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Backgrounds

'- Question Answering (QA) systems answer questions posed by

humans in a natural language.

{r/
i Aol Ire——— IBM Watson
S 577,147 0 2 521,600 |

Watson prevailed over the human
competitors and received the first place prize
of $1 million in 2011.




Significance of QA

« Lower the bar of human-computer interaction
* New entrance for knowledge of internet

* QA provides:
« Application of different semantic understanding models’ integration

» Real needs of different models’ association analysis, data sharing,
parameter transfer.

* Technical vision of different NLP models’ breakthrough
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A toy knowledge base

'- Structured & linked data

« Each edge represents a knowledge
e (d, population, 390k)

)

category

aberuew
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How KB-based QA works?

« Convert natural language questions to structured gueries over
knowledge bases.

. SPARQL
How many people live in Honolulu? Q

__hame name Select ?number
Where {

pob - populatiot
g '- Res:Honolulu

category .
dbo:population ?num

}
SQL

Select value

. . From KB
» Key: predicate inference Where subject='d’ and

predicate=‘population’
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Why knowledge base?
* Linked data — knowledge representation

 Plain text: similarity between question and sentence.
« KB: relational data provide semantics for question understanding

 Data quality — QA precision
 Plain text: errors or contradictions in different texts
« KB: high quality data from human labeling or table in web.

« Structured data — query efficiency
 Plain text: inverted index
« KB: stored in database, indexed by subject
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QA Is a systematic work

Adapt QA system to specific domains

Core level: question answering

Short text connects entities/words and
guestions

Provides the basic semantic computing
for entities in questions

Application: Domain Adaptation

Domain Knowledge NLP Model Domain
Harvesting Adaptation

Question Answering

Question template Semantic Matching

Short Text Understanding

Verb Pattern Entity

Conceptualization

Entity Understanding

Semantic Sense
Community Search Disambiguation
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QA Is a systematic work

Application: Domain Adaptation

Domain Knowledge NLP Model Domain | |«
Harvesting Adaptation

T

Question Answering

IJCAI 2016 , VLDB 2017 =i

Question template Semantic Matching

T

Short Text Uhderstanding

AAAI 2016 sl Verb Pattern Entity B

Conceptualization

Entity Undérstanding

SIGMOD 2013, SIGMOD 2014 = Semantic Sense «—

Community Search Disambiguation
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Question Answering



Weakness of previous works

'- Template / rule based * Neural network based

approaches

« Represent sentences by
templates

* By human labeling

* PROs:

» User-controllable
« Applicable to industry use

e CONs:

approaches

* Relies on manpower. Too costly.

« Cannot handle the diversity of
guestions.
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* Represent sentences by
embeddings

By learning from corpus

* PROs:

* Feasible to understand diverse
guestions

e CONs:

« Poor interpretability

« Not controllable. Unfriendly to
Industrial application.



Our approach

'- Represent natural language questions by templates.

* E.Q.
« How many people are there in $city?
* Interpretable

» User-controllable

 Learn templates from QA corpus.
« Understand diverse guestions
« 27 million templates, 2782 intents
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QA by templates

Question What is the population How many people are What is the number of
of Honolulu? there in Honolulu? people in Honolulu?
Template What is the population How many people are [What is the total number]
P of $City? there in $City? of people in $City?

- \ population /

Template: replace the entity of question by its concept

A template represents complete intent of the question.

Key problem: collect templates and identify their corresponding predicates
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* Q: How many people live in Honolulu?
« A: It's 390K.

(s o=

category

abelirew
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(s o=

category

abelirew
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guestion2answer:

conceptualization REY

How many people live in Honolulu?

How many people live in $city?

(s o=

category

abelirew
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guestion2answer: predicate
Inference

plleence
@

How many people live in Honolulu?

How many people live in $city? » population

(s o=

category

abelirew
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guestion2answer: value lookup

How many people live in Honolulu? l

How many people live in $city? » population

(s o=

category

abelirew
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Probabilistic graph model

How many people live in Honolulu? ( l

How many people live in $city? » population

Q|




Probabilistic inferencing

* Learning parameters from QA corpora (42M Yahoo! Answers)
* Intuition: maximize the likelihood of observing such QA corpora

|EV]

Q|
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Weakness of previous works

'- Template / rule based * Neural network based

approaches approaches
» Represent sentences by » Represent sentences by
templates embeddings

* By human labeling * By learning from corpus

* PROs: * PROs:
 User-controllable  Feasible to understand diverse
- Applicable to industry use guestions

« CONSs® * CONSs:
- Relies on manpower. Too costly. * Poor interpretability
- Cannot handle the diversity of * Not controllable. Unfriendly to

questions. iIndustrial application.

Multi-granularity deep neural network
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Problem analysis: features

'- From questions:

» Question
- SEEXFIIRIKEE

* From knowledge bases:
 Value
- TFTE
 Entity description
« FERFRRLT
* Predicate
« ERIK
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Model: 3 granularities for 1 feature(#)

'- 3 granularities for 1 feature « LSTM for char list

« PUERE

¢ One hOt Output
. UERK ™~
e Word list; LSTM layer > ! e
CIYE BRK il il il
’ Char IISt Embedding
- I 5 < layer
3/ (A% PN ) e e e

I & K
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feature2vector: aggregation
'- 3 representation granularity « Aggregation

- PUERE

* One hot:
o PUERE Y redicnte
* Word list:
¢ f)l'l,_,EE 1:5_‘2'116 ﬁayer —>\ istviver | B P P
e Char list: // — f ——
- I E (AR 5N X 3 R wly wl il
TR IME &K M T K K
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predicate - question similarity
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Multi-granularity deep neural
network

' Outputq
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Concatenate
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Multi-granularity deep neural

network: One

ranularit
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Multi-granularity deep neural

network: One feature

' Outputq
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Multi-granularity deep neural
network: Feature-

uestion
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Multi-granularity deep neural
network

* Fully utilize all the features.

« Reasonable network structure

Neural network for I

Neural network for Entity

Predicate

I Neural network for | I Neural network for |
Question I Value

Description |

b Deeerpton |

LSTM la: LSTM layer
1 1 1 1
Embedding j Embedding Embedding Q Q Q Q
layer layer layer
IERK ME &K B E R K
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Results
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* Our score: 0.92 (improving)
 KBQA beats all competitors.

KBQA Submissions F1 Score
ERmRRZE 0.8247
Efp R FRAKRE 0.8159
e IBERF 0.7957
15 /RSE T Al A2 (HIT-SCIR) 0.7914
FIERF (BRIBEELELREE) 0.7272
Harbin ShenZhi Technology Co., Ltd. 0.7251
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DAKSE: domain knowledge
extraction



Domain knowledge extraction:

Domain-awareness

' e S1is a valid knowledge for Al

researchers.

e S2 is a valid knowledge for
college student.

* Whether a sentence being
knowledge-rich depends on
the domain.

Corpus for Stanford:

e S1: Feifei Li is currently the
director of the Stanford Artificial
Intelligence Lab. . ..

e S2: Full-time undergraduate
tuition was $42,690 for 2013-
2014 in Stanford.
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Domain knowledge extraction:

Approach

 |ntuition

* For QA corpus of a given domain,
Its answers are knowledge-rich for
that domain.

« Learn the domain-aware knowledge
representations in answers.

QA corpus of Al
Q: Who are some faculties in
Stanford Al lab?

Seed DKS
Labeling

A: ... Feifei Liis current the

director. ... d

Text Corpus of Al
s1: Feifei Liis currently the
director of the Stanford Artificial
Intelligence Lab.

She works in the areas of
computer vision and cognitive

i{sn

DKS Classifier

neuroscience...

s2: Yann LeCun is the director
of Al Research at Facebook
since December 2013.

He works in the area of machine
learning, computer vision, ... |7
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Domain knowledge extraction:

Approach

« Seed knowledge labeling:

» Leverage QA corpora to label seed
dks for further training

* s1is extracted
e sl is similar to the answer

DK ldentifier:

* |dentify patterns in seed dks
« Extract more dks in text corpora

e s1,s2 are extracted
* s2issimilar to sl

QA corpus of Al
Q: Who are some faculties in
Stanford Al lab?

Labeling

A: ... Feifei Liis current the

director. ... d

Text Corpus of Al
s1: Feifei Liis currently the
director of the Stanford Artificial
Intelligence Lab.

She works in the areas of
computer vision and cognitive

i{sn

DKS Classifier w

neuroscience...

s2: Yann LeCun is the director
of Al Research at Facebook
since December 2013.

He works in the area of machine
learning, computer vision, ... |7




Domain knowledge extraction:

Results

Method Correct | Irrelevant | Incorrect
Topic Model + SVM 52% 9% 39%
Language Model 56% 5% 39%
DAKSE 68 % 3% 29%

Evaluation for China Mobile Customer Service
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Domain knowledge extraction:
Results

DKSs can go through, can visit, contain, mainly contain,
can visit link for, please send, reply to, welcome to,
directly reply to, be divide into

original | will, can, have, see, can get, will receive, can partic-
ipate in, can use, can enjoy, can apply for

Top 10 predicates in tuples for China Mobile Customer Services

With DAKSE, tuples by open IE are more focused.
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Future works

: . Application: Domain Adaptation
° Domaln adaptatlon = NLT:’ Model Domain

Domain Knowledge

° More applicable Harvesting Adaptation
. QA
° Common sense reasor"ng Question Semantic Common Sense
Templates Matching Reasoning Plain Text
* Deeply understand the
guestion
Short Phrase Understanding
Entity Knowledge
Verb Pattern S
] Conceptualization Base
* Hybrid QA
* Plain text + KB _ .
. Entity Understanding
° Improve the effectiveness Semantic Sense
Community Search Disambiguation
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Thank you!

Wechat QR code for our system.
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