RKEIENRATIE—XEBHRAN

AR SEEE A RIEFRIKEAY ZH12. KT X BB Taxonomy 4 £

/ﬂi%&ﬁ%'fl * DBpedial®@II A A% 7 DBpedia Ontology

Mapping en:Infobox book Mapping el:BlBAlo
—— . S D A ~ik A N \D —l—l:
% 1§IJ 1 . % I %D -I,/\ IET_I 'érg\_\L -L_EE Eg El\] %D _l,/\gj( EX Template Mapping (help) Class Book: Template Mapping (help)
Imap to class Book I/ Properties map to class Book
* Mappings author Mappings
|:| Property Mapping (heip) coverArtist Property Mapping (heip)
’ /‘A@ E/] E —ﬁj( _-l- E)L' ﬁ /}E A # I'I’A-I"EE template property | author firstPublicationDate template property | ouyypagéag
ontology property author illustrator ontology property author
[perng Property Mapping (heip) isbn Property Mapping (heip)
- lastPublicationDate 5
template property illustrator template property ELKOVOYPAQnon
T~ = R A s AR g 9 ontology property illustrator ontology property illustrator
B P LIRS ANESERS : s Y TR TR T T KT, —4
TAFNRBET R ARSKESHHICNES, FHELETOLTFAAR, BRISOK, FFHIS L ; S S
620°C, FRIKET00REK, REMNTBLIHEIAE, {{Infobox book _ T :
[ T author = | { | ouyypagéag = |
| title orig = . | £100¢ = .
| translator = || exboétng =
=3 | illustrator = | mpwtn_ékb6oon =
http://kw.fudan.edu.cn/ddemos/vcode/ i | subject = o] TseN -
. | genre = | €wkovoypdgnon =
b L)
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« Wikipedia, BEB#}

- HEMEZEMIRELR T SRELER
© AMEMBURERME T SRENAR

ReAadt BEtiE)
2018-06-06 03:36
2018-03-11 16:14
2018-03-01 20:20
2018-02-28 18:59
2018-02-15 08:05
2018-02-11 20:54

2018-02-10 11:31
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TEFRER

TREmIR4812:
XHHEHER
BE
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=

WikiFT B B R EALHRIE T UGCABRRIRE

% 1E HREEELA Ref:

Open-domain QA
SQuAD, TREC, WebQuestions, WikiMovies

Q: How many of Warsaw's inhabitants
spoke Polish in 19337

l

7 ol
: 4‘ W
Q

3
S W
S
8 “ q j

D

WiKIPEDIA

The Free Encyclopedia

©

Document
Retriever

——

Document
Reader

— 833,500

Jo.

g I A i T R

Ref: Dangi Chen, etc.. Reading Wikipedia to Answer Open-Domain Questions

Wikipedia

Document
Sch Classifier
chema
Refiner I e L1
Sentence
ﬂ Classifier
Training Data HUN @ Classifier
Constructor
(T
Preprocessor CRF Model —>

Extractor

Figure 3: Architecture of KYLIN’s infobox generator.

Fei Wu, etc.. Autonomously Semantifying Wikipedia
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betwe: er runs the layer-parts
atthe ,528-dim: al, and

24-64,896-64,896-43,264—
4096-4096-1000.

) i

2020/4/27

2016'#‘ Goog | e & F & ¥y

#9DeepMindifz i % 9 AlphaGo
ey BAAZ 5 [2], A4:169.5
b o R TR 28 B2 Ak [ AR
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EALFRAKNE K692 H
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8 1E MREEER

2017'#‘ DeepMindF% 45
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Can machine think like humans?
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Language is complicated
« Ambiguous, contextual and implicit
« Seemingly infinite number of ways to express the same meaning

Language understanding is difficult
e Grounded only in human cognition
* Needs significant background knowledge

New Frozen Boutique to Open at Disney's Hollywood Studios

m Dvey TS

/wiki/The_Walt_Disney Company /wiki/Disney’s_Hollywood_Studios
/wiki/Frozen_(2013_film)

2020/4/27 % 1E: FREEER
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* Language understanding of machines needs
knowledge bases

* Large scale

* Semantically rich
* Friendly structure
* High quality

* Traditional knowledge representations can not KNOWILEDGE GRAPH
satisfy these requirements, but KG can HTM DRIVEN KNOWLEDGE GRAPH FOR

o Ontology INTELLIGENT BOTS
e Semantic network / frame
* Texts

NLP+KB= NLU, NLP=Natural language processing, NLU=natural
language understanding

2020/4/27 % 1E: MREEIR 41



The roadmap of knowledge-guided NLP

NLU (Close the semantic gap)

1

Knowledge-guided NLP
(Knowledge extraction)

Corpora

More
Powerful
Models

Bigger
Better
KB

Knowledge Base

2020/4/27 % 1E FEEEALL 42



Example: Using concepts to understand a natural language?

* Representation: concept based templates.

 Questions are asking about entities. The semantic of the question Is
reflected by its corresponding concepit.

« Advantage: Interpretable, user-controllable
 Learn templates from QA corpus, instead of manfully construction.

How many people are there in $City?

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 P 24207 Beijing P 21725

[Wanyun Cui et al. 2017]
2020/4/27 T 1= MiREREHLA 43
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& 5 R B 2 RERR AR A o
FRREBUR T AN R ARIEZE, “Concepts are the glue that holds our mental world together”
e, B, XEZINANWNER --Gregory Murphy
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Example 1: Explainable entity recommmendation using

laxonomy

Problem:
x Given a set of entities, can we understand its concept
and recommend a most related entity?
- Explanatlon
BRIC Applications:
T E-commerce: if users are searching samsung s6, and
IPhone 6, what should we recommend and why?
DA Explanation: CAR
Baidh5E | |
BAT, Tencent i |
ﬂ Chinese Internet 2-WHEEL 4-WHEEL
Alibaba Group Giant drive drive
!
| |
ForD FoRD
BroNCO EXPLORER
[Yi Zhang, et al, 2017]
Taxonomy

2020/4/27 % 1= MREER 45



Example 2. Explain a Concept/Category using

Lroperties

Problem:
How do we understand a concept/category?

Example:
How to understand “Bachelor”
=> (Sex=man, Marriage status=unmarried)

[Multicellular, Eukaryotic, Kingdom Animalia]

[feathered, winged,
bipedal, warm-blooded,
egg-laying, vertebrate

[red-breast] [Order Strigiform]

2020/4/27

Basic ldea:

[Bo Xu, et al, 2016]
1% MREEGR

Mining Dbpedia, using properties to explain a
category

Model:
Mining Defining Features from DBpeida

STEP1: Extracting STEP2: Learning

- C-DFs from DBpedia - Rules from C-DFs -
I I
DBpedia > DFs of > Rules

P < ! Categories < '
STEP4: Knowledge STEP3: DF Inference
base Population by Rules

Solution Framework
46
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e Zero-shot learning: Unknown Labels
* One-shot learning: Rare labels
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TIEE . FIRELRY 3 SR f=

- LEHRE (Distant Supervision) REAMIRB MU BIRERR
* FHEEMEBNAMAERERR, RESHRENMTHER

B R

Knowledge Base

CEO-of(Steve Jobs, Apple)

Founder-of(Steve Jobs, Apple)

CEO-of(Marissa Mayer, Yahoo!)

Founder-of(Steve Wozniak, Apple)

Heuristically
labeling

Lexiacal Taxonomy isAf% 3% 14 I 72 jo] &

Example: Einstein isA Physicist, Physicist isA Job, is Einstein a Job?
P > Military®ehicle

’ 4 v\ isA

/ isA /
/ NotPisA 4

/

Tank(7K#8)

1
I /SA
|

Watertank

[ | Tank(Zk#4)

Tank(}H7%)

1
| isA
I

Water@ank

Relation Instances Entity Pairs Relation Types
S1: Jobs, the CEO of Apple
S2: Jobs joins Apple as {Jobs, Apple) CEO-of
S3: Jobs co-founded Apple in 1976 Founder-of
S4: Jobs launched Apple in 1976
S5: Mayer r'_s ?‘he new CEO of Yahoo! (Mayer, Yahoo!) CEO-of
S6: Mayer joins Yahoo!
ST: Woz ?o.—founded Apple in 1976 (Woz, Apple) Founder-of
S8: Woz joins Apple as

Idea: BITEMCAITRESSIALLXS, STk
AMESSINE, Tz AATSEARE. X
ARAENEFES

Ref: Distant supervision for relation extraction without labeled data. ACL09

1Ef5): water tank - tank - vessel faf5l: water tank - tank - military vehicle

|dea: FHEEFRENWordNet, Batiais
FIRrisAMEIBMHRITRERER

Ref: On the Transitivity of Hypernym-hyponym Relations in Data-Driven
Lexical Taxonomies, (AAAI 2017)



NEEA 1IR3 SR AL A8

s FFSIRT U ZHTIESHEARNAER. BE. Er. ik
o BHEMEARRFE. AEAREE. REFRMHARIZE. Unknown UnknownsiR 5l

s BRUNIERTBER., BEREEKEXNR

|
A
Knowledge base | :
MR isA AR RS A
XYZ isA FEAH 5h 2 |
1IN
IEEIEEEREEREE
BIREARME B XYZHARHE B
ERERYE BT XYZ5 A B I
BREXY LB KA AR XYZRHE B KA 8A T . ) R
T A 28 X7 FE1BL Positive Sample: B
BRERNE BN KA RE XYZERNE B KA RE . TEECYIN e
ALY Transfer XYZ R RHIOA T Q! EEWEAMTA?T AL
XA BRI0A T £AFMERY R XYZ10A T i :
ok Rl Nggatlve Samples.EI ,
R AL Q: MEMFXEE"

Q: ML IERBWRL?

Idea: {&EF3T IESRAER, BIHKER Idea: fiFTaxonomyESEHEALER, EFHAE

Hﬁ%ﬂ&fbiﬁ%?g%ﬁ TR A, BERIR TASIRIE RS (FE%
B%5) 7EE PRSI HE8 5 % R



Tt SRR = SRR

s FFSENREIZET, EBAVSEEINTEREANEL M
. MBENT. 4%, EERE. EZANE

Probability Distribution

istory” ol & |

Maximize Z (nrtneaM)Z P(tlm) — 9) XXt : e b
Subject to e .Sh.rtT.xt.E:dg CL TS T 000 Koo Bding
3 o . 000000
VME (tl’tz) xe’tl M xe'tz = ! [ SeIf—atIention ]
Visa ) Xet; T Xept, <0 BILSTTM G Attentlon Module I}

>

|
@' —
>
&
>

i

i 3 :\ Attention ! !
{ Word/Char Embedding | | Module /" Concept/Char Embeddlng
Type Hierarch 1 f T 1 Bty Linkide £ o u.z. t 1
yp y ] % ‘:F‘EI }_EEJ B Bl ‘EnttyIJnk e nceptuali aton J_HE E%’s E| ETIE KBJEIEEI

Type Disjointness
Constraint

Constraint
Knowledg¢ Retrieval Concepts

Short Text

|dea: {FHTypeZ [BIANE X A RIS TR TiH% |dea: {SEFCN-Probase ISR FE g Attention,

S I
Ref, METIC: Multi-Intance Entity Typying from Corpus, CIKM ﬁﬁ'ﬂfrlﬁ'ﬁjzzl: x*iﬁ'l
2018
Ref, Deep Short Text Classification with Knowledge Powered Attentions, (AAAI 2019)



Example 1: Use Concepts for Chinese Entity
"

* Entity linking: P(e|C),
- - ST FEAT A | T, e T
* where C is context and e is o mlmEmE e | ATowenmTs mmem
candidate entity T T mramasens e BEREL A G
* Basic idea: using concepts (t) in i
knowledge base FIERAO[Z= 00 IFOESRAY = A2 R —1 A
P(ei|C) = ¢ P(ei|t) x P(t]|C) S (REKFRRANE) | AW, KEAM. EHR. B4

/ j‘ | CROTHRF. BIIKRT) 0 AW BR HKF. BT
Typicality of an entity The probability to Annotation API

within a concept observe an entity of t Precision 56.7% 86.1%
given context C

Recall 67.8% 84 .5%
F1 61.7% 85.3%

2020/4/27 % 1E MMREERR 53



Example 2: Usmg knowledge to prevent
Semantic drft in pattern based [E

d Pattern based bootstra pping is popu|ar }igi_ﬁg’;’{r F;cx L’::;:.ter;i:‘ﬁic .“‘] k .Ulifi’:}lirl ionl L"'l\ tRIEAE i Ivtlru .".(S-E; &11 L
FEv 900 LEE M ,{ AIE “EREETTRT . LI . 2 “HEEFAREFT . N s Wi
R " K KRR R '{"}"5“'.‘2?'5( /l\ PR X!

7. \nK ) ""'u1903 £, BARAAT, l \H ¥ J

Problem: semantic drift
* <China isA country> => .'
* ‘occupation of §', =>

4 . ) /_ E '24 — A\-,‘- /_' — /_ E
* ‘occupation of Planet earth’'=> <§—k§ E*’i RE=>
»  <Planet Earch isA coutntry> <BEXZ - gligA - BHEE>
. . . )il ANTEFR LU HAN
* Principles: no bad patterns, only wrong = i osarng
applications i i
KZN HAHEE 1991410878
angelababy HABES 1989F2828H
FXENER et AL ERRAT
e HAeEHE 19865E9812H
OUI’ Idea 85 ( DERHE0ELIRR ) A
N SNTEFR Victoria
Run a pattern on the text for an appropriate - WM 1987252
entlty i izl SNt X IE HaE S sl
NERE (FEESEEER. @F. JIMEA) HARE  19618E9827H
* Using knowledge to guide the execution of B (PESRERA, A5 WA il Sosarnid
the learned pattern By vt P
95+ accuracy R s
RS ( 1ﬁ1§;ﬁﬁjﬂ}\¥ ) TERS &SRy eLEFESERHBEY
AR (HEETITETF) HREESR  Jayl

2020/4/27 % 1ZE MREERR 54



Example 3: Deep language generation with prior knowledge

Rules for Chinese question generation

1 Sentences should end with ‘#° (a special character).

2 The subject should appear only once in a sentence.

3 There are no continuously repeated characters in the sentence.

4 The length of sentences should be more than 4 characters.
(A Chinese question should not be too short.)

—
o Rule
e A Examiner Positive samples
‘ i " If thenreturni
‘ If thenreturnO .
Many fake ”
G samples P : R

Negative
samples

JENLLENLE UL

¥

v ¥ v ¥
100d P Embedding Weighted Embedding
100d Hi

100d W Embedding

- -
o I
¥ 1 Fully connecte
100d Hidden state
Softmax
Sampling 0-1 real output
Discriminator only
Encoder Decoder/Generator DBiscriminator/Rule discriminator
2 stacked LSTM layers, 4 stacked decoded LSTM layers SESSSNEEN 2 Stacked LSTM layers,
100 hidden dim 100 hidden dim = 100 hidden dim

your :0.3
Word distribution

Incorporating Complicated Rules in Deep Generative Models, under reV|ew o i
2020/4/27 % 1ZE: MREEHR

5 The number of low frequency words should less than half
of sentence length.

ISIEEIHE
i L EAEEEREES T
X R R E RS HIERERE 50T,
AT, B

ReEENR2EEEVTES  EFK1EREE. JOrEEniEEE S
EESEEEMAFNET | B EEEENIENRE. BE—EA R
Bl EEUSET  EESEAERS 225, B TESTH , EEA56

A

T ARG N A

Demottitit: http://kw.fudan.edu.cn/ddemos/vcode/
APIHitE: http://kw.fudan.edu.cn/apis/supervepde/



http://kw.fudan.edu.cn/ddemos/vcode/
http://kw.fudan.edu.cn/apis/supervcode/

Example 4. Long-talled query term embedding

guided by knowledge

* In Deep IR, it's hard to train effective word embedding for long tailed
query terms

trh=0.5;F-score

20p 30p 40p 50p 60p 70p 80p

Knowledge base

ey E— = F1 score increases by__>
IR iSA A o hE 24% In the evaluation
XYZ isA A<t fn b2 of similar queries

Op  10p 30p  100p
BRERIE B3 58 SAT xvz;fle)%gg%%gm 0 Bz 1.0
A ANE o) R AR P P e p——
e SRR L0 T Transfer ket :fémfg A ?H 2 WA 0. 9076092872105608
£ EFARN R BRIOAF £ AFEAAN K XZI04 @ MR 0904198 eszari2
BIRIRARIEIRAL | lototo 0.9035218719989518
BIRE TTIEME 5 Z:fifi 0.9018902311911108
6 JIISE 0. 8992372679673781 6 % 0.9235103898321229
T —AR 0.8990165085859197 T % 0.9199717204810847
8 F4oW 0 8966818601326612 8 Br3t 0.9188282247364457

2020/4/27 %12 MRE LA 9 AR 0.8916378871188308 9 MER, 0.9182616312150595;



RN E & 1R L= 5 > 8E

Bt 2 E e — E T AR 25 E 8E

— ARI43E

HIRE Fy# =8
3

yEE a7 > B

£

BRERRL

EXPERT

[ 2 I RBIR R RHL, $25 % IR
— REARF JREX TSR AR AR
IBoRlerF IR 5 R ARAN—EUE

B ML+KB= ML2
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“Knowledge I1s power in Al", Edward Feigenbaum
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