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Yinh et al. Semantic Parsing via Staged
Query Graph Generation: Question
Answering with Knowledge Bas, In
Proceedings of ACL 2015 (Outstanding
Paper)

Zeng et al. Relation Classification via
Convolutional Deep Neural Network, in
Proceedings of COLING 2014 (Best Paper)

Zeng et al, Distant Supervision for Relation
Extraction via Piecewise Convolutional
Neural Networks, in Proceedings of EMNLP
2015

Xu et al. Classifying Relations via Long
Short Term Memory Networks along
Shortest Dependency Paths, In
Proceedings of EMNLP 2015



Staged Query Graph Generation
(Yinh et al. ACL 2015)
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Who first voiced Meg on Family Guy? &

V

argmin(Ax.Actor(x,Family _Guy)
AVoice(x,Meg _Griffin), Ax.casttime(x))
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Query Graph

Who first voiced Meg on Family Guy?

Constraints & Aggregations

argmin e(,(Meg G riff@
7, A

s st

Ay

topic entity GamilyGuE} cast @actor—b@

core inferential chain

This example comes from Yinh’s Slides in 2015



Linking lopic Entity
Who first voiced Meg on Family Guy?

.................... Entity Linking

S]
e % (Famlly G“D Step1: Lexicon-based candidate Generation
¢ --------------------- ( anchor texts, redirect pages and others)

: .Sg
---------- % : (Meg GrifﬁD ; Step2: Selecting entities by using

Structured Learning (Top 10)

This example comes from Yinh’s Slides in 2015



|[dentify Core Inferential Chain

Who first voiced Meg on Family Guy”’

......................................................................... 2 steps if y is a CVI-node

. - 1stepify i _CVT-nod
Gamlly GUD I:{> Gamlly Gu}wrlter)@fstart*@ step ITy Is a non C node

Who first voiced Meg on Family Guy?

{cast—actor, writer—start, genre}

This example comes from Yinh’s Slides in 2015



300

1 300 ||

max maXx

[ 1000 [|[[] 1000 |

15K || 15k || 15K
<s> W4 W,

Using CNN

maXx
1000
15K || 15K |
wr </s>

word hash: “cat” —> “#ca”,’cat’, “at#”

“‘cat” —>[0....1..1....

1...0]

p(r 1q)=

/ \

Cast-Actor

exp(cos(e, ,eq))

Zexp(cos(er,eq))

/ \

Who first voiced Meg on Family Guy?



Argument Constraints

Who first voiced Meg on Family Guy”’

Famil Gu}cast@actor@ _ _
C Y Using rules to add constraints on

: ........................................................... : the core |nferent|a| Chaln

‘e(yg\/leg Grlffl :
\vara< : If X is a entity, it can be added as

;Ga mily Gu}cast}%actor—b@ entity node

; If X is such keywords, like “first”,
E @ £ ewg\/leg Grlffl 5 “latest”, it could be added as

. f0/77 (30" : . .

; 5 aggregation constraints.

;Ga mily GuD—cast actor—b@ :

This example comes from Yinh’s Slides in 2015



Ranking

Who first voiced Meg on Family Guy?




Ranking

Log Linear Model
Main Features:

* Jopic Entity: Entity Linking
Score

 Core Inferential Chain:
Relation Matching Score
(NN-based model)

e Constraints: Keyword and
entity matching

S :
E e"@eg GriffiD E
frO'?? \(\’A‘aé
: Ga mily GuD—cas:—P@ actor b@ :

(1) EntityLinkingScore(FamilyGuy, “Family Guy”) = 0.9

(2) PatChain(“who first voiced meg on <e>”, cast-actor) = 0.7
(3) QuesEP(g, “family guy cast-actor”) = 0.6

(4) ClueWeb(“who first voiced meg on <e>", cast-actor) = 0.2
(5) ConstraintEntityWord(“Meg Griffin”, g) = 0.5

(6) ConstraintEntitylnQ(“Meg Griffin”, g) = 1

(7) AggregationKeyword(argmin, g) = 1

(8) NumNodes(s) = 5

(9) NumAns(s) =1



Results

 Bechmark: WebQuestions
5,810 Q-A Pairs from google query log

 Download: http://nlp.stanford.edu/software/sempre/

Avg. F1 (Accuracy) on WebQuestions Test Set
60
[VALUE]

443 453
L. %92 399 413
35.7 '
33 I

BYao-14 ®Berant-13 Bao-14 Bordes-14b ®Berant-14 ®Yang-14 ®Yao-15 ®Wang-14 ®Yih-15
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Key: Relation Classification

Who first voiced Meg on Family Guy?

{cast—actor, writer—start, genre}

Feature Labeled
Representation Training Data




Traditional Feature Representation
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Relation |dentitication based on Deep Convolutional
Neural Network (Zeng et al COLING 2014)

The of the is made of yew wood.

Component-Whole(el,e2)

[People] have been moving back

Lexical Level Features: into [downiown)
BRI ERNENER v
Word 000 0 0 0
Representation | § H - : -l S
o 0 0 o O O O
v
Sentence Level Features: Feswre [ locallovel | setenc e
mIEAEeFILE I XER Extraction features = features
(00000000000000)
y Wil

Output (000000000




| exical Level Features

Features | Remark

L1 Noun |
[.2 Noun 2

[.3 Left and right tokens of noun |1

L4 Left and right tokens of noun 2
LS WordNet hypernyms of nouns

The|[haft]. he [axe],, is made of yew wood.

[0.5,0.2, -0.1,0.4] [0.1 10.3, -.01,0.4] [0.1 -0.3, 0.1,0.4]
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Sentence Level

[People] have been moving back
into [downtown]

Word [ f:\v f:\ 'f:\' f:\\
Representation | ¢ .J 0 0
\./ \. \./ \’//

~
Feature

lexical level § sentence level
Extraction ||  features features )
(00000000000000)
y Wl
Output (000000000

Features

Window
Processing

Max pooling

Sentence level

Features
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Sentence Level Features
\
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. : . rocessing 99099
S: [People] havejbeen|moving backlinto [downtown] . - : : : ! : : oF
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Classification Layer

[People] have been moving back
| into [downtown]
f=1l g '_ it |
Word 'l /’ ? /. ® /. /. ,/.*-.,\
Representaton | § § & & & :| 2
SVAVAVAVAVAVRYV)
Softmax ,_ .‘*
Feature | lexicallevel = sentence level
Extraction || features = features
0=W.f y
3 (00000000000000)
y W
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e SemEval-2010 Task 8

| Classifier | Feature Sets | Fl |
SVM POS, stemming, syntactic patterns 60.1
SVM word pair, words in between 72.5
SVM POS, stemming, syntactic patterns, WordNet 74.8
MaxEnt POS, morphological, noun compound, thesauri, Google n-grams, WordNet 71.6
SVM POS, prefixes, morphological, WordNet, dependency parse, Levin classed, ProBank, | 82.2
FrameNet, NomLex-Plus, Google n-gram, paraphrases, TextRunner
RNN - 74.8
POS, NER, WordNet, syntactic tree 71.6
MVRNN | - 79.1
POS, NER, WordNet, syntactic tree 82.4
Proposed | word pair, WordNet 82.7
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Long Shortest Memory Network Along Shortest
Syntactic Path (Xu et al. EMNLP 2015)

“A trillion gallons of water have been poured into an empty region of outer space

poured
gallons have been Into

\ \

trillion of [region]

\

A [water] e an empty of

space

outer



Results

Classifier | Feature set F
POS, WordNet, prefixes and other morphological features,
SVM depdency parse, Levin classes, PropBank, FanmeNet, 82.2
NomlLex-Plus, Google n-gram, paraphrases, TextRunner
RNN Word embeddings 74.8
Word embeddings, POS, NER, WordNet 77.6
Word embeddings 79.1
MVRRN Word embeddings, POS, NER, WordNet 82.4
CNN Word embeddings 69.7
Word embeddings, word position embeddings, WordNet 82.7
Chain CNN | Word embeddings, POS, NER, WordNet 82.7
FCM Word embeddings 80.6
Word embeddings, depedency parsing, NER 83.0
Word embeddings 82.87
CR-CNN

Word embeddings, position embeddings

—

WA wiwEw

82.7

SDP-LSTM

Word embeddings

Word embeddings, POS embeddings, WordNet embeddings,

grammar relation embeddings

83.7
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FNnd2End based QA
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Progress

Bordes et al. Open Question Answering with Weakly Supervised
Embedding Models, In Proceedings of ECML-PKDD 14

« Basic System

Bordes et al. Question Answering with Subgraph Embedding, In
Proceedings of EMNLP 14

 (Contextual Information of Answers

Yang et al. Joint Relational Embeddings for Knowledge-Based
Question Answering, In Proceedings of EMNLP 2014

e Entity Type
Dong et al. Question Answering over Freebase with Multi-Column
Convolutional Neural Network, In Proceedings of ACL 2015

e TJopic Entity. Relation Path, Contextual Information

Bordes et al. Large-scale Simple Question Answering with Memory
Network, In Proceedings of ICIR 2015

 Memory Network



Basic End2End QA System
(Bordes et al. 2014)
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Basic End2End QA System
(Bordes et al. 2014)

AR EENE

=4

SHY
mEY

matching

flg)= D Ew,) [] I{Z [] —

g(q)=>Y E(e,)

Object: L=0.1-5(f(q).9(t))+S(f(q).9(t"))
S(f(q).9(t))=f(q) g(t)
S(f(a).9(t))=f(q) Mg(t)

Multitask learning with paraphrases:

S (f(@).f(a,)= (@) f(q,)




Results

Method F1 Prec Recall MAP
Paralex (No. 2-arg) 0.40 0.86 0.26 | 0.12
Paralex 054 0. 77 042 | 0.22
Embeddings 0.68 0.68 0.68 | 0.37
Embeddings (no paraphrase)|0.60 0.60 0.60 | 0.34
Embeddings (incl. n-grams) |0.68 0.68 0.68 | 0.39
Embeddings+fine-tuning 0.73 0.73 0.73 | 0.42

Precision

09s £ |#

09 |

085

08 |

0.75 |

Ll

0.65

0.1

02

03

Recall

06

0.7




Considering More Info (Bordes et al. 2014)

el

e Entity Information El(e,)

« Path to entities in question
gla)= 2, Ele)+ >, E(r)

e, €Path(t,) r€Path(t,)

entity in q

e Subgraph of the answers (contextual Info)
gla)= 2, El)+ 2 E@)

e, Context(t,) reContext(t,)

Score 5{q.a) e ::: mm’"' J
)|
embeddng of the | [ fi\ S | fbciceof the

D
Z Z max{0,m — S(¢:,a;) + S(gi,a)}

-~ L=enesl
I | embedding matrix W | 20t product | | embedding matrixw | I
2= S - - - ' =1 aeA(a)
ncoding o
the question oY) | 1L ;A\' I e 10 S B oy ey el
[—] _ T
(‘ = G S(q,a)=f(q) g(a)
| Question ¢ O KPresion m' ) I
“Who did Clooney marry in 198777 i- ,_7,_“,‘__\'
7 Subgraph of a cancidate
- —— | answer @ (here K. Preston) | »l';*_')l
- Hcm:tv in the question - .




Results

Method

P@il
(%)

Baselines

Our approach

Subgraph & A(g) = 40.4| 39.2 | 43.2
Ensemble with (Berant & Liang, 14) 41.8 | 45.7
Variants

Without multiple predictions 40.4| 31.3 | 34.2
Subgraph & A(q) = All 2-hops 38.0| 37.1 |414
Subgraph & A(q) = 34.0| 32.6 | 35.1
Path & A(q) = 36.2| 353 | 38.5
Single Entity & A(q) = 25.8| 16.0 | 17.8




Multi-Column CNN (Dong et al. 2015)

HIEID SRR, SERERNEHERIER

Ranker ——= Answer

I

N.\Ofching Score Answer Type
(oooo)/cégoo ©000 (©000 ©000 Answer Context
Iype Relation Context Type Relation Context
el e | Answer Path

Multi-column
Convolutional Neural Networks
I e

Candidate Answers

Question ~ Freebase

S (q, a) - entity in q
fi (q)"g1(a) + f2(q) &2 (a) +f3(q) " &3 (a)
—— e \—— e \a— p—

answer path answer context answer type e3




Framework
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1
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Score Layer
Dot Product
0000
5060 (e]e]e]e)
Max-Pooling Layer ns = QOO0
_ Nultiple (;;o\\lﬂ —=

Shared Word

Representations
<>

did

Avatar release

in

when did Avatar release in UK

L4 .
Y @ film.film _regional_release *

'’ _date.release_date

h filmAfilm. _p| mogdp17z
Avatar y _.release_date_s
) !

type.object.type

"
.'
-

m.Obth54
. film.film_regional_release s
‘. date.film_rele ion
nmmau@ R
/ film.filmrelgase | United Kingdom >
_date_s “*~{.  m.07ssc
JamesCameron | T N eI LLL.ee”
m.03 T
type.object.type
type.object.type film.film_regional_release

_date.film_release_region

<
United States

of America value_type

m.09¢7w0

i film.film_regional_release _date.release_date

2009-12-18



Results

Method F1 P@]
(Berant et al., 2013) 314 -
(Berant and Liang, 2014) 399 -
(Bao et al., 2014) 37.5 -
(Yao and Van Durme, 2014) 33.0 -
(Bordes et al., 2014a) 39.2 404
(Bordes et al., 2014b) 29.7 31.3

MCCNN (our) 40.8 45.1




Neural Attention-based Neural Model for QA
with Combining Global Knowledge Information

(Zhang et al. 2016)
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Neural Attention-based Neural Model for QA
with Combining Global Knowledge Information

(Zhang et al. 2016)

g: Who is the president of France?

———

/ \_‘\

— Tooi ity —» F .
. . . yeneration
Attention-base Neural Network \é\\
\ -
S —— |
/ |\ ' '
\ answer entity: /m/05qtj
Y answer relation: capital R Paris

|

|

_ answer type: /location/citytown ' |
\ : answer context: /m/0276)x2, /m/ u French :
o Na 0jd4j, /m/0f3vz, | ,

| Semi-presidential system |

| .

Stg.ay)  S(gay .. e Lo e e e

Ra“k”& | Freebase |

A



Neural Attention-based Neural Model for QA
with Combining Global Knowledge Information

(Zhang et al. 2016)

oooooooooooooooooooooooooooooooooooooooooooooooooooooooooooo

: Attention Model q: e — exp(wij)
: - : ij L,
@A EENa :.«aué Z Cxp(wik)
R : k=1

w;; = W1 (tanh[h;;e;]) + b

, T oo S ror 0 = Sga)
he” kg ki Ry s kg L,
«— €« €« €« < g =Y ijh;
P P : P P : =1
> > > > >

A A A A A A (.

Word Embedding Matrix E,, KB Embedding Matrix E
A A A A A A | N N N
X X2 X3 Xy Xs X a. a, a; a.



Neural Attention-based Neural Model for QA
with Combining Global Knowledge Information

(Zhang et al. 2016)

° Eﬂ)\é/?]'f%/%\

» FHTransEFZIknowledge embedding

* Multi-task Learning

/' Lgaa =[v+5(g a') — S(q,a)]+

\ Li= Z Z vk +d(s+p,0) —d(s' +p,0")]., TranskE
(s,p,0)€S (8',p,0')ES’



Experimental Results

:Iet:()d tal. 2014b 21317 — Fi
ordes et al., ,
Bordes et al., 2014a  39.2 LSTM 38.2
Bi_LSTM 389
Yang et al., 2014 41.3 :
Dong et al., 2015 40.8 Bi LSTM + ATT 41.6
5= o ' Bi_LSTM + GKI 40.4

Bordes et al., 2015 42.2

Bi.LSTM + ATT+GKI 42.6
ours 42.6

where IS the carpathian mountain  range located

. . entity: Slovakia
answer type O type: /location/country

answer relation relation: partially/containedby

answer context B context: /m/04dq9kf, /m/01mp...

answer entity
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Comparison on WebQuestion

53.3

52.5

F1

[
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=]
3 A
D
41.3 2 3
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35 : % z o) 4] o = = >
c — ) o = + o
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Yao Fader Berant Bao Bordes Bordes Berant Yang Yao Dong Yao+Yang Yih Bordes Zhang Xu
2014a 2014 2013 2014 2014a 2014b 2014 2014 2014b 2015 2015 2015 2015 2016 2016

BB Traditional Methods B End-End DL-based Systems [l Traditional Methods Promoted by DL






AFFHITN

| 2RSS

VEIR S # U | # MK H1H 50 R AT [a)
ATIS 8297 3211 ATIS SE S 1994
Geo880 880 GeoBase EHDE 2001
QALD-I 50 50 DBpedia FHEA & EE 2011
QALD-2 100 99 DBpedia & YAGO | 5P & EE 2012
QALD-3 100 99 DBpedia & YAGO | ZHIE L& HF%E | 2013
Free917 641 276 Freebase LE 2013
WebQuestion 3782 2037 Frecbase 5% 2013
WikiAnswers 2.4M 698 Reverb S 2013
QALD-4 100 50 DBpedia & YAGO | ZH L & % 2014
QALD-5 170 59 DBpedia & YAGO | ZHIEL & HF%E | 2015
SimpleQuestions | 86755 21687 | Freebase & Reverb F 3 2015
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