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Introduction

[MpenctaBneHue 3HaHum B rpadax - RDF & RDFS & OWL

XpaHeHune 3HaHui B rpadax - SPARQL & Graph Databases
OaHopoaHoCTb 3HaHuM - RDF* & Wikidata & SHACL & ShEx
NHTerpaumsa gaHHbIX B rpadbl 3HaHUKM - Semantic Data Integration
BeeaeHune B Teoputo rpados - Graph Theory Intro

BekTopHble npeactaBneHus rpagos - Knowledge Graph Embeddings
MawuHHoe oby4yeHune Ha rpadax - Graph Neural Networks & KGs
HekoTopble npuMeHeHus - Question Answering & Query Embedding
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e Message Passing Intuition
o GCN, GAT, MPNN

e Relational GCN (R-GCN)
e Compositional GCN (CompGCN)
e Inductive Learning
o Out-of-Sample Representation Learning

o Textual Descriptions as Features
o Inductive Representation Learning



Big Picture in R

SETTING
TASK
Link prediction Node classification Entity Matching Query Embedding
\ /

Theoretical
Understanding

Graph Encoder

T

Knowledge Graph



Knowledge Graph Embeddings

Lecture 7 Goal: encode nodes so that similarity in the embedding
Te“.5°r. space (e.g., dot product) approximates similarity in the
Factorization original network

Translation

Neural Networks encode nodes

original network embedding space

Source: Stanford CS224w, http://web.stanford.edu/class/cs224w/



http://web.stanford.edu/class/cs224w/

Message Passing

Knaccuyeckui rpad

- HeHanpaBneHHbI
- HeT TMnoB cBa3en




Message Passing - BxoA

Y10 y Hac ecTb:

e A-MaTpuLa CMEXHOCTH
(adjacency matrix)

A:NxN

[1ns 3KOHOMUY NaMSATU:
- Pa3spexeHHas (sparse) A
- Jluct rpaHen (edge index)

[[ a, a, b, b, ¢, ¢, d, d, f, f],
[ b) C) C) d) d) -FJ -F) e) e) g]]




Message Passing - BxoA

Y70 y Hac ecTb:

e A-MaTpuLa CMEXHOCTH
(adjacency matrix)

A:NxN

e X - NpM3HaKKN BEPLLMH
(3apaHbl Unn oby4yaemble)

X € RNXd




Message Passing - Bbixog

Bxopa:
e AX[R..] X e R¥xdn

Bbixoa;.
O6HOBNEHHbIE NpeCTaBeHUS
y3/10B [TUNoB cBA3en 1 ap]

e AX . R,.] X' & RN*dou




Message Passing - Bbixoz

Node

Classification
O6HOBJNIEHHble

Nnpu3Hakun BepLinH

—>
X' € RNXdout Link Prediction

Mpu3Haky BEpPLUUH

X ¢ RNV xdin

Graph Encoder

Mpn3Haku pebep, 5
TWUNbI CBSA3eit U Ap NpU3HaKM 2uery

— Embedding
E c REde E < REXdout

R c R|R|><dm R’ € RIE*dou Other tasks

O6HOBJIEHHbIe

10



Message Passing = Neighborhood Aggregation

HoBoe npepcTaBneHune ysna b nonyyaetcs
KakK (yHKLMA OT npeabiayLiLero
npeactaenenus x(b) n npeacraeneHus
cocepnent X(N(b))

hb — ¢(xb7 X./\/},)

MNpeacTtaBneHue cocefeit nony4vyaeTcs
NyTeM arperawumn ux npeacTaB/ieHni

XM — ¢(xaaxbaxcaxda)

11



Message Passing: Aggregate + Update

William L. Hamilton. Graph Representation Learning. Morgan & Claypool, 2020

1. AGGREGATE
[MocTpoeHne coobLLLEHMA M

m}),, = AGGREGATE({h\", Vv € N (u)})

~—~

2. UPDATE
O6HOoBEHME Y31a U

h(**) — upDATE(LY" mf\’;)(u) )

12



Message Passing: Aggregate

1. AGGREGATE
[MocTpoeHne coobLLLEHMA M

m{¥),, = AGGREGATE({h{", Yv € N/ (u)})

Permutation invariance arperatopbil
|/|HBapVIaHTHbIe K nepectaHoBKam

mys,) = @ve/\/(u) (%)

HaanMep, cyMmmupoBaHue

m,, (u) — wneigh Zve./\f (u) Xu

13
William L. Hamilton. Graph Representation Learning. Morgan & Claypool, 2020



Message Passing: Update

William L. Hamilton. Graph Representation Learning. Morgan & Claypool, 2020

2. UPDATE
O6HOoBEHME y31a U

UPDATE(h(k) m./\/)(u))

UIun

K
h® Doenw o)

Hy>kHa HenuHelHasa dyHKUMA
(sigmoid, tanh, ReLU, etc)

k
(Wselfh( ) + wnelgh mN(u))

h§k+1) _ ¢(

h(k+1)

14



Message Passing: MaTtpuyHaga 3anucb

MpocTenwwnin cnocob ¢ nob6aBeHnEM

self-loops
h' " = o(Wh + Wy,

9KBUBaAJIEHTEH

g _ o((A _|_I)H(k)w(k))
= o(AHP W)

15

William L. Hamilton. Graph Representation Learning. Morgan & Claypool, 2020



Message Passing Flavours

Xa
\Cba Cbl)
\
Xp <« Che
T
bd Che
/
Xd Xe
Convolutional

h;=¢ Xi:@ cij (%)

JEN

.. &
abg C}:b
osald
Xe 0 T Xp : Oébc‘. -------- X,
........ » (Uhd ( \avl;e\
Xd X, X,
Attentional

h;=¢ Xv@ a(x:,%;)p(x;)

JEN

Michael M. Bronstein, Joan Bruna, Taco Cohen, Petar Veli¢kovi¢. Geometric Deep Learning. 2021

Message-passing

h; = ¢ x;, ®¢(Xi'xj)

JEN;

16


https://www.imperial.ac.uk/people/m.bronstein
https://cims.nyu.edu/~bruna/
https://tacocohen.wordpress.com/
https://petar-v.com/

Graph Convolutional Nets (GCN)

e (DuKcMpoBaHHble Beca Cijarperaumm
X, ; npeacTaBneHuii coceaen (KOHCTaHTa

i 3aBUCUT OT MOZENn)
Cha
~L)

Xp «——Cbe X e (raHpapTHbI GCN B3BELWMBAET B
. N 3aBUCUMOCTU OT CTEMEHU BEPLUMHDI:
/ bd Che
h
Convolutional VEN (u)U{u} W)V ()|

e MartpuyHasa popma:
h;=¢ Xi:®cij¢(xj) ~ 1 1
JEN H=D 2AD *XW

Kipf and Welling. Semi-Supervised Classification with Graph Convolutional Networks. ICLR 2017 17
William L. Hamilton. Graph Representation Learning. Morgan & Claypool, 2020



Graph Attention Nets (GAT)

e (Ob6yyaeMsble Beca Cijarperaumnm

. | npeacTaBneHnn cocegent (Yepes attention)
ab‘%\(ﬁ? hi=o (Z aijW5j>
...... i RSN jENi
...... Xy : abc"---........--" Xe
N e Attention coefficients:
T > (Xp < Otge\
o @ o ew (LeakyReLU (a‘T [Wi'iz-||wiij]))
Attentional J Zke}\/’i - (Le akyReLU (é‘T [Wﬁ,HWFLk]))
h; = ¢ | xi @D alxx;)w(x;) e Multi-head dpopma:
JEN;
K
7):; = H o Z afjwkﬁj
k=1 JE.N;,

Velickovic¢ et al. Graph Attention Networks. ICLR 2018 18



Message Passing Nets (MPNN)

...
: myy,
My,
’;\Q% .....
" N 0D X,
2 .'... ‘: ...........
........ > 10y q FE -
....."' A‘"
&: @@ o
Message-passing

h; =¢| x;, @#’(Xi;xj)

JEN

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

Hanbonee obwmit BapmaHT - BKIKOUYNUTD
npencrasneHus rpaHen (edge features) B
NOCTpOeHne message

h**1 = UPD (h"’ AGGR ¢(h* h* ew)>
ueN (v)

Edge features MmoryT 6bITb 3a4aHbl MK
obyyaemsbl (Hanpumep, obyyaemble TUMbI
CBA3EN)

19



[ToyeMy npocTo He B3ATb GCN / GAT?

Knaccuyeckui rpad Haw knneHT

- HenanpaBneHHbI® - HanpaBneHHbI#
- Het TMnoB cBA3eW - Mynbturpag

- MHoro TMNoB cBA3en

20



Multi-relational GNN Encoders

hV = ¢ > wHn{- Vanilla GCN: 6e3 TMnoB cBszemn
ueN (v)

[1] Schlichtkrull et al. Modeling Relational Data with Graph Convolutional Networks. ESWC 2018
[2] Vashishth et al. Composition-Based Multi-Relational Graph Convolutional Networks. ICLR 2020
21



Multi-relational GNN Encoders

hV = ¢ > wHn{- Vanilla GCN: 6e3 TMnos cBa3en
ueN (v)

R-GCN [1]: kaxabiv TUN CBA3M NapaMeTpu3yeTcs

k k k—1 > <
WY =f >  WHnHY cobcTBeHHOI MaTpuuen W.

(u,r)EN (v)

[1] Schlichtkrull et al. Modeling Relational Data with Graph Convolutional Networks. ESWC 2018
[2] Vashishth et al. Composition-Based Multi-Relational Graph Convolutional Networks. ICLR 2020

22



Multi-relational GNN Encoders

h®) = f ( > WU“)hg’“)) Vanilla GCN: 6e3 TMnos cBa3en

ueN (v)

R-GCN [1]: kaxabiv TUN CBA3M NapaMeTpu3yeTcs

k k k—1 > -
WY =f >  WHnHY cobcTBeHHOI MaTpuuen W.

(u,r)EN (v)

CompGCN [2]: kaxabl TUN CBA3M
+
hy = f Z Wi ()& (@ 2r) napameTpu3yeTcsl BEKTOPOM Z,
(u.r)eN () KOMMo3uuma (y3en, CBA3b) +
3 Becosble MaTpuubl W: input/output/self-loop

[1] Schlichtkrull et al. Modeling Relational Data with Graph Convolutional Networks. ESWC 2018
[2] Vashishth et al. Composition-Based Multi-Relational Graph Convolutional Networks. ICLR 2020

23



Relational GCN (R-GCN) - Message and Update

_ rel_1(n) —

I I I I Y
I+1 l l l
Y =0 (303 i W(l)h()+W()h()
_ rel 1(out) —
. I re€R JENT
_ rel_N({n) —
_ rel_N(out) —
— self-loop self-loop 7
[1] Schlichtkrull et al. Modeling Relational Data with Graph Convolutional Networks. ESWC 2018 24

[2] William Hamilton. Graph Representation Learning. Morgan & Claypool, 2020



Relational GCN (R-GCN) - Message and Update

_ rel_1(n) —

_ rel 1(out) —

_ rel_N({n) —

\

_ rel_N(out) —

.

self-loop

rel_1

W o (33 - ERVICOIRONS
TERJEN’" Lt

e Kaxabl TMN CBSI3MU
napaMeTpm3yeTcs COOCTBEHHOM
MaTpuuen Wr

e HopManusaums yepes crteneHb
BepwnHbl (GCN-style)

e ba3ncHas nekoMno3nums Becos

—_— self-loop npeanKaTtoB A4 3KOHOMUK

' C'® 7 napameTpoB

[1] Schlichtkrull et al. Modeling Relational Data with Graph Convolutional Networks. ESWC 2018 25
[2] William Hamilton. Graph Representation Learning. Morgan & Claypool, 2020




Relational GCN (R-GCN) - Graph Decomposition

CcO6CTBEHHOM MaTpuLen cMexHocTu (adj matrix)
e [IpumeHseM message passing K Kaxaomy nogrpady oTaenbHO

® O, O,

(5) @+@

t o 3)
@@ © ® @ D @ @
@ (4) (4, (a)

Moarpad 1 Moarpad 2 MNMoarpad 3 Moarpad 4

e [pad us K npeankaTtoB pasbuBaetcs Ha K nogrpados c o '

[1] Schlichtkrull et al. Modeling Relational Data with Graph Convolutional Networks. ESWC 2018 26
[2] William Hamilton. Graph Representation Learning. Morgan & Claypool, 2020



Relational GCN (R-GCN) Basis Decomposition

~———— Basis Decomposition————
Bmecto K MaTpuu, byaeM xpaHutb b

6a3nCHbIX MaTpULL M NOAy4YaTb
= x |Cr1| + x | Cra OCTaNbHbIE KaK IMHENHYIO
KOMOMHaLMIO BA3UCHBIX

b
WTZ E a,;,TBi.
i=1

Torpa message function m:

Bases Components MA/(u) = Z Z ]? 1(-_/\7 (lul)g 7\/? (TIJI;)

TER veEN,(u)

A

[1] Schlichtkrull et al. Modeling Relational Data with Graph Convolutional Networks. ESWC 2018 27
[2] William Hamilton. Graph Representation Learning. Morgan & Claypool, 2020
[3] Thanapalasingam et al. Relational Graph Convolutional Networks: A Closer Look. arxiv:2021



Relational GCN (R-GCN) Decoders

- il Traditional Link Predictors
o:b\“ e ° e ( D
- 4 ?
° 25/. o V ’<Z . @ ‘\. Encoder t EWEHEB ~ Decoder (DistMult)
L3 4 ) ) p
RGCN Layer 2 - E :
o O/O o/o " O v LW’J Relation Embeddings ‘ I ‘

Q e

D e, ®e,=X

]
L
N ]
L]
. Mixed
Node Embeddings Node Embeddings

[1] Schlichtkrull et al. Modeling Relational Data with Graph Convolutional Networks. ESWC 2018 28
[2] William Hamilton. Graph Representation Learning. Morgan & Claypool, 2020
[3] Thanapalasingam et al. Relational Graph Convolutional Networks: A Closer Look. arxiv:2021



Relational GCN (R-GCN) Input Formats

nlnlgp
0 0 1
0ol1]o0 0
0
olo]|o 0
0
0|0 o0

T . RIEIXIBIXIR

e |R| KBagpaTHbIX MaTpUL, CMEXHOCTU

e OdPeKTUBHO TONbKO C UCNONb30BaHUEM
pa3peXkeHHbIX MaTpuL, (sparse matrices)
(scipy.sparse, torch.sparse, etc)

29
[1] Schlichtkrull et al. Modeling Relational Data with Graph Convolutional Networks. ESWC 2018



Relational GCN (R-GCN) Input Formats

nlnlgp

0 0 1

ol11]o0 0

0

o|lol|o 0

0

0/0]o0

TRE|><|E|><|R\

e |R| KBagpaTHbIX MaTpUL, CMEXHOCTU

e OdPeKTUBHO TONbKO C UCNONb30BaHUEM
pa3peXkeHHbIX MaTpuL, (sparse matrices)
(scipy.sparse, torch.sparse, etc)

[1] Schlichtkrull et al. Modeling Relational Data with Graph Convolutional Networks. ESWC 2018

rl:

r2:
r3:

rn

[[1, 3, 3, 2, ...], # <- source
[2, 2, 1, 4, ...]] # <- target

[2, num_edges r2]
[2, num_edges r3]

: [2, num_edges rn]

IR| maTpuu, B COO dpopmarte (edge index)

30



Compositional GCN (CompGCN)

A(/CT“)

i, = f( Z WA(T)¢(mu7 zT))

United () EN (2)
= ~ Kingdom g e KaXabli TUN CBA3MU
(0] 5

NnapamMeTpu3yeTcs BEeKTOPOM zr

Offzen-of@\v O  3HayuTeNnbHOE YMeHbLUEHNE
KO/IMYeCcTBa NapaMeTpoB

London '

Born-in
Christopher
Nolan

Directed-by_inv .

e (CoobueHuna cTposaTcs Kak
KOMNO3MLMA BEKTOPA y3/1a M TUNA

CBA3M (PYHKUMA @)

‘0000

Knight J o Jlrobag (e,r) dyHKLUMS
o TransE
CompGCN Update o RotatE, etc

31
Vashishth et al. Composition-Based Multi-Relational Graph Convolutional Networks. ICLR 2020



Compositional GCN (CompGCN)

7)

h, = f( Z WA(T)¢(mu7zT)>

(u,r)EN (v)

London I

Born-in

e Tosbko 3 BecoBble MaTpuubl WA
o OpurunHanbHble cBa3m (direct)
o WHBepcHble cBa3u (inverse)
o Self-loops

Christopher
Nolan

Wo, 1r€R
Wdir('r) =4 Wi, 7€Rin

Ws, 1 =T (self-loop)
Knight J Tunbl CBS3€M Ha cegyrweMm cnoe:

0000;

Directed-by_inv .

CompGCN Update hr = Whel2r

32
Vashishth et al. Composition-Based Multi-Relational Graph Convolutional Networks. ICLR 2020



Compositional GCN (CompGCN): COO Input

3, 3, 2, ...], # <- source
[2, 2, 1, 4, ...], # <- target
1, 1, 2, ...]] # <- edge types

‘e 0,
o
4
ected-by_inv ‘¥ S
3
| TheDark |l
Knight

CompGCN Update

33
Vashishth et al. Composition-Based Multi-Relational Graph Convolutional Networks. ICLR 2020



Compositional GCN (CompGCN): COO Input

[[1, 3, 3, 2, ...], # <- source
[2, 2, 1, 4, ...], # <- target
[0, 1, 1, 2, ...]] # <- edge types

CompGCN Update
[[1, 3, 3, 2, ..., source
[2, 2, 1, 4, ..., target
edge types

[0, 1, 1, 2, ..., s1, s1, sl, sl, .

Direct edges

34
Vashishth et al. Composition-Based Multi-Relational Graph Convolutional Networks. ICLR 2020



Compositional GCN (CompGCN): COO Input

g
London SOA (\\&\
] ~ +
; & N
S i

Directed—by;inv
"> The Dark
| Knight

CompGCN Update

Vashishth et al. Composition-Based Multi-Relational Graph Convolutional Networks. ICLR 2020

Nolan

35



Compositional GCN (CompGCN): COO Input

X
AN
London SOA &Q
~ +
- z(. 8'
& *
Directed-by_inv ; Nolan
*| The Dark
| Knight 0 W,
CompGCN Update
RotatE . '
Transk
DistMult
etc 36

Vashishth et al. Composition-Based Multi-Relational Graph Convolutional Networks. ICLR 2020



Compositional GCN (CompGCN) - Performance

FB15k-237 WN18RR

MRR MR H@10 H@3 He@l MRR MR H@10 H@3 H@l
TransE (Bordes et al., 2013) 294 357 465 - - 226 3384 501 - -
DistMult (Yang et al., 2014) 241 254 419 263 155 43 5110 49 44 29
ComplEx (Trouillon et al., 2016) 247 339 428 27> 158 44 5261 2l 46 41
R-GCN (Schlichtkrull et al., 2017)  .248 - 417 b i | - - - -
KBGAN (Cai & Wang, 2018) 278 - 458 - 214 - 472 - -
ConvE (Dettmers et al., 2018) 325 244 501 356 237 43 4187 52 44 40
ConvKB (Nguyen et al., 2018) 243 311 421 371 155 249 3324 524 417 057
SACN (Shang et al., 2019) 33 - 54 39 .26 A7 - 54 48 43
HypER (BalaZevi€ et al., 2019) 341 250 520 376 252 465 5798 522 ATT 436
RotatE (Sun et al., 2019) 338 177 533 375 241 476 3340 571 492 428
ConvR (Jiang et al., 2019) 350 - 528 385 261 AT5 - D37 489 443
VR-GCN (Ye et al., 2019) .248 - 432 2712 159 - - - - -
CoMPGCN (Proposed Method) 355 197 535 390 264 479 3533 546 494 443

37
Vashishth et al. Composition-Based Multi-Relational Graph Convolutional Networks. ICLR 2020



Compositional GCN (CompGCN) - Performance

Entity
/ Embeddings \
. . TransE
Kak gekogep MOXHO B3aTb t06yto scoring function ns shallow S o
Embeddings

mogaenei (Lecture 7)

Scoring Function (=X) — TransE DistMult ConvE
Methods | MRR MR H@10 MRR MR H@I10 MRR MR H@10
X 0.294 357  0.465 0.241 354 0.419 0.325 244 0.501
X + D-GCN 0.299 351 0.469 0.321 225 0.497 0.344 200 0.524
X + R-GCN 0.281 325 0.443 0.324 230 0.499 0.342 197 0.524
X + W-GCN 0.267 1520 0.444 0.324 229 0.504 0.344 201 0.525
X + CoMPGCN (Sub) 0.335 194 0.514 0.336 231 0.513 0.352 199 0.530
X + CoMPGCN (Mult) 0.337 233 0.515 0.338 200 0.518 0.353 216 0.532
X + CoMPGCN (Corr) 0.336 214 0.518 0335 227 0.514 0.355 197 0.535

X + CoMPGCN (B = 50) 0.330 203 0.502 0.333 210 0.512 0.350 193 0.530

38
Vashishth et al. Composition-Based Multi-Relational Graph Convolutional Networks. ICLR 2020



Inductive Learning

39



Inductive Learning

Inductive Hyper-relational Large (sampling)
SETTING
TASK

Link prediction

Graph Encoder

Knowledge Graph

I

40



Inductive Learning 1 - JlJobaBneHne K U3BECTHOMY rpagy

-~
X
%
®
R
. % oL
2 I°
= |
o (==
R

\)‘ \ ot ”
70 @00‘ ! ?\\/ ’ ’
. 1 v
 Expert_In | -7 @fo
i | R
\ A1 /) T Q@o\}
, y« Ch o 1
S " "d_or 1
E S - - o - 1
Xpert In » I
|

e Ha uHpepeHc NpuUxoanT HoBas CYLLHOCTb Jnew, /11 KOTOPOW y Hac HeT aMbeaaunHra
e MogaenupyeT B T.4. U TeMnopasibHble YyCNoBus (M3MeHeHUs rpada BO BPEMEHN)

41
Albooyeh et al. Out-of-Sample Representation Learning for Knowledge Graphs. EMNLP 2020



Inductive Learning 2 - HoBbl MH(epeHC rpad

Matt Damon Good Will Hunting Drama Te CT ( I N fe F'en Ce)

0175535 0193835

cast member
P161

Best Actor

e HoBble cywHOCTH
e l/3BecTHble NpeaukaTbl

0103916 i
e Hy)XXHO npeackasbiBaTb

The Martian
018547944 CBA3N Mexay HOBbIMU

Milk
0201687

CyLHocTsIMM (genre)

Gus Van Sant
076819

director
P57

TpeHNpPOBOYHbIN rpad

: ) Ridley Scott

Blade Runner
| 0184843

42



Transductive vs Inductive

Transductive Inductive
(TpPaHCAYKTUBHbIN) (MHAYKTUBHbIN)

Banngauusa/Tect/nHdepeHc - HoBble
CYLLLHOCTW U HOBbIN rpad

a. Relation types He nsmeHsitoTcA
Becb rpad nssecteH Bo BpemMs

TPEHNPOBKMU Shallow / decoder-only moaenu He

MOTFYT Bbly4nTb aMbeaAaNHT
Hen3BecTHOro y3na (unseen node)
a. Kak noctpoutb node feature?

MpumeHnmbl shallow / decoder-only

mopenu (TransE, RotatE, ConvE,
ComplEx, etc) ana TpeHnpoBKu

GNNs moryT paboTaTb B UHAYKTUBHOM
cueHapuu
a. Wcnonb3ys gononHuUTeNbHbIE
node features
b. Wcnonb3ysa npegcraBneHus
noarpacdoB unu nyTewn

[MonyyeHHasa MaTpuua entity
embeddings npumMeHnmMa Ha
TecTte/NHPepeHce




Inductive Learning 1 - JlJobaBneHne K U3BECTHOMY rpagy

|gv| (v,r,u)€qy (u,r,v)EG,

e Wpena: aM6eaAVHT HOBOW CYLLIHOCTU KakK
cpenHee OoT NpeAcTaBlieHUI cocenen

44
Albooyeh et al. Out-of-Sample Representation Learning for Knowledge Graphs. EMNLP 2020



Inductive Learning 1 - JlJobaBneHne K U3BECTHOMY rpagy

(u,r,v)€G,

e Wpena: aM6eaAVHT HOBOW CYLLIHOCTU KakK
cpenHee OoT NpeAcTaBlieHUI cocenen

e HoBbIli cCNOCO6 TPEHUPOBKN AJ1S
nMuUTaLum “HoBbIX" CYLLLHOCTEN

Albooyeh et al. Out-of-Sample Representation Learning for Knowledge Graphs. EMNLP 2020

Algorithm 2 Out-of-Sample Training (one epoch)

Inputs n : negative ratio, £ : loss function, 1 :
see Section 3.1

1: for batch = 1 to numBatches do

2:  triples,labels < nextBatch (batch, n)
3:  scores « |]
4:  for (v,r,u) in triples do
5: 2, < lookup(r,Z,)
6: rand < random()
7: if rand < % then
8: 2y < aggregate(V, Z cis, Lent)
9: 2y < lookup(u, Zent)
10: else if 329 < rand < 9 then
11: 2y < lookup(V, Zent)
12: 2z, < aggregate(u,Zy e, Zent)
13: else
14: 2y < lookup(V, Zent)
15: 2y < lookup(u, Zent)
16: end if
17: scores.append(¢(2y, 2r, 2u))
18:  end for
19: updateParams(L, scores, labels)
20: end for

45



Inductive Learning 2 - Text Descriptions as Features

Earth is the third
planet from the Encoder €1

Sun tisthe e TpeHupoBaTb aMbeganMHrun Ha train graph

W 6eccMmblcneHHo, HO y Bcex cyLlHocTen
4acTo eCTb TEKCTOBOE OMNucaHue

erhiilﬁﬁ;?zfs::é Encoder e (Wikidata, DBpedia, W|k|ped|a)

Solar System I

Link prediction
e byaem ncnonbsoBaTb A3bIKOBYHO

s o v , mogzenb (BERT, etc) kak yHMBepcasnbHblI
planet from the EncoderHClassﬁ" er location . o
aHkogaep (featurizer) aTux onucaHui

Sun. Itis the ...

Entity classification

e [lonyyeHHble aMbeaANHIN MOXXHO
Who founded Intef? "W‘\ Intel ncrnonb3oeartb B link prediction, entity
2 Avram Miller . .
(S"“"a”ty}’s Glenford Myers classification, IR

Intel Corporation Encoder
is an American

multinational...

Information retrieval
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Inductive Learning 2 - Text Descriptions as Features

CtaHpapTHas cxema: encoder + decoder (task-specific)
e Hanpumep, BERT + TransE

WN18RR FB15k-237 Wikidata5M
Method MRR H@l1 H@3 H@10 MRR H@l H@3 H@10 MRR H@l1 H@3 H@10
GloVe-BOW 0.170  0.055 0.215 0.405 0.172 0.099 0.188 0316 0.343 0.092 0.531 0.756
BE-BOW 0.180 0.045 0.244 0450 0.173 0.103 0.184 0316 0.362 0.082 0.586 0.798
GloVe-DKRL 0.115 0.031 0.141 0.282 0.112 0.062 0.111 0.211 0.282 0.077 0.403 0.660
BE-DKRL 0.139 0.048 0.169 0320 0.144 0.084 0.151 0.263 0.322 0.097 0.474 0.720
KEPLER = = - ~ = = = = 0.402 0.222 0.514 0.730

BLP-TransE 0.285 0.135 0.361 0.580 0.195 0.113 0.213 0.363 0.478 0.241 0.660 0.871
BLP-DistMult 0.248 0.135 0.288 0.481 0.146 0.076 0.156 0.286 0.472 0.242 0.646  0.869
BLP-ComplEx 0.261 0.156 0.297 0472 0.148 0.081 0.154 0.283 0.489 0.262 0.664 0.877
BLP-SimplE 0.239 0.144 0.265 0435 0.144 0.077 0.152 0.274 0.493 0.289 0.639 0.866
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Inductive Learning 2 - Subgraphs
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Inductive Learning 2 - Subgraphs

e TpeHupyem relation embeddings
e [lonyyaem node features U3 cTpyKTypbl
noarpacdoe (sample subgraphs)

Camnnupyem

<€m noprpad BOKpyr ABYX
3a/laHHbIX Y3/10B

1. Sample the enclosing sub-graph around
the link to be predicted (target link).
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Inductive Learning 2 - Subgraphs

e TpeHupyem relation embeddings
e [lonyyaem node features U3 cTpyKTypbl
noarpacdoe (sample subgraphs)

[Monyyaem
<= KpaTtyaunwune nyTu
yepes anropuTtm

[ enkcTpbl

1. Sample the enclosing sub-graph around 2. Label the nodes w.r.t the target nodes to identify
the link to be predicted (target link). their structural role. Uniquely labels target nodes to
mark them for the model.
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Inductive Learning 2 - Subgraphs

e TpeHupyem relation embeddings
e [lonyyaem node features U3 cTpyKTypbl
noarpacdoe (sample subgraphs)

score
1. Sample the enclosing sub-graph around 2. Label the nodes w.r.t the target nodes to identify 3. Pass messages across the (sub-)graph to predict a score indicating
the link to be predicted (target link). their structural role. Uniquely labels target nodes to how strongly the structure around the target link supports its logical
mark them for the model. plausibility.
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Inductive Learning 2 - Subgraphs - GralL

1. OHkopep: edge-aware R-GCN + attention

Inspired by the multi-relational R-GCN (Schlichtkrull et al.,

2017) and edge attention, we define our AGGREGATE
function as

R
k __ k k1, k—1
at —Z Z arrtstwrhs ’
r=13€N’r(t)

s=ReLU (Af[h* '@ hi ' @el ®e] +b})
afrtst =@ (A’2€S + b’2c) .

Teru et al. Inductive Relation Prediction by Subgraph Reasoning. ICML 2020

score

3. Pass messages across the (sub-)graph to predict a score indicating
how strongly the structure around the target link supports its logical
plausibility.
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Inductive Learning 2 - Subgraphs - GralL

3.

OHkoaep: edge-aware R-GCN + attention

Inspired by the multi-relational R-GCN (Schlichtkrull et al.,
2017) and edge attention, we define our AGGREGATE

function as

R
k _ k kpk—1
a; —Z Z arrtstwrhs ’
r=1S€Nr(t)

afrtst = (A’2€S + b’2c) .

duHanbHbIN feKoaep

score(u, ¢, v) = WT[hé(u oy h &h) @e,,].

Teru et al. Inductive Relation Prediction by Subgraph Reasoning. ICML 2020

s =ReLU (Af[hf '@ hi ' ®e’ ®el]+b})

Pooling: subgraph vector kak

cpefiHee OT NpefCTaBEHUIN ero
y3/10B

1
L = L
hg(u,'v,rt) — |V| Zh’l, 9

1%

score

3. Pass messages across the (sub-)graph to predict a score indicating
how strongly the structure around the target link supports its logical
plausibility.
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Inductive Learning 2 - Subgraphs - GrallL

Tonbko relation prediction (He link prediction) n3-3a BbICOKOW BbIYMCUTENBHOM CTOXXHOCTH

Table 1. Inductive results (AUC-PR)

WN18RR FB15k-237 NELL-995
vl v2 v3 v4 vl v2 v3 v4 vl v2 v3 v4

Neural-LP 86.02 83.78 6290 82.06 69.64 76.55 7395 7574 64.66 83.61 87.58 85.69
DRUM 86.02 84.05 6320 82.06 69.71 7644 74.03 7620 59.86 83.99 87.71 85.94
RuleN 90.26 89.01 76.46 8575 7524 88.70 9124 91.79 84.99 8840 87.20 80.52
GralL 9432 94.18 85.80 92.72 84.69 90.57 91.68 94.46 86.05 92.62 93.34 87.50

Table 7. Ablation study of the proposed framework (AUC-PR)

FB (v3) NELL (v3) MNpepcrtaBneHus
noarpados 1 cnocob
GralL , 91.68  93.34 cocTaBneHus node
GralL w/o enclosing subgraph 84.25 85.89

: features oueHb
GralLL w/o node labeling scheme 82.07 84.46 BaXKHbI
GralL w/o attention in GNN 90.27 87.30
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Inductive Learning Summary

Kak ctpoumMm npeacTtaBneHus CueHapuu Cnocob6
Heu3BEeCTHbIX Y3/10B Ha UH(pepeHce?

HoBble y3nbl (MHdepeHc)
NPUCOEANHAITCA K TPEHUPOBOYHOMY
rpady (out-of-sample)

Arperaums TpeHUpPOBaHHbIX BEKTOPOB
N3BECTHbIX HOZ

1. Out-of-sample

EcTb TeKCTOBbIE ONMCaHMA y3/10B y
2. TlonHOCTbIO HOBbIN Fpad

CoBCeM HUKaKUKX 3aroTOBJIEHHbIX 1. Out-of-sample
features. TONbKO CTPYKTYpHble 2. TlonHOCTbIO HOBbIN Fpad
cBouncTBa rpada
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B cnepyrowien cepum

0o NG A~ D~

Introduction

[MpenctaBneHue 3HaHum B rpadax - RDF & RDFS & OWL

XpaHeHune 3HaHui B rpadax - SPARQL & Graph Databases
OaHopoaHoCTb 3HaHuM - RDF* & Wikidata & SHACL & ShEx
NHTerpaumsa gaHHbIX B rpadbl 3HaHUKM - Semantic Data Integration
BeeaeHune B Teoputo rpados - Graph Theory Intro

BekTopHble npeactaBneHus rpagos - Knowledge Graph Embeddings
MalmnHHoe obydyeHune Ha rpadax - Graph Neural Networks & KGs
HekoTopblie npumMmeHeHus - Question Answering & Query Embedding
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