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Backgrounds

' * Question Answering (QA) systems answer natural language

guestions.

IBM Watson Google Now Apple Siri  Amazon Alexa  Microsof Cortana

T 13

Settings

“Siri did you watch Game of

Thrones” Hey Cortana

Ay o )
N | ’ tap to edit
I'm not sure, but I'm
hoping for a Nymeria
spin-off.

® On

» < @ > |

> 'h —— . |l e =3

9 524,000 I% W 577,147 )" 2 21,600 |

LEAVE IN 20 MINUTES
43 min - Driving - US101 S i ! Find flights and more
! Detect tracking info, such as fli
on my device.

® On

Taskbar tidbits
Let Cortana pipe up from time to time with

kw.fudan.edu.cn/qga



Why QA
" QA application:

* One of the most natural human-computer @ @
Interaction

« Key components of Chatbot, which attracts .
wide research interests from industries

* QA for Al: [09 | 7]

* One of most important tasks to evaluate the 0
machine intelligence: Turing test Q

 Important testbed of many Al techniques,
such as machine learning, natural C

language processing, machine cognition Turing test

kw.fudan.edu.cn/qga



Why KBQA?

' More and More Knowledge bases are created

* Google Knowledge graph, Yago, WordNet, FreeBase, Probase, NELL, CYC, DBPedia

* Large scale and high quality

frve Knowledoe Q\\ Ifram
®: T e
Q=
Bo panie | GeoNames )
& . "r""*“o%b . e
A 5‘{ . . ReadTheWeb
SUMQ oo i LS « PublMed
VOGO ¢ : 7 iy A
s R-3 m m y BabelNet
. d. .'m’t- r v 4
TextRunner/ ' I\TA
Reverd ConceptNet 5 s

The boost of knowledge bases

L 1992 4 b
( — ]category >

name
category g
=
category S
erson
date P

A piece of knowledge base, which consist of
triples such as (d, population, 390k)

kw.fudan.edu.cn/qga
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Mention2Entity Property mentions
Entity Types Type Properties Domain-ranges for
Taxonomy Question Types Properties

Entity
[ Q Linking
TRRG a2 4 —
\ Deep QA MR B
PR ( CN-DBpedia )
IRQA
Matching based B B ER
QA S
Template based (XA, [EIES)
QA
Table QA :
A o
[ Commonsense IREEEE
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'° Entity Linking
« SLIIRA. JBE. SEEEIFNAE
* ERARGR
« EFEZFHNFEREE. LLRFE LA
« REFIRRAIVIEF I
« BB FAEMEMEBRM)IZREE, ANRFESRIIEF
* JTTEIRE
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'° Matching based QA * Template based QA

« BT RES SN 0B TR UL AC
« FRIREIRKOE
* o9 N AXRZREEH

* Deep QA
« ETREF K0 ALEE A EF
A3 F B AAIR

- RARE IR
* eqg. tESEIEER

* IRQA
- BIEEER FiE IR AR
IR R RN E =
- FERE B R T A THEMIRE
o TRRENIR EEbR A [

c eg. EREEEZ D

» E-Ftaxonomy. [AIFIBERIXSYIZRERL

W28 XAE 1R
AR A R TR,

JC =
o & AT X FHESLEAY o) &
o BEg. ZEHP2OEZAR 7
* Table/list QA

o HEFtable. listE&EHzc (o)
« Eg, EEHEWLR A+ 7

* Commonsense QA
« [E&EFIR[0)E K[ M

© BEg, REAMAZEEHN 7

Z0 8K
I 35
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Short text

XS QAR SLARGERE

Online

. ERFRAT | i
o 13 H BT A B9mention : |

« EHERM . T HTRE | :

o i F ST Ve 0 B FE ) R AN : <

o FHE B SRR B S A Y 5 5 EKEMMM%WMN:

Segment Resolution

Mention Detection

Local Disambiguation

Text Segmentation
S —

Entity Recognition

* SLIRIR 7
* T EEBEERE A BUEATIE X AR o7
* RIEBRAEERIE XS B TEEIR 5!
» TIRSRIESE
RN EEEGsSE 0 botee— -
« LEXR & LERTE l Linked Entities]

y

N
J

Subject Entity
Selection




Running example

* Input: text sequence: X B HRIEE AN

* Segment Resolution
* Detect all possible mention: “XIZ&". “X|&B", “FiE"

* Candidate entity generation: X|& 1. XHE2p « XBEHK g, B
* Local disambiguation: @(X)Z& X)#&E1w)=04. o(X)H&F XE2E)=0.3"

* Entity Recognition @(m,e) = ¢-sim(m,e) + (1 ¢) - sim,(m, e) — Topic coherence: sim(m, )
y g \ Textual similarity: sim,(m, )

 Text segmentation: 3('z’:—.|5’&13i|¢,\/41‘¥\>
* Entity recognition: X|Z&. & W=argmax0(W>=log(P(W>)=ZP(wi)

* Global linking: rel(X)# X|#&1)=0.01. rel(X)& X#&H2e)=02 — .
« OQutput: mention and entity {(XZ, X|Z&2z), (FEIE, TEIE ;)




* Entity linking for QA %5

A 90%,

* F1:.92.0% +

B)lin %Aﬁili

i)« R ERETE TR AT FE A A2 [0 £ AU

AFF, hEREH
LEL Y SEIRN

EPEERE OIS, B0 ER IR

BB &K 94.3% +

SRR, BRI BRI TEI R E =D ERZINE, iV
B, 20145, BXME=IHTESAR, RIREEHBET PRFRSSNLm alFkEx
RERERL, ARESEHETRREFWL. ASERSEHT, BIRMOLAINE

IMEYSENESE, MEXRHANTDLSIFS, WHEEEERILZOFIZIERR
1, WREEANAL, B3, KA. O ANSSMIRARERRFR. FHRRE
iEER L, ERTRARIE, BEERN-—5E, REREIHE 5 KIAR
BEMENAE.  FRTHUAEEESADETERMITEIARES, REHN
—FRPENGHAS, FPXRRNEAR. FE-THLAES, BRI
BHER, (TERREEBENRR. MRS EENRRNERR, BE—F—

BIENRAA=TFRESNE, HHERRSSHRAR, [F=IRsmEREER
HOBES, BAREZRTIIBHEERIREEPOEE  (TEESSS

e

i (PEIZFNEZE)

i IR, 198252826 BHETHIAL
ERINT , REZFHEESS.
2008t REIEST FERITEN
£, 011 EEMHEAFE. 2014 ¢

| EERAATRBAFRLFEISE

F  TNE(KRETTFEITS
=z,

| EZEE
| UEENSTREIES , 199755

=B CRiTEF. B35
¥)

=B (196378258 - ) 7S

| R HETIESENG, &

WFasERaFER , EEFEX
, HREESEEE. =

B ESEE.

EF=

M {FA—

T /
FTERAO 2= ADIB SRR =R 2R — A

W ( PELTMNIRER ) ¢
W CORTRF. BIIXHT)

AN EBAD.

N
==HyARN

A,

\—_ J\\ %11’
%F. 27

Table 4: Results of entity recognition task

Methods Prec. | Reca. | F1
Stanford NER [28] 58.7 | 39.5 | 47.2
Baidu Entity Annotation [2] | 65.5 | 78.2 | 71.3
Our Method 91.0 | 894 | 90.2

B 33 FEntity Linking B9 AR



Deep QA

 H¥R :
« BIiAm. B=TtHIMREESEEMN )M

Deep

Predicate Pattern

Matching Matching
ARG LR R AT B M Z BHY Few-Shot Learning RN A BERR D 0%
TEE#E, BEEBRANEIRAZRE MEM B LEnE, fEAIEEEEEM
MEszRiEE, ZHBUNZRRI AN
\EE‘D N\ \E" F S ZEED 0 — Input:
R AHEIIBEO L) LRI A
Bl ouipt:

5=

0.6161 YL88 (PEBIKINSTRE. FERBATEERK) L PHLE

1.2954 [IEEEEHR BIIGA B=  Reason: ~UiET2iE->CIBA



TRARR

BHpAFaEAEE R R EHE MNRESRIERF

E#‘T\ .
s ETEZHNEE FERIEFEFMAES
e FEARIBEIT. EEEFEE (oM

\I

c NEE

EREEN

s
N

If Q.contain(‘BHRLE") and
Q.entity.exists() and
Q.entity.has_web_tables()

Then
web_tables = Q.entity.web_tables()
answer = GetMaxSimilarity(Q, web_tables)
return answer
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1: F#
* NLPCC-2016 KBQA, Testset, 0
1000 Q A_ airs E 1§§51 %%%%E%E%Bjti
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Our approach
'- Representation: concept based templates.

. Questiq[ns are asking about entities. The semantic of the question is reflected by its corresponding
concept.

« Advantage: Interpretable, user-controllable

« Learn templates from QA corpus, instead of manfully construction.
« 27 million templates, 2782 intents
» Understand diverse questions

How many people are there in $City? B

~ Conceptualization

By Probase
How many people are there in Shanghai? How many people are there in Beijing? -
Learn from
QA Corpora and KB
_ Population Population
Shanghai » 242073 Beijing * 21725 -

kw.fudan.edu.cn/qa



System Architecture

' * Offline procedure @

* Learn the mapping from templates to i ponine
predicates: P (p|t), Question

* Input: ga corpora, large scale taxonomy, KB |g| COmp.eXQuiﬁonpa,smg

+ Output: P(P|T) g o s

By R (Template Reptsnory: PPM)p======eeee-
» Online procedure e R

* Parsing, predicate inference and answer - B S
otrieval

* |Input: binary factoid questions (BFQs)

* Qutput: answers in KG



Problem Model s

'° Given a question g, our goal Is to find an answer v with maximal

probability (v i1s a simple value)

AL

®

o

G‘
W
o
an)
A?-

arg max P(V = v|Q = q)

[

arg max Z P(vl|q,e,t,p)
© e,t,p ;

e: entity; t: template; p: predicate

* Basic idea . We proposed a generative model to explain how a value is
found for a given question,

* Rationality of probabilistic inference
* uncertainty (e.g. some questions’ intents are vague)
* Incompleteness (e.qg. the knowledge base is almost always incomplete),
* noisy (e.g. answers in the QA corpus could be wrong)
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question2answer: a generative m ﬁ
I 3%

ot
~
oy

Process 2555
* Aga pair

* Q: How many people live in Honolulu?
« A: It's 390K.

aberiew

category

kw.fudan.edu.cn/qa



question2answer: entity linking

oo er ey e =
@

How many people live in Honolulu?/

aberiew

category

kw.fudan.edu.cn/ga



question2answer:

conceptualization

How many people live in Honolulu?

How many people live in $city?

aberiew

category

kw.fudan.edu.cn/ga




question2answer: predicate
inference

How many people live in Honolulu?

How many people live in $city? » population

aberiew

category

kw.fudan.edu.cn/ga




question2answer: value lookup

Zn 8k
I 35

How many people live in Honolulu? '

How many people live in $city? » population

aberiew

category

kw.fudan.edu.cn/ga
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Probabilistic graph model

802

‘ > 390K
A
How many people live in Honolulu? '
How many people live in $city? » population
P(q.e.t,p,v) = P(q)P(e|q)P(tle,q)P(p[t)p(vle, p) (&) —(V)

arg;maxz P(v|q,e,t,p) Cq>< © ()

e.t EV,
t,p Q |EV]

kw.fudan.edu.cn/qga




Probability Computation

' e Source

* QA corpora (42M Yahoo! Answers)
« Knowledge base such as Freebase
* Probase(a large scale taxonomy)

* Directly estimated from data

 Entity distribution P (e|q)
* Template distribution P(t|g,e)
* Value (answer) distribution P(v|e,p)

Question Answer

When was Barack Obama born? The politician was born in 1961.
When was Barack Obama born? He was born in 1961.
How many people are there in Honolulu? It’s 390K.

Yahoo! Answers QA pairs

kw.fudan.edu.cn/qa
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P(P|T) estimation

* We treat P(P|T) as parameters, and learn the parameter using
maximum likelihood estimator, maximizing the likelihood of
observing QA corpora

* An EM algorithm is used for parameter estimation

§ = arg max L(6)

L(#) =) log P(z;) = Y log P(qi,e;,v;) @/
1=1 1=1
N

=> log[ > P(qi)P(eilqi)P(tlei, qi)0pi P (vilei, p)] 0 Q

i=1 pEPtET
|EV]

Q|

kw.fudan.edu.cn/qga



Answering complex questions
'- When was Barack Obama’s wife born?

* (Who is) Barack Obama’s wife?
« When was Michelle Obama born?

* How to decompose the question into a series of binary questions?

arg max P(A)
A€A(q)

« A binary question sequence is meaningful, only if each of the binary
question is meaningful.

P(A) = ]] P

geA

* A dynamic programming (DP) algorithm is employed to find the
optimal decomposition.

kw.fudan.edu.cn/qga



Experiments

'_ KBOA Bootstrapping

Corpus 41M QA pairs 256M sentences
Templates 27,126,355 471,920
Predicates 2182 283

Templates per predicate 9751 4639

KBQA finds significantly more templates and predicates than its competitors despite that the corpus
size of bootstrapping is larger.
marriage — person — name

Who is $person marry to?

Who is $person’s husband?

What is $person’s wife’s name?

Who is the husband of $person?

Who is marry to $person?

Concept based templates are meaningful



Experiments

l #pro| #ri | #par| R R™ P P”

Xser 2 1267 |05 0.66 0.62] 0.79
APEQ 26 | 8 |5 | 016 0.26 0.31] 0.50
QAnswer 37 |9 | 4 | 0.8 0.26 0.24] 0.35
SemGraphQA | 31 | 7 | 3 | 0.14 0.20 0.23] 0.32
YodaQA 33 |8 |2 | 016 0.20 0.24] 0.30
R Rero | R° Ry
KBQA+KBA [ 7 |5 | 1 | 0.0 042 | 0.12 0.50 | 0.71] 0.86
KBQA+Freebase| 6 | 5 | I | 0.10 042 | 0.12 050 | 0.83] 1.00
KBQA+DBpedia] 8 | 8 | 0 | 0.16 067 | 0.16 0.67 | 1.00| 1.00

Results over QALD-5. The results verify the effectiveness of KBQA over BFQs.



Experiments

' Hybrid systems

First KBQA

- If KBQA gives no reply, then baseline systems.

Results of hybrid systems on QALD-3 over DBpedia. The results verify the
effectiveness of KBQA for a dataset that the BFQ is not a majority.

System IR | R* |P | P*

SWIP 0.15 0.17 0.71 0.81
KBQA+SWIP 0.33(4+0.18) [ 0.35(+0.18) [ 0.87(+0.16) [ 0.92(+0.11)
CASIA 0.29 0.37 0.56 0.71
KBQA+CASIA 0.38(+0.09) [ 0.44(+0.07) [ 0.66(+0.10) [ 0.76(+0.05)
RTV 0.3 0.34 0.34 0.62
KBQA+RTV 0.39(+0.09) [ 0.42(+0.08) [ 0.66(+0.32) [ 0.71(+0.09)
gAnswer 0.32 0.43 0.42 0.57
KBQA+gAnswer |0.39(+0.07) | - - -

Intui2 0.28 0.32 0.28 0.32
KBQA+Intui2 0.39(+0.11) [ 0.41(4+0.09) [ 0.39(+0.11) [ 0.41(+0.09)
Scalewelis 0.32 0.33 0.46 0.47
KBQA+Scalewelis | 0.44(+0.12) | 0.45(+0.12) | 0.60(+0.14) | 0.62(+0.15)
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Conclusion 32
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