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J.You, R.Ying, J. Leskovée JNeurlPS 2020

Key Questions for GNN Design

GNN architectural design:

How to find a good GNN design for a specific GNN task?
Important but challenging:

Domain experts want to use SOTA GNN on their specific
tasks, however...

There are tons of possible GNN architectures
GCNGraphSAGE D! ¢ DLb3X X

Issue:Best design in one task can perform badly for another task
Redo hyperparameter grid search for each new task is NOT feasible

Topic for today:
Study for theGNN design space and task space

GraphGym a powerful platform for exploring different
GNN designs and tasks
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https://arxiv.org/pdf/2011.08843.pdf

Background: Terminology

Design:a concrete model instantiation

E.g., a dayerGraphSAGE
Design dimensiongharacterizea design

E.qg., the number of layersiL{2, 4, 6, 8}
Design choices the actual selected value In the
design dimension

E.g., the number of layers L = 2
Design spaceonsists of a Cartesian product of
design dimensions
Task:A specific task of interest

E.g., node classification on Cora, graph classification on
ENZYMES

Task spaceonsists of all the tasks we care about
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Recap: GNN Design Space

Intra-layer Design:

GNN Layer = Transformation + Aggregation
A We propose a general instantiation under this perspective

Intra-layer Design: 4 dims

e v |

Linear

2

BatchNorm G N N
v i :
Dropout . Transformation

v

Activation

4
Aggregation

E _______________ +______________§
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Recap: GNN Design Space

Inter-layer D

esign

A We explore different ways of organizing GNN layers

Intra-layer Design: 4 dims

e Yo g S
| Linear L MLP Layer Pre-
2 v process
BatchNorm MLP Layer layers
+ ""_'_'_'_'_'_'.'_'_'_i'_.'_':.:_"._:_"..:_.':"_'_'_'_'.'_'_'_'_'_'_'.'_'_'_'_'_'_'_'_:
Dropout GNN Layer |: Laye.r .
) S N S i | { connectivity
Activation b """"""
v GNN Layer |:
Aggregation l,‘.:::::::::::::::i Message
"""""""" + GNN Layer paSSing
; layers
Learning Configuration: 4 dims :::::::::::::;#':'_:':-_:':-_::'-::::::::::::::::::::.‘
Batch size . | MLP Layer Post-
Learning rate ¥ process
Optimizer . | MLP Layer layers
Training epochs S ¥
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Inter-layer Design: 4 dims

Jure Leskovec, Stanford CS224W: Machine Learning with Graphs

- Pre-process layers:

. Important when expressive node
- feature encoderis needed

. E.g., when nodes are images/text

-~ Skip connections:
1l mprove

deep GNN

. Post-process layers:

. Important when reasoning or
- transformation over node

" embeddings are needed

E.g., graph classification,
knowledge graphs



Recap: GNN Design Space

Intra-layer Design: 4 dims Inter-layer Design: 4 dims
— A A Yo
; Linear S . | MLP Layer Pre-
¥ IR process | . . .
Bacom | % | [MpLwer | es | Learning configurations
Dro+ ;:""""-"'""":"-'wt'-"-?-*"'-'-'-"?:"}g:_'"""-'-"'_'-'"""""-'-‘:; A Oft lected i
pout : . [ GNN Laver | Layer en neg ected In
v y ________ | connectivity ! -
o] S ~current literature
: vy i [ GNNLayer |- A But we found they have
! Aggregation P l,‘.:::::::::::::::: Message ] ]
e Voo [OWNLayer || Passing high impact on
AlsEEsERSEEEEESEEEsEESEReEEEE P layers |
Learning Configuration: 4 dims ;-.-.-.-.-.-.-_-_-_-:.—#:—'5:—'5'_-‘5:-'5:-‘_-_-_-_-_-.-_-_-3_-’_-_-_-.-_-_-_-.-_-: perform ance
E Batch size « | MLP Layer Post-
u Learning rate . ¥ process
- Optimizer « | MLP Layer layers
E Training epochs . N
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Summary: GNN Design Space

Intra-layer Design: 4 dims Inter-layer Design: 4 dims
7z

A Overall: A GNN design space
- process |

. N A layers
A I ntra-l ayer deSI g n i ! : il |l

1 —_ !

Batch Normalization Dropout Activation Aggregation : o i gconl_niygir\,itw
True, False False, 0.3,0.6 RELU, PRELU, SWISH MEAN, MAX, SUM l” '6_ _6_“\\ :
e - . ] ‘\ L : '
A Inter-layer design o - Message |
oo ® _GNN Layer |: plassmg
.. . . i layers
Layer connectivity Pre-process layers  Message passing layers  Post-precess layers Learning Configuration: 4 dims E::::::::::::' o)
STACK, SKIP-SUM, SKIP-CAT 1,2,3 2,4,6,8 1,2,3 Batch size Post- ;
A : - - Learning rate process |
A Learning configuration Optimizer | ayers

Training epochs

Batch size  Learning rate Optimizer  Training epochs
16,32,64 0.1,0.01,0.001 SGD, ADAM 100, 200, 400

A In total: 315K possible designs

A Our Purpose:
A2S R2yQlO éFyld G2 oFyR 6S OFyy2i(.l
A A mindset transition:We want to demonstrate thattudying a design
space is more effective than studying individual GNN designs

3/16/2023 Jure Leskovec, Stanford CS224W: Machine Learning with Graphs 8



A General GNN Task Space

Categorizing GNN tasks
Common practicenode / edge / graph level task

Reasonable but not precise

Node prediction: predlctclusterlng coefficienvs. predict a
V2RSQa adzoa2SO0d | NI teomplefely Hiffer@rit (i
task

But creating a precise taxonomy of GNN tasks is very
hard!

Subjective Novel GNN tasksan always emerge
Our innovation:a quantitative task similarity

metric

Purposeunderstand GNN tasks, transfer the best GN}
models across tasks

3/16/2023 Jure Leskovec, Stanford CS224W: Machine Learning with Graphs 9



A General GNN Task Space

Quantitative task similarity metric
1) Select anchor models(0 M ) )

2) Characterize a task lgnking the performance of
anchor models

3) Tasks withsimilar rankingare considered as similar

Task Similarity Metric

Anchor Model Similarity
Performance ranking to Task 0
Task 6 0 0 0 0 0 08 is similar to Task O
Task6 |0 | O JO |0 |0 0.4 is not similar to Task 0

How do we select the anchor models?

3/16/2023 Jure Leskovec, Stanford CS224W: Machine Learning with Graphs 10



A General GNN Task Space

Selecting the anchor models

1) Select a small dataset Sorted by
E.g., node classification on Cora performance

2) Randomlyampled! models from our - 0

design spacerun on the dataset 0

E.g., we sample 100 models

3) Sortthese models based ontheir 5 pnq =
performanceevenly select! models asmodels
the anchor modelswhoseperformance
range from the worst to the best

E.g., we sample 12 models in our experiments _ 0
Goal:Cover a wide spectrum of models:

A bad model in one task could be great
for another task

3/16/2023 Jure Leskovec, Stanford CS224W: Machine Learning with Graphs 11



A General GNN Task Space

We collect 32 tasksnode / graph classification

Task name

node-AmazonComputers-N/A-N/A
node-AmazonPhoto-N/A-N/A
node-CiteSeer-N/A-N/A
node-CoauthorCS-N/A-N/A
node-CoauthorPhysics-N/A-N/A
node-Cora-N/A-N/A
node-scalefree-clustering-pagerank
node-scalefree-const-clustering
node-scalefree-const-pagerank
node-scalefree-onehot-clustering
node-scalefree-onehot-pagerank
node-scalefree-pagerank-clustering
node-smallworld-clustering-pagerank
node-smallworld-const-clustering
node-smallworld-const-pagerank
node-smallworld-onehot-clustering
node-smallworld-onehot-pagerank
node-smallworld-pagerank-clustering

graph-PROTEINS-N/A-N/A
graph-BZR-N/A-N/A
graph-COX2-N/A-N/A
graph-DD-N/A-N/A
graph-ENZYMES-N/A-N/A
graph-IMDB-N/A-N/A
graph-scalefree-clustering-path
graph-scalefree-const-path
graph-scalefree-onehot-path
graph-scalefree-pagerank-path
graph-smallworld-clustering-path
graph-smallworld-const-path
graph-smallworld-onehot-path
graph-smallworld-pagerank-path
graph-ogbg-molhiv-N/A-N/A

3/16/2023
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(We include link prediction results in the Appendix)

6 Realworld node classification tasks

12 Synthetic node classification tasks
Predict node properties:

- Clustering coefficient

- PageRank

6 Realworld graph classification tasks

8 Synthetic graph classification tasks
Predict graph properties:
- Average path length

Jure Leskovec, Stanford CS224W: Machine Learning with Graphs 12



Evaluating GNN Designs

Evaluating a design dimension

G IBatchNormB SY SNJ f f & dzaS¥F¥dA F
The common practice:

(1) Pick one moddje.qg., a Hayer 64dim GCN)

(2) Compare two modelswvith BN = True / False
Our approach:

Note thatwe have defineds p+w(l T A Az O
o COA OE O E modeltask combinations

(1) Sampldrom 10M possible modetask
combinations

(2) Rank the modelwith BN = True / False
How do we make calable & convincing?

3/16/2023 Jure Leskovec, Stanford CS224W: Machine Learning with Graphs 13



Evaluating GNN Designs

Evaluating a design dimensiofontrolled
random search

a) Sample random moddbhsk configurations
perturb BatchNorm = [True, False]

Here we control the computational budget for all

3/16/2023

the models
(a) Controlled Random Search

GNN Design Space GNN Task Space
BatchNorm | Activation | € [ Message layers | Layer Connectivity | Task level dataset
True relu e 8 skip_sum node CiteSeer
False relu é 8 skip_sum node CiteSeer

True relu é 2 skip_cat graph BZR

False relu é 2 skip_cat graph BZR
True prelu é stack graph scale free
False prelu é stack graph scale free

Jure Leskovec, Stanford CS224W: Machine Learning with Graphs 14



Evaluating GNN Designs

b) RankBatchNorm = [True, False] by their
performance lower ranking is better

c) Plot Average / Distribution of the rankingf
BatchNorm = [True, False]

(b) Rank Design Choices by Performance (c) Ranking Analysis
GNN Design Space Experimental Results - 2
BatchNorm Val. Accuracy | Design Choice Ranking ?
o
True 0.75 1 £2 - |
False 0.54 2 g 1
: i False True
True 0.88 1 (atie) 25 2
. [ =]
False 0.88 1 (atie) 5 2 i
Q =
< .»®
True 0.89 1 0Oy :
False True
False 0.36 2 Batch Normalization

Summary:.Convincingly evaluate any new design
dimension e.g.,evaluate a new GNN layer we propose

3/16/2023 Jure Leskovec, Stanford CS224W: Machine Learning with Graphs 15



Results 1: A Guideline for GNN Design

Certain design choices exhibitlear advantages
Intra-layer designs:

Explanation: Explanation:
GNNs are hard to optimize This is our new finding!
2 ; --------------- ; g ------------- ; 2; ------------- ; 2_ g """"""" ;
o : : : : I : :
< : ! : - : :
G 1 1—* o~ . 1* - , 1
e : 00 =:o03 0.6 i prelu  : relu swish max mean :
> c2 31 : 31 : 31 :
=F 13 -~ | 13 : 1
:...00 103 0.6 1. prelu i relu swish max mean: _ sum...:
Dropout Activation Aggregatlon
Explanation: Explanation:
GNNs experience Sum is the most expre
underfitting more often aggregator

3/16/2023 Jure Leskovec, Stanford CS224\W: Machine Learning with Graphs 16



Results 1: A Guideline for GNN Design

Certain design choices exhibitlear advantages

Interlayer designs

Optimal number of layersis hard to decide
Highly dependent onthe task

o P |
(@)} - H
® T :
o0 I I I - : I
cC > = . H
T T - | - m H 1
(] 1 T T 1- T T 1- T T E - E T T
oY 1 2 3 1 2 3 2 4 6 E skipcat skipsum stack
> C 3 3 4‘ | 53_- H
o9 | | i :
= 3 Pl :
5 i i ) i * i i i E * 1
Q += 2 | i :
<. A | :: :
D 1 T T 1 1 1 1 ] D J E ‘é" E T T
] 1 2 3 1 2 3 2 4 6 : 1 skipcat skipsum stack
""""""" PYE-process 1ayeis™ " "Post-process Tayers "Message passing’layers™ " Layér connectivity

Explanation:
Skip connection enable
hierarchical node

3/16/2023 Jure Leskovec, Stanford CS224\W: Machine Learning with Graphs representatlon 17



Results 1: A Guideline for GNN Design

Certain design choices exhibitlear advantages
Learning configurations

Optimal batch size and learning rate is hard to decide
Highly dependent on the task

------------------------------------------------------------------------------------------------------

) 2 12+ 2

E 1' 1 - T T . T E
: 16 32 64 0.001 0.01 0.1 : 400 :

1S3 11

T 1 1' T . 1' : . 1 1 ] T E
: 16 32 . 64 0.001 0_.01 0.1 : : adam : _ sgd 100 ) .2005 400 :
ORI, Batchsize.........ccoeveunene. Learningrate . ....: i... Qpifmizer Training epochs.....:

Explanation:
Adam is more robust
More training epochs is better

3/16/2023 Jure Leskovec, Stanford CS224\W: Machine Learning with Graphs 18



Results 2: Understanding GNN Tasks

Best GNN designs in different taskary
significantly

= ; : : ;
o E | : E
é 1%* ; T T 1‘ : ! é T 1‘ T . T .
= Max :mean sum max mean = sum max mean - sum .
""""" Aggregation Aggregation Aggregation” "
Dataset: BZR Dataset: PROTEINS Dataset: smallworld

1 SR I

T 1‘ T T » H
2 4 6: 8 :: : 2 4 6 8 2 4 6 : 8

Message passin:g"l'é'y'é'r"s' Message passing layers Message passing 14y&rs
Dataset: Cora Dataset: IMDB Dataset: scalefree

Jure Leskovec, Stanford CS224\W: Machine Learning with Graphs

3/16/2023

19



Results 2: Understanding GNN Tasks

Build a GNN task space

Recall how we compute task similarity

Proposed task similarity (computed from 12 models) Anchor Model Similarity
node-AmazonComputers-N/A-N/A- H =
nodo-AmazonPhoto-N/A-N/A— Performance ranking to Task O
node-CiteSeer-N/A-N/A-
node-CoauthorCS-N/A-N/A-
node-CoauthorPhysics-N/A-N/A -
noge-Corg-NjA-N;Af
graph-PROTEINS-N/A-N/A - " - - - - -
graph-BZR-N/A-N/A - ~1.00 .
graph-COX2-N/A-N/A- | Task 0 v U v U v 0.3
raph-DD-N/A-N/A- -0.75 o 2 2 2 o 2
graph-ENZYMES-N/A-N/A- Task 0 U U U U U -04
graph-IMDB-N/A-N/A- || -0.50
graph-scalefree-clustering-path -
graph-scalefree-const-path - [ [ | | -0.25
graph-scalefree-onehot-path -
graph-scalefree-pagerank-path -

graph-smallworld-clustering-path - || || || -0.00
graph-smallworld-const-path - | | || | |
graph-smallworld-onehot-path - --0.25
raph-smallworld-pagerank-path - - - 0.50
node-scalefree-clustering-pagerank - —-=0. . .
node-scalefree—const-clusterinaf | | Pearson correlation: 0.94
node-scalefree-const-pagerank - || || || --0.75
node-scalefree-onehot-clustering - l
node-scalefree-onehot-pagerank- || | || ... __1.00
node-scalefree-pagerank-clustering - : . . .
node-smallworld-clustering-pagerank- | H u m Ta.S k Simi |ar Ity
node-smallworld-const-clustering - 5 3 | | o
node-smallworld-const-pagerank - o H 1
node-smallworld-onehot-clustering - L || o com p u tat ion Is
node-smallworld-onehot-pagerank - || H EN IS
node-smallworld-pagerank-clustering - L T T T O S O e e e S e T O S .I UL - U % C h ea "
LI LI LLLLLESESSESSEDEDEDEDEDED = )
st LLLLELL T z -
<< e e i L 02080 L3008 2 £
SSSSSSL Sttt oYL DU T E 080U Hu du du Ou = Using 12 anchor
We compute tegatiotsodd g it agfent st ol szl E i
53800 52RRBURT o8 088 : E del d
- e I L 5 moaels Is a goo
pairwise 0SB0 B LN L3 oF RS 9E 085000405505 i ; il
ONTmc Oy fao P S C s T=c=2004 002550
f8cE of WEG 5 e e T2 0L 8899500 © apprOXImatlon.
. . - SEBLYS £ O cOPGLlom=0E= 000 E 0023000 =
R<eco® 5§ 0 0BlfO0BLlpTCPEROLOTE=ES3T
SlmlarItIeS t¢é B3 @ S pEEPERLEESSgREo8EEES
£Eg 29 5 O LBEILPIaPIPIRLEELTRE
9 > 6 758L 50 ROOPPRGAIPEET
 C < © FeY5038 808 0P P
@ o B oM @Yoo TVYETT o
between a” GNN = c =@ =8 am:‘:ogm‘{’ogun‘:” T T T T
b E < §% ctegs -0.5 0.0 0.5 1.0
tas kS 2 2 Task similarity (12 models)
Format of tasks: Level-Dataset-Feature-Label
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Results 2: Understanding GNN Tasks

GNN task space isformative

Group 1

Proposed task 5|m|lar|ty (computed from 12 models)

node-AmazonComputers-N/A-N/AZ = S8 === Seammse =
node-AmazonPhoto-N/A-N/A=
node-CiteSeer-N/A-N/Az
node-CoauthorCS-N/A-N/AZ
node-CoauthorPhysics-N/A-N/As
node-Cora-N/A-N/AZ:
graph-PROTEINS-N/A-N/A=
graph-BZR-N/A-N/Az
graph-COX2-N/A-N/A%
raph-DD-N/A-N/A% =" = =qm= "=
graph-ENZYMES-N/A-N/A-
graph-IMDB-N/A-N/A-
graph-scalefree-clustering-path -
graph-scalefree-const-path -
graph-scalefree-onehot-path -
graph-scalefree-pagerank-path -
graph-smallworld-clustering-path -
graph-smallworld-const-path-
graph-smallworld-onehot-path -
raph-smallworld-pagerank-path-
node-scalefree-clustering-pagerank -
node-scalefree-const-clusierinﬁf
node-scalefree-const-pagerank-
node-scalefree-onehot-clustering-
node-scalefree-onehot-pagerank-
node-scalefree-pagerank-clustering -
node-smallworld-clustering-pagerank -
node—smallworld—const—clusterin%—
node-smallworld-const-pagerank-
node-smallworld-onehot-clustering-
node-smallworld-onehot-pagerank -
node-smallworld-pagerank-clustering-

Grotfp 2

"

-

-
u
"
n
]
-
.
L}
=
C]
-
u|
n
-
n
Iy
=
]
|
L

Il dandmbhalndal

e

X

clustering

pagerank

clusterin
g-pageran

K
K

A
A
A
Al
Al
Al
A
Al
A
th,
the
th,
th
the-
th,
t
th,
clustering

pal

N/A-
pagerank!
clusterin
pageran
clustering
pagerank
clusterin
pageran

N/A-
graph-scalefree-clustering

st

Pairwise similarities
between GNN tasks

node-Cora
graph-BZR-N/,
graph-COX2-N/

graph-DD.

graph-ENZYMES

node-CiteSeer-
graph-PROTEINS-N/
graph-IMDB
pagerank:
node- smallworld—cluslerin

node-CoauthorCS:

node-CoauthorPhysics
graph-scalefree-const

node-AmazonComputers-
node-AmazonPhoto-
graph-scalefree-onehot:
graph-scalefree-pagerank:
graph-smallworld-clustering
graph-smallworld-const
graph-smallworld-pagerank:
node-scalefree-clustering
node-scalefree-const
node-scalefree-const
node-scalefree-onehot
node-scalefree-onehot
node-smallworld-con
node-smallworld-const
node-smallworld-onehot:
node-smallworld-onehot
node-smallworld-pagerank:

@
]
=
Q
©
o
a
o
°
[=]
c
[

'_

Format of tasks: Level-Dataset-Feature-Label
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Jure Leskovec, Stanford CS224W: Machine Learning with Graphs

Group 1:

Tasks rely ofeature information

Node/graph classification tasks,

whereinput graphs have high

dimensional features

A Cora graph has 1000+ dim
node feature

Group 2:

Tasks rely ostructuralinformation
Nodes have few features
Predictions are highlgependent on

graph structure
A Predicting clustering coefficients

21



Results 2: Understanding GNN Tasks

GNN task space isformative

Group 2 Group 1 Dataset
® AmazonComputers
AmazonPhoto
CiteSeer
CoauthorCS
® CoauthorPhysics
0.5 L Cora
PROTEINS
b ] BZR
0.0 COX2
DD
ENZYMES
o IMDB
® scalefree
/1 0 ¢ @® smallworld
® Task-level

Similar tasks have similar 5——=————7——7"7" @ nNodciowl
best architectures PCA Dim 1 % Graph-level

Task Space

1.0

PCA Dim 2

PCA

-0.5

\ Best GNN Designs Foundin Different Tasks

:| Task O 2 8 2 skip-sum sum
| Task 0 1 8 2 skip-sum sum

3/16/2023 Jure Leskovec, Stanford CS224W: Machine Learning with Graphs 22



Results 3: Transfer to Novel Tasks

Case studygeneralize best models tonseen

OGBogbgmolhivtask:

ogbgmolhiv is unique from other tasks20x
larger, imbalanced (1.4% positive) and requires

out-of-distribution generalization
Concrete steps for applying to a novel tas

Step 1:Measure 12 anchor model performar;*

on the new task

Step 2:Computesimilarity between the new
task and existing tasks

Step 3:Recommend th&éest designs from
existing tasks with high similarity

3/16/2023 Jure Leskovec, Stanford CS224W: Machine Learning with Graphs

nking of best design after task t
=] =

0.6+

0.2

Pearson correlation: 0.78

» Task

gTask

T T T
-0.5 0.0 0.5

23

T
1.0
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Results 3: Transfer to Novel Tasks

Our task space caguide best model transfer
to novel tasks!

Findings:
We pick 2 tasks: Transfer the best model from Task A achieves
Task A: Similar to OGB ?OTAfon ﬁGbB el o ek B oo
Task B: Not similar to OGB ranster the best model rrom las perrorms
badly on OGB
- Pearson correlation: 0.78
2" , Task Task = graph - Task | : node -
%o scalefree -const -path | CoauthorPhysics
g Bestdesign : :
E,”'B' in our designspace (1, 8, 3, skipcat, sum) | (1, 4, 2, skipcat, max)
g Task Similarity
EM_ with ogbg -molhiv 0.47 -0.61
S 0.2 Performance after
fiﬂ - Task transferto ogbg -molhiv 0.785 0.736
0.0 T r 1 T
Tasios'ismilari%rowith og't?g—mc}l:{i?f PreViOUS SOTA 0771
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J.You, R.Ying, J. Leskovée JNeurlPS 2020

GNN Design Space: Summar

Systematic investigation of:
General guidelines for GNN design
Understandings of GNN tasks
Transferring best GNN designs across tasks
GraphGym Easyto-use code platform for GNN

(a) GNN Design Space (b) GNN Task Space (c) Controlled Random Search
Intra-layer Design: 4 dims Inter-layer Design: 4 dims Task Space Task format: Level-Dataset GNN Design Space GNN Task Space
@® node-AmazonComputers - .
_________________________________________ ® node-AmazonPhoto BatchNorm| Act [é [MP layers|Connectivity| level | dataset
H ' ® = = B
: MLP Layer i ; 1.04 node-CiteSeer True relu |é 8 skip_sum | node | CiteSeer
: Y " rzcr:iss 1 o ”":e’g"a"z:"rgs False [relu[é 8 skip_sum | node | CiteSeer
E Y node-CoauthorPhysics s "
BatchNorm : MLP Layer layers o %57 node-Cora True relu |é 2 skip_cat | graph BZR
i = ° graph-BZR False relu [é 2 skip_cat | graph BZR
< pod @ graph-COX2 é
GNN Layer g graph-PROTEINS
e aond (d) Rank Design Choices (€) Ranking Analysis
P ° # QraphIMDB by Performance
i | GNN Layer e 3 arapd - ?
. | 0] e o Waph'm'effeel Experimental Results &
Aogreqation T Moo L I T T T T T o e Val [ DesgnChoce | g5
i | GNN Layer P 9 PCA Dim 1 ® node-smallworld Accuracy Ranking e < . I
. . - . - - - © False True
Learning Configuration: 4 dims Frossia ; Best GNN Designs Found in Different Tasks e 1 752
Batch size i MLP Layer Post- Pre layers |MP layers| Post layers|Connectivity] AGG 8:3 7 (aztie) gg
Learning rate process | |Task! 2 8 2 skip-sum | sum 0.86 e < z
Optimizer MLP Layer layers | [Task" 1 8 2 skip-sum | sum : ___ (@i 1o e
Training epochs ' Task # 2 6 2 skip-cat | mean e Batch Normalization
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Pre-Training
Graph Neural Networks




Graph ML in Scientific Domains

Chemistry Molecular graphs

Molecular property predictionﬁrunniD
example today
f(VQ)H/f) = toxic?

Biology. Proteinprotein association graphs
Protein function prediction

f( K:%‘/- ) = biological activity?

ine Learning with Graphs




GNNs for Graph Classification

GNNSs obtain an embedding of an entire grapl
by following two steps

Iteratively aggregate neighboring informatioto
obtain node embeddings

Pool node embeddingto obtain a graph
embedding

lterative neighbor I = | toxic?

aggregatlon
Pool 1

Molecule : |

O = ”"=:>- —
00

3/16/2023



GNNs for Graph Classification

Node embeddings captutecal
neighborhood structure

The embedding of an entire graph iglabal
aggregationof such node embeddings

Globally-
Capture local aggregate
neighborhood local features
structure 1

Molecule |

O = ““=:>- —

3/16/2023



Challenges of Applying ML

Two fundamental challenges in applying ML
to scientific domains
1. Scarcity of labeled data

Obtaining labels requires expensive lab
experiments

A ML models overfit to small training data
2. Outof-distribution prediction

Test examples tend to be very different from
training examples

A ML models extrapolate poorly
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Challenges for Deep Learning (1)

Deep learning models have a lot parameters
to train (e.qg., in the order of millions).
#(Labeled training data) << #(Parameters)
Deep learning models are extremely prone to
overfitting on small labeled data.



Challenges for Deep Learning (2)

Deep learning models extrapolate poorly

Models often make predictions based on spurious
correlations in a datas@bagawa et al. ICML 2020]
9EUV LYI3IS Ofl aaArFAOFGAZ2
GONRGY O6SI. . o
_ o E | | Adapted from
During training: -4 SN wikipedia
azaild alLR2fIF NI oO6SINERE KIS (K
azadld AGONRGY O0SIFNRE KIS (K
Model can learn to make prediction based on the image
background, rather than the animal itself.

Ve V4 Pal V4 Vd o V4
L] 7

' 0Sau UAYSZ gKIuU AT g
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Injecting Domain Knowledge

D2 f Y L YLNE ofdistites f Qa
prediction performance even with limited data.

Key Idea Inject domain knowledge into a model
nefore training on scarcelabeled tasks!

The model already knows the domain knowledge
before training on data

So that the model can

Generalize well without many tasdpecific labeled data

Extract essential (neapurious) pattern that allows
better extrapolation.
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Effective Solution: Pre-Training

Wepre-train a model on relevant taskawvhere
data Is abundant.

After pretraining, the model parameters already
contain domain knowledge.

For downstream tasks (what we care about,
typically with small #labeled data)
We start from the pretrained parameters and fine
tuning them.
Pre-training Fine-tuning on

Raw Output downstream tasks
input embedding

B
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Pre-Training is Successful

Pretraining has been hugely successful in
computer vision and natural language
processing.

Pretraining improves labegfficiency.

Pretraining improves oubf-distribution
nerformance[Hendryckst al. ICML 2019]

Pretraining is a powerful solution to the two
ML challenges in scientific applications

Scarce labels
Out-of-distribution prediction
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. Hu et al. ICLR 2020
Pre-training GNNs

[ SUQa O Zrdiking GNINND LINS
We design GNN p#aining strategies and
systematically investigate

Q1.How effective Is préraining GNNs?

Q2.What Is the effective préraining strategy?



How Effective is Pre-training GNNs?

[ SGQa UKAY]l FFoz2dzi Y2f
for drug discovery.

Naive strategy
Multi-task supervised prgaining on relevant labels.

Diverse labels Toxicity A?
from chemical database N
Toxicity B?
lterative neighbor M
aggregatlon
Pool 1 o omciivity AP
Molecule \\ ioactivity A~
10 Bioactivity B?
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Experimental Setting

Molecule classification
Task Binary classification. REXLC as metric

Supervised prdraining data

1310 diverse binary bioassays annotated over ~450K
molecules

Downstream tasiwhat we care about!)

8 molecular classification datasets (relativeiypall, 1K
100K molecules)

Data split Scaffold (test molecules are oof-
distribution)
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How Effective is Pre-training GNNs?

Naive strategy
Multi-task supervised prgaining on relevant labels.
A Limited performance improvement on downstream
tasks. Often leads to negative transfer

Molecule classification performance

16.0 »

2 Lol @ : Naive
Qo
032 Y strategy
D e ‘c | 10.0 -
< 0 'm
Qg5 80]
8 o GEJ_ 6.0 4
28 L.
j=
Non pre-trained /)0 ] egatlve transfer

GNNs

'\

Downstream datasets
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What is the Effective Strategy?

Key ideaPretrain both node and graph

embeddings.

A GNN can capture domaspecific knowledge of
both local and global structure

Pre-training on
graph labels Toxicity A?

Pre-training on node labels Capture Toxicity B?
[T
A Global I
Ca.pture local structure A Bioactivity A?
nelghborhood | | Bioactivity B?
structure 0 11
Th

Q'\ =) L“n = 1 I'.

11 11
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What is the Effective Strategy?

Key ideaPretrain both node and graph
embeddings.

Embedding illustration  Naive strategies

(a.iii) Node-level + (a.i) Node-level (a.ii)  Graph-level

Graph-level pre-training pre-training only pre-training only
| 2
< 2 ¢
' 4 ¢ ;0@ %o ®
o !
z | \ 4
iPooling \Pooling Pooling——
o" §
$ . ! & o
Lot 7 Elp gt 00 || Hhdhgf .-
P s dhir II“I'II. =
- S = || LT o J
| < © (X

Graph embedding Node embedding
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Proposed Pre-Training Methods

Self-supervised
(No need for

external labels) Node-level | Graph-level
_ _ Supervised
Attrl-bl!te Attrlbyte Attribute
prediction Masking Prediction
Structure Context St'ru.ctu!‘al
v Bradiction Similarity
prediction | | Fredict Prediction
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Attribute Masking: Algorithm

Mask node attributes

Use GNNs to generate node embeddings.
Use the embeddings to predict masked
attributes.

s ING Uy 0, e
0
Cm

) GNN

(C,N, 0,8, ..}
X = Masked node




Attribute Masking: Intuition

Intuition
Through solving the masked attribute
prediction task, a GNN Is forced to learn
domain knowledge, .e.g., chemical rules.

Input graph EI\E*
X(C,N, 0,8, ..}

s ANy Wy D0y wee
0
Cm

> GNN

(C,N, 0,8, ..}
X = Masked node
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Context Prediction: Algorithm

For each graph, sample one center node.
Extract neighborhood and context graphs.
Use GNNSs to encode neighborhood and context

graphs into vectors.
Maximize/minimize the inner product between

true/false (neighborhood, context) pairs

Input graph

) K-hop neighborhood

\m o?—o / GNN

cl HN ‘ h o \ .
._____‘—"’ e
O @@ N
Context graph Q. NN/ o)
@ = Center nod o
Q- C(e)rrllt:;?anhor nodes o " o
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Context Prediction: Intuition

Intuition
Subgraphs that are surrounded by similar
contexts are semantically similar.
In natural language processing, this is called

distributional hypothesis, and is exploited in the
word2vec mOde|[|v|iko|ovet al. NIPS 2013].

Input graph

o]
Cm
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Supervised Attribute Prediction

Multi-task supervised training on many
relevant labels.

Pre-training on
graph labels Toxicity A?

Iterative neighbor Toxicity B?
aggregation I [Th
m 1 Bioactivity A?
1 0 l 10 \ Bioa;::ityB?
1 10 1 1
@\ = ﬂ<><——\u = 1 |
11 11
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Overall Strategy

1. Nodelevel pretraining
2. Graphlevel pretraining
3. Finetuning on downstream tasks

pre-training

Toxicity A?  Bjoactivity A? :
Y Graph pre-train

Toxicity B?  Bioactivity B?

3/16/2023 Jure Leskovec, Stanford CS224\W: Machine Learning with Graphs

Downstream
task 1

Self-supervised
node-level pre-training :
g oy e ol Node pre-train
3 .
(NN _ Fine-tune
Supervised graph-level

Downstream
task N
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Results of Our Strateqgy

Avoids negative transfer.
Significantly improve the performance.

Molecule classification performance

16.0 s
14.0 - A.k ¢

@ : Our strategy

12.0 o
o ° @® : Naive
60 strategy

pre-training
(0e]
o

ROCAUC
improvementover no

Avoids negative transfer

Non pre-
trained %%é /\o@» & %\Q& & S & o <&
GNNSs “ ©

Downstream datasets
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Comparison of GNN models

When different GNN models are ptained,

the most expressive model (GIN) benefits the
most from pretraining.
Intuition: Expressive model can learn to
capture more domain knowledge than less
expressive models.

Chemistry Biology

Non-pre-trained | Pre-trained | Gain | Non-pre-trained

Z| GABLT0 |7

GraphSAGE

. VD. .
70.3 +2.0 65.7+ 1.2

Pre-trained

68.5 + 1.5

GAT

60.3 -6.5 68.2 + 1.1

67.8 £ 3.6

3/16/2023
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Pre-Training GNNs: Summary

GNNs have important applications in scientific
applications, but they present challenges of

Label scarcity

Out-of-distribution prediction
Pre-training Is promising to tackle the challenges.
However, naive prraining strategy gives sub
optimal performance an@ven leads to negative
transfer.
Our strategy: Prdrain both node and graph
embeddingsA Leads to significant performance
gain on downstream tasks.
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CS224W: Wrap-Up




Modern ML Toolb
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Graphs and Relational Data
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https://arxiv.org/abs/1503.00759
https://en.wikipedia.org/wiki/Triangle_mesh
https://www.researchgate.net/figure/Static-call-graph-for-Figure-1-Callsites-are-labeled-with-their-line-number-in-the-code_fig1_220751974
https://www.mdpi.com/2078-2489/1/2/60/htm
http://math.hws.edu/graphicsbook/c2/s4.html
https://www.ese.wustl.edu/~nehorai/research/genomic/grn.html

CS224W: Deep Learning in Graphs

Graph Regularization, Graph
convolutions e.g., dropout convolutions
@2 @2
& &
Activation Q Q
function &
/ S

A,

"L

Predictions: Node labels,

New links, Generated
Input: Network graphs and subgraphs
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Models of Interest: Invariances

Perceptrons CNNs Group-CNNs LSTMs
Function regularity Translation Translation+Rotation, Time warping
Global groups
i
A
“‘“,.‘ "1".l,- Late
maeEy :"1:.}.'1:‘::.',
AT .
_E f}_.al: :::h?l S *a -
DeepSets / Transformers GNNs Intrinsic CNNs
Permutation Permutation Isometry / Gauge choice
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The Bottom Line

There Is exciting relational structure in many
many reatworld problems

Molecules/Proteins as strings vs. graphs

Travel time duration over the map graph
ldentifying and harnessing this relational
structure leads to better predictions

AlphaFold

Biomedicine

Recommender systems

3/16/2023 Jure Leskovec, Stanford CS224W: Machine Learning with Graphs 58



You learned a lot!

Theory:

Models, architectures, approaches
Practice:

Collab notebooks

Homeworks
Creative research:

Course project
The realworld use cases and applications
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What Next?

Project write-ups:
Tues March 21 MidnightLl1:59PM)Pacific Time
No late days!
Courses:

CS246: Mining Massive Datasets (Spri
Data Mining & Machine Learning for big dai
60AIITTR2Say Qi FAOG Ay Y
Fast clever algorithms for realorld problems
Distributed data processing frameworks: ‘

[

MapReduce, Spark

3/16/2023 Jure Leskovec, Stanford CS224W: Social and Information Network Analysis, http://cs224w .stanford.edu 60



In Closing...

It has been a challenging year for everyone

Back to campus, work from home, social
distancing, fatigue, disease, welleing

Virtual office hours, take home exam

But we *all* did our best and did best given
the challenging circumstances
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Thank you, team!!!
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