lex: flowers, like
3 ncount: 2 ncount: 2
E npat: 10f2 npat: 20f2
T vpos: before vpos: after
38: have, like, do, has, did, ought, remembers,...
47‘ little, other, new, good, big, next....,yellow, nice, merry,..
|59: baby, horsie, dog, bath,..., flowers, song, secret, cat, ... |
60: now, here, loday, 100, again, later, yesterday, first..... 0o 1 2 3 o 1 2 3
[61: it you, me, her, nana, them.,.... daddy. Mary, .. | likes (HMM: 38) yellow (HMM: 47)

Mary

likes yellow flowers
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Experiment 3: Reducing top-down supervision

\

Input: BabySRL learner L
Data: CDS corpus C, animate nouns N,, inanimate nouns N;
foreach sentence s € C do

// Mark animate nouns as agents
if Js; € N, then
SRL(s;) = Arg0;
// Mark all other nouns as patients
SRL(s;)=Argl Vs; € 5,7 # 1;
else
// Mark inanimates as patients
if Jds; € N; then
| SRL(s;) — Argl;
else
// Sentence has no animacy information
skip s;
end
end
// If there are multiple animates
if |[SRL(s;) = Arg0| > 1 then
// Let the learner decide
SRL(argmax, L(si = Arg0)) = Arg0;
// Mark all other nouns as agents
SRL(s;)=Argl Vs; € s, # 1;
end

ot

end

¥
Q .
< Mary = animate flowers = unknown
[m]
i Arg0
* I
= Arg0 Argl
= lex:i, like = 0.753 lex, like = 0.012
b lex:shop. go= 0191 lex:shop. go = 0.518
6 e e Mary = Arg0
3 o e
i i her = 17 s e = 127 flowers = Arg1
o ncount: 1= 0.742 neount: 1= 0.742
T
i lex: mary, like lex: flowers, like
T ncount: 2 ncount: 2
5 npat: 10f2 npat: 20f2
(T vpos: before vpos: after
38: have, like, do, has, did, ought, remembers,...
47 little, other, new, good, big, next,...,yellow, nice, merry,... . |
|59 baby, horsie, dog, bath,..., flowers, song, secrst, cat,... | -
60: now, here, today. (oo, again, laler, yeslerday, firsl.. .. o 1 2 3 o 1 2 3
[61:it, you, me, her, nana, them, ... daddy, Mary,. . |

likes (HMM: 38)

yellow (HMM: 47)

Mary

likes yellow flowers
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Results on novel-verb sentences (transitive)

% Arg0 - Argl

100 -
.
754 I
. . » 4 . t . . 1
i T
—
! S M T TS S mans
. 7 | i 1 i .
' i . .
i 1 & " = 1 :
50 - : " i
"\. / I .--E‘J--.--.’ S LT p—
a L] . -
' - * s _. ‘ ‘.-
2 = P — = -
I ! - . e o4
' i’ [ - & i £ : & i
gl - LT s L .
'fA 1 . . R
25 - *
¥ b 4 . -
i ik & . * - . ] -
' L i
& 48 i 4 i L 2 . 5 & 1 & e e
.
0= []
T T T T T T T T T T T T T T
) 10 15 20 25 30 35 40 45 50 55 60 65 70 75

Number of seed nouns

Class. Features
== Lexical

== Noun Pattern
== \ferb Position

=== Random Verb Position

Child
=« Adam
+ Eve

= Sarah




Results on novel-verb sentences (transitive)

100 -
lex < npat ~ vpos
o
vpos-rand < vpos (~4%)
754
(=)
2
<
o 50- .
o -
< 2
R ‘
ol W g Y e Tl T
P [ ]
,’. ] L] 1 []
25 l’ / _ ' _ : . : ; :
[/ fo i o Class. Features Child
Lexical « Adam
== Noun Pattern + Eve
= \erb Position = Sarah
0- Random Verb Position
5 10 15 20 25 30 35 40 45 50 55 60 65 70 75
y Number of seed nouns
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Baby SRL summary

e Modeling early language acquisition
o Testbed for psycholinguistic theories
o Replication of experimental results

e Structure-mapping for syntactic bootstrapping

o ldentifying verbs from noun structure
o Predicting semantic roles using low-level syntactic features

7
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Baby SRL summary

e Modeling early language acquisition
o Testbe incuint '

[P V.Y

o Replic§ Getting closer to E-SRL

o Structure- o pprases instead of words
o ldentif

o Predicﬂ e Generalised predicate-argument structures
e Direct access to semantics




Bridging the gap: Inducing CCG structures

(Joint work with Yonatan Bisk and Julia Hockenmaier)

Combinatory Categorial Grammar [Steedman, 2000]
CCGbank [Hockenmaier & Steedman, 2007]

This is not an  introduction to CCG
NP (S[dc\NP)/NP (S\NP}{(S\NP) NP[nb}/N N (NPANP)/NP N
(S[dcIINP)/NP NP[nb] NP
NPINP
NP[nb]
S[dcl\NP
7 S[del]
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Bridging the gap: Inducing CCG structures

(Joint work with Yonatan Bisk and Julia Hockenmaier)

7~ g

L) L/~

Combinatg
CCGbank

Can we induce a CCG from raw text?

Bisk & Hockenmaier (2013)

o Inducing CCG from raw text + PoS
Can we replace PoS with induced clusters?
o Bisk, Christodoulopoulos, & Hockenmaier, 2015

77
\

S[dcl]\NP

Sldcl]

NP[nb]

IIIIIII
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Unsupervised CCG induction

Labels

RO
R1

R2

(9]

Hertz

the, izs, thelr, his, these, aur,

(Humicans, Sir, Thak, Froddie,

Foberl, Mg, every, H, Jo

equipment is a major  supplier of rental  equipment
shares, sales, busin B, B, waR, Are, hAR, wens, , IS, Ll :“lr..- anles, business, I{I:;tl.ll‘;-&‘.‘n:.:'::. 'C_I.Je' I Rin =: shares, lll‘l;_?ll"ﬂﬂ:.

ompanies;, pricos;
e,

. Issuns. ¥
Vaders, TR, assals,

, lssus. 3
Taddars, Wi asials,

NN S8 SN SS NN NN NN NN NN
N/N
(S/S)(S/S) (NNNNN) (S/S\S/S) (NINY(N/N) (NWN)/(NWN) (N/NJCN/N) (NWNNAN) (NN)/(NWN) (N/ND\N/N)

(N\WN)/(N\N) (S\S)/(S\S) (N\N)VNAN)  (N/N)/N- (NAN)WN (N/ND/A(N/N)  (NANDA(NAN)
(SISY(SWN) (NINJ(NIN) (S\S)/N (S\SI(S\S) (NINJNN) (N\N)/N (NN)NN)

(N\N)\N

(SN)N  (S\S)\S  (N/N)\N/N) (N\N)/(N\N) (NN (N/N)/IN
(NN (N/N)/N (N/N)/N
(N/N\S (N\N)\N
(N/N)\(S\N)
(S\S)\(S\N)
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Unsupervised CCG induction

Final round

(S\S)I/N (S\S)/N arg2 (N\Ng/N (N\N)/N arg2
N/N arg1 S\N ar ar N/N ar ar N/N ar
| U Re] [ e
Hertz equnpment IS major supplier rental equipment

Cs Cao C21 015 Co C2o C? Co C2
N/N N S\N (S\SYN NN N (N\NYN NN N
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Unsupervised CCG induction: Experiments

Directed Attachments on Dependency Treebanks

- M This Work M Bisk & Hockenmaier 2013 (Gold POS)

60
40

20

Czech  English CHILDES Portuguese Dutch Basque Swedish Slovene Danish Arabic  Average
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Unsupervised CCG induction: Summary

e Structured syntactic categories
o Predicate-Argument structure directly from categories

e Transparent to semantics
o Inverse of Kwiatkowski et al. (2012)

7
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Overall Summary

e Extended SRL

o Modular semantic structures with joint inference
o Improved performance over independently-trained models
o Constraint-based theories of language processing [McDonald et al., 1994; Ferreira et al., 2002]

e Baby SRL

o ldentifying verbs using only a few seed nouns
o Low-level syntactic features can guide semantic learning
o Empirical evidence for structure-mapping account of syntactic bootstrapping

e Unsupervised CCG induction
o  Structured lexical-syntactic-semantic representation from raw text

7
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The road ahead

e Extended SRL

o  Mine for constraints
o Entailment via latent structure alignment [Sammons et al., 2009]

e Baby SRL

o Add internal structure (CCG)
o More predicates, constructions (pro-drop, filler gap)

e Unsupervised CCG induction

o Use weak semantic supervision
o Add constraints from E-SRL

7
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Source code:
https://qgitlab-beta.engr.illinois.edu/cogcomp/illinois-esrl
https://qgitlab-beta.engr.illinois.edu/babysrl-group/babysrl
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