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Warmup: Link Prediction . ”
One obtains a ,,score
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Warmup: Link Prediction One obtains a .score” The higher the score, the

s(e) = s(u,v) for each more probable a given link
(missing) link in a graph e is to appear in the graph
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A lot of work into motifs
exists, recent renewed
interest under the theme
,Higher-order network
organization”
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Idea: Generalize Link Pr

..but there are so many
Motifs: small, recurring subgr . . . )
pepnEeae et differences to link prediction!

‘\'4

V,l Let’s go over them [1] ...
o

Link prediction is well understood
for, well, links (scores assigned to
links, similarity based methods, etc.)

How to generalize to
motifs?

General vision: assign some score Motifs with higher scores are
to motifs (make them comparable) more probable

[1] M. Besta et al.: “Motif prediction with graph neural networks”, KDD’22
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Difference 1: There May Be Many Potential New Motifs for a Fixed Vertex Set

[1] M. Besta et al.: “Motif prediction with graph neural networks”, KDD’22
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Difference 1: There May Be Many Potential New Motifs for a Fixed Vertex Set

Link prediction: Motif prediction:

A link is either
there or not there

How to consider such
diversity of possible
patterns in score functions?

[1] M. Besta et al.: “Motif prediction with graph neural networks”, KDD’22 15
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Difference 2: Incoming Motifs May Have Existing Edge

Motif prediction:

Link prediction:
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Difference 2: Incoming Motifs May Have Existing Edge

Link prediction: Motif prediction:

Already exists

s(s22)’

0

A link to be predicted

does not exist * How to consider

such edges in the
score functions?

[1] M. Besta et al.: “Motif prediction with graph neural networks”, KDD’22 16
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Difference 2: Incoming Motifs May Have Existing Edge

Link prediction: Motif prediction:

Already exists \
\T" ?
S ( 0’;0)

", ‘ Example: some
How to consider existing relationships

A link to be predicted
does not exist

such edges in the in a group of people
score functions?

[1] M. Besta et al.: “Motif prediction with graph neural networks”, KDD’22 16
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Difference 3: There May Be “Deal-Breaker” Edges

Motif prediction:

Link prediction:
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N\
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[1] M. Besta et al.: “Motif prediction with graph neural networks”, KDD’22 17
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Difference 3: There May Be “Deal-Breaker” Edges

Motif prediction:

‘\ We don’t want these links! .

Link prediction:

[
»

N\ (i.e., these links appearing
' would make it impossible for
a motif in question to appear

/ n
-.'l.
®
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Link prediction:

We don’t want these links!
(i.e., these links appearing
would make it impossible for
a motif in question to appear

No such effect (a link to

be predicted is never a . :
How to consider

such edges in the
score functions?

,deal breaker”)

[1] M. Besta et al.: “Motif prediction with graph neural networks”, KDD’22
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Motif prediction:

‘/l\

« e °
‘ °

Example:

chemical bonds
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Difference 4: Motif Prediction Query May Depend on Vertex Labeling
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Difference 4: Motif Prediction Query May Depend on Vertex Labeling
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Difference 4: Motif Prediction Query May Depend on Vertex Labeling

Motif prediction:

Link prediction:
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Difference 4: Motif Prediction Query May Depend on Vertex Labeling

Motif prediction:

‘\ We want this: ...but not this:
\

Link prediction:

[1] M. Besta et al.: “Motif prediction with graph neural networks”, KDD’22
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Difference 4: Motif Prediction Query May Depend on Vertex Labeling

Link prediction: Motif prediction:

We want this: ...but not this:

No such effect (not
enough room with a
single link)

[1] M. Besta et al.: “Motif prediction with graph neural networks”, KDD’22 18
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Difference 4: Motif Prediction Query May Depend on Vertex Labeling

Link prediction:

Motif prediction:

We want this: ...but not this:

/,A‘

X

’
|
® o

How to formulate motif
prediction, considering all

No such effect (not

enough room with a
single link)

these differences?

[1] M. Besta et al.: “Motif prediction with graph neural networks”, KDD’22
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Motif Prediction Score Functions

Starting Simple: Motif Scores Based on Independent Links

[1] M. Besta et al.: “Motif prediction with graph neural networks”, KDD’22 19
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[1] M. Besta et al.: “Motif prediction with graph neural networks”, KDD’22 19
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Motif Prediction Score Functions amotif: M = (Vis, Epp)
Starting Simple: Motif Scores Based on Independent Links Eyv =EymnvUENes
Motif edges that

do not yet exist

[1] M. Besta et al.: “Motif prediction with graph neural networks”, KDD’22 19
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Motif Prediction Score Functions amotif: M = (Vis, Epp)

Starting Simple: Motif Scores Based on Independent Links Evy =EFEyuyNyUEMEe

S /

Motif edges that ~ Motif edges that

/ do not yet exist already exist
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s(e) is any link prediction score which ’
outputs into [0, 1] (e.g., Jaccard) ‘—‘
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Motif Prediction Score Functions amotif: M = (Vis, Epp)

Starting Simple: Motif Scores Based on Independent Links Evy =EFEyuyNyUEMEe

S /

Motif edges that ~ Motif edges that
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Check the paper [1] for details about heuristics
(based on parwise Jaccard, Common
Neighbors, and Adamic-Adar scores)

[1] M. Besta et al.: “Motif prediction with graph neural networks”, KDD’22 21
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Check the paper [1] for details about heuristics
(based on parwise Jaccard, Common
Neighbors, and Adamic-Adar scores)

These are all heuristics... but recent results for
learning-enhanced link prediction [2] post a question:
can we use learning for motif prediction as well?

[1] M. Besta et al.: “Motif prediction with graph neural networks”, KDD’22 [2] M. Zhang et al.: “Link Prediction Based on Graph Neural Networks”, NeurIPS'18 |



spcl.inf.ethz.ch L]
v e e EENH ZUrICh
The animation borrowed
from T. Hoefler

The graph structure may be arbitrary, maybe
one could arrive at better heuristics by learning?

How does deep learning work?

22



urich

<=
Q
N
=
—~
9
S
S
—
S
wv

ETH:

The animation borrowed

L 4 @spcl_eth

from T. Hoefler

Q
O
>
(O
S
>
| -
(O
| -
=
O
| -
qv
()
O
>
(O
S
Q
| -
)
)
o
)
| -
)
(s}
-
o
(O
| -
o]0)
()
-
T

?

earnin

one could arrive at better heuristics by |

.
4
—
O
S
o]0)
=
c
—
q0)
9
o
Q
()
@)
s}
()
O
i ®)
=
O
L

Rl T (e
o Ul AT ER B
4896 B Ee Bal

&lr-IiSnImhﬁﬂl-@EHuaﬂaEQBI
MRS EUER BT NEESANE oc ETMEN
MEUNE- @R PEE 1M eGP0« FRcda

EiEMEo)NEAY  \OENEUSE
Ridﬂﬂtﬂ ﬁOLIhU:.lﬂ

aHII:IﬂLAn.MEBEI:IQHQ-BH&ﬂ
AT AR TR K ¥ - Tt T O -l
HET WET JR-RRRCOLNEC QRS-
IB;BEEaIIgHBHIIHBq@ﬁ‘ll.ﬂl

22



urich

<=
Q
N
=
—~
9
S
S
—
S
wv

ETH:

The animation borrowed

L 4 @spcl_eth

from T. Hoefler

Q
O
>
(O
S
>
| -
(O
| -
=
O
| -
qv
()
O
>
(O
S
Q
| -
)
)
o
)
| -
)
(s}
-
o
(O
| -
o]0)
()
-
T

?

earnin

one could arrive at better heuristics by |
How does deep learning work?

Rl T (e
o Ul AT ER B
4896 B Ee Bal

&lr-IiSnImhﬁﬂl-@EHuaﬂaEQBI
MRS EUER BT NEESANE oc ETMEN
MEUNE- @R PEE 1M eGP0« FRcda

EiEMEo)NEAY  \OENEUSE
Ridﬂﬂtﬂ ﬁOLIhU:.lﬂ

aHII:IﬂLAn.MEBEI:IQHQ-BH&ﬂ
AT AR TR K ¥ - Tt T O -l
HET WET JR-RRRCOLNEC QRS-
IB;BEEaIIgHBHIIHBq@ﬁ‘ll.ﬂl

22



<=
Q
N
=
—~
9
S
S
—
S
wv

ETH:zurich

The animation borrowed

L 4 @spcl_eth

from T. Hoefler

Q
O
>
q)
S
>
| -
(O
| -
=
O
| -
4]
Q
O
>
q°)
S
Q
| -
-
)
o
>
| -
)
(p]
i -
o
()
| -
o]0)
()
-
T

?

earnin

one could arrive at better heuristics by |
How does deep learning work?

1]
l‘

R s
R

|
|

1 B
1l

ENEAERE =
R

AR ;R
= e R ES

LAnarEeA
e

AL A
Lo ER

i

S
LA ER

pafeufa

SR EREED R aNY B 6T O
SHEElCREeBErNEEWARED S - BHan
“AEFGE B Ed B @00 @ ¢
CEESH BRodeT AN CNREDERE - [
e.!rlunzﬂﬁlfwﬂﬂix.ﬂnlriuﬂm

n.aaannu:ma.naa

P e B

.ﬂ!ﬂﬂ"‘!- I MEmEC

B GEA GEREH. o4 mar BEREE
nuia‘m:sau-sn-mnmn-snnama
NAQNMCERAGRESC Bacio - ba.

A 2 _

BETORG W 3 IORGSGEEY - Belu- A4
Bl L -1 e PI cia ] el
EERBHIRELE . BEECE - JREE - L0
(GCE- - OHA4ES. %= - - ABEREE <k

22



from T. Hoefler

ETH:zurich

The animation borrowed

L 4 @spcl_eth

<=
Q
N
=
—~
9
S
S
—
S
wv

n
1=
o

C LT ]
=EmE
B2 A e e e

e (9 ES

R
K B
T
mEE W

AR ;R
= e R ES

tAEAEEEa
=
AL A
Lo ER

i

L EEEEER

EI:E nﬁaﬂ
Bl - &n H R ANETMTE WSO HaN
BEE MR H-NRERCOLNECAQRwT -
!Btﬂﬂna El RBHIIHB 7 QGEIIII.

The graph structure may be arbitrary, maybe

How does deep learning work?

.
=
c
©
9
>
O
)
O
)
%)
-
)
Q
-
L -
Q
=
i)
Q
O
i)
O
)
>
.-
| -
q)
S
)
O
(&)
Q
-
@

22



from T. Hoefler

ETH:zurich

The animation borrowed

L 4 @spcl_eth

<=
Q
N
=
—~
9
S
S
—
S
wv

1]
l‘

R s
R

CLL L
mEmE W

AR ;R
= e R ES

f(x)

LAnarEeA
e

AL A
Lo ER

S
LA ER

i

pafeufa

" n
R
Can
ale ]
2Rg
B
aEn
]9
2
kg
i 15
B
L0
el
BU.

l«m 0 ﬁvm

The graph structure may be arbitrary, maybe

L)

F: «

=8
ighR
I 5]
(=

5
ED

Ll

How does deep learning work?

o 37
«mnuenil
T B

5 OBOER Pl

rmlHAma

.
=
c
©
9
>
O
)
O
)
%)
-
)
Q
-
L -
Q
=
i)
Q
O
i)
O
)
>
.-
| -
q)
S
)
O
(&)
Q
-
@

22



from T. Hoefler

ETH:zurich

The animation borrowed

L 4 @spcl_eth

<=
Q
N
=
—~
9
S
S
—
S
wv

1]
l‘

op -2
k=T

| -
S s
o QO
Q C
—

R s
R

CLL L
mEmE W

AR ;R
= e R ES

f(x)

LAnarEeA
e

AL A
Lo ER

S
LA ER

i

pafeufa

..,. ’)e
Gapl
Qo
2Rg

Bs

Bk

2

kg

b [

L WEE

Wl

el
L8]

QIII:IHLA J:MEBII:BQHQ-BHAW
AT AR TR K ¥ - Tt T O -l
BEE MR H-NRERCOLNECAQRwT -
ﬂBtﬂEEn El nBHIIHE TONEREEEE

Bl o O a7 BB 1

The graph structure may be arbitrary, maybe
one could arrive at better heuristics by learning?

.
-z
—
O
=
o]0)
=
c
—
q0)
9
o
Q
()
@)
s}
()
O
i ®)
=
O
I

22



from T. Hoefler

ETH:zurich

The animation borrowed

L 4 @spcl_eth

<=
Q
N
=
—~
9
S
S
—
S
wv

[os ]
0.28
0.07
0.04
0.33
0.02
0.02

Cat
Dog
Airplane
Horse
Bicycle
Truck

1]
l‘

op -2
k=T

| -
S s
o QO
Q C
—

R s
R

CLL L
mEmE W

AR ;R
= e R ES

f(x)

LAnarEeA
e

AL A
Lo ER

S
LA ER

i

pafeufa

" n
R
Can
ale ]
2Rg
B
aEn
]9
2
kg
i 15
B
L0
el
BU.

l«m 0 ﬁvm

The graph structure may be arbitrary, maybe

L)

F: «

=8
ighR
I 5]
(=

5
ED

Ll

How does deep learning work?

o 37
«mnuenil
T B

5 OBOER Pl

& mlHAHQ

.
=
c
©
9
>
O
)
O
)
%)
-
)
Q
-
L -
Q
=
i)
Q
O
i)
O
)
>
.-
| -
q)
S
)
O
(&)
Q
-
@

22



spcl.inf.ethz.ch oo o
v owien  ETH ZUrich

The animation borrowed
from T. Hoefler

The graph structure may be arbitrary, maybe
one could arrive at better heuristics by learning?

How does deep learning work?

Learning a
heuristic

Airplane 0.07 Airplane 0.00
0.04 0.00

Horse 033 Horse .00
Bicycle 0.02 Bicycle 0.00
Truck 0.02 Truck 0.00

e
£ 2 S

22



spcl.inf.ethz.ch L]
v e e EENH ZUrICh
The animation borrowed
from T. Hoefler

The graph structure may be arbitrary, maybe
one could arrive at better heuristics by learning?

How does deep learning work?

Learning a
heuristic

. f(x)
ﬁ Cat - Cat -
oes 2 5 B pog | 0.28 Dog | 0.00
Bga a 1 g1 1. . 0.07 . 0.00
_ﬁzz P P 1 T T ﬂﬂﬂﬂﬂ ﬂﬂﬂ Eﬂil i Airplane — Airplane —
Sma 148 08 mﬂﬂﬂﬂgﬂﬂﬂﬂu B4 B9 Horse Horse
Ty ﬂﬂﬁﬂﬂﬂﬂﬂiﬂ THRT | 'R 0.33 0.00
a 8 : 4 EEE] 1" Bicycle 0.02 Bicycle 0.00
5 H M ge..y ,
é;% u Truck 0.02 Truck 0.00
b= u‘uEua-nae SHOREY 18 . .
e N layer-wise weight update

22



spcl.inf.ethz.ch L]
v e e EENH ZUrICh
The animation borrowed
from T. Hoefler

The graph structure may be arbitrary, maybe
one could arrive at better heuristics by learning?

How does deep learning work?

Learning a
heuristic
f(x)

a 11 1. . 0.07 . 0.00
1 mgﬂﬂﬂggﬂﬂﬂgﬂﬂﬂﬂi' i ! Airplane — Airplane —

148 i Eﬂﬂ R EQ ER Horse Horse
ﬂﬂﬁﬂllﬂ i1 ¥ §a R 0.33 0.00
Bd B L : mﬂ 18- Bicycle 0.02 Bicycle 0.00
L5 Jt\ Truck 0.02 Truck 0.00

layer-wise weight update .
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Motif Prediction: Deep Learning Formulation Amotif: M = (VM, EM)

Goal: predict
this motif M:

o--¢
* e
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Motif Prediction: Deep Learning Formulation Amotif: M = (VM, EM)

Goal: predict
this motif M:

o--¢
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Motif Prediction: Deep Learning Formulation Amotif: M = (VM, EM)

Goal: predict
this motif M:

o--¢
P 4
«-e
A given fixed
set of vertices:
® O
® O
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Motif Prediction: Deep Learning Formulation Amotif: M = (VM, EM)

Goal: predict
motif M:

Positive
samples

-,*
\

A given fixed
set of vertices:

23
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Motif Prediction: Deep Learning Formulation Amotif: M = (VM, EM)

Goal: predict
motif M:

Positive
samples

-,*
\

A given fixed
set of vertices:

23
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Motif Prediction: Deep Learning Formulation Amotif: M = (VM, EM)

Goal: predict
this motif M:

o--¢
P 4
«-e
A given fixed
set of vertices:
® O
® O
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Motif Prediction: Deep Learning Formulation amotif: M = (Vig, Epy)

The neighborhood of
the sampled vertex set

/ A “positive” sample for the
‘ neural network architecture

Goal: predict
this motif M:

o--0
V4
* -0
A given fixed
set of vertices:
® O
® O

Positive
samples

23
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Motif Prediction: Deep Learning Formulation amotif: M = (Vig, Epy)

The neighborhood of
the sampled vertex set

/ A “positive” sample for the
‘ neural network architecture

Goal: predict
this motif M:

Positive
samples

o--0
P 4
* -0
A given fixed
set of vertices:
® O
® ©

Negative
samples

23
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Motif Prediction: Deep Learning Formulation amotif: M = (Vr, Er)

The neighborhood of
the sampled vertex set

/ A “positive” sample for the
‘ neural network architecture

Goal: predict
this motif M:

o--0
P 4
* -0
A given fixed
set of vertices:
® O
® ©

Negative
samples

23
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Motif Prediction: Deep Learning Formulation Amotif: M = (VM, EM)

The neighborhood of
the sampled vertex set

A “positive” sample for the

Goal: predict
this motif M:

neural network architecture

‘ - _‘ ‘ -‘/ A “negative” sample
P . for the neural

¥’ ‘ ‘ network architecture

A given fixed
set of vertices:

¥ r
¢
1 P
wneY?
® ) |
%% "~
° s "0
&Y e o,
4 e
®
.. e® o

‘ ‘ o - Negative
samples

o -‘l

Stk
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Deep Learning Formulati

iction

Motif Predi

Cat

Cat

0.00
0.00
0.00
0.00
0.00
0.00

Dog

Airplane

Horse

Bicycle

Truck

0.28
0.07
0.04
0.33
0.02
0.02

Dog

Airplane

Horse

Bicycle

Truck

24

layer-wise weight update




Motif Prediction: Deep Learning Formulation

layer-wise weight update

Cat

Dog
Airplane
Horse
Bicycle

Truck

spcl.inf.ethz.ch
L 4 @spcl_eth

0.28

0.07

0.04

0.33

0.02

0.02

Cat

Dog
Airplane
Horse
Bicycle

Truck

0.00

0.00

0.00

0.00

0.00

0.00

ETH:zurich

24
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Motif Prediction: Deep Learning Formulation

A given fixed f(x)
C Ca
GEA set of vertices: * [Lose ] ¢ [ ]
q i 4 | Dog | 028 Dog | 0.00
[ 1 m EE mmﬂﬂggﬂggﬂ‘l T Airplane 0.07 Airplane 0.00
@ ‘ ‘ 048 g it ﬂ ﬂ i ﬂ Ly | § | l | Horse o Horse 20
Nt 1ajeafageig il 14 g B 0.33 0.00
5 Gt BBl - 1 TITIE _ .
B4 BE BE Bicycle 0.02 Bicycle 0.00
@ @ ‘ ‘ E == Truck 0.02 Truck 0.00

layer-wise weight update
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Motif Prediction: Deep Learning Formulation

A given fixed f(x)

set of vertlces

18
Y 4 T W TS Will a k-clique
@ ‘ ‘ 1y aa t H igulaadil 1 e appear or not?
fafagpigpliy NI My gy EE PP ;

THRT T ﬂ’ 0 EEERE

@@@Q o mbadad. ..

layer-wise weight update .
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[1] M. Zhan et al. 2018. An end-to-end deep

MOtif PrEdiCtion: Deep Learning FormUIation learning architecture for graph classification.

AAAI Conference on Artificial Intelligence

The samples are used to train a neural
network model called Deep Graph
Convolutional Neural Network (DGCNN) [1]

A given fixed

setofvertlces -
i : :

‘ mﬂﬂﬁﬂggguggﬂggﬂr { Will a k-clique

‘ 1 iiguing i B appear or not?

safaafa] ﬂnﬂw is I pp .

®® ot

=l
5 BE S S
(]
[=p=]=]
£5 e E ES

layer-wise weight update .
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SEAM Architecture (learning from Subgraphs, Embeddings and Attributes for
Motif prediction)
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SEAM Architecture (learning from Subgraphs, Embeddings and Attributes for
Motif prediction)
1 et

to be predicted
Details: §4.2




spcl.inf.ethz.ch oo o
v owien  ETH ZUrich

SEAM Architecture (learning from Subgraphs, Embeddings and Attributes for
Motif prediction)

o Specify vertex Specify motif
set in a motif edges F/),
to be predicted

Details: 542  and dealbreaker
edges [/, p

All edge classes are
explained in detail in
Table 1 and Figure 3

Details: §4.2
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SEAM Architecture (learning from Subgraphs, Embeddings and Attributes for
Motif prediction)

OSpecify vertex 9 SPECify motif 0 Find posiﬁve & negative samples G})! GTL Details: §4.3

set in a motif edges F/); Negative sample . |
- — ositive sample
to be pregllf:ted and dealbreaker (instance that (instance of motif M)
Details: §4.2 - differs from
edges [/, p

motif M)

All edge classes are
explained in detail in
Table 1 and Figure 3

E MA\

Details: §4.2
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SEAM Architecture (learning from Subgraphs, Embeddings and Attributes for
Motif prediction)

OSpegify vertex 9 Specify motif 9 Find positive & negative samples G,,, G,,  Details: §4.3 Extract subgraphs  Details:
set in a motif edges I, ) L around samples 544
to be predicted ,— Negative sample Positive sample
~ and dealbreaker (instance that (instance of motif M)
Details: §4.2 edges E differs from Lhop
M, D neighbors —

All edge classes are
explained in detail in
Table 1 and Figure 3

EM-\

Details: §4.2
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SEAM Architecture (learning from Subgraphs, Embeddings and Attributes for
Motif prediction)

OSpet_:ify vertg;( 9 SPECifY motif 0 Find positive & negative samples G,, G,,  Details: 54.3 Extract subgraphs Dgzagsz Construct node
tgelze":)?erc?igﬂad edges Fy/ _—— Negative sample e S around samples : e ;rrnsbeddmgs
Details: §4.2 and dealbreaker (instance that (instance of motif M) h 1-hop T
edges [} M.D differs from \I (here,

motif M) h=1) neighbors —\
All edge classes are

explained in detail in
Table 1 and Figure 3

EM-\

* Use Node2Vec "
/ DeepWalk

e —(1.2023...)
e —(1.17.10...)

Details: §4.2
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SEAM Architecture (learning from Subgraphs, Embeddings and Attributes for
Motif prediction)

OSpet_:ify vertg;( 9 szcify "E-’ﬁf e Find positive & negative samples G,, G,,  Details: 54.3 Extract subgraphs Dgzagsz e Construct node
set in a moti edges , . i
to be predicted 8 M —— Negative sample Positive sample around samples Details: gﬂheddmgs
X and dealbreaker (instance that (instance of motif M) 3T
DetaI|S: §4.2 edges E differs from \I (here’ 1..'h0p
M, D motif M) h=1) neighbors —\

All edge classes are
explained in detail in
Table 1 and Figure 3

* Use Node2Vec "
/ DeepWalk

e —(1.2023...)
e —(1.17.10...)

Details: §4.2

Label nodes Details:
in subgraphs 546,
§4.7

Inner label
(1001...)

(1223...)
Outer label



spcl.inf.ethz.ch oo o
v owien  ETH ZUrich

SEAM Architecture (learning from Subgraphs, Embeddings and Attributes for
Motif prediction)

o Specify vertg;( 9 SPECifY motif 0 Find positive & negative samples G,, G,,  Details: 54.3 Extract subgraphs Dgzagsz Construct node
tgeg e":) ?ercrlligﬂa : edges F), e Positive sample around samples : e ;rrnsbeddmgs
ils- and dealbreaker (instance that (instance of motif M) h 3T
Details: §4.2 dees T differs from N (here, 1-hop
edges EM,D motif M) h=1) neighbors —\

All edge classes are
explained in detail in
Table 1 and Figure 3

* Use Node2Vec "
/ DeepWalk

e —(1.2023...)
e —(1.17.10...)

Details: §4.2

7

Label nodes Details: Create final feature matrix

i §4.6, Details: §4.6
in subgraphs i etails: § S——
: of vertices
| label in a subgraph
nner labe

(1 001... ) Outer labels
of vertices in
(1 223 ) neighborhood

Outer label N

embeddings
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SEAM Architecture (learning from Subgraphs, Embeddings and Attributes for
Motif prediction)

Specify vertex Specify motif Find positive & negative samples G, GG Details: §4.3 Extract subgraphs Details: Construct node
set in a motif edges F P 8 P Py §4.4 beddi
to bel redicted 8 M —— Negative sample Positive sample around samples tail 2215 eddings
prec and dealbreaker (instance that (instance of motif M) Details: §4.
Details: §4.2 = differs f (here 1-hop
edges T iffers from \I - iohb
M,D eEirE ===

All edge classes are

explained in detail in o Vsl ¥ N
Table 1 and Figure 3 \ :“t}— ‘."4 b

E MA\

* Use Node2Vec "

/ DeepWalk
,@; o—s(12023...
:@‘: e —(1.17.10...)

Details: §4.2
o Label nodes Details: o Create final feature matrix 0 Training and inference with a GNN Details: §4.3, §4.8
in subgra phs ‘55167, Details: §4.6 (1 0 0 1 ) In?erl!?ibels TR /— Input features of extracted subgraphs
5 aee _ of vertices van Sort vertices based
| Lt il ol c - Distribute the features of ?he}‘:'eim;?:srtaansce ign Use DGCNN - Binary classification:
nner label each vertex to its neighbors ( the subgraph illa §'I;’|§Qa o
ves Outer labels 1223...
(1001...) — (1223...) bty (1223..) ( -
\_ neighborhoo 3x graph . 1D Multi-classification:
(1223...) (1.2023...) => convelution = Sortpooling = 1 ion =  MLPs - m“;"tﬂ-'f“sﬂ’;iﬁfag"'i';p
. Outer label (1.202.3...) Node : pREars
: : : e E f ] Loss function
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Evaluation: considered motifs & scenarios

k-stars

Sparse Dense
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Evaluation: considered motifs & scenarios

k-stars sparse clusters dense clusters k-cliques

AR IR AR

Sparse Dense
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Evaluation: considered motifs & scenarios (transductive, inductive)
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Evaluation: considered motifs & scenarios (transductive, inductive)

Train for
Pick predicting new
motif X o Instances
in graph A .Of motif X
In graph A




n EETHZzUrich

Evaluation: considered motifs & scenarios (transductive, inductive)

Pick Train for
motifs =¥ predicting
XY, ... new instances

in graph A of motifs X, Y, ...

in graph A
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Evaluation: considered motifs & scenarios (transductive, inductive)

Pick Train for
motifs predicting
XY .. ¥ new instances

in graphs of motifs X, Y, ...
A, B, ... in graphs

A,

" .
- -,

’ [ I |

Y
.
., P
a
.....




Evaluation

CN (Mul)

CN (Min)

CN (Avq)

AA (Mul)

AA (Min)

AA (Avg)
Jaccard (Mul) A
Jaccard (Min) A
Jaccard (AvQg) -
SEAL (Mul) -
SEAL (Min) -

SEAL (Avg) A

SEAM, no 83.39 £ 0.94
embedding 83.81 + 0.53
SEAM

67.17 £ 0.92
69.20 + 0.80
70.12 £ 0.78
76.68 = 0.61
77.15 £ 0.43
77.91 + 0.91

3-star

67.11 + 0.46
68.59 + 0.71
74.00 = 0.50
74.62 = 0.55
75.98 = 0.99

5-star

65.24 = 0.80
68.69 = 0.77
71.80 = 0.95
73.11 = 0.99
75.71 = 0.66

7-star

SEAM: |learning from Subgraphs, Embeddings
and Attributes for Motif prediction

spcl.inf.ethz.ch P
v owien  ETH ZUrich

69.62 + 1.09
73.88 = 0.88
75.35 =+ 0.60 67.93 = 0.87
76.25 £ 1.90 68.53 £ 0.88 67.49 + 1.27 67.88 = 1.43
78.00 = 1.49 69.70 = 3.56 64.49 =547 66.40 = 1.44
7750 £ 2.35 72.68 = 3.21 66.95 +6.79 66.05+ 0.78 65.14 + 0.89 66.99 + 1.32

3-clique 5-clique 7-clique 3-db-star  5-db-star  7-db-star

28
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Evaluation

CN (Mul)

CN (Min)

CN (Avg)

AA (Mul)

AA (Min)

AA (Avg)
Jaccard (Mul) 467.17 £ 0.92 69.62 + 1.09
Jaccard (Min) 469.20 £ 0.80 67.11 + 0.46 65.24 £ 0.80 73.88 = 0.88
Jaccard (Avg) 170.12 £ 0.78 68.59 £ 0.71 68.69 = 0.77 75.35+ 0.60 67.93 = 0.87
SEAL (Mul) {76.68 £ 0.61 74.00 = 0.50 71.80 + 0.95 76.25 + 1.90 68.53 + 0.88 67.49 + 1.27 67.88 + 1.43
SEAL (Min) 77.15 + 0.43 74.62 + 0.55 73.11 = 0.99 78.00 + 1.49 69.70 + 3.56 64.49 + 5.47 66.40 + 1.44
SEAL (Avg) 477.91 £0.91 75.98 +0.99 75.71 £ 0.66 77.50 +£2.35 72.68 = 3.21 66.95 = 6.79 66.05 = 0.78 65.14 + 0.89 66.99 + 1.32

SEAM, no 83.39 £ 0.94
embedding 83.81 + 0.53
SEAM

3-star 5-star 7-star 3-clique 5-clique 7-cligue  3-db-star 5-db-star  7-db-star

SEAM: |learning from Subgraphs, Embeddings W

d Attributes for Motif predicti
an ributes for Motif prediction _db” — with deal-

breaker edges

28
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CN: Common Neighbors, AA: Adamic-Adar, SEAL [2]: Link Prediction using GNNs
Mul, Min, Avg: different variants (i.e., how link scores are aggregated to form motif scores)

Evaluation

[2] M. Zhang and Y. Chen. 2018. Link prediction based on graph neural networks. NeurlPS’18

CN (Mul) -
CN (Min) -
CN (Avg) -
AA (Mul) -
AA (Min) -
AA (Avg) -

Jaccard (Mul) -
Jaccard (Min) -
Jaccard (Avg) -

SEAL (Mul) 1
SEAL (Min) -

SEAL (Avg) -

SEAM, no ]
em bed'ding

—

49.99 + 0.45
49.98 + 0.33
49.76 = 0.32
63.05 £ 0.71
63.34 = 0.68
63.96 + 0.68
67.17 = 0.92
69.20 = 0.80
70.12 = 0.78
76.68 + 0.61
77.15 +0.43
77.91 =+ 0.91
86.24 + 0.99
90.78 + 1.30

49.78 + 0.39
49.72 + 0.49
49.50 + 0.64
62.09 = 0.57
62.81 + 0.80
63.66 + 0.48
62.01 + 0.72
67.11 + 0.46
68.59 = 0.71
74.00 = 0.50
74.62 + 0.55
75.98 + 0.99
85.57 + 0.94
90.00 = 1.84

50.19 *= 0.47
50.26 = 0.59
50.18 + 0.64
60.67 = 0.95
61.59 + 0.94
62.71 = 0.52
59.71 = 0.93
65.24 = 0.80
68.69 + 0.77
71.80 = 0.95
73.11 = 0.99
75.71 = 0.66
88.61 + 0.71
91.53 + 1.53

50.13 £ 0.65
50.35 + 0.27
50.28 + 0.51
54.95 + 0.92
54.81 + 0.77
55.78 + 0.74
69.62 + 1.09
73.88 £ 0.88
75.35 = 0.60
76.25 = 1.90
78.00 = 1.49
77.50 = 2.35
91.20 £ 1.03
93.06 = 0.61

50.37 £ 0.79
50.48 = 0.32
50.91 + 0.35
51.25 + 0.63
51.26 + 0.38
51.28 = 0.55
57.60 £ 0.73
63.36 £ 1.17
67.93 = 0.87
63.66 = 4.01
69.70 + 3.56
72.68 = 3.21
96.16 + 0.55
97.26 = 0.23

51.55 + 0.32
51.77 £ 0.40
51.70 + 0.59
51.40 + 0.68
51.60 + 0.68
51.79 + 0.62
52.75 + 0.97
56.50 + 0.94
61.22 +1.11
59.48 + 4.87
64.49 = 5.47
66.95 + 6.79
98.40 + 0.22
98.90 + 0.18

52.93 = 0.61
52.99 = 0.75
53.32 £ 0.35
53.92 + 0.52
54.15 + 0.89
54.52 + 0.57
51.75 = 1.10
52.30 £ 0.54
51.76 + 0.91
68.53 + 0.88
66.40 + 1.44
66.05 + 0.78
83.39 + 0.94
83.81 = 0.53

55.42 = 0.58
54.75 £ 0.48
54.93 + 0.77
55.15 £ 0.77
54.59 + 0.65
55.20 + 0.53
51.68 = 0.85
51.86 = 0.77
49.74 + 0.75
67.49 + 1.27
62.94 + 1.98
65.14 + 0.89
86.12 + 0.66
87.56 + 0.79

54.81 + 0.58
54.60 £ 0.85
54.20 + 0.68
54.93 = 0.61
54.94 + 0.27
54.55 + 0.39
50.93 = 0.64
50.87 + 0.53
47.66 + 0.58
67.88 + 1.43
62.88 = 3.57
66.99 + 1.32
87.86 + 1.06
88.59 + 1.51

SEAM

3-star

I

5-star

1

/-star

3-clique

5-clique

7-clique

3-db-star

5-db-star

7-db-star

SEAM: learning from Subgraphs, Embeddings
and Attributes for Motif prediction

W

,db” —with deal-
breaker edges
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With correlation\ CN: Common Neighbors, AA: Adamic-Adar, SEAL [2]: Link Prediction using GNNs

Mul, Min, Avg: different variants (i.e., how link scores are aggregated to form motif scores)
No correlation

Evaluation

[2] M. Zhang and Y. Chen. 2018. Link prediction based on graph neural networks. NeurlPS’18

CN (Mul) -
CN (Min) -
CN (Avg) -
AA (Mul) -
AA (Min) -
AA (Avg) -

Jaccard (Mul) -
Jaccard (Min) -
Jaccard (Avg) -

SEAL (Mul) 1
SEAL (Min) -

SEAL (Avg) -

SEAM, no ]
em bed'ding

—

49.99 + 0.45
49.98 + 0.33
49.76 = 0.32
63.05 £ 0.71
63.34 = 0.68
63.96 + 0.68
67.17 = 0.92
69.20 = 0.80
70.12 = 0.78
76.68 + 0.61
77.15 +0.43
77.91 =+ 0.91
86.24 + 0.99
90.78 + 1.30

49.78 + 0.39
49.72 + 0.49
49.50 + 0.64
62.09 = 0.57
62.81 + 0.80
63.66 + 0.48
62.01 + 0.72
67.11 + 0.46
68.59 = 0.71
74.00 = 0.50
74.62 + 0.55
75.98 + 0.99
85.57 + 0.94
90.00 = 1.84

50.19 *= 0.47
50.26 = 0.59
50.18 + 0.64
60.67 = 0.95
61.59 + 0.94
62.71 = 0.52
59.71 = 0.93
65.24 = 0.80
68.69 + 0.77
71.80 = 0.95
73.11 = 0.99
75.71 = 0.66
88.61 + 0.71
91.53 + 1.53

50.13 £ 0.65
50.35 + 0.27
50.28 + 0.51
54.95 + 0.92
54.81 + 0.77
55.78 + 0.74
69.62 + 1.09
73.88 £ 0.88
75.35 = 0.60
76.25 = 1.90
78.00 = 1.49
77.50 = 2.35
91.20 £ 1.03
93.06 = 0.61

50.37 £ 0.79
50.48 = 0.32
50.91 + 0.35
51.25 + 0.63
51.26 + 0.38
51.28 = 0.55
57.60 £ 0.73
63.36 £ 1.17
67.93 = 0.87
63.66 = 4.01
69.70 + 3.56
72.68 = 3.21
96.16 + 0.55
97.26 = 0.23

51.55 + 0.32
51.77 £ 0.40
51.70 + 0.59
51.40 + 0.68
51.60 + 0.68
51.79 + 0.62
52.75 + 0.97
56.50 + 0.94
61.22 +1.11
59.48 + 4.87
64.49 = 5.47
66.95 + 6.79
98.40 + 0.22
98.90 + 0.18

52.93 = 0.61
52.99 = 0.75
53.32 £ 0.35
53.92 + 0.52
54.15 + 0.89
54.52 + 0.57
51.75 = 1.10
52.30 £ 0.54
51.76 + 0.91
68.53 + 0.88
66.40 + 1.44
66.05 + 0.78
83.39 + 0.94
83.81 = 0.53

55.42 = 0.58
54.75 £ 0.48
54.93 + 0.77
55.15 £ 0.77
54.59 + 0.65
55.20 + 0.53
51.68 = 0.85
51.86 = 0.77
49.74 + 0.75
67.49 + 1.27
62.94 + 1.98
65.14 + 0.89
86.12 + 0.66
87.56 + 0.79

54.81 + 0.58
54.60 £ 0.85
54.20 + 0.68
54.93 = 0.61
54.94 + 0.27
54.55 + 0.39
50.93 = 0.64
50.87 + 0.53
47.66 + 0.58
67.88 + 1.43
62.88 = 3.57
66.99 + 1.32
87.86 + 1.06
88.59 + 1.51

SEAM

3-star

I

5-star

1

/-star

3-clique

5-clique

7-clique

3-db-star

5-db-star

7-db-star

SEAM: learning from Subgraphs, Embeddings
and Attributes for Motif prediction

W

,db” —with deal-
breaker edges



With correlation

Evaluation

e

No correlation

~

[2] M. Zhang and Y. Chen. 2018. Link prediction based on graph neural networks. NeurlPS’18

spcl.inf.ethz.ch
L 4 @spcl_eth

ETH:zurich

CN: Common Neighbors, AA: Adamic-Adar, SEAL [2]: Link Prediction using GNNs
Mul, Min, Avg: different variants (i.e., how link scores are aggregated to form motif scores)

CN (Mul) A

CN (Min) A

CN (Avg) A

AA (Mul) -

AA (Min) -

AA (AvQ) -
Jaccard (Mul) -
Jaccard (Min) -
Jaccard (Avg) -
SEAL (Mul) 1
SEAL (Min)

SEAL (Avg) -

SEAM, no
em bed'dlng

SEAM

49.99 + 0.45
49.98 + 0.33
49.76 = 0.32
63.05 £ 0.71
63.34 = 0.68
63.96 + 0.68
67.17 + 0.92
69.20 + 0.80
70.12 + 0.78
76.68 + 0.61
77.15 £ 0.43
77.91 = 0.91

49.78 + 0.39
49.72 + 0.49
49.50 + 0.64
62.09 = 0.57
62.81 + 0.80
63.66 + 0.48
62.01 + 0.72
67.11 + 0.46
68.59 = 0.71
74.00 = 0.50
74.62 + 0.55
75.98 + 0.99

50.19 *= 0.47
50.26 = 0.59
50.18 + 0.64
60.67 = 0.95
61.59 + 0.94
62.71 = 0.52
59.71 = 0.93
65.24 = 0.80
68.69 + 0.77
71.80 = 0.95
73.11 =+ 0.99
75.71 + 0.66

SEAM: learning from Subgraphs, Embeddings
and Attributes for Motif prediction

50.13 £ 0.65
50.35 + 0.27
50.28 + 0.51
54.95 + 0.92
54.81 + 0.77
55.78 + 0.74
69.62 + 1.09
73.88 £ 0.88
75.35 = 0.60
76.25 = 1.90
78.00 = 1.49
77.50 = 2.35

3-clique

50.37 £ 0.79
50.48 + 0.32
50.91 + 0.35
51.25 + 0.63
51.26 + 0.38
51.28 = 0.55
57.60 £ 0.73
63.36 + 1.17
67.93 + 0.87
63.66 + 4.01
69.70 + 3.56
72.68 + 3.21

5-clique

51.55 + 0.32
51.77 £ 0.40
51.70 = 0.59
51.40 + 0.68
51.60 + 0.68
51.79 = 0.62
52.75 = 0.97
56.50 + 0.94
61.22 + 1.11
59.48 + 4.87
64.49 = 5.47
66 95 + 6.79

7-clique

52.93 = 0.61
52.99 = 0.75
53.32 £ 0.35
53.92 + 0.52
54.15 + 0.89
54.52 + 0.57
51.75 = 1.10
52.30 £ 0.54
51.76 + 0.91
68.53 + 0.88
66.40 = 1.44
66 05 + 0.78

3-db-star

55.42 = 0.58
54.75 £ 0.48
54.93 + 0.77
55.15 £ 0.77
54.59 + 0.65
55.20 + 0.53
51.68 = 0.85
51.86 = 0.77
49.74 + 0.75
67.49 + 1.27
62.94 + 1.98
65 14 + 0.89

5-db-star

54.81 + 0.58
54.60 = 0.85
54.20 + 0.68
54.93 + 0.61
54.94 + 0.27
54.55 + 0.39
50.93 + 0.64
50.87 + 0.53
47.66 + 0.58
67.88 + 1.43
62.88 + 3.57
66 99 + 1.32

7-db-star

W

,db” —with deal-

breaker edges
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Much more results and sensitivity
analyses in the paper ©
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