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AT %8 AT AP
AI(ArtificiaI KE (Knowledge KR (Knowledge KG (Knowledge
Intelligence): Think, act, engineering) is an representation) is graph) is a large scale
humanly or rationally engineering discipline dedicated to semantic network
that involves integrating representing consisting of
"The exciting new effort to knowledge into information about the entities/concepts as
make computers think - computer systems in world in a form that a well as the semantic
machines with minds, in order to solve complex computer system can relationships among
the full and literal sense.” problems normally utilize to solve complex them
(Haugeland, 1985) requiring a high level of tasks such as diagnosing
"Al - is concerned with human expertise a medical condition or
intelligent behavior in having a dialog in
artifacts.” (Nilsson, 1998) a natural language.

2018/8/30 % 1E FEEEALL 6


https://en.wikipedia.org/wiki/Natural_language
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August 4, 1961 Barack Obama

Barack Hussein Obama Il is the 44th and
current President of the United States. He
S the first African American to hold the

office

Show details

ack_Obama - Cached

Barack Obama - Wikipedia. the free encyclopedia

Obama was born on August 4, 1961, at Kapi'olani Maternity & Gynecological Hospita
now Kapiolani Medical Center for Women and Children) in Honolulu, ... Born: August 4, 1961 (age 51), Honolulu
arly life and career of Barack ... - Family of Barack Obama - Obama administration Full name: Barack Hussein Obama |

Net worth: USS 11.8 million (2010

i W {* Presi I tae A1t Wit
Obama ?lnhdavneekenc, resident Celebrates 51st With Golf ... Education: Harvard Law School (1988-1991). Columbiz

obama-birthday n_1741 L. - Cached niversity (1983) More
n AT AN =g g 5 S—_— UNIVETSITY (1303 ore
{ Aug 2012 - WASHINGTON — President Barack Obama celebrated his 51st birthday
m Hong Saturday with a round of golf and a quiet weekend at Camp David, ... Siblings: Maya Soetoro-Ng, George Obama, Mark

« LS KR E =HIR
« BEHEANIRRTME DUHE B K

2018/8/30

NEWSLETTER | SUBSCRIBE F@T@MPANY

CO.DESIGN TECHNOLOGY LEADERSHIP ENTERTAINMENT IDEAS

07.16.10

Google Buys Metaweb, the One Company
That Could Revolutionize Google Search

Google just purchased Metaweb, a startup that indexes..well, “things,” would be the best way
to put it. This isn’t just another acquisition: Metaweb could be the best thing to ever happen to
Google Search.

&5 4 ==. Nu|lv=al
https:.//www.fastcompa ny.com/l%ﬂﬁzél/%u(l)”M

\3 dmT A =
glé-“buys-metaweb-one-company-could-revolutionize-google-search
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KG2H % - Node-Entity

* Entity/Objects/Instances

* Wikipedia: An entity i1s something
that exists as itself, as a subject or as an
object, actually or potentially, concretely
or abstractly, physically or not.

« BARR (NBEEY ¢ MM AR, 1E
A—VIEMENEMMT YRR ZRE
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https://en.wikipedia.org/wiki/Existence

KG2H % - Node-Concept

* Concept

* In metaphysics, and especially ontology, a
concept Is a fundamental category of existence.

* (mental) representations of categories

* Category category Y;
* Groups of entities which have something in ™. ",
Com mOﬂ, = Game (edit)

* Type/class

CATEGORIZATION:

1. the process of formation of
categories;
2. the process of identifying X

as a member of a particular

» BoardGame (edit)

= CardGame (edit)

= Sales (edit)

= Sport (edit)

* WIKITIONARY: A grouping based on shared
characteristics; a class.

-
microsoft -»

=

2018/8/30 %1 Z NEEEL

= Athletics (edit)

= Boxing (edit)

company
(%)

== software company

largest OS vendor

DBpedia Types

=

laVaVaVdVaYal
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https://en.wikipedia.org/wiki/Metaphysics
https://en.wikipedia.org/wiki/Ontology
https://en.wikipedia.org/wiki/Category_of_being
https://en.wiktionary.org/wiki/class

KGZBFY - Node-Value

* Date
FRE 4 HER 194668 14H
* String

S 1) BB EEIE (Donald Trump) , H45EXERYE

FORA4ABETAZ), EEHNREBEER"

. )
Numeric o
+ ira IEA (Donald Trump)
® I= N, HISMEEEML, 1946
I’.l:__l' ﬁﬂ = EU? 71 il 26 A 14F £ T 414,
£ EIEA S EBAK”
HAHM
ti:%ﬁﬂféz » 19464FE6H 14H
R 71
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* Relation
« MEL{E(individual)Z 8] A% &
* Examples:

* Sitting-On: An apple sitting on a
table

* Taller-than: Washington | LK SR oy BREI, gy ENEE, ymag
Monument is taller than the White

House
ef T
At

* Property/Attribute/Quality — %%E‘E
* A characteristic/quality that
describes an object
* Examples:

* size, color, weight, composition,
and so forth, of an object

2018/8/30 %1 Z NEEEL 12


https://en.wikipedia.org/wiki/Washington_Monument
https://en.wikipedia.org/wiki/White_House
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TMATHR (KE) BYEFE- Symbolism

c FESEXHFEN S
s INFIRITE

« MREERN—MER, SRS e EA
o TNRFRAN. FNRTEIR . TRz AL E RO

* Physical Symbol System Newell Simon

* A physical symbol system has the necessary and sufficient
means of general intelligent action

. _The mlnd can be V|_ewed as a device operating on bits of Al System=Knowledge + Reasoning
Information according to formal rules.

* GOFAI (“good old fashioned artificial
intelligence”, proposed by John Haugeland)

* Focused on these kind of high level symbols, such as <dog>
and <tail>

[Newell, Allen et al. 1976], [Dreyfus, Hubert 1979]

. 1
¥ 1E: MREEHR 4

2018/8/30



-

L GKE-R K

Minsky (19694 & & ) Newell & Simon (19754EE K #)  Judea Pearl (201144 7 ¥%)

IREIL, HEZERIREIR il s, 8 A in) BER ik 5 P A 22 AL
McCarthy (19714 &R 32) Feigenbaum (19944 & i’ 32) Berners-Lee (20167 EE R )
LISPifi 75, Advice Taker 24t HAR TR & iy LA

KE (Knowledge engineering) is an engineering discipline that %ﬂ -I'/E{ ﬁ%ﬂ%ﬂiﬂ%%ﬂﬁ%, WY 4NR 2 SE Y 4N

involves integrating knowledge into computer systems in order g = — . s T B gh AR
to solve complex problems normally requiring a high level of R AN R TTART A TREZH

humamexpertise. Ref Wikipedia F1E ANAENEE (BRSO et Al 15
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DENDRAL PROSPECTOR Dipmeter Vertical Transporter
&=t TRAT 435 A AR elevator systems
MR, LISPIES i 5E 1 R~ B R U R S Forward chaining Plausible reasoning
19654E-19684F 19794F 19844F 19874F
19784F 19834 19864
RI(XCON) & 4; MYCIN & 4; PROTEAN & 4;
HEILRGERE NI BE WO 5 ) = 4454
Forward chaining Backward chaining, LISPiES Local and global constraints

B EHARTiAZEANIERE, BFREM. NAISHN RIS 7 BRI
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Tools for Building Expert Systems
EXPERT SYSTEM
r,-_I:'ner-.ew.ri tion Usar Explanations
of P + ‘ Inference u} s °
New casa inter- | —p- Engive Analyses Engineer
face
usEn< $
Advice & Mew Knowledge
é Knowledge " Domain
Explanations - & Modilications
Base Expert

FIGURE 1-2 Interaction o owledge engineer and domain expert with software tools that aid in building an

expert system. Arrows indicate information flow.
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(Point O}

(Point P)

(PointCollinearR elation P M)
(PointCollinearR elation PO}
(PointCollinearR elation O N)
(PointCollinearR elation M N) <
(PointCollinearRelation HP K)
(PointCollinearRelation K Q I)
(PointCollinearRelation IN T)

(PointCollinearR elation H M I)

£

(ParallelogramRelation (Quadrangle M N O P}))

HETRURGHSH
JUE B F) iR 2

v

QLLEdI‘EI.I'lE,lE HIJ K-J rule "ParallelogramToLineParallel”

when
MidpointRelation M (Segment H I}) $pr : ParallelogramRelation(
$A : quadrangle.getVertexA(),

$B : quadrangle.getVertexB(),

MidpointRelation O (Segment J K})
MidpointRelation P (Segment H K))
YGRS B

Point H)

(
(
{MidpointRelation N (Segment [ J))
( $C : quadrangle.getVertexC(),
f $D : quadrangle. getVertexD())
then
Line AB = new Line($A, $B);
Line BC = new Line($B, 8C);
Line CD = new Line($C, $D);
Point 1) Line DA = new Line(SD, $A);
Point J"] LineParallelRelation lprl = new LineParallelR elation(AB, CD);
LineParallelRelation lpr2 = new LineParallelRelation(BC, DA);
Condition condition = new Condition(Spr);
Conclusion conclusion = new Conclusion(lprl, 1pr2);

GEOMETRY_REASONING.buildNetwork(drools.getRule(). getName(),

Point M)

(
(
(
{Point K)
(
fPOII'I.l j condition, conclusion);
GEOMETRY _REASONING.addFact(lprl, Ipr2);

end
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Can pig fly?

Rule: if x is a bird then x can fly
How about ostrich?
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* Big Data + Machine Learning+ Powerful Computation
s * Enables large scale automatic knowledge acquisition

AlexNet to AlphaGo Zero: A 300,000x Increase in Compute

Subjective Popularity

10,000
e AlphaGo Zero
1,000
e AlphaZero
100 e Neural Machine Translation
Vapnik, Cortes = e Neuradl Architecture Search
J.R. Quinian E
Breiman % 10 e Xception ® TI7 Dota 1v1

Freund, Schapire =

W @ 1

SN ° VGG e DeepSpeech2
Linnainmaa 1970 I 1 5642560 o ResNets
Werbos ~ . 1<2€Q
a
o
& = ¢ GoogleNet
& o Decision Tree, ID3 © .01 . . .
& & o——1 < e AlexNet ® Visualizing and Understanding Conv Nets
eeéo .6‘5\ LeCun . * Dropout
<° Perceptron < Rumelhart, Hinton, Williams 001
Hetch, Nielsen
Hochreiter et. al. pr
inton
euraiNetvorks " . Schmidhuber i oo
IDSIA Andrew Ng.
Created by erogol eDQN
{ \ \ \ J > ooom
1960 1965 1970 1975 1980 1985 1990 1995 2000 2005 2010 2015
2013 2014 2015 2016 2017 2018 2019
Year
http://www.erogol.com/brief-history-machine-learning/ https://blog.openai.com/ai-and-compute/
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Phrase feature

extraction

S FIIR FREY

mE: PMAXA. BREE. WXiEx

Hearst pattern
NP such as NP, NP, ..., and|or NP such NP as NP, orland NP

A
Candidate
phrase &

features

Human labeled
phrases

_| Phrase quality
| assessment

Ref: I\/I|n|ngﬂ-é|%h§(gual|ty Phrase from Query logs in E-commerce, U%die&zre\@%w. A AR .

Phrases score

A 4

Pattern-based bootstrapping process

Semantic feature|

update
Auto labeled Label phrase
phrases by pattem
Pattern
cxtraction&eva]u—( Qualily
Pattern

ation

b

NP, NP*, or other NP
NP, NP+, and other NP
NP, including NP,x or | and NP NP, especially NP,* orland NP

H [0 AR ETFH NisAZNTR FHEX

Fig. 1. Pattern-based bootstrapping framework.
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== http://kw.fudan.edu.cn/ddemos/vcode/

ZH12. BT X B Taxonomy1a i

* DBpediai@id X £ 77 N9 7 DBpedia Ontology

Mapping en:Infobox book Mapping el:BlBAlo

Template Mapping (help) Class Book: Template Mapping (help)
Imap to class Book I/ Properties map to class Book
Mappings author Mappings

Property Mapping (help) coverArtist Property Mapping (heip)

template property author firstPublicationDate template property ouyypagéag
ontology property author illustrator ontology property author

isbn

Property Mapping (help) Property Mapping (help)

- lastPublicationDate 5
template property illustrator template property ELKOVOYPAQnon
ontology property illustrator ontology property illustrator

| {{Infobox book . {{BiBAio ?
i author = | { | ovyypagéag = |
! title orig = ] €ubog = .
| translator = | exBoTNg = !
| illustrator = | mpwtn_g€xboon =
i | subject = | ISBN =
i | genre = ! | ewkovoypdenon =
b L)
2
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o We b 2 . O HTJ_ 'f’% EIJ ;E , )fr_ é-—_- j( % E/\] % }I—JTT'—I‘ SQUAD, TFgg?\?V-e%%Teasitri:)r?s,AWikiMovies
=UGC(User Generated Content) Sgot':ﬁo??f,:‘?ﬂ e
° ?%1#&3%3{%}\_ j( IEH )i' - %iiAE.l- E/\] %ﬁ%%ﬁ?& 5)/? © Document N e ‘ Document

/

. . . 'fy\w 2 Retriever .- Reader
« Wikipedia, BEEB#®! You ol j —— =_—— —————833500

- AETBRAIBIEMET SRELRIER Wiapenik

The Free Encyclopedia

e MBS RNS T S R EAEA =

B HAHRIRB12)K . . . o . ) )
e Ref: Dangi Chen, etc.. Reading Wikipedia to Answer Open-Domain Questions
[ESSi=a A EiES RS R E XRHER
2018-06-06 03:36 =g w_ou RitHESE 858
Document
2018-03-11 16:14 B5E S~ ~ ~ RIS 78 At =g Classifier
9A Schema

2018-03-01 20:20 HE BEMEL Bk =E5 Refiner “Dﬁ i

o » - I e Sentence

2018-02-28 18:59 BE BRBAOFY R 75 SE &R E ﬂ Classifier

2018-02-15 08:05 HE =510 HZ 7 SEEE =

1802112054 B —— = Training Data @\ 0 Classnfle
2016-02-10 11:31 =E Mini/hJt 1992 REERES aE Wikipedia Preprocessor —
Extractor
WikiFfT B B89 R EALHIRIE T UGCRA BRI RE

2018/8/30 % 1E AEEERLR Ref: Fei Wu, etc.. Autonomously Semantifying Wikipedia

Figure 3: Architecture of KYLIN’s infobox generator.
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KGIL# 1

* Higher coverage over entities
and concepts

KGs # of Entities/Concepts # of Relations

YAGO
DBpedia
Probase
BabelNet

CN-DBpedia

10 Million
28 Million

2.7 Million

14 Million
17 Million

120 Million
9.5 Billion
70 Billion
5 Billion
200 Million

large scale

Frequency

400000 countries
companies
artists

cities
organizations
languages
brands

40000

§

diseases
drugs

pharmaceutical companies
saints

nonprofit organizations
renewable energy technologies
popular search engines

toxic chemicals

dance styles

ancient civilizations

scheduling algorithms

political analysts

fishing regulations

inappropriate compensatory behaviors
self-management strategies
sustainable design principles
hydrocarbon liquids

modern scientific theories
microeconomic concepts

2018/8/30

F1E

%D-L/\. *Eil_

C t
oncep o

® .

o . 0

Concept
Po

Concept ®

O .
@@

0. o

O

L
Concept

Concept

o@'

@@
® 6

® Concept

Existing Taxonomies | Number of Concepts |

Freebase [3]
WordNet [13]
WikiTaxonomy
YAGO [33]
DBPedia [1]

ResearchCyc [18]

KnowlItAll [12]
TextRunner [2]
OMCS |31]
NELL [7]

[26]

1,450
25,229
111,654
352,297
259

~ 120,000
N/A

N/A

N/A

123

Probase

2,653,872 |

26



KGIL#E2: semantically rich

¢ H I g q e r Cove ra g e Ove r ConceptNet =7 semantic network
t. knowledge graph —bhas co::] ::Ir;(sier;se
numerous semantic s
is used for natural Iangl,_lage part of artificial
understanding intelligence

relationships

T part of

word embeddings

. crowdsourced
KGs # of Relations knowledge
made of lexicography

DBpedia 1,650

YAG O 1 14 linked data similar to the Semantic
L Web
YAGQO3 74 4
has a Web APl ~<——————  |SON.LD

CN-DBpedia 100 Thousands i ed fo

games with a
purpose

has property
taila open content .
‘W multilingue
multilingual Is_rnonym
, o ZEiE
domain-general
motivated by goal
- let computers understand what people already know

2018/8/30 £ 1E MREEE



KGHLE3:  high quality

* High quality

* Big data: Cross validation by multiple sources W
* Crowd sourcing: quality guarantee

Web sites Facts Objects

N
Y @ CN-DBpedia
s
@ T “*.\‘ Q InfoBox
I“‘H. "‘\. p "M‘
., 1":; -.._“h
@., PEaY R £RELT 25
T’ ———————l =
e, @ - @ L= E8XE
M""""' EEEBIT chie \ RHHIEEERD

| |G| Q| |G]] |G
S (D PP D

EX=an SCHEX BRHSIRxREE=ES—
: FE=Em i I RERESEMIE0fu
[Yin, et al. 2017] o .

2018/8/30 %1 Z NEEEL 28



KGIL#E4: friendly structure

* Structured organization
* By RDF

* By graph
subclassO subclassOf

/' R2 ‘\ instante arfceOf instanced
hasChapter -

follows
\ ENRAL (s ER )
hasChapter \ A3
createdBy v
& H{iz
John Doe .
Subject Predicate Object
R1 hasChapter R2 CaksE
R1 hasChapter R3
R3 follows R2
R1 createdBy "John Doe"

2018/8/30 % 1E FEEEALL 29
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Yago, WordNet, FreeBase, Probase, NELL, CYC, DBpedia--.

B 6] 130 E e

2017-03-16 1,139
2014-08-30 570
2011-09-19 295
2010-09-22 203
2009-07-14 95
2008-09-18 45
2007-11-07 28
2007-05-01 12

"Linkin%0£en Data cloud diagram 2017, by Andrejs Abele, John P. McCrae, Paul
Buitelaar. Ahja Jentzsch and Richard Cyganiak. http://1od-cloud. et/ 30
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2016'#‘, Goog | e & 4K
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Can machine think like humans?

h H

EFS BN A L EEERY]
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- HErERER KRR MAFRERSE, #e. 9&%%&#7‘%&2‘&5’] =

\I

2013FMEHKRFBEHCE

EBR subclassO s—=t = | subclassOf .
instanteOf instanceOf instzrfceOf instanc
A
. p S s > AR A7
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EFE Hbfir
=21y
KHIEEK
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Language Is complicated
« Ambiguous, contextual and implicit
o Seemingly infinite number of ways to express the same me:

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

New Frozen Boutique to Open at Disney's Hollywood Studios

7“1"7 Dievep  STUDISS

ot O

' /wiki/The_Walt_Disney_Company /wiki/Disney’s_Hollywood Studios
/wiki/Frozen_(2013_film)

2018/8/30 8 1= FNREERR
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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

2018/8/30 8153 HREERR 37



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

2018/8/30 8153 HREERR 38



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 concept.

« 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 24207 Beijing 2172T3

[Wanyun Cui et al. 2017]
2018/8/30 813 MRERER 39
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RRBEBUR T A AR R ARAESE, “Concepts are the glue that holds our mental world together”
e, B, REZINABNEAR --Gregory Murphy
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Example 1: Explainable entity recommendation using

laxopnomy

Problem:
% Given a set of entities, can we understand its concept
& . and recommend a most related entity?
xp anation:
BRIC Applications:
i ey E-commerce: if users are searching samsung s6, and
IPhone 6, what should we recommend and why?
0% Explanation: CAR
BaiDBE |
BAT, l Tencent i, |
ﬂ. Chinese Internet 2-WHEEL 4-WHEEL
Alibaba Group Giant drive drive
!
| |
ForD FORD
BroNCO EXFPLORER
[Yi Zhang, et al, 2017]
Taxonomy

2018/8/30 % 1E FEEEALL 41



Example 2. Explain a Concept/Category using

Lroperfies

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]

2018/8/30

Basic |dea:

[Bo Xu, et al, 2016]
%1 E MREEE

Ming 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 -
[ [
DBpedia > DFs of > Rules
P < ! Categories < '
STEP4: Knowledge STEP3: DF Inference
base Population by Rules
Solution Framework
42
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=

Ceiling effect

25 7L L)

. L s e S
\%ﬂEE\EIXEjJ \%Uﬁﬁéﬁﬁﬂ‘%:—cﬁﬁfpﬂilﬂnﬂ B NHEIITT ASER T
o BAREBEITIRTOME B AR IRIR % LR (o) 1

sK=3EZMFT 7, Mhatisiky
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Example 1: Use Concepts for Chinese Entity
"

* Entity linking: P(e|C),
 where CIs context and e Is
candidate entity

* Basic idea: using concepts (t) In
knowledge base
P(e;[C) = 2 P(ei]t) X P(t|C)

Typicality of an entity The probability to

within a concept observe an entity of t
given context C

Zil ( PEEZFMEEER) =l (ROTF. B
| 0, 198228 26 B HAETRAL 7) )
BRI , FELFHRENS. | A T e
003 FRESLTRTEN G TEEE | S
E , 011FEERRATE, 2014 ¢ e semeemez o |
| FEARNIMER AR TSR | WESHSTREEES , 199755
=, THE—(TARRETRITE | EEEEL M (BA—
=, . £F.

T
FTER 2= FIESRE = R —A— A

=i (PEXTRHREE) - AW, KBEAY. EHR. 56
=9 CRITHE. BIILHET) - AB. ER. BF. BT

palil

** Entity Our Method
Annotation API

Precision 56.7% 86.1%
Recall 67.8% 84.5%
F1 61.7% 85.3%
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Example 2: Usmg knowledge to prevent
semantic drift in paﬂ'.e.mﬁa.se.d_L;

e Pattern based bootstrapping IS popular ~( (Fudan l versity) , fi f??‘"“?i 1" TR LS, dreARER 1(\5‘ l’i'r ’l )’l"\_

§ %M_\ N—WAK, Ak "JM". 7. “nniHl” . °011 HI™ .

’*’:Yi RERE KB 2R FRTER DR,

; };*;-: kel

& Fritt A R4 lt RIS TR R R EE S

#o \n HRERIRT19055, AR ?}:”f- EAH E J’“! RSk, Bl AN \ ERRAHEX SN, Hifk

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

: , =8 YL sExhA S H
* ‘occupation of Planet earth’=> <§gkf\2 Eﬁ’i ==2>
 <Planet Earch isA coutntry> <EBXZF - gt A - 1E1E>
. . . Jiscliy ANTEFR LU HAN
* Principles: no bad patterns, only wrong = e s
| ' (i=3=3 Al BN
applications o wedl e
BRZ HAHEE 1991410878
angelababy HAEBE 1989528288
XN et LA
wE HAeEHE 1986898 12H
Our Idea F5 ( HERIB0ELER ) A T
N ANEFR  Victoria
Run a pattern on the text for an appropriate 78 HeE 198772328
entlty N izl IS N X IE TaE S a0
XfERE (FEEEBEER. BF. JAEA) HAHEE 196189827H
* Using knowledge to guide the execution of N (PESBERA. AF. WA il Soearnid
the learned pattern B Pl s
95+ accuracy 02 12 e
BAME ( 1.*31%@7)-:-1}\? ) TEMgSE SEBESEDEFESERHBE
B (HEERITETF) KREES  Jayl

2018/8/30 %1 Z NEEEL
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st == RSV 4+ % S8 b S 1H 10 %Di/qigi gﬂ:%
2 s L ks - e
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EXPERT

[ ar = SIRBU R R ARIREL, =S5 STRLEGTE
— S SIMERXS T I FIR A A FRCE
IEoR Al SHEE S R IG AR — Uit

B ML+KB= ML?

2018/8/30 SRS E 1= FS R 46




Example 1. 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.)

—
‘ Rule
e l Examiner Positive samples
‘ i g If thenreturn 1
‘ If thenreturnO .
Many fla ke
G samples P ’ “ R

Negative
samples

JETLLENLE UL

¥

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

¥
100d W Embedding

o -
o e
¥ 1 Fully connecte
100d Hidden state
Softmax
Sampling 0-1 real output
Discriminator only
Encoder Decoder/Generator Discriminator/Rule discriminator
2 stacked LSTM layers, 4 stacked decoded LSTM layers SURSSEEN 2 Stacked LSTM layers,
100 hidden dim 100 hidden dim is 02 100 hidden dim

your :0.3
Word distribution

Incorporating Complicated Rules in Deep Generative Models, under reV|eW o i
2018/8/30 ¥ 1E: MREEEE

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

BB IHIE
M PEREAEEENIEERT
SRR R R S S R AR ST
YT, |

MRERENSEESEATES  EF12REE. DReEaf=EELLE
EE S EEMAENT , B AEEEMIERYERE. FEAfEE
B, BEUSEST , EEF DA SmET225  BFIESTH , EE36

2

T BRI R R

Demottitlt: http://kw.fudan.edu.cn/ddemos/vcode/
APIHbIf: http://kw.fudan.edu.cn/apis/supervgode/



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

Example 2. Long-tailled query term embedding

guided by knowledge

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

trh=0.5;F-score

Knowledge base

F1 score increases by
24% in the evaluation

YEIR isA HEAH g

XYZ isA HARH G b

BRI EBF
BRI FE B
BIRERNEBS KA AT
EIA 285N BR
BRETAHE BN KA RE
BIRREELAI0A T
AR KA BRIOAT
IR AREARA
BIRETTEME

Transfer

2018/8/30

XYZH A& BB
XYZ AN ¥ B 5
XYZRM LB %A AT
AR £ BB XYZ
XYZHEXMEBD KA RE
XYZR B HEARYL0A T
S BEMHER KA XYZ10A T

$1E: HIREEMR

of similar queries

20p 30p 40p S0p 60p 70p 80p

90p 100p

op  10p

raw

Bzt -1

o8 1.0

1 g3k 0.909011859 1528981

2 WA 0 9076092872105608
3 BEEEH 0.9011961983257302
| lototo 0.9035218719989518
5 SR 0.9018902311911108

6 )||BE 0.8992372679673781
7T —AE 0. 8990165065859197
8 FI2ME 0 89668 18601326612
9 —AHE 0 8916378871188308

6 ME 0.9235103898321229
T 4 0.9199717204810847
8 EXst 0.91882822473614457
9 MARERA 0.918261631215059%5
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“Knowledge I1s power in Al", Edward Feigenbaum
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http://www.baidu.com/link?url=gUIqhhaeDU7imMEnJFUAtcgZuchkq_1eA14KhsaagD1D5h3AVf6U0oK75faJJ2YxEzjbsQsIEwas5zQRegoaDb68uQrrbCXhfn4jYSbd6vW
http://www.baidu.com/link?url=58V_sUeRvBBoEDhPR9BvYJSwWWbIdxCsmNmT9Yt8tVwbwjXvO48TLnDwaON0k2YiAhfWKXn5bXBZw5Zo2zi7hBTwCauBO0mAmEJBk7ZnpNCuNqfntzkTNnQMt19NrIX1
http://www.baidu.com/link?url=2NmPXUyQcERtNBS8BQ3LtKjoTOQHQWuiBrQXfcIy9VTJx-TRav6Rx8enFWWCCIol
http://www.chinatimes.com/cn/realtimenews/20170822003209-260417
http://www.chinanews.com/hr/shipin/cns/2017/11-30/news743969.shtml
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Search
Code Search

Tichael_Stum SHER

d S 4 . " I .
Examples—Tarydemrt0060094+-mysatmysatrmongodireotamns-muitipie+columns

_ You maybe want to search...
You are searcmng USER ‘I\mchael_stum‘ in 0.035s.

- Leon_Bambrick

Catch multiple Exceptions at once? + Kevin_Montrose

N ] = Tarydon
Score: 668 User: Michael_Stum - John_K
Itis discouraged to simply cafch <code=System.Exception=/code=, instead only the "known" Exceptions should be caught. Now, this « Randolpho

sometimes leads to unneccessary repetetive code, for example: <pre=<codex=try { Webld = new Guid(queryString['web"]); } catch
(FormatException) { Webld = Guid Empty; } catch (OverflowException) { Webld = Guid.Empty; } </code=</pre= | wonder: |s there a

+ Jonathan_Allen
- Jonathan_Fingland

way fo catch both Exceptions and only call the <code>Webld = Guid. Empty</code= call on... « Jason
* scottm
iy + Kevin
{
Webld = new Guid(queryString["web"]);
) Others will search...

catch (FormatException)

. yanathan_,ylen

Webld = Guid.Empty,

catch (OverflowException)

{
Webld = Guid.Empty,

| Search keywords %

)Y

R SRR, BRWIA
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GO gie why did donald trump's wife marry him J !} Q

4 BA 5T i) EZ RE IR

T
e

#3144 3,400,000 £ER (RS 0.80 #)

=
4+>a

Things you didn't know about Donald Trump's wife - Nicki Swift
www.nickiswift.com/7996/things-didnt-know-donald-trumps-wife/ v EliZEIETT

Although Donald Trump has made quite a show for himself, his current wife, Melania, has mostly ...
Melania called him after she returned from a photo shoot in the Caribbean. ... No matter who you are
married to, you still need to lead your life.

BENsEIEE RIEES:

-  u BEESENEERNZ—, BEA
TR R EHEE
R

—TIpi=
« It has fur, whiskers, and claws. I
* It has this feature: E

5 B i
v TG I 4t

T
e

Machine Learning System

This is a cat.

Current Explanation XAl Explanation

2018/8/30 % 1E FEEEALL 55
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19055:09H 148

Question Answering (QA) systems in industries and academics

AHRESZHEMER, HERR AR R E AR
— AT \J#@:.\ SR, ERDE
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Why baogiang select Qizhun Zhang as his lawyer?
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FIRZE A

* factual knowledge
* bornin (Stevelobs, SanFrancisco), hasFounded (Stevelobs, Pixar),

* hasWon (Stevelobs, NationalMedalOfTechnology), livedin (Stevelobs,
PaloAlto)

* taxonomic knowledge (ontology):
* InstanceOf (Stevelobs, computerArchitects), instanceOf(Stevelobs, CEOs)

* subclassOf (computerArchitects, engineers), subclassOf(CEQOs,
businesspeople)

2018/8/30 £ 1Z: MREEHTR 59



FRZE R

* lexical knowledge (terminology):
* means ("Big Apple®, NewYorkCity), means (“Apple”, AppleComputerCorp)
* means ("MS", Microsoft) , means ("MS", MultipleSclerosis)

* contextual knowledge (entity occurrences, entity-name
disambiguation)
* maps (“Gates and Allen founded the Evil Empire®, BillGates, PaulAllen,
MicrosoftCorp)
* linked knowledge (entity equivalence, entity resolution):
* sameAs (Apple, AppleCorp), sameAs (hasFounded, iIsFounderOf)

2018/8/30 £ 1Z: MREEHTR 60



FRZE R

* multi-lingual knowledge:
* meansInChinese (,77 % EBI&*, K2), meansinUrdu (, & =<*, K2)
* meansinFr (,école”, school (institution)), meansInFr (,banc”, school (of
fish))
* temporal knowledge (fluents):
* hasWon (Stevelobs, NationalMedalOfTechnology)@1985
* marriedTo (AlbertEinstein, MilevaMaric)@[6-Jan-1903, 14-Feb-1919]
* presidentOf (NicolasSarkozy, France)@[16-May-2007, 15-May-2012]

* spatial knowledge:
* |locatedIn (YumbillaFalls, Peru), instanceOf (YumbillaFalls, TieredWaterfalls)
* hasCoordinates (YumbillaFalls, 5°55'11.64"S 77°54°04.32"W ),

* closestTown (YumbillaFalls, Cuispes), reachedBy (YumbillaFalls,
RentALama)




FRZE R

* common-sense knowledge (properties):
* hasAbility (Fish, swim), hasAbility (Human, write),
* hasShape (Apple, round), hasProperty (Apple, juicy),
* hasMaxHeight (Human, 2.5 m)

* common-sense knowledge (rules):
* V x: human(x) = male(x) v female(x)
* V x: (male(x) = — female(x)) A (female(x) ) = — male(x))
* V x: human(x) = (3 y: mother(x,y) A 3 z: father(x,z))
* V x: animal(x) = (hasLegs(x) = iskven(numberOfLegs(x))

2018/8/30 $ 1= MREEAA
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* emerging knowledge (open IE):
* hasWon (MerylStreep, AcademyAward)
* occurs (,Meryl Streep”, ,celebrated for®, ,Oscar for Best Actress”)
* occurs (,Quentin®, ,nominated for", ,Oscar”)

* multimodal knowledge (photos, videos):
* JimGray
* JamesBrucekFalls

* social knowledge (opinions):
* admires (maleTeen, LadyGaga), supports (AngelaMerkel, HelpForGreece)

* epistemic knowledge ((un-)trusted beliefs):
* believe(Ptolemy,hasCenter(world,earth)), believe(Copernicus,hasCenter(world,sun))
* believe (peopleFromTexas, bornin(BarackObama,Kenya))

2018/8/30 %1 Z NEEEL
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Cyc

- BN
« FIRHIREE

- BB
* (#%isa #$BIllClinton #$UnitedStatesPresident)
* "Bill Clinton belongs to the collection of U.S. presidents”

I;F VAR
'Lﬁﬁlﬁihi§ﬁ$ XFBIRBIEEAFTHENER, BRUHTE
« IR

« BEIResearchCycENREIIEFEE 7700 A&MS (FLFMEN]) |, Fxk
63 M= %mmﬂ%%

http://www.cyc.com/

O
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WordNet
« &I

o BT IAKNIE S 2 HY 33517 S
« FE41

* S:(n) car, auto, automobile, machine, motorcar (a motor vehicle with four wheels:
usually propelled by an internal combustion engine) “he needs a car to get to work”

+
« BF
—1 \y N\ = /_\ N - ~ —_—
» UEXGESRE (synset) 1EA—MEXRET
o I A
%)L'JF% POS Unique  Synsets Total
Strings Word-Sense Pairs
Noun 117798 82115 146312
Verb 11529 13767 25047
Adjective 21479 18156 30002
Adverb 4481 3621 5580 [George A Miller. 1995]

Totals 155287 117659 206941
https:.//wordnet.princeton.edu/
2018/8/30 F1E MIREER 67


http://wordnetweb.princeton.edu/perl/webwn?o2=&o0=1&o8=1&o1=1&o7=&o5=&o9=&o6=&o3=&o4=&s=car&i=0&h=00000#c
http://wordnetweb.princeton.edu/perl/webwn?o2=&o0=1&o8=1&o1=1&o7=&o5=&o9=&o6=&o3=&o4=&s=auto
http://wordnetweb.princeton.edu/perl/webwn?o2=&o0=1&o8=1&o1=1&o7=&o5=&o9=&o6=&o3=&o4=&s=automobile
http://wordnetweb.princeton.edu/perl/webwn?o2=&o0=1&o8=1&o1=1&o7=&o5=&o9=&o6=&o3=&o4=&s=machine
http://wordnetweb.princeton.edu/perl/webwn?o2=&o0=1&o8=1&o1=1&o7=&o5=&o9=&o6=&o3=&o4=&s=motorcar

ConceptNet

fete A
* 18]7
« RN ZIES FIRAIRE

A

X[ {E 4E

.« FEf] i

2= wants...

=+ E 8 =z
j-/\\\ g’ﬁ‘JT
EIEE

—_— == B _

\1/ 1 E s

c MMRXKBEFE Bes
E%J =

M@(Crowd Sourcing)
« KB (fHlanWiktionary F1Open Mind

2f=%F is a type of ...

2% doesn't want...  Things with &= Subevents of 2|{&Ez=

Bae a= B etk

Bxra Bz= B==

B == B B==iEs

B== Be=

B&= B:=

Effects of 2{E3E Synonyms Location of &%
B wnsnimsz B andy lau B-s==

n B Buee

Bs=

Common Sense) E%ﬂ
- T HMBEX (Z0Verbosity

nadya.jp)
« TREENFIR@IWordNet

JMDict)

http://conceptnet.io/

2018/8/30 £ 1E MREEE

[Robert Speer et al. 2012]
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GeoNames

- R
o EIRMIBEIEE
* 451
o “|:|:| x|
fj-t/;ﬁ\\’
s ZIEEHIBMNEEFER

* BiiT
- EEA THII200 MIEERI1000 HAMIEER, BRABNESE. 17
BXE. BRBgRD. AQ. BRNNXEES

http://www.geonames.org/
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Freebase/Wikidata
* "/

* Freebase FFEFMRX B &M RN, THY=MNARELE
e WikidataEAEBRINBEHTE, EHTHEYISBAOAEBERLE
« 201688 31H, FreebaseEM X, FrEEIELC AWikidata

- $Ep —
* “Donald Trump’ ﬂ

* RBEHE
 Eg =Tl

« Wikidata B BJ 8 &49,915,906 34k

[Bollackeret al. 2008]
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DBpedia

-
AQ’E%EWHW | BB SR ANFIR, WEmMANKEREAER

lE|
o I
7|:$1§J <http://dbpedia.org/resource/A> <http://dbpedia.org/property/name> "Latin Capital Letter A"@en .
e “A” <http://dbpedia.org/resource/A> <http://dbpedia.org/property/name> "Latin Small Letter A"@en .
<http://dbpedia.org/resource/A> <http://dbpedia.org/property/map> "ASCII 1"@en .

SP=)
« ZIES
- HEIME
° éJL _l_
HIKF 127 FHAEES 11280077 LK

Jens Lehmann et al., 2015
. Eztlﬂyexyuzt%ig 5K, 4467 R [ ]
http://wiki.dbpedia.org/
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YAGO
-

« XABEINARME, FUEXRBETAHEAR. WordNet UK GeoNames
o« 7451

 <Albert Einstein> <isMarriedTo> <Elsa Einstein>
« B
« FERXRIVERZKEZ IS AN T E, 1AF)95% U
+ BiA 7 WordNet By B R EE M U R 4 B ERIBAR S 9 KK R
« EHESLIENN T B [EI AL (8] AP E
- SESHA
- it
e 1 FASL{K, 1.2{Z5E5C [Fabian, M. S. et al. 2007]

http://www.mpi-inf.mpg.de/departments/databases-and-information-systems/research/yago-naga/yago/#c10444
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Open |E

* BT

* BEXMITIR R AR, EENETRHMBUTERR
* 10

* From: “The U.S. president Barack Obama gave his speech on Tuesday
and Wednesday to thousands of people.”

* To:
* (Barack Obama, is the president of, United States)
* (Barack Obama, gave his speech, on Tuesday)

o 45

hl BVIERN

o FM<ZEEY, Never-Ending

° Jz\l‘—\,i_l_ [Banko et al. 2007], [Etzioniet al. 2011]

* BRIE 2N T{ZRY B XM DU i ER L 750 {25 K&

http://openie.allenai.org/
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BabelNet
* T
* ZIRE AAEIE
7|‘$1§IJ

. “EARM

I\\\

7'5
« 271 FES
- Halpt S
* Grit
s BxHThk A BabelNet 3.7,
41400 B EAR

http://babelnet.org/
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@ RARE- BRE- FEREo

EAME (i&: Jay Chou; 197918188 - ) SEINRTREHERF. EFxK. BRHEFA.

E. EBREABAIRER, ©

[Roberto Navigli et. al., 2012]
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Google KG
* T

» BEANRAEIET2012 X510, HOAARRRESIZEN—X

o
>
1y
‘—&ll-k_l\'

- ¥

* “Donald Trump”
* FF R
- MIREX
- AT 1EmE RS | ENRREE

ﬁ\
* 57005 1E, 18012% & CRLEC!
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- )
- WESEIE, SUERRKB M RS EBing WM DI, FEFH AHearst Pattern M
N AR HEUSA K&
=34
* From: “... In tropical countries such as Singapore, Malaysia, ...
* To:
* (Singapore, IsA, tropical countries)
* (Malaysia, isA, tropical countries) D Patiern
° fl;:l: I NP such as {NP.}*{(or | and)} NP
S Pavet 2 such NP as {NP.}*{(or | and)} NP
° 3 NP{.} including {NP,}*{(or | and)} NP
;F 'L’\ %j" 4: j( 4 NF{:{ NPY*{.} and otthler NP
* BEIIE 5 NP{.NP}*{. }01 other NP
6 | NP{.}especially {NP,}*{(or | and)} NP
* éJL. _I'

e 12005 S21K, 540 #E&
[Wu et al. 2012]
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+
« e

» METHRRIE

©)EEiEE ma i we 0T B 09 5E sk B
| SEkkaS s |

TS
168cm

Wik, 1981F9B16AE T IFREFR, BEER  #F, £ TE
BIRE A FHERMEARER - 1996F BB MBI ¢ 2@ 8 - 1998
FEBEME GT .
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- PXAIRERE, NATEEER
5|2
TR
- BABEERAIR
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=4l -

196159527 H (RFFEE)

WL (Andy Lau) , 196193 27THHETHEEE  E5. =
F. (EEA, #lEA. 1901FEHEESANTIE (=) . 19835
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CN-DBpedia

* T
. B8 B A 24030 T i S0I8 = |
EIEI%E' j(—?—%l]l/\/:\[iﬁ*%ﬁé*@g ASTA e N SRS
- BiEIE A E R B REE @
« R vy
b “/Egj(%” S ‘ X i Eldan University,
* f-l_r:,'{—\'_'\ i M= 5 117,05 X HRHBEE 2202

« LR

e T el e %
RN ‘ marm
« BT

« 16007 21K, 212k & @ @

[Bo Xu et al., 2017]
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