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Knowledge Graph is more expressive than pure Graph but less complex than formal logic.

Knowledge

Representation Graph Theory

Reasoning Concepts Nodes Graph Mining
e gasssssssssssssssnsnns : grnsasasassaasasasssss : Edges
Knowledge H . . .
Acquisitign : K“OWledge : + : Graph : Graph Database
Facts/Relations --E ----------------------- : ------- -g --------- § -------------------------------- E en Links
KG Embedding : Semantic : + : Web : Graph/Network
Axioms S N 3 Y > N IR A S ’ Paths Embedding
Neural Logic On tO[Ogy Web Of Data Graph Neural
Rules Data Semantics Linked Data Structures Network

L P

Mother = Female N Parent
hasSon C hasChild

parentOf = childOf~
X A%



01 EKTIEFES

e
) A F
S / *
s IS

traning set Testing set

airplane  |ik . ™| g. e Open Long-tailed Rec:ognition
automobile E S e~ w3 Imbalanced Classification .

bird Smll VES §FEE : |

cat sl bl LB |

deer B ] o foal TR el i Open World
dog IR e I ‘Few-shot Learning

frog aEEWERSDANE ==

norse | R 3 P R R R = |

ship ‘;' a o il g u l £ 4 Head Classes " Tail Classes | Open Classes
truck - BY e Vel

S AL E’]Mﬁ%—?—j REF ]

b K (Few-shot Learning) : ZNEIEHRXER DS
ST YIZAR B IF TN

« B (Zero-shot Learning) : I & BHEANE R
TSR R I F TN

- mAERICEHIE
« LBETFEVIIZRT B9 26 B /82 _E #EF7

/ﬁ‘/{/«'f{iﬁ



01 KR IEFES

o RFFZFEIHXREAR

/ Unlabeled Data

Augmentation

/{ Data 2 Data Generation

.

Distant Supervision

p Pre-training

RFIRF > - Feature ~Long-tail/Few-shot
Low Resource Learning Augmentation .
~ Transfer Learning
J Zero-shot ¢
Learning
) Madal : - Meta Learning - Few-shot Learning —
Augmentation



01 FRE &K FIEES

LRLAKG: %130 5 £ {15 75 08 ) S KG4LRL: Knowledge as Supervision

I felidae; I
0.3 s Seen Class — = = = == === 7= 7 7 71 active in the day as well
mmm  mean reciprocal rank ] + I Artribute) (. | as at night; I
é ) P - 6000 i I I Knowledge L Africa; )
© Bl entity frequency o N 7 7 0 Y St
T 0.2 =
S - 4000 §
o =
8 o
—
sl C
c 01 - 2000 3
© O
()
=
0.0 - L0

20 40 60 80 100 120 140 160 180 200
entity frequency

Knowledge can help reduce training !

;f;/i 71! ;ﬁ



02

ETHREENRRRES

KG-based Low Resource Learning




02 RBRBFIZZBRHARFS

g [3 »
& ) o!J’ )
7 »
%

. BHART

Trammng set testingset | |SeenClassesData| | Aftribute Features | .- -———--———_____. e BAY
airplane == RN BN - B BRI 22 = o pﬂ’“’ e . lmage‘
automobile EEIAID ESEERES | 3200 | o =W roseike ) (N L bacdwnie Na
bird PmlE VS yEREE % o l ...... '
B s R |

deer B ] g TR T ol Training Zebra
dog HE<Hanga® '

frog EEESESDANE .y
horse ..m \ -Em.m This is a zebral
ship =T AP

truck | W s B D 25 o I S R

RRIarE S/ REFES]

* BARAECEIE « KA EFT I (Unseen) BRI/, FTillgk
« QeFEIIZR1T (Seen) 7935 Bl /82 b 3 7 mlia AR

/ﬁ‘/{/«'f{iﬁ



02 RBRBFIZZBRHARFS

« FHEARZILEREAR
 modeling the semantic relationship between seen and unseen classes, based on which the sample
features of seen classes can be transferred to unseen classes.

2bra Descriptions: |
horse-like
stripe '
black&white !
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This is a zebral!

A branch of Transfer Learning !

The Zebra has a horse’s outline, and there is a tiger-like stripe
on it, and it is black and white like a panda.
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modeling the semantic relationship between seen and unseen classes, based on which the sample

features of seen classes can be transferred to unseen classes.

zebra

black: yes
white: yes
brown: no

stripes: yes

water: no
eats fish: no
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tiger

black: yes
white: yes
brown: no
stripes: yes
water:  no

eats fish: no
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Computer Vision: Image Classification
* GCNZ: Zero-shot Recognition via Semantic Embeddings and Knowledge Graphs. CVPR 2018.
* Multi-Label Zero-Shot Learning with Structured Knowledge Graphs. CVPR 2018.
* OntoZSL: Ontology-enhanced Zero-shot Learning. Under Review.
e Ontology-guided Semantic Composition for Zero-shot Learning. KR2020.
* Natural Language Processing: Text Classification
* Integrating Semantic Knowledge to Tackle Zero-shot Text Classification. NAACL 2019.

* Natural Language Processing: Relation Extraction/Classification
* Logic-guided Semantic Representation Learning for Zero-Shot Relation Classification. COLING2020.

* Explainable ZSL
* Explainable Zero-shot Learning via Attentive Graph Convolutional Network and Knowledge Graph. Semantic Web Journal.

* Natural Language Processing: Relation Extraction/Classification
* Long-tail Relation Extraction via Knowledge Graph Embeddings and Graph Convolution Networks. NAACL 2019.
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Conv.

Inputs: Word Embeddings X
(k dimensions)

CNN#&EsR (k)
GCNiE#E (T)
Z KB BN

GCNZ: Zero-shot Recognition via Semantic Embeddings and Knowledge Graphs. CVPR 2018.
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Multi-Label Zero-Shot Learning with Structured Knowledge Graphs. CVPR 2018.
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Attribute:
large eye, long face,
hairy tail, solid color

Text Description: Horse is an ungulate
mammal. A horse's hearing is good, it has
large ear and can rotate up to 180° ...

Attribute:
long tail, round ear,

1. white belly, stripe
W, S Y, strip

Text Description: Tiger is the largest
specie among Felidae, it has dark vertical
stripes on brown fur ...

. Attribute:

2 large eye, long face,
M  hairy tail, stripe
Text Description: Zebras are white

animals with black stripes, they have
larger, rounder ears than horses ...

Cmammal >
Cequine )

Taxonomy Tree

e e

Seen Class

H

Feature Transfer

rdfs:subClassOf

imgc:coloredIn
L

imgc:Horse

iimgc:solid color

Zebras are white animals
with black stripes ...

imgc:hasDecoration

imgc:hasBodyPart

[imgc:hairy_taiﬂ

Yuxia Geng, Jiaoyan Chen, Huajun Chen, et al. OntoZSL: Ontology-enhanced Zero-shot Learning. WWW 2021 Under Review.
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Real Seen Samples

- [Z"’t'ﬁrﬁls o sitives animals] Real / Fake?
imgc:Equine with black stripes ... ,
N —.
rdfs:subClassOf - Discriminator
—
> GAN \, =
Generator | e
ﬁngc.a)b;ailn b - i Classification
imgc:hasBodyPart I I Loss
[imgc:solid_colon] 9z E =
Iimgc:hairy_taiﬂ l
Knowledge Graph e aarraaaaaanaaas ; Softmax . 9
der like Rel GCN, T E T gy ) Classifier ;
encoder like Relationa , TransE ... T~ . | Ty Predict Label
t . Teating Sage Unseen Testing Samples
Standard ZSL Generalized ZSL
Methods | AwWA ImNet-A ImNet-O AwA ImNet-A ImNet-O
acc acc acc accg accy, H accg accy H accg accy H

GCNZ - 31.62 30.05 - - - 49.52 15.68 23.81 | 44.60 14.48 21.87

DGP 58.99 33.07 31.23 86.19 16.59 27.82 | 44.72 1792 25.59 | 4740 19.00 27.13

OntoZSL | 63.31  38.72 3424 | 6490 4935 56.06 | 37.92 26.65 31.30 | 4340 2150 28.76

Yuxia Geng, Jiaoyan Chen, Huajun Chen, et al. OntoZSL: Ontology-enhanced Zero-shot Learning. WWW 2021 Under Review.
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® More Expressive Knowledge: Ontology(Logic)-based Semantic Composition

“Killer_Whale = Toothed_Whale 1 3 hasTexture.Patches m 3hasHabitat.Ocean ...

(Text, Image) features

+  Ontology ; :
E : > & 11| Labeled Images | !
- - i | 3 Train -
! . . Ontology | | @ ) of Seen Classes | !
! : | Embedding! | 2 ;
: : T m ;
! Killer Whale : L1 8 P !
i Toothed Whale - |l a Predict 1< Testing Images of |
' 3hasTexture.Patches N o — @ Unseen Classes | |
i 3hasHabitatOcean ... VW€ _~ "~ _Whale_ :

O SeenClass ( : ) Unseen Class Train: Learn a mapping function from image features to class semantic encodings

—— subClassOf —— DataFlow Predict: Map image features to semantic encodings, compare them with those of classes

Embedding of Logical Axioms e.g., by geometric learning (Kulmanov et al. 2019)

Ontology Embedding { _
Embedding of text and paths e.g., by neural language model (Holter et al. 2019)

Jiaoyan Chen, Yuxia Geng, Huajun Chen, et al. Ontology-guided Semantic Composition for Zero-Shot Learning. KR2020.
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® Knowledge of Text Labels

vy, [ A classifier for ¢; € Cs

Phase 1: Coarse-grained Classification

A collection of classifiers

] Ji €Cs

Phase 2: Fine-grained Classification

[ A classifier for cc| € Cs ]

Vi €Cs

Refinement

Data augmentation

v, [
[ A traditional classifier
Ji
Feature A zero-shot
augmentation classifier

L vny ool
Uw; Ves Vw,c

FE

7z

14k

(@) | class labels Class descriptions

an organization that provides services, or that makes

Company or sells goods for money

Educational
Institution

a place where people of different ages gain an
education.

Artist someone who makes paintings, sculptures etc

Pisce Work

—

[ Village ][Bul‘ldlng][ Natural ][ Person ][Organlntlon]l Written l Film | Album l

e

(e | atniete | [ artist ] (company] [ Saucateral]

(c) Used For
[ 1 Related To
Related To sclence
Related To Related To
At Location
research P! university
Used For At Location

Related To

Used For (T 0]
Has Prerequisite

Used For

Used For

Integrating Semantic Knowledge to Tackle Zero-shot Text Classification. NAACL 2019.
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® Logic Rules and Semantic Connections of Relation Labels

Seen relations

| ) \ \
: Semantic Implicit semantic connection : Explicit semantic connection : Unseen Relations Inference :
| i
| North Sea basin_couny_of () Germany 1 ;o me oo ommm o s s oo ; :
| ) hast_conny. of i ! Rule: lOCZtedd_m_COM”tW (xy) | | similarity metric —>»  (3070) i
: next_to_the_body of water \ ONorway ! g A next—to— O 'y —Of _water (x,z) g | : m |
| Grsiin i) G : ﬂ =>basin_country(y,z) | : : :
: Ostend located_in_country —>OBelgium : g ! | D I R e S i B e e = 4
\ | : _____________ Y < N
o LTI ___________________________________________________ﬂ______________: : Feature representation : Semantic representation learning
Semantic representation ! ; ! , |
. : I | ConSE DeViSE | |
Unseen relations OOOO baSIn_COUntI’y_Of : : | [ o ] [ o ] : @ @
| i
. I I
located_in_country next_to_body_of water : , Encoder | ) @
I I I
|

l KG emb Rule-based emb

Rules
award-received(x,y) \ winner(y,z) = nominated_for(z,z) 0.89

spouse(z,y) N father(y,z) = mother(z,z) 0.73

Input: The soundtrack
consists of 10 songs
including

by ,and ...

Beijing is the capital city which is  Western Sahara borders

located in northern part of China. the North Atlantic Ocean. componser(zy) = lyrics.by(5,3)0.61

—> & le:

Juan Li, Ruoxu Wang, Huajun Chen, et al. Logic-guided Semantic Representation Learning for Zero-Shot Relation Classification. COLING2020.
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® The transferability of deep features in ZSL

f Graph Convolutional Layer 1
LW [ - o :
o~ 0/ o/ ®/

[\ [\ ] D | .
T g, T, = I f ) | y |\ / )
e ) Ve | /e | VS S —— o— —y
| DBpedia Knowledge | u ‘—» ‘/,, \ 0 LA % [==® ”,,r\\w\‘= ‘Lf' a g " | Classifier: f
I felidae; " : "\ | | ‘ \ | | Q\ o Lo-esnen
_ SeenClass - — — — — — — = = = = = = active in the day as well " ._' . . N
4 Attribute I as at night; I " ) v\l . ! II
' Knowledge L Africa; ) | . VVVV " inputs hidden layer OUtP“tS 1 ‘ .
WP Ut it e M ety it —> Training Stage
AttenﬂonLayer ” — Testing Stage
\::::::::::::::::::::::::::======
ZSL Learner: WordNet & Attentive Graph Convolutional Network
. KG: Attribute Graph Evidence Extractor Explanation Templates
N 728 A \
[ —_— [} peery
|: ﬁ Attributes Extraction E I Slot Filling :
I Association Rules 1 | Predefined Rules & IA i ! K [
I sy - -~ x EvidenceMining | _AUributes; | Attribute Items & [
Entity I Algorithm I T Item-specific Templates I
s | (Entities e.g, Cat,Cheetah] | | ” 1: = Natural
e o) <
Aale=—— s A 11 1 & 1 __ )71 | ! Triples Extraction Tnples [ Triple Patterns & : Language Sanaties
“ [ ( [ ] \ :: Tﬁplel:gne:ins& ! Pattern-specific Templ ! L
: dbr:Cheetah SPARQL Conditi P
Why Cat and Cheetah transfer their = ! E"‘““H:PAR;E;“ | ey | ;: !
|| I
(raw names) — K ds Extracti , i !
features to Serval? ” | (iviples Abstract Text ] | AbsimetToxtde | oL | o e s |
1 I |\ TextRank Algorithm | S Ji
‘) KG:DBpedia - ———— ! oot

Explanation Generator: Attribute Graph & DBpedia

Yuxia Geng, Jiaoyan Chen, et al. Explainable Zero-shot Learning via Attentive Graph Convolutional Network and Knowledge Graphs. Semantic Web Journal.
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Yuxia Geng, Jiaoyan Chen, et al. Human-centric Transfer Learning Explanation via Knowledge Graph.
AAAI 2019 Workshop on Network Interpretability for Deep Learning. 24
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breast_color

breast_pattern
\ head_pattern
wing_shape =T
wing_color forehead_color

leg_color

red

grey

Horse IMSCs of Horse

(Unseen Class) Zebra (w: 1.0)

Image
The prediction for samples of horse is supported by zebra. They
are both grazer, grouped, quadrupedal, both have hooves, muscle,
Generated longneck, chewteeth, both live in plains, and behave timid. They
Explanation are both species of equus, and are both a member of herbivorous

& animals. They are both ungulate animal, and are similar in night

Score vision and large ears.

Readability [G/M/B]: M
Rationality [G/M/B]: G

dbr:Grey-headed_albatross J

[dbr:Barbara_wienecke ]
:
dbo:field

det3subject 7 [ dbr:Black-winged_petrel ]

dbr:White-bellied_storm_petrel |

dbr:White-faced_storm_petrel ]

- rdfs:seeAlso

Y
dbr:Pelagic_zone dht;abstract

Seabirds are birds that are adapted to life within the
marine environment. Most species nest in colonies,
and feed both at the ocean's surface and below t.
Seabirds can be highly pelagic, coastal, orin some
cases spend a long time away from the sea. They
also have provided food to hunters, guided
fishermen to fishing stocksand led sailorsto land.

hypernym

dbr:Greater_crested_tern ]

dbr:Red-footed_booby |

dbr:Long-tailed_jaeger ]

IMSCs of Stork
Black stork (w: 0.49)

Stork
(Unseen Class)

White stork (w: 0.51)

s e

The prediction for samples of stork is supported by white stork and black
stork. They are both white, black, wild, both live in water and eat fish. White
stork and black stork both belong to stork biologically. They are both large
wadding birds, and are similar in long legs.

Readability [G/M/B]: G
Rationality [G/M/B]: G

Yuxia Geng, Jiaoyan Chen, et al. Explainable Zero-shot Learning via Attentive Graph Convolutional Network and Knowledge Graphs. Semantic Web Journal.

Yuxia Geng, Jiaoyan Chen, et al. Human-centric Transfer Learning Explanation via Knowledge Graph.
AAAI 2019 Workshop on Network Interpretability for Deep Learning.
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© KREMW : N\BERESATHRFHMR=THN<ER, HEXR, BR>

70000

Relation Label Frequency

10000 A

60000 -

50000

40000

30000 -

20000 A

~40 relation labels occur <1000 times

2‘0 3|0 4b SIO
Sorted Relation ID

KA A KE 2=

Head relation (2541 samples) /people/deceased_person/place_of_death |,

[ismail_merchant], whose filmmaking collaboration with james ivory
created a genre of films with visually sumptuous settings that told
literate tales of individuals trying to adapt to shifting societal values,
died yesterday in a [London] hospital

[darren_mcgavin] , an actor with hundreds of television , movie and
theatrical credits to his name , died on saturday in [los_angeles] .

the night the news hit that [hunter_s._Thompson] had committed
suicide at his home in [woody_creek] , colo. , i drove to my office and
read a few of the letters we had exchanged over the years .

Long-tail relation (24 samples) | /people/deceased_person/place_of_burial ||

noting that [charles_Darwin] is buried in [westminster_abbey |, dr.
barrow said that in contrast with the so-called culture wars in america,
science and religion had long coexisted peaceably in england . "

/people/deceased_person/*

- Knowledge Transfer

BEBIXRRZER “KR" #HITRILER

Ningyu Zhang, Huajun Chen, et al. Long-tail Relation Extraction via Knowledge Graph Embeddings and Graph Convolution Networks. NAACL 20109.
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- REVRT
X, X, |
(00]) [00]) (00
Instance
Encoder
(00] (00]
] vl : i S" Training Instances <100 <200
: | Hits@K (Macro) 10 15 20 10 15 20
! ! nowledge-aware AW +ATT <50 <5.0 185 <5.0 16.2 333
I ! Attentio CNN +HATT 5.6 315 574 227 439 65.1
. GCN — +KATT “9.1 413 585 233 44.1 654
| ( Lot ! +ATT <50 74 407 172 242 515
|| s b 22258 2 b o PCNN +HATT 206 519 611 414 606 682
E C;(:“‘ | Knowledge gggg gg +KATT 35.3 624 65.1 43.2 61.3 69.2
E /people/person/people/person: ® ® ® ®® ® 'lb#zk “%%\” ﬁiﬂl\lj%%
| /nationality /ethnicity :
e —lag - a3 A ko Ang - oF S - Coarse-to-fine Class Embedding
le
v; —f(Wl'vz+Z -I-Z J-l-bl)

JEND

pl

|

Ningyu Zhang, Huajun Chen, et al. Long-tail Relation Extraction via Knowledge Graph Embeddings and Graph Convolution Networks. NAACL 20109.
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© AFMREETFHNENSEENXRLEI T EERT, FNREEETNEWESIEXER |

. BB R TR NE

ZMNEERT

- RIEEHERAEENEMAEZETEISE.
KG Embedding = Entity Vector & Relation Vectors = Distributed Representations of Knowledge Graph

ZOOM
- 1
~
~
[surabieror] [iea]
N
’ playingBasketball I
subClassOf
‘ need
Sports | ————{sunabioFor | —————

%14%

New Facts
New Relations

New Axioms
New Rules

<BkEH, XFE, HF>

r Hﬂﬁﬂﬁi
)

B4 : <BkEA, =JL, HDE>, <#kidE,
WY -

EXSiv )

e R
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- BABPAIREERTEIEE

A h
h fih, 1) 4
r
r
t r
hr
|hr-t|
: ] g h t { l
Entity and Relation Space )
Transk DistMult RotatE
h+r=t h*MT=t hor=t

Knowledge Graph Embedding: A Survey of Approaches and Applications. TKDE2017.
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500 Histogram of relation frequency on Wikidata
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in the 6 months between DBPedia’s October
2015 release and its April 2016 release

36, 340 new English entities were added -
a rate of 200 new entities per day.

— Open-World Knowledge Graph
Completion, AAAIl 2018
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Zero-shot Relations in KG
* ZSGAN: Generative Adversarial Zero-Shot Relational Learning for Knowledge Graphs. AAAI 2020.

* OntoZSL: Ontology-enhanced Zero-shot Learning. Under Review.

Zero-shot Entities in KG
*  Knowledge transfer for out-of-knowledge-base entities: a graph neural network approach. IJCAI 2017.
* LAN: Logic Attention Based Neighborhood Aggregation for Inductive Knowledge Graph Embedding. AAAI 2019.

Transfer-based Few-shot Relations in KG
WRAN: Relation Adversarial Network for Low Resource Knowledge Graph Completion. WWW2020.

Meta-Learning based Few-shot Relations in KG
* GMatching: One-Shot Relational Learning for Knowledge Graphs. EMNLP 2018.
* MetaR: Meta Relational Learning for Few-Shot Link Prediction in Knowledge Graphs. EMNLP2019.
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« HNRTFE

GER TSHARRIE (X%)

Ut 1121 Adversarial Training -------- ~[
4 Real Data \
- - Knowledge Transfer - - <

/ <MLB, Mickey Cochrane >
<NFL, Jason Garrett>

<NBA, Yao Ming>

Seen Relation

[ |
1 |
I I |
& | I
: I League_players : : 3 :
! A group of athletic teams
: | organized to promote T -L’ Relation * :
I I mutual ims and to -+ Embeddln ,
I compete chiefly among
l\ \ themselves. ) f /' |
\ /
N f ——————————— i ’
S fn o m m— w— — o— w— w— — —— r ——— _I ________________
———————— Fm——— - - : - ——— - -
, : I Link Prediction .
7 oA |‘ 1 I 1
‘ |
& s .
s\ " l( 5 \LUnseen Relation 5 EE Relatlo.n 1 New Relation :
== | Text Description — Embedding Facts I
| I
1 1 1
| . .
< Relation Fact Candidates /
o e e e e e o e o e e e e E e EE EE EE EE S S EE EE S S S S S S S e S e . . -

ZSGAN: Generative Adversarial Zero-Shot Relational Learning for Knowledge Graphs. AAAI 2020.
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Background KG G

<Prague, Vltava>
<Khartoum, Nile>

—

<Phnom_Penh, Mekong>

4
7

Relation: »7

7
cityliesonriver <

e

Rivers that flow

immediately
adjacent to the

city...

Word
Embedding

or through or - — P>

, ! [ |
¢ z~N(0,1) !|W}
‘4 1 1
o .}

()

l

Feature

Encoder

Layer
Normalization

Fully-connected

Fully-connected

——— o —

Generator

Framework

(X&)

I / - True/False
Classification

Discriminator

Fully-connected
ReLU
Fully-connected

- - - - - - -

Neighbor Entlty Entlty Neighbor
E"Cder Encoder Encoder Encoder
t

Basketball, Sport
1946, Founded Time

Team, Chicago Bulls

NBA Mlchael Jordan 5 Nationality, American

Feature Encoder

ZSGAN: Generative Adversarial Zero-Shot Relational Learning for Knowledge Graphs. AAAI 2020.

¥ A %4
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>

Seen KG Relation:
radiostation_in_city rdfs:subClassOf

Feature Transfer /
U’ oc:radiostation

_in_city
Unseen KG Relation:
has_office_in_city

an organization whose
goal is to make money

Textual Descriptions

radionstationincity: specifies
that a particular radio station is
headquarted in a particular city

hasofficeincity: specifies that a
particular company has offices in
a particular city

specifies... a particular company
has offices ... in a particular city

Real Feature GAN

Seen Semoles | Extractor X — D — Real/ Fake? Pre-trained Methods NELL-ZS Wikidata-ZS
v KG Embedding MRR Hit@10 Hit@5 Hit@1 | MRR Hit@10 Hit@5 Hit@1
= I - ZS-TransE (Paper) | 0.097  20.3 14.7 43 | 0053 119 8.1 1.8
O — e e R ion TransE ZSGAN 0234 373 304 160 | 0177 258 207 131
- z GG“N OntoZSL 0.250  39.9 327  17.2 | 0.184  26.5 215 138
_—— | . (Zeoshot o

o = >— % Classifier ) ZS-DistMult (Paper) | 0.235 32.6 28.4 185 | 0.189 23.6 21.0 16.1
I —] t rede DistMult ZSGAN 0249 376 30.6 183 | 0207 284 235 16.4
Oiogicn Unseen Testing Samples OntoZSL 0.256  38.5 318 188 | 0.211 289 238 167

~—+ Training Stage ~—— Testing Stage

Yuxia Geng, Jiaoyan Chen, Huajun Chen, et al. OntoZSL: Ontology-enhanced Zero-shot Learning. WWW 2021 Under Review.
¥ A% 35
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! | | | . S - KG !
. &P RIS (Out-of-Knowledge-Base entities, OOKB entities) | e ;
: ,-' Ameﬂcap Basketpall PIayer
Chlcagoﬁlls o o
y o B ;
e - Knowledge Graph Nows TR
% B/ade_/_?unner% ------------- n> Sc/ence_f/ctlon s tme Ste ArtiC|e Emerglng Entlty
(3) is-a? & B
(2) /S-&I V(n) . {Vea ( ) ( ) ifn = O,
- n—1 n—1 .
° head ( ) Us, tail ( ))7 otherw1se,
Do-Androids-Dream
-of-Electric-Sheep?
1) based-on 2
(1) L J Shead(e) — {Thead(vh; h,’f’, 6) | (h, r, 6) € Nh(e)}a
Stail(e) — {ﬂail(vt; €, T, t) | (8, r, t) € M(e)}a
— ER/II%K=7H
— WEI=x4d Thead(Vi; by 7, €) = ReLU(BN(AXN*v},)),
---= JX =74 Twit(Ve; e,7,t) = ReLU(BN(A%'v,)),
Knowledge transfer for out-of-knowledge-base entities: a graph neural network approach. IJCAlI 2017.
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» MAXMERFIJRAKERDIXRANFIES, EmiFHEENNNEERE

Input Encoder Adversarial Relation Adaptation_..............
555000 Bl instance quantity > 50000 1 R T i T Pt e T Pl i M il B B Py Y ol i s Pl e M D0y e M
B “instance quantityi[fooo0y500001(| | ~*Ti T T 1 T Y 2 1 ~T T " | 17717 " | =1T ™™ | 717 T | .===7 o
instance quantity in [5000, 10000] Source S - Target Relation(s)
300000 instance quantity in [1000, 5000] \ Relations ( ource) & \
instance quantity in [100, 1000] 0.8 H H H
instance quantity in [1, 100] H|gh Resource |:“ > El:xetatu:e Welghted MeChanlsm }
250000 ractor : \
6 P E. ;
RE precision decreases as the quantity g 1 S . .
200000 of relation instances decreases : Ej Relatlon
] .o - .
" . Classifier ; Adversarial .
150000 oé : —— Relation Instances x . . . Source Relations
: ! C Discriminator
1
| 100000 B> ; —— Target (Ta rget) 5 ] D |
s " d—— T~ s Relations % |
50000 Low-Resburee— ‘:> |:> Feature |
- —— precision 0.0 Extractor
0 10 20 30 40 50 60 70 F, Relation
t X < Average
Weights E

source relations => target relations

Ningyu Zhang, Huajun Chen, et al. WRAN: Relation Adversarial Network for Low Resource Knowledge Graph Completion. WWW2020.
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» MAXMERFIJRAKERDIXRANFIES, EmiFHEENNNEERE

=

Input Encoder Adversarial Relation Adaptation_..............
B instance quantity > 50000 1 R T Lo T Pt e Wi Pt o M il B B Py Y ol i s Pl e M D0y e M
350000 _— fns:ance quan:?:y il‘l {;gggo,lgg(o)g;)] .............. Target Relation(s)
instance quantity in X ot
300000 instance quantity in [1000, 5000] \ (source) s \
instance quantity in [100, 1000] 0.8 i - -
dor) =S e ' High Resource Feature Weighted Mechanism }
250000 ! Extractor : ‘
6 =5 F :
RE precision decreases as the quantity g 1 S . .
200000 of relation instances decreases : Ej Relatlon
! | T oL . A
150000 0.4 | WOI‘d. KG _ Classifier I.\dv.ers.arlal Source Relations
‘ : embedding embedding C Discriminator
1
100000 \ }] D |
: i ;= : Target
e <y [tWO OF three sentences & triple] (Target) <1 |
50000 ; ' Feature |
. Low Resource H : >
—— precision 0.0 i Extractor

0

0 10 20 30 40 50 60 70 5 : (Gary Howe, performer, Br 't'Sh) F, Relation
t X <:| Average
Weights

source relations => target relations

Ningyu Zhang, Huajun Chen, et al. WRAN: Relation Adversarial Network for Low Resource Knowledge Graph Completion. WWW2020.
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» MAXMERFIJRAKERDIXRANFIES, EmiFHEENNNEERE

Relation Extraction Task Link Prediction Task Relation Extraction Task Link Prediction Task
| | Gary Howe is a British comedy performer. (Gary Howe, country, British) : Lorenzo_Ruiz was born in Binondo , Manila. (Lorenzo_Rlﬁén;;;‘az)ce_of_blrth, [

B
A

(Thomas_Parnell,

() il ish cri (A s. Williams, country, England) || i -
| country - A. S. Williams was an English cricketer. ( illiams, country, Englan ).‘ place_of_birth Thomas_Parnell was born in England. place_of birth, England) [
| g
Killen emigrated to the United_Statesin 1967.  (Killen, country, United_States) | Cynisca was born around 440 BCin Sparta. (Cynisca, place_of_birth, Sparta) |

Positive Transfer ’\ V Positive Transfer

‘ Relation Extraction Task Link Prediction Task "[
4 Source Relations | place_of_burial Merneptah was firstly buried in tomb KV3. (Mernept::r;‘zlws_)of_bunaL ‘ 1 Target Relation

Negative Transfer \' ‘/ Positive Transfer
\ Relation Extraction Task Link Prediction Task , Relation Extraction Task Link Prediction Task
o s . . ] 111 S o (Thomas_Parnell, 11
|  -..>7./‘ Brit ONeill is a Canadian curler from Ottawa. (Canadian, capital, Ottawa) ‘ — ‘ | Thomas_Parnell died in Brisbane_,_Australia. . place_of death, Australia) ‘ |
L ! (@ 1 :
. A . = | ( psmafjor % ] i i Jacques_du, place_of death, |
| capital | ) Quinlan later moved to Malvern, Victoria. (Victoria, capital, Malvern) ‘ place_of_death Jacques_du_Broeucq died in Mons. | Uacques._ uM?)n:) Frok ‘ |
‘ | Faye McClelland, born in London, is British. (Britain, capital, London) ‘ » \James_Allan died in October in Sunderland. (James_AéS: d:rlaacned—)o _deat ‘

Ningyu Zhang, Huajun Chen, et al. WRAN: Relation Adversarial Network for Low Resource Knowledge Graph Completion. WWW2020.
. /-1
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» MAXMERFIJRAKERDIXRANFIES, EmiFHEENNNEERE

Weighted:Mechanism

N Relation
Classifier i Adversarial ;
Cc ‘i> Discriminator Sou‘rce Re-'itlons
oA P = HE
%} u
\ [l
n s

Weights

» Weighted Mechanism in Relation Adversarial Network

—

________________________ - ‘ ::>Forward Propagation
% <— Back Propagation
Auxiliary nsta é’.
PO nstance
Discriminator —) (L lps --- - 8 Relation
D, g Adversarial
5 7 CD Discriminator
------------ -’- =7 .g D
c
G

Jouh

Relation

oL,
w) B

Model Architecture

min max L(D, Fs, Ft) =Ex.p_(x)[log D(Fs(x))]+

Ex~p, (x)[1 — log D(Ft(x))]

FS,Ft

min maxL.,(C, Dy, Fs,F;) =

Fy

Ex~p, (x)[W'° log Dy (Fs(x))]+
E~pe()[1 — log Dr (F1(x))]

Ningyu Zhang, Huajun Chen, et al. WRAN: Relation Adversarial Network for Low Resource Knowledge Graph Completion. WWW2020.

¥ A%

Model FB1.5M
MRR MR HIT@1l HIT@3 HIT@10
TransE [2] 0.075 15932 0.046 0.087 0.128
TransH [43] 0.079 15233 0.049 0.089 0.130
TransR [17] 0.081 15140 0.050 0.090 0.135
TransD [15] 0.085 15152 0.048 0.089 0.139
DistMult [45] | 0.065 21502 0.036 0.076 0.102
ComplEx [38] | 0.072 16121 0.041 0.090 0.115
ConvE [8] - - - - -
Analogy [19] | 0.116 13793 0.102 0.145 0.205
KBGAN [3] - - - - -
RotatE [36] 0.125 10205 0.135 0.253 0.281
KG-BERT [46] | 0.119 13549 0.093 0.195 0.206
IterE [59] 0.109 14169 0.073 0.175 0.186
wRAN ’ 0.141 9998 0.199 0.284 0.302
40
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o DREARZEII+TE S (meta learning)

¥ ¥l

==
]

- Qge7Ei)lgRT (Seen) B9 H/HE2 b F1Tm

framing set Testing set
airplane (it [N B ™ |08 M O 2 ==
automobile D BB T W El= &
bird imil V& FEEREM
cat s e AR .
deer A~y vV EREE
dog HE~EsBrra =
frog EEESESDAEE
horse | IR B 5 Vol 5 S O TR
ship S Ec NS e
truck |l B A N B 2 o N SR

e AL B2 S RS

REIRCETE

Training support set
airplane | == RNEETT
automobile 52 5 1 0 b2
ora | g RS
cat |G
deor | IR

Testing upport set
dog o (Y
oo SRR
horse =L e
ship  ESEdE 8
truck i A

» Learn to Learn: training tasks (models) with few examples
* Generalize to new tasks with few examples
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Training Support Query
Task #1 (CountryCapital) L . relation-specific
ta i ti
Support | (China, CountryCapital, Beijing) meta information
S Nadella, CEOof, Mi ft
Query | (France, CountryCapital, Paris) Sty Radate |0 toroges) l
Task #2 (CEOof) (Tim Cook, CEOof, Apple) (Jack Dorsey, CEOof, ?)
|
Support | (Satya Nadella, CEOof, Microsoft) (Sundar Pichai, |CEOof, Google) Rzlati""al
earner
Query | (Jack Dorsey, CEOof, Twitter)
Testing

Task #1 (OfficialLanguage)

relation-specific

Support |  (Japan, OfficialLanguage, Japanese) meta information
Query | (Spain, OfficialLanguage, Spanish) (PR Countr;iCapltal, Beijing) l
(Russia, CountryCapital, Moscow) (USA, CountryCapital, ?)

. o« o . _ |
Table 1: .Tl'le tfalmng and testing examples of 1-shot (UK, (CountryCapital,] London)
link prediction in KGs.

Mingyang Chen, Huajun Chen, et al. MetaR: Meta Relational Learning for Few-Shot Link Prediction in Knowledge Graphs. EMNLP2019.
¥ A% 42
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« JLRARES : EREVEXRZFEANER TEMAREEHEE
o EARZBHME . ZESupportPh AR HESupportSE FRYSKESLMRBE| X R TT (rel-meta) EAXRMFTRT, REFHH
SupportE M= TEITEMKEFR<ZR T, HFIEEFEHNRETEAXRZNFT BRI Queryfh ERAVSERETIUNF .

Support Step

S = (h ) g -t

Embedding
Learner

— 5{(hi,t:)}

A

Q= (hj’tj)

Embedding
Learner

S{(h;t;)}

Mingyang Chen, Huajun Chen, et al. MetaR: Meta Relational Learning for Few-Shot Link Prediction in Knowledge Graphs. EMNLP2019.

MRR Hits@ 10 Hits@5 Hits@ 1

NELL-One I-shot  S-shot | 1-shot S-shot | I-shot 5-shot | 1-shot 5-shot
GMatching RESCAL 188 - 305 - 243 - .133 -
GMatching_TransE 171 - 255 - 210 122 -
GMatching_DistMult A71 - 301 - 221 - 114 -
GMatching_ComplEx 185 201 313 311 260 264 119 .143
GMatching_Random 51 - 252 - 186 - .103 -
MetaR (BG:Pre-Train) .164 209 331 355 238 .280 .093 141
MetaR (BG:In-Train) 250 261 401 437 336 350 170 .168

Wiki-One I-shot  5-shot ‘ I-shot 5-shot ‘ I-shot  5-shot ’ I-shot  5-shot
GMatching RESCAL 139 - 305 - 228 - 061 -
GMatching_TransE 219 - 328 - 269 - .163 -
GMatching_DistMult 222 - .340 - 271 - .164 -
GMatching_ComplEx 200 - 336 - 272 - 120 -
GMatching_Random 198 - 299 - 260 - 133 -
MetaR (BG:Pre-Train) .314 323 404 418 375 385 .266 270
MetaR (BG:In-Train) 193 221 280 302 233 264 152 178
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! Graph & Semantic
Knowledge Graph | CVv \
BAAEE B e el
| KG & LRL
TextC, RE - NLP F ZSL E
) ! KG4LRL LRLAKG
Explanation :
Long-tail Relation Extraction - FSL (

iﬁ/{/«;’(iﬁ

\

ZSL in KG

FSL in KG

AN

-

Zero-shot Relations

Zero-shot Entities

Relation Transfer
Learning

Meta Relation
Learning
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Low Resource is Everywhere!

- ANIEst= ALHERE"

© BURMER (KED . FIAGUE)
© EHASEHIES

o FBAGUE (CV,NLP,KG, ...) ;

©  EBRREUARTIIRIE ERE BT K

What | hope will happen

Integrate symbolic & neural approaches
e use
+ ontologies to improve neural models
+ neural models to improve ontologies that faithfully
. ( reflect the semantics of
» combine ‘neural’ & ‘ontology’ features the ontology
- (knowledge) graph/ontology embeddings
+ their use in neural models
» knowledgeable models
+ reduced training: few/0 shot learning 7
+ increased scrutiny/trust/transparency .Q“\L/
* understanding bias g4 WolL

Y HAL Uli Sattler @ ISWC2020

Knowledge is Power!

o BIEER or S F IEE

o AIRIRHAIE NS EMFEE X AT IUFE B E T
EiElLabelZ= (8], fBRLabel{KFIE A ;

s MR UNEERREF Y. R-EMSCAIEUE,
B ERAE LW AIEUE.
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Challenge

o WERANR SR HTERANR S, KRAMFIA
MBI ES ?

« BEFEMNHIRMEEFNFIRR T TR



,J\@
Ky E,J
lﬁ



