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PART |

-Shallow knowledge graph embedding



Knowledge Graph

What are knowledge graphs?
» Multi-relational graph data

* (heterogeneous information network)

 Provide structured representation for semantic

relationships between real-world entities

City

A triple (h, r, t) represents a fact, ex:
(Eiffel Tower, is located in, Paris)




Examples of KG
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Applications of KGs

Foundational to knowledge-driven Al systems
Enable many downstream applications (NLP tasks,
QA systems, etc)
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Knowledge Graph Embedding

*Goal:

* Ik'ncode entities as low-dimensional vectors and
relations as parametric algebraic operations

-Applications:
» D1alogue agents
» Question answering
» Machine comprehension

» Recommender systems



Key Idea of KG embedding algorithms

- Define a score function for a triple: f-(h, t)

» According to entity and relation representation

Triple UCLA .Eogaie cilﬁ W

socruncion | (@00 @00 @OO )
h

r t

- Define a loss function to guide the training

* IX.g., an observed triple scores higher than a negative one



Summary of Existing Approaches

Model Score Function
SE (Bordes et al.,[2011) — ||[Wr1h — W, ot|| h,t ¢ R*, W,.. ¢ R**"

TransE (Bordes et al.,|2013) —[[h 4+ r — t]| h,r,t € R
TransX —|lgr,1(h) + 1 — gr2(t)|| h,r,t € R
DistMult (Yang et al.,|2014) (r,h,t) h,r,t € R”
ComplEx dTrouil-lon et al},[2016) Re({(r, h,t)) h,r.t e C"
HolE (Nickel et al., 2016 r,h®t) h,r,t € R”
ConvE (Dettmers et al.,2017) | (o(vec(a([r,h] * Q))W), t) h,r,t € R

RotatE

“Jhor—t|

2

h,r .t e C" |r|=1

Source: Sun et al., RotatE: Knowledge Graph Embedding by Relational Rotation in

Complex Space (ICLR’19)




TransE: Score Function

-Relation: translating embedding

- r China " Peliing
h us / D.C.L d
ondon
. UK /
> "  :CaptialOf

«Score function
fr(h,t) = —||lh+r—t]|=—-d(h+r,t)

Bordes et al., Translating embeddings for modeling multi-relational data,
NeurlPS 2013



TransE: Objective Function

-Objective Function

» Margin-based ranking loss
'L = Znroes L renest,, [V T4 RFT,0 —dh +1,8)],

» [x]+ denotes the positive part of x, i.e., max(0, x)
*y > 0 denotes the margin hyperparameter

* The higher the bigger difference between positive triple and negative
one

- S: positive triple set; S': corrupted triple set (negative
triples)

-Optimization: stochastic gradient descent

10



TransE: Limitations

-One-one mapping: t = ¢,.(h)

» Given (h,r), t 1s unique

» Given (r,t), h 1s unique
* Anti-symmetric

o [f r(h,t) then r(t,h) 1s not true

» Cannot model symmetric relation, e.g., friendship
« Anti-reflexive

*r(h,h) 1s not true

- Cannot model reflexive relations, e.g., synonym

11



DistMult

*Bilinear score function
- f-(h,t) = h" M.t
* Where M.. is a diagonal matrix with diagonal vector r
» A simplification to neural tensor network (NTN)
*Objective function

¢ L — Z(h,r,t)ES Z(h"r't’)es(’hm,t) [y T f?‘ (h) t) + f?‘ (h’) t’)]+
«Limitation

» Can only model symmetric relation

“fr(h,t) = f(t, h)

Yang et al., Embedding entities and relations for learning and inference in
knowledge bases, ICLR 2015 12



PART li

» Bringing additional symbolic knowledge into
knowledge graph embedding

13



Outline

-Introduction

*Bringing First-Order Logic into Uncertain KG
Embedding

*Bringing Ontological Concepts and Meta
Relations into KG Embedding

Summary & Future Work
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Limitations

+Closed-world assumption
» Observed triples are true facts

» Unseen triples are false

«Flat structure assumption
* No additional structures

» Every triple 1s scored using the same form of
score function

15



Solutions

*From deterministic KGs to uncertain KGs

» Bringing logic rules and probabilistic soft logic to
handle uncertainty

» Examples of uncertain KGs

NELL N L/ ConceptNet

An open, multilingual knowledge graph

*From one-view KGs to two-view KGs

- Bringing ontological concepts and meta relations

16



Outline

 Introduction

* Bringing First-Order Logic into Uncertain KG
Embedding M

e Chen et al., "Embeddine Uncertain Knowledge
Graphs," AAAT'19

* Bringing Ontological Concepts and Meta
Relations into KG Embedding

Summary & Future Work
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http://web.cs.ucla.edu/%7Eyzsun/papers/2019_AAAI_UKG.pdf

Two Types of Errors in KG

- False positive
» An observed triple 1s wrong,
*e.g., (Obama, is_born_in, Kenya)
- False negative

* A true fact 1s missing

- e.g., (Eiffel Tower, is located in, France)

18



Handling Uncertainty in Triples

-False positive errors can be alleviated by
introducing uncertainty

 E.g., (Obama, 1s_born_in, Kenya): 0.01

Chour- \ ) Entertainment
Qu
. ‘y Smg y People_Complaining
<

Church ) O Echo

&JSGSZNOB
usedFor:
usedFor: 0.6 I

Pray @ Wedding Song Rehearsing_Room

- It f,-(h, t) to uncertainty scores

19



From score function to uncertainty score

-Given a triple | = (h, r, t) with uncertainty

score S;

* Transform f,-(h, t) into a score 1n the range 0,1}

* E.g., for DisMult score function

ol

ol e )—)Sl

ground truth

h t :
confidence

* Where ¢ (-) can be defined as

1

. Logistic function @(x) = 1 - o—(watby UKGE(logi)

- Bounded Rectifier ¢(x) = min(max(wx + b, 0), 1) UKGE(rect)

20



Handling Missing Facts

*Are unseen triples still needed?

* Yes, negative triples are stll data points!

-Can we treat them as false, i.e., s, = 0, if
triple L is unseen?

* No, we are going to make too many mistakes!

* The potential probability of an unseen triple could be
higher than an observed triple with low confidence

Synonym:‘OV ‘Yynonym: 0.99

21



Bringing Logic Rules

What are logic rules?
» Logic rule
* (A, synonym, B) A (B, synonym, C) = (A, synonym, C)
» Ground rule

* (college, synonym, university) A (university,
synonym, institute) — (college, synonym, institute)

. ?
Why are they helpful:

- Help us to infer the score  symonm: iy RN gmonym: 0.09
for unseen triples

22



Probabilistic Soft Logic

» Quantify a ground rule using PSL
- Lukasiewicz t-norm, from Boolean logic to soft logic

[1 Nlo = max{0,I(ly) + I(l2) — 1}
[y Vie=min{l,I(l1)+ I(l2)}
-l =1—1(11)

- Probabllity of a ground rule ¥ = yp04y = Yhead

*Dy = I(_'Vbodyvyhead) — min{l»l — I(Vbody) + I(Vhead))
- Distance to satisfaction
* dy =1 —py = max{0, I (Voody) — I (Vhead) }
More publications on PSL: https://psl.lings.org/
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The Goal: Minimize Distance to Satisfaction

-Example: Consider the following ground rule

[, confidence: 0.99 [, confidence: 0.86
- (college, synonym, university) A (university , synonym, institute) —
(college, synonym, institute)

[; confidence: ?

* Recall, dy=1-py= maX{O, I('Ybody) - I('Yhead)}

dy = max{0, [(l; Nlz2) — I(l3)}
_ maX{Oj gzgl _|_ ;.;362 B 1 B f(l3)} university

synonym: 0.86 \ynonym: 0.99
= max{0,0.85 — f(l3)} / -
college

Say, our embedding model predicts it as 0.65.
How good is this prediction?

24



The New Embedding Model

*For observed triples, force its score close to
ground truth score

*For unseen triples, minimize the distance to
satisfaction in ground rules they are involved

12 2
T=Y @ —sl>+ D > [ (r)
lELT leL— el
] Distance to satisfaction
Emb.eddlng-basefi for a ground rule y,
confidence function where triple Lis

involved in

25



Experiments

*Datasets

Dataset | #Ent.  #Rel. #Rel. Facts Avg(s) Std(s)

CN15k | 15,000 36 241,158 0.629  0.232
NL27k | 27,221 404 175,412 0.797  0.242

PPISk 5,000 7 271,666 0415 0.213
-Logic Rules

(A, relatedto, B)A(B,relatedto,C) — (A, relatedto,C)
(A, causes, B)A(B,causes,C)—(A,causes,C)

(A, competeswith, B)A(B,competeswith,C) —(A,competeswith,C)
(A, atheletePlaysForTeam, B)A(B, teamPlaysSports, C)— (A, atheletePlaysSports, C)

(A, binding, B)A(B,binding,C)—(A,binding,C)

26




Baselines

» Deterministic KG embedding models, which does not
model confidence scores explicitly

« Transk [Bordes et al. 2013)]
» DistMult [Yang et al. 2015]
« ComplEx [Trouillon et al. 2016]
» Uncertain Graph Embedding, which only provides node
embeddings
« URGE |Hu et al. 2017]

» Two simplified version of our models
« Without Negative Sampling (UKGE_n-)

« Can we just ignore the negative links during training?

- Without PSL. (UKGE_p-)

« Will simply treating unseen relations as 0 a good strategy?

27



Relation Fact Confidence Score Prediction

-Given an unseen triple (h,r,t), predict its

confidence

-Metrics: MSE and MAE (X 10~2)

Dataset

CN15k

NL27k

PPISk

Metrics

MSE MAE

MSE MAE

MSE MAE

URGE

10.32 22.72

7.48 11.35

1.44 6.00

UKGE,,_
UKGE,_

23.96 30.38
9.02 20.05

24.86 36.67
2.67 7.03

7.46 19.32
0.96 4.09

UKGETECt

3.61 19.90

0.95 3.79

UKGEj0qi

9.86 20.74

143703

0.96 4.07
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Relation Fact Ranking

-Given a query (h, r, ?t), rank all entities in
our vocabulary as tail candidates

*Metrics: normalized Discounted Cumulative
Gain (nDCG) (linear gain and exp gain)

metrics

CNI15K

NL27k

PPISk

Dataset

linear exp.

linear exp.

linear exp.

TransE
DistMult
ComplEx

URGE

0.601 0.591
0.689 0.677
0.723 0.712
0.572 0.570

0.730 0.722
0.911 0.897
0.921 0.913
0.593 0.593

0.710 0.700
0.894 0.880
0.896 0.881
0.726 0.723

UKGE,,_
UKGE,_

0.236 0.232
0.769 0.768

0.245 0.245
0.933 0.929

0.514 0.517
0.940 0.944

UKGETect

0.773 0.775

0.939 0.942

0.946 0.946

UKGE g

0.789 0.788

0.955 0.956

0.970 0.969
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Relation Fact Ranking — Case Study

CN15k house usedfor

NL27k Toyota competeswith

Ground Truth Predictions
Entity Score Entity Predicted Score True Score
sleeping 1.0 relaxing 0.86 N/A
rest 0.98 sleeping 0.85 1.0

bed away from home0.71

stay overnight 0.71

Honda 1.0
Ford 1.0
BMW 0.96

General Motors 0.90

rest 0.82 0.98
hotel room 0.80 N/A

Honda 0.94 1.0
Hyundai 0.91 0.72
Chrysler 0.90 N/A

Nissan 0.89 0.86

30



Outline

 Introduction

- Bringing First-Order Logic into Uncertain KG
Embedding

- Bringing Ontological Concepts and Meta
Relations into KG Embedding @

e Hao et al., "Universal Representation Learning of
Knowledee Bases by Jointly Embedding Instances
and Ontological Concepts,” KDID’19

«Summary & Future Work
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http://web.cs.ucla.edu/%7Eyzsun/papers/2019_KDD_JOIE.pdf

Why ontological view?

- Meta-Level reasoning

« What kind of relations would a scientist has?
* Works in universities or research labs
» Graduated from some university

especially benefits long-tail entities

* E.g., given Anna 1s a scientist, she should be close
to other scientists in the embedding space

32



Instance View and Ontological View of KG

Ontology-view Knowledge Graph

a_ ; - -
S0 . ar_location / \
A N RN / \ w

IS is _da
is a - hws _in /
_a s I(’F(m’cf to >

.' o m Iomnon
H fU( MHHH
leader
A

is_located _in

Columbia
University

has_award

; a’ graduated_jfrom
1as_awar

O Concept Nobel Peace graduated_from
S Entity Prize
.......... >  Type Links Richard
Hofstadter

—_— Relation was born_in
Instance-view Knowledge Graph

— = — = Meta-Relation
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More on Ontological View

-Relation to Schema

* Schema provides a template or guidance on what
types of relation could hold for a specific pair of

entity types

» Also potentially with hierarchical taxonomy
-How to get it?

» Integrate KG with other sources
* E.g., align YAGO with ConceptNet

34



Joint Embedding

* Instance embedding provide detailed and rich information
for their corresponding ontological concepts

- Ontological concepts largely determine the embedding of
their instances

Ontology-view Knowledge Graph

' niversl :
= Tcapital . Donald Tramp
Hawaii AP Honolulu Category
“Person”
““State” Category “City” Category Category

Instance-view Knowledge Graph
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Cross-View Association Model

-Based on cross-view links, associate the
instance embedding space and ontological
embedding space

« Option 1 (Cross-View Grouping, CG): torce the

two spaces mto the same space
CG 1 CG
o ]Crosszﬁ Z [||C_e||2_}/ N
(e,c)eS

- Option 2 (Cross-View Transformation, CT):

transform 1nstance space mto ontological space

1
o Jggss _ 5 Z [YCT +lc = fer(e)ll, — ||¢” - fCT(e)H2]+
(e,c)eS
Ne,c" )¢S



lllustration of CG and

Embedding Space
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Hierarchy-Aware Intra-View Model

-Base models could be any existing KG
embedding models

¢ Examples; frranse(h, 1, t) = —||h + T — |2
fyvut(h,r,t) = (hot) - r

fHOlE(hs I, t) — (h * t) T

*Hierarchy-aware embedding

» Similar to CT, transtorm lower-level concepts into
higher-level concepts

gua(cp) = o(Wha - ¢; + bya)

38



The Joint Model

«Combine cross-view model and intra-view
model

J = Jintra + @ * JCross

_ 161 - 1Go\T - 7HA
- Where Jmtra = ]Intra T s T @2 ]Intra

39



Experiments

« Datasets

» Constructed two new datasets from YAGO and
DBpedia

Instance Graph Gr Ontology Graph Go .
Dataset . , . ) , Type Links &
#Entities  #Relations #Triples | #Concepts #Meta-relations #Triples P
YAGO26K-906 26,078 34 390,738 906 30 8,962 9,962
DB111K-174 111,762 305 863,643 174 20 763 99,748

» Tasks

* Triple completion

- Entity typing
- Ontology population

- Baselines: treat all links equally

40



Triple Completion

«CT is better than CG
*Hierarchy needs to be handled

Datasets YAGO26K-906 DB111K-174
Graphs Gr1 KG Completion Go KG Completion Gr1 KG Completion Go KG Completion
Metrics MRR H@! H@10 | MRR H@! H@10 | MRR H@l H@10 | MRR H@1 H@10
TransE (base) 0.195 14.09 34,51 0.145 12.29 20.59 0.327 22.26 49.01 0.313 23.22 46,91
TransE (all) 0.187 13.73 35.05 0.189 14.72 24.36 0.318 22.70 48.12 0.539 47.90 61.84
TransC 0.252 15.71 37.79 - - - 0.359 24.83 4931 - - -

JOIE-TransE-CG 0.264 16.38  35.45 0.189 11.16  29.44 0.394  27.75 51.20 0.598 53.84 7179
JOIE-TransE-CT 0.292 18.72 4414 0.240 14.49 3347 0.443 32.10 67.839 | 0.622 58.10 72.97
JOIE-HATransE-CT | 0.306 18.62 51.72 | 0.263 16.72 38.46 | 0.473 33.79 7137 | 0.591 52.07 79.65

DistMult (base) 0.253 22091 28.76 0.197 17.72  25.08 0.265  25.95 27.63 0.235  15.18 29.11
DistMult (all) 0.288 24.06 31.24 0.156  14.32 16.54 0.280  27.24 29.70 0.501  45.52 64.73
JOIE-Mult-CG 0.274 1880  37.45 0.198 11.16 2791 0.320 2344 4949 0.532  46.15 68.91

JOIE-Mult-CT 0.309 20.40 46.15 | 0.207 14.71 30.43 | 0.404 26.55 60.86 | 0.563 50.50 71.62
JOIE-HAMult-CT 0.296 1939 4548 0.202 13.72 31.10 | 0.369 24.82 55.86 0.521 3846 77.25

HolE (base) 0.265 25.90 28.31 0.192 18.70  20.29 0.301  29.24 31.51 0.227 1891 32.83
HolE (all) 0.252 2422 26.56 0.138  11.29 14.43 0.295  28.70 30.32 0.432  38.80 56.05
JOIE-HOIE-CG 0.253  18.75 34.11 0.167 13.04  22.33 0.361 2413  46.15 0.469  41.89 62.16
JOIE-HoIE-CT 0.313 2040  47.80 0.229  20.85  28.42 0.425 29.09 66.88 | 0.514 43.24 69.23
JOIE-HAHOIE-CT | 0.327 2242 52.41 | 0.236 16.72 30.96 | 0464 33.11 69.56 | 0.503 40.80 71.03
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Entity Typing

-Significantly enhances the entity typing
result

Datasets YAGO26K-906 DB111K-174

Metrics MRR Acc. Hit@3| MRR Acc. Hit@3
TransE 0.144 7.32 35.26 | 0.503 43.67 60.78
MTransE 0.689 60.87 77.64 | 0.672 59.87 81.32

JOIE-TransE-CG | 0.829 72.63 93.35 | 0.828 70.58 95.11
JOIE-TransE-CT | 0.843 7531 93.18 | 0.846 74.41 94.53
JOIE-HATransE-CT | 0.897 85.60 95.91 | 0.857 75.55 95.91
DistMult 0.411 36.07 55.32 | 0.551 49.83 68.01
JOIE-Mult-CG 0.762 62.62 87.82 | 0.764 60.83 91.80
JOIE-Mult-CT 0.805 70.83 89.25 | 0.791 65.30 93.47
JOIE-HAMult-CT [0.865 81.63 91.83 | 0.778 69.38 85.71
HolE 0.395 34.83 54.79 | 0.504 44.75 65.38
JOIE-HolE-CG 0.777 65.30 87.89 | 0.784 66.75 89.37
JOIE-HoIE-CT 0.813 72.27 88.71 | 0.805 68.84 91.22
JOIE-HAHOIE-CT |0.888 83.67 93.87 | 0.808 72.51 89.79




Especially helpful for long-tail entities

«\We select entities in YAGQ26K-906 which
occurs less than 8 times and entities in
DB111K-174 which occurs less than 3 times.

Datasets YAGO26K-906 DB111K-174

Metrics MRR Acc. Hit@3 | MRR Acc. Hit@3
DistMult 0.156 10.89 25.33 |10.219 16.48 33.71
MTransE 0.526 46.45 67.25 | 0.505 46.67 64.36

JOIE-TransE-CG | 0.708 59.97 79.80 | 0.741 64.45 83.05
JOIE-TransE-CT | 0.737 62.05 82.60 | 0.758 66.35 83.80
JOIE-HATransE-CT | 0.802 69.66 87.75 [0.760 67.34 89.79
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Ontology Population

-Knowledge completion at ontology view
Query | Top 5 Populated Triples with distances

scientist, graduated from, university (0.499)
scientist, isLeaderOf, university (1.082)
scientist, isKnownFor, university (1.098)

(scientist,?r,

niversit .. . .
HH y) scientist, created, university (1.119)
scientist, livesIn, university (1.141)
boxer, playsFor, club (1.467)
boxer, isAffiliatedTo, club (1.474
(boxer, ?r, 1 ( )
boxer, worksAt, club (1.479)
club)

boxer, graduatedFrom, club (1.497)
boxer, isConnectedTo, club (1.552)

f, mv(ccountry) f mv(coﬂice)-
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Outline

*Introduction

*Bringing First-Order Logic into Uncertain KG
Embedding

*Bringing Ontological Concepts and Meta
Relations into KG Embedding

Summary & Future Work o
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Summary

- Logic Rules and PSL can help us to better handle
uncertainty and incompleteness of KG
» Chen et al., Embedding Uncertain Knowledge
Graphs, AAAT'19
- Ontological View provides additional

information for KG, where different types of links
should be handled differently

» Hao et al., Universal Representation Learning of

Knowledge Bases by Jomntly Embedding Instances
and Ontological Concepts, KDD’19
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Future Work

How to automatically detect logic rules in
KG?

How to better leverage schema to conduct
multi-hop reasoning?

47



PART Il

*Graph neural networks

48



Outline

|Introduction [ <
*Graph Neural Networks

-Graph Neural Networks for Heterogeneous
Graphs

«Discussions
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Graph Analysis

-Graphs are ubiquitous Q‘-’ O _H
» Social networks ﬂ
* Proteins el

« Chemical compounds ﬁ ________ ﬁ

* Program dependence graph e i




Representing Nodes and Graphs

«Important for many graph related tasks
Discrete nature makes it very challenging
*Naive solutions

a AlBlcID]EIF

PRl A 011100

9 3 B 100|011

o » cl1fofofofo]1

%\#i% g i Di1/oflojo|o]o

o a E O 11000

© o F oo 1|1flo|olo
Limitations:

Extremely High-dimensional
No global structure information integrated
Permutation-variant



Even more challenging for graph representation

-Ex. Graphlet-based feature vector

2-node  3-node graphlets 4-node graphlets
graphlet !
0
I YA % A EI % Qe 4
G, G; Gy Gs Ge G,
5-node graphlets

AT AR R G

9' G]D GI] Gl2 G]S GM GIS Glﬁ Gl? G]S G]ﬂ

ROZa3 R ROR Al R

GZD GEI GEZ 623 G24 GZS GZB G?.‘J' GZE GZQ

Source: DOI: 10.1093/bioinformatics/btv130 \ R |22 0 (e 28

12 1 4 1 6 0

Source:
Requires subgraph isomorphism test: NP-hard 1. //haotang1995.github.io/projects/robust

_graph_level representation_learning_using g

raph_based_structural_attentional learning5s2


https://www.researchgate.net/deref/http:/dx.doi.org/10.1093/bioinformatics/btv130?_sg%5B0%5D=c7EGji0yMAcNmX7qyvelALSHPs_AFY6uY_j1fZsQZ2r4MdBS-ltMoAizuryiUXNwMLFIn_6V4T8VftuQ6QNmrqwwSA.tAM7JBYLZHQdDZ40OzufE0T1jq2gyXBuI_prSIiB9DcdobMFPQq7ZyYPsjv1syVUs2cOW6GumNBbq15VqgX3VQ

Automatic representation Learning

-Map each node/graph into

a low dimensional vector
-¢p:V > R%or ¢p:G —> R |
. (a) Input: karate network
-Earlier methods

» Shallow node embedding i

methods inspired by word2vec | «. " .JF,

» DeepWalk [Perozzi, KDD'14] "

* LINE [Tang, WWW’15] |

* Node2Vec [Grover, KDD’16]

¢(v) = UTx,, where U is the embedding matrix and x,,
is the one-hot encoding vector

(b) Output: representations

Source: DeepWalk

53



Limitation of shallow embedding techniques

*To0 many parameters

» Ilach node 1s associated with an embedding
vector, which are parameters

*Not inductive

» Cannot handle new nodes

«Cannot handle node attributes
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From shallow embedding to Graph Neural
Networks

The embedding function (encoder) is more
complicated
» Shallow embedding

- p(v) = UTx,, where U is the embedding matrix and
X, is the one-hot encoding vector

 Graph neural networks

» ¢ (v) is a neural network depending on the graph
structure
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Notations

An attributed graph ¢ = (V, E)
V' vertex set
« E: edge set
» A: adjacency matrix
- X € R%XIVl: feature matrix for all the nodes
» N(v): neighbors of node v
- hi: Representation vector of node v at Layer [
- Noteh) = x,

- H' € RUXIVI: representation matrix
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The General Architecture of GNNs

-For a node v at layer t

hlt) = f (h,g”, {hggfl) ue N (v)})

representation vector representation vectors
from previous layer for from previous layer for
node v node v’s neighbors

* A function of representations of neighbors and
itsell from previous layers

- Aggregation of neighbors
» Transformation to a different space
» Combination of neighbors and the node itself
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Compare with CNN

-Recall CNN TTITToT
ol1/1/1|0 :
 Regular graph SOEIEE
IERERD
*-GNN aTers)
onvolved
|mage Feature

- Extend to 1rregular graph structure

l

oy
INPUT GRAPH

TARGET NODE .A‘<
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Graph Convolutional Network (GCN)

Kipf and WeIIing, ICLR’17

/\A—_

- f(HY, A)—O‘(D *AD *HYW (‘)),2 =A+1
*{: graph hlter
-From a node Vv’s perspective

, Z hk—l
h,U — 0 Wk
ueN (v)Uv \/‘N HN

W:weight matrix at Layer k, shared across dif ferent nodes
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A toy example of 2-layer GCN on a 4-node

graph

-Computation graph

RelU

RelU

O
2>
A

8

RelLU

N

RelLU

Message  Feature (1) Message Feature H@ et

Passing Transformation Passing Transformation Reduction



GraphSAGE

* Inductive Representation Learning on Large Graphs

William L. Hamilton*, Rex Ying*, Jure Leskovec,

NeurlPS’'17

hi/ () ¢ AGGREGATEy ({h;~',Vu € N(v)})
k k k—1
hY < o (W - CONCAT (h” hN(,U)))

h! = o ([Wy

A more general form

VR ) B
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https://arxiv.org/pdf/1706.02216.pdf

More about AGG

—

LSTM -AGG = LSTM ([hﬁ_l,‘v’u C W(N(’U))])

-11(+): a random permutation

- Pool AGG =y {QhF ! Vu € N(v)}

¥ (+): Element-wise mean/max pooling of
neighbor set
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Message-Passing Neural Network

*Gilmer et al., 2017. Neural Message Passing for
Quantum Chemistry. ICML.

-A general framework that subsumes most GNNs

» Can also include edge information

* Two steps

» Get messages from neighbors at step k

k . k—1 yk—1
m, = Z ﬂ){(hu 3 h’U ; eu:z)) e.g., Sum or MLP

ueN(v)
- Update the node latent represent based on the msg
h* = UL, mh) e.g., LSTM, GRU

A special case: GGNN, Li et al., Gated graph sequence neural networks, ICLR 2015
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Graph Attention Network (GAN)

-How to decide the importance of neighbors?
* GCN: a predefined weight
» Others: no differentiation

«GAN: decide the weights using learnable
attention

* Velickovic et al., 2018. Graph Attention
Networks. ICLR.

g Z aingj
JEN;

7/
n
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The attention mechanism

- Potentially many possible designs

exp (LeakyReLU (_’T 'Wh; HWE ]))

Odij —

D _keN, €XD (LeakyReLU ( 'Wh ||th}))
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What are Heterogeneous Networks?

- Different types of nodes and edges

Write () Publish /)
_ :
Paper  Author Institute

Publish

Example: Network Schema of Academic Networks

» Other examples:
* E-Commerce
» Knowledge graphs
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Recap: GNNs

- Message passing framework

Hl[t]«c— Aggregate (Extract(Hl_l[s];Hl_l[t],e))

VseN(t),Ve€E(s,t)
Aggregate(-): aggregate Extract(-): extract a
messages from different message from < t, e, s >

neighbors and edges

- Attention scheme

Hl[t] «— Aggregate (Attention(s, t)-Message(s))
VseN(t),Ve€E(s,t)

Attention(s, t): attention Message(s):
score on the edge < s,t > information from s
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Challenges Raised by HIN

- Message passing framework

Hl[t]«c— Aggregate (Extract(Hl_l[s];Hl_l[t],e))

VseN(t),Ve€E(s,t)
e RGCN [ESWC’2018]: Parameterized by edge types
e HetGNN [WWW’19]: Parameterized by node types

e HAN [KDD’19]: Parameterized by meta-paths

» Attention scheme

Messages are of different types!

e

Hl[t] «— Aggregate (Attention(s, t)-Message(s))
VseN(t),Ve€E(s,t)

e HAN [KDD’19]: Attention weights parameterized by meta-paths
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Our Solution: Heterogeneous Graph

?

-Parameterization by Meta-Relation

» Meta-Relation: <source_type, edge_type,
targe _type>

 E.g., <author, first_author_of, paper>, <author, second_author_of, paper>

» Parameter Sharing

» Capture the correlation between different meta-relations
» More efficient in terms of parameter space

W
< erte Paper> W <Paper Cite, Paper>
Wr|te Paper Paper WClte WPaper

Author Paper 71



Message, Attention, and Aggregation of HGT

- Heterogeneous message for an edge <s, e, t>

Message;;;7(s,e,t) = || MSG-head' (s, e, t)
i€[1,h]

MSG-head' (s, e,1) = M-Linear’ | (H ”‘”[s]) Wi’

- Heterogeneous mutual attention on edge <s, e, t>

Attentionggr(s, e, t)=Softmax( | ATT-head(s,e, t)) (3)
VseN(t) \ie[1, ]

iz (s) ple). (1)
Vd

K'(s) = K'Linearir(s) (H(l_l)[s]) Significant score for each
meta-relation

ATT-headi(s, e, t) = (Ki(s) I/\/‘;f{—:;)]F Qf(t)T) :

Q'(t) = Q-Linear! , (H!-V[1])
- Task-specific aggregation

ﬁ(l)[t] = & (AttentionHGT(s, e,t) - Messagey7(s, e, t))
VseN(t)

HD[¢] = A-Linear [ (HPO[t]) ) + HED[t]
(1)
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Architecture of HGT

*Putting together

~
HEDe) o= Residual Connection N [
@) D "1Q
Node type: O (1) Heterogeneous Mutual Attention Q
® of I 7y O
ey = (sy,t)
Edge type: Qlt]
¢ler) - Wilen *| Edge ~entionGs ey
K-Linearys,) || !
ez = (52, t) HUDs,] '
Edge type: ¥
ATT .
b(e2) Node type: .| FE— Kisal | Woier)
7(s1) Gl
v Message(s,, e;,t)
Node type: | / bl nge'i} ‘ —
7(s3) HV[s,]|Q|
s\l—-i d p I
2] E’<\
) “-.\

A Heterogeneous
Sub-Graph

V(sz) WM SG Message(s;, e, t)

P(ez)

(2) Heterogeneous Message Passing
A Heterogeneous Graph Transformer (HGT) Layer

P : Add
® : Product

(3) Target-Specific Aggregation
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Leaderboard #1 on Open Graph Benchmark

Leaderboard for ogbn-mag

The classification accuracy on the test set. The higher, the better.

Package: >=1.2.1

Rank Method Accuracy Contact References #Params Hardware Date
1 HGT (LADIES Sample) 0.5007 + 0.0043 Ziniu Hu Paper, Code 21,173,389 Tesla K80 (12GB GPU) Jul 7,2020
2 GraphSAINT (R-GCN aggr) 0.4751 + 0.0022 Matthias Fey — OGB team Paper, Code 154,366,772 GeForce RTX 2080 (11GB GPU) Jun 26, 2020
2 NeighborSampling (R-GCN aggr) 0.4678 £ 0.0067 Matthias Fey — OGB team Paper, Code 154,366,772 GeForce RTX 2080 (11GB GPU) Jun 26, 2020
4 Full-batch R-GCN 0.3977 £ 0.0046 Matthias Fey — OGB team Paper, Code 154,366,772 Quadro RTX 8000 (48GB GPU) Jun 26, 2020
5 ClusterGCN (R-GCN aggr) 0.3732 + 0.0037 Matthias Fey — OGB team Paper, Code 154,366,772 GeForce RTX 2080 (11GB GPU) Jun 26, 2020
Leaderboard for ogbn-products
The classification accuracy on the test set. The higher, the better.
Package: >=1.1.1
Rank Method Accuracy Contact References #Params Hardware Date
1 HGT (LADIES Sample) 0.8560 + 0.0040 Ziniu Hu Paper, Code 2,025,573 Tesla K80 (12GB GPU) Jul 8, 2020
2 DeeperGCN 0.8098 £ 0.0020 Guohao Li - DeepGCNs.org Paper, Code 253,743 NVIDIA Tesla V100 (32GB GPU) Jun 28, 2020
3 GAT with NeighborSampling 0.7945 £ 0.0059 Matthias Fey Paper, Code 1,751,574 GeForce RTX 2080 (11GB GPU) May 24, 2020
4 GraphSAINT (SAGE aggr) 0.7908 £ 0.0024 Matthias Fey — OGB team Paper, Code 206,895 GeForce RTX 2080 (11GB GPU) Jun 10, 2020
5 ClusterGCN (SAGE aggr) 0.7897 + 0.0033 Matthias Fey — OGB team Paper, Code 206,895 GeForce RTX 2080 (11GB GPU) Jun 10, 2020
6 NeighborSampling (SAGE aggr) 0.7870 + 0.0036 Matthias Fey — OGB team Paper, Code 206,895 GeForce RTX 2080 (11GB GPU) Jun 10, 2020
7 Full-batch GraphSAGE 0.7850 + 0.0014 Matthias Fey — OGB team Paper, Code 206,895 Quadro RTX 8000 (48GB GPU) Jun 20, 2020
8 GraphSAGE 0.7829 £ 0.0016 Quan Gan (DGL Team) Paper, Code Please tell us Please tell us May 12, 2020
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Case Studies

Venue  Time Top—5 Most Similar Venues
2000 SIGMOD, VLDB, NSDI, GLOBECOM, SIGIR
WWW 2010 GLOBECOM, KDD, CIKM, SIGIR, SIGMOD
2020 KDD, GLOBECOM, SIGIR, WSDM, SIGMOD
2000 SIGMOD, ICDE, ICDM, CIKM, VLDB
KDD 2010 ICDE, WWW, NeurIPS, SIGMOD, ICML
2020 NeurlPS, SIGMOD, WWW, AAAI, EMNLP
2000 ICCV, ICML, ECCV, AAAI, CVPR
NeurIPS 2010 ICML, CVPR, ACL, KDD, AAAI
2020 ICML, CVPR, ICLR, ICCV, ACL
Layer-2: Paper
4
: e y ) -1
is_published_at has L5-field lof .
(1.019) ~(0.336) is_first_author\of
' ‘ (0.949)
Layer-1: Venue Field Author

is_published_at
(0.970)

Layer-0:

®

has_L2-field_of
(1.023)

Paper Paper nstitute

Conferences’ topics changed over time.
The relative temporal encoding can help
capture this temporal evolution.

HGT can implicitly extract meta paths for

specific downstream tasks, without manual

customization.

* Read from H{z(s),o(e), (1))

75



Pre-Training of Graph Neural Networks

*Challenges on training GNNs
» Requires abundant task-specific labeled data

What is pre-training?

* Train GNNs with selt-supervision and then
transfer learned model to downstream tasks with
only a few labels

e Popular in NLP: e.g., BERT
Pretraining Finetuning
objective objective

i t
| Model o  Model |

Transfer
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Key to the Success of Pre-Training

-Self-supervised Tasks
* No additional labels are needed

» General enough to difterent downstream tasks

- Existing self-supervised tasks for graphs
 Link prediction |GALE, GraphSAGE (NIPS’17)]

» Maximize mutual information between a patch

and 1ts super graph [DGI (ICLR’19)]
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Our Solution: GPT-GNN (Hu et al., KDD’20)

*Pre-train GNNs via the generative task to
generate both node attributes and edges

» Goal: find GNN parameters 6* = maxy p(G; 6)

~

(" Attribute Edge Node Link Community
generation generation classification prediction Detection
iy ey 1r iy i
GPT-GNN (8) > GPT-GNN GPT-GNN | ---| GPT-GNN
@ Initialize with ﬁ 0 @
pre-trained j
o parameter 6* ° o
*‘“Hi e, o - ’0‘
— S (3) [
e o~ ma?) ®
Input Graph with partial Input Graph of downstream task
\_ _ Attribute and Edges masked ) \ With only few labelled data
(1) Pre-Training Sfage (2) Fine-Tuning Stage
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Model p(G; 0)

- Average over different node order permutation mt

p(G;0) =L, [PG (X7, Eﬂ)] X: node attributes; E: edge list for all nodes

- Factorize the joint probability autoregressively given

log pg(X™, E™) = Z 10gp9(xf,E;T | Xgi, Egi)_ X;: attribute for node i; E;: edge list for node i
i=1

- Factorize the conditional probability  p(current|past)

E; _,: unobserved edges for node i;
T It T T i,—0 ;
Po (X' E' | X<I’ E ) E;,: observed edges for node i

ZPQ(XE E}r |EI 0’ <1" ) pg(E |X<!'-' )

=Fo|po(X[ B, | B, X7, ET)]

1,70

=F, pﬁ,(xfr | ET  XT. E”) pg(E” | ET

1,0 <1’

EZ ) |.

-

1,0° <:’

—~ .

1) generate attributes 2) generate edges
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lllustration of the Factorization

Observed links

Attribute generation

Link generation a a % é

% “Pre-Training GNNs”
/I& ]

28606
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Results

+ Data 1: Open Academic Graph

No Transfer:

Pre-Train

| CS Academic Graph |

Field Transfer: | Med, Bio, Physics... |

Time Transfer: |

Time + Field
Transfer:

« All pre-training frameworks help the
performance of GNNs
o GAE, GraphSage, Graph Infomax

CS before 2014

Med, Bio, Physics...

before 2014

o GPT-GNN

* GPT-GNN helps the most by achieving a
relative performance gain of 9.1% over the
base model without pre-training

*» Both self-supervised tasks in GPT-GNN
help the pre-training framework
o Attribute generation
o Edge generation

Fine-Tune Downstream Dataset OAG
[ C Acarlemic Gravh ‘ Evaluation Task Paper-Field Paper-Venue Author ND
[ G Acadermc rann | No Pre-train 336+.149 365+.122  .794+.105
. GAE A403+.114 418+.093 .816+.084
| osetexi | & GraphSAGE (unsp.) 368+.125  .401+.096  .803+.092
E Graph Infomax A387+.112 .404+.097 .810+.084
CS after 2014 =
= GPT-GNN (Attr) 396+.118 A423+.105 .818+.086
= GPT-GNN (Edge) 401+.109 428+.096 826+.093
GPT-GNN 407+.107 .432+.098 .831+.102
.. GAE 3844117 A412+.101 .812+.095
- GraphSAGE (unsp.) 352+.121 394+ .105 .799+.093
E Graph Infomax 369+.116 398+.102 .805+.089
E_¢
E GPT-GNN (Attr) 382+.114 414+.098 .811+.089
= GPT-GNN (Edge) .392+.105 A421+.102 .821+.088
GPT-GNN .400+.108 429+.101 .825+.093
= GAE 371+.124 403+.108 .806+.102
% GraphSAGE (unsp.) 349+.130  .393+.118  .797+.097
E Graph Infomax 360+.121 391+.102 .800+.093
= GPT-GNN (Attr) 364+.115 409+.103 809+.094
i — (w/o node separation) 347+.128 391+.102 .791+.108
» GPT-GNN (Edge) 386+.116 414+.104 815+.105
E — (w/o adaptive queue) 376+.121 410+.115 .808+.104
GPT-GNN .393+.112 420+.108 .818+.102
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Open Questions

*Why GNNs work?
» Is the nonlinear transtormation necessary?

» Chen et al., Are Powerftul Graph Neural Nets
Necessary? A Dissection on Graph Classification,

arXiv:1905.04579

» A concatenate feature vector from graph
propagation, followed by a MLLP works equally
well, and much faster!

X% =~(G,X)=|d, X, A X, A%X, ... | AKX,
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Q&A

« Thanks to my collaborators:

 Junheng Hao, Xuelu (Shirley) Chen, Ziniu Hu, Kewei1 (Vivian) Cheng,
Weir Wang, Kai-Wei Chang, Carlo Zamalo, Muhao Chen, Yuxiao Dong,

Kuansan Wang, etc...

T g

» Thanks to my unding aeies and idust support:
- NSF, DARPA, PPDAI, Yahoo!, Nvidia, Snapchat, Amazon, Okawa

Foundation
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