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[1] Kipf T N, Welling M. Semi-supervised classification with graph convolutional networks. ICLR, 2017.
[2] Velickovi¢ P, Cucurull G, Casanova A, et al. Graph Attention Networks. ICLR. 2018.
[3] Hamilton W, Ying Z, Leskovec J. Inductive representation learning on large graphs. NeurlPS, 2017.
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. Neural Message Passing (BE&Z1EH1#)
« {EZAIGNN (ZNGCNI[1], GAT[2]) &BiE{&E neural message passing (NMP

BEMEIEH]) paradigm:
» Aggregate the neighborhood information (iE({5)

m) « aggregate ({hz_llu € Nz)})
 Update the message via neural networks (it&)

h! « update(m.)
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GIF from https://blog.csdn.net/DreamHome_S/article/details/105619194

[1] Thomas N Kipf and Max Welling. 2017. Semi-Supervised Classification with Graph Convolutional Networks. In ICLR.
[2] Petar Veli¢kovi¢, Guillem Cucurull, Arantxa Casanova, Adriana Romero, Pietro Lid, and Yoshua Bengio. 2018. Graph Attention Networks. In ICLR.
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Manual Design

HMESRITCGNNEE Low NMPSE S5 T
%ﬂ i/':li ';5-5 E"] ?? Barrier Scalability % E"] U” ?H':\/ %ﬁi}ﬂu ETJL fEﬂ

[1] https://github.com/dmlc/dgl

[2] https://github.com/pyg-team/pytorch_geometric !
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(a) Speedup

Figure 2: The speedup and bottleneck of a two-layer Graph-
SAGE along with the increased workers on Reddit dataset.
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' HEYZ1% (Message Passing) 5Bz

REDERH “BE-
Aggregate |#" i,

/Functlon
ng) _® (xz(.k—l),mje./\/(z) |¢ (ng—l)’x§k—1),ej,i))

l l

Update Function Message Function

HEEIBTIN T R ERRZIBEGERTRE , EER ="
1. Message Function : EX T MN\EMEENAGT ;
2. Aggregate Function : EX TEEEEMNAT ;
3. Update Function : ENX T B0 RIFIERIE T

11

The formula is from https://pytorch-gqeometric.readthedocs.io/en/latest/notes/create gnn.html Tencent | F
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Scalable Graph Neural Architecture Paradigm (SGAPZEHSETL)
- EXTY B)G&GREAS
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418

: (Aggregating)
Aggregating

IR

(Updating)

[aAbIE
(Aggregating)

Updating

Fetch information during training
l Fetch information before and after training

The number of training epochs
Twice
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. SGAPEZ

M = graph_propagate(A, X) (1)
X' = message_aggregate(M) (2)
Y = model_train(X") (3)

SGAPMEIRYEXRZIEEURRYRE) . EEHE=T12FARK
1) : FENEREEER  SRIFREREHRIER M ;
(2) : REABEBEERIEE | SEFREFE , X' ;
(3) : BX'EA—MEFEIRE (WMLP ) #7145 , BRIRZEE | Y,
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. SGAPHIS:

- F&biE
- NBETRRGHE (451 )
- [RRbE

+ NBETRRGHE (RIiFE)

m), « graph_aggregator ({m,‘;—llu € NU})

o Rt
Pre-processing
(Aggregating)

Model Training
(Updating)

Post-processing
(Aggregating) Input Graph

Aggregators
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Graph Aggregator ( BIRR528)

. % m) « graph_aggregator ({m,’;—llu € NU})

« Augmented normalized adjacency (used in GCN[1])

1 _
mf,= Z ~—mz -
du

uENv

« Personalized PageRank (used in APPNPI[2])

1

m! = am? + (1 - a) Z ———m,,
uENZ) ‘\’dvdu

- Triangle-induced adjacency (used MotifNet[3])

1
ro_ -1
m, = E Jiri m,,

uENU =

[1] Thomas N Kipf and Max Welling. 2017. Semi-Supervised Classification with Graph Convolutional Networks. In ICLR.

[2] Johannes Klicpera, Aleksandar Bojchevski, and Stephan Ginnemann. 2019. Predict then Propagate: Graph Neural Networks meet
Personalized PageRank. In ICLR.

[3] Federico Monti, Karl Otness, and Michael M Bronstein. 2018. Motifnet: a motif-based graph convolutional network for directed graphs. In 2018
IEEE Data Science Workshop (DSW). IEEE, 225-228.
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. SGAPHIZ

Il
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- EHRGEEE

cy < message_aggregator(M,)

i Rigit
Pre-processing
(Aggregating)

31‘d

-step K™ _step

Model Training

(Updating)

Cy

Post-processing
(Aggregating)

h, <« message_updater(cy)
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. Message Aggregator (HEERESEE)

. % ¢, <« message_aggregator(My,)
- IEBEIEMNEREEE (mean, max)

Cmsg < Omicm, w; f (m?)

- BENEG=S (gate with trainable parameters)

i i
Crnsg < E w;m,, w; = o(sm,)

m’ eM,

#Steps
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SGAPSBZ{

Algorithm 1: An example of scalable graph neural ar-
chitectures following SGAP.

10
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Input: Graph G = (V, &), aggregation depth K¢, Kpost
features x, for each node v € V.
Output: Prediction message mfp * for each node v € V.
Initialize message set M, = {x,} for each node v € V;
Stage 1: Pre-processing
Initialize feature message m? = x, for each node v € V;
for1 <t < Ky do
forv e V do
e graph_aggregator(m‘;\_/vl);
My =My U {mé}:
c, «message_aggregator(My);
Stage 2: Model-training
forv e V do

‘ h, «message_updater(cy);

m

Stage 3: Post-processing
Initialize feature message mg = h, for each node v € V;
for 1 <t < Kppst do

forv e V do

’ m! «— graph_aggregator(ml;\_(l);

HTFSGAP SBTFKIRITGNN

1. GUAbIE

WENTR v, REERGRE t N\ 1 B Ky, , FHEFR

graph_aggregator KB EK,, . JRPE TR N, BIFFHLE.

2. illgk
HTFREEHIHE R message_updater (MIMLP)
FFI T REVERIRE RIS,

3. RALiE

HIRIRES SSHETRYRHIE | FHER

graph_aggregator KRS WPEBANTEIER Kpose X
SRR,
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. Search Engine (1#Z5|2)

- SMEAEICBTRZERY tradeoff
.« i%itZSE: F£SGAP 3 NN ERIIBERIRIT (250
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T R
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Design Space (igit=d)

« 6 NSEEHIEE + B2 SE
« 81 150k FR]8EAY configuration instances

Stages Name

Range/Choices Type

Pre-processing

Aggregation steps (Kpre)
Graph aggregators (GApre)

[0, 10] Integer

{Aug.NA, PPR(a = 0.1), PPR(« = 0.2), PPR(a = 0.3), Triangle. IA} Categorical

Model trainin Message aggregators (MA) {None, Mean, Max, Concatenate, Weighted, Adaptive} Categorical
& Transformation steps (Ktrans) [1, 10] Integer
Aggregation steps (Kpost) [0, 10] Integer

Post-processing

Graph aggregators (GApost)

{Aug.NA, PPR(a = 0.1), PPR(« = 0.2), PPR( = 0.3), Triangle. IA} Categorical

. BIASHIScalable GNNEBIZIET Befi iR A0Sl

Models Pre-processing Model training Post-processing
GApre MA Ktrans GApost
SGC Aug NA None 1 /
SIGN Optional Concatenate 1 /
S*GC PPR Mean 1 /
GBP Aug NA Weighted > 2 /
PASca-APPNP / / > 2 PPR
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. Suggestion Server (#EFIRSSER)
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. Evaluation Engine (&5
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s L Message Distributed Storage
 Graph data aggregator (B&#U3EERE588) -

0-th1lth ith 1 ELE

FADLEAD U HEE N

EE N EE N

Z\ 22 HE-N . EE

° JJ EE R EE B
Structure  Features :Structure Featur

1) i-step messages of 2) (i+1)-step message
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 Neural architecture trainer (28531 Z2%) Pre-processing Features
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Dataset #Nodes  #Features  #Edges #Classes #Train/Val/Test Task type Description
Cora 2,708 1,433 5,429 7 140/500/1000 Transductive citation network
Citeseer 3,327 3,703 4,732 6 120/500/1000 Transductive citation network
Pubmed 19,717 500 44,338 3 60/500/1000 Transductive citation network
Amazon Computer 13,381 767 245,778 10 200/300/12881 Transductive co-purchase graph
Amazon Photo 7,487 745 119,043 8 160/240/7,087 Transductive co-purchase graph
ogbn-products 2,449,029 100 61,859,140 47 195922/489811/204126  Transductive  co-purchase network
Coauthor CS 18,333 6,805 81,894 15 300/450/17,583 Transductive  co-authorship graph
Coauthor Physics 34,493 8,415 247,962 5 100/150/34,243 Transductive  co-authorship graph
Flickr 89,250 500 899,756 7 44,625/22,312/22,312 Inductive image network
Reddit 232,965 602 11,606,919 41 155,310/23,297/54,358 Inductive social network
Industry 1,000,000 64 1,434,382 253 5,000/10,000/30,000 Transductive user-video graph

. ISUFBE#R
« SGAP Lt EFNMPRIERIZIEE & scalable,

u

»  PaScaf¥ZRHRHIERAEBRIFHIAIE A/

- RREEEBEUS FSHIFTIILEE.

Y E B itn2Z/EltradeofT,
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. Scalability Analysis (B]3 45 17)

- XIEEEIE
- ETF SGAPRIAPPNP
- EFNMPHIGraphSAGE

=T SGAP HIGNNALABS S IERIIMELLF B E NN B8 RINNELE,

4 41

Ideal Ideal

PAScA-APPNP PAScA-APPNP
% 3{ —— GraphSAGE % 31 —— GraphSAGE
o o
3 S
&2 221

2 4 6 8 2 1 6 8
#Workers #Workers
Reddit (>230K nodes) ogbn-product (>2.4M nodes)
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. Search Representatives (JEZ=H KR ETIE)

- RS (EEREFE L)

«  MSGAPZITTEHE R LRI ZBEFRMZ MER BinzBfYtradeoff,
« PaSca-V3 B8 7 &{EIFuNRE(ERE 7 tbPaSca-V2E <AIFNIAT &,

o IR RHRALERGBP[1], —/ SOTA A EM&ZLES

PASCA-V3

0.7 1
0.6 1
0.5 A
04
0.3

o/

0.1 A

Normalized inference Time

PASCA-V2

SIGN

A
SzGAC PASCA-APPNP

SGC

Table 3: Scalable GNNs found by PaSca.

Models Pre-processing Model training Post-processing
GApre MA Kpre Ktrans GApost Kpost

PaSca-V1 | PPR(a = 0.1) Weighted 3 2 / /

PASca-V2 Aug NA Adaptive 6 2 / /

PaSca-V3 Aug NA Adaptive 6 3 PPR (a = 0.3) 4

PAScA-V1

0.15 0.16

0.17 0.18
Classification Error

0.19

[1]Chen M, Wei Z, Ding B, et al. 2020. Scalable graph neural networks via bidirectional propagation[J]. In NeurlPS.
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. Search Representatives (JEZH kAT E)

. RIS TIA RS

« PaSca V2 1 V3 €318 T Lk JK-Net BEIFRU/EHR , (HEEREE

BB 2 & /DAY |1ZRET (8],

AT B SRR,

Z /el

PAScaA-SGAP
~ 481
o - AT -
< ! 2x ! JK-Net
— | GBP e i 113x
% 471 ¢ | A%ﬁg gg;
= 'PaSca-V1  SIGN : * s-GC
g T 5 | APPNP RSN
< . % . GCN  78x
o 461 1 4 S2GC : 33x
7 B st :
= | |
| e i
45 A 1 1
S J
10" 10’ 10°

Relative Training Time

[1] Xu K, Li C, Tian Y, et al. 2018. Representation learning on graphs with jumping knowledge networks. In ICML.
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FNE B AscalableAUsEESETVIELL , ETFSGAPRINZRLE SEBIE A=
FIRIREERE
E:I: Hbo
— By Vi= =] YN
PaSca-V3 EAEIEGEE _LEFEE T &IFaYIERE.
. Amazon Amazon Coauthor Coauthor
Type  Models Cora Citeseer PubMed Computer  Photo CS Physics Industry
GCN 81.8+0.5 70.8+0.5 79.3+0.7 82.4+0.4 91.2+0.6 90.7+0.2 92.7+1.1 459+0.4
NMP GAT 83.0+0.7 72.5+0.7 79.0+0.3 80.1+0.6 90.8+1.0 87.4+0.2 90.2+1.4 46.8+0.7
JK-Net 81.8+0.5 70.7+0.7 78.8+0.7 82.0+0.6 91.9+0.7 89.5+0.6 92.5+0.4 47.2+0.3
ResGCN 82.2+0.6 70.8+0.7 78.3+0.6 81.1+0.7 91.3+0.9 87.9+0.6 92.2+1.5 46.8+0.5
DNMP APPNP 83.3+0.5 71.8+0.5 80.1+0.2 81.7+0.3 91.4+0.3 92.1+0.4 92.8+0.9 46.7+0.6
AP-GCN 83.4+0.3 71.3+0.5 79.7+0.3 83.7+0.6 92.1+0.3 91.6+0.7 93.1+0.9 46.9+0.7
SGC 81.0+0.2 71.3+0.5 78.9+0.5 82.2+0.9 91.6+0.7 90.3+0.5 91.7+1.1 45.2+0.3
SIGN 82.1+0.3 72.4+0.8 79.5+0.5 83.1+0.8 91.7+0.7 91.9+0.3 92.8+0.8 46.3+0.5
S2GC 82.7+0.3 73.0+0.2 79.9+0.3 83.1+0.7 91.6+0.6 91.6+0.6 93.1+0.8 459+0.4
SGAP GBP 83.9+0.7 72.9+0.5 80.6+0.4 83.5+0.8 92.1+0.8 92.3+0.4 93.3+0.7 47.1+0.6
PaSca-V1 83.4+0.5 72.2+0.5 80.5+0.4 83.7+0.7 92.1+0.7 91.9+0.3 93.2+0.6 46.3+0.4
PaSca-V2 84.4+0.3 73.1+0.3 80.7+0.7 84.1+0.7 92.4+0.7 92.6+0.4 93.6+0.8 47.440.6
PaSca-V3 84.6+0.6 73.4+0.5 80.8+0.6 84.8+0.7 92.7+0.8 92.8+0.5 93.8+0.9 47.6+0.3
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RGN
o SCHITEEEmERLNZT REVEXMEEMREMSBERS , SBETBERARINBZZIFEE AT ZNATHR
SHEFIIRBRIZEF 75
o EFERDTIRECTEGIthubFFR : https://github.com/PKU-DAIR/SGL
%233 BI RIS CCF AZKERIZIEIRM S WWW 2022 Iff— "BREFEIENR” ( PEFE2T)
o AEGEEXIIERIFTEFREFIEER0GBRISIIE—

Leaderboard for ogbn-mag
The classification accuracy on the test and validation sets. The higher, the better.

Package: >=1.2.1

Test Validation
BESt Stu d ent Pa pe r Awa rd Rank Method Accuracy Accuracy Contact References #Params Hardware Date

a Gra th ural Architecture Sea hSyt m under the Scalable Para d[gm 1 NARS-GAMLP+RLU 0.5590 ¢ 0.5702 £ 0.0041 t : ,734,882 Tesla V100 (32GB) Aug 19,
Systems and Infrastructure Track 0.0027 2021

‘ ‘ ‘ ‘ ‘ ‘ ‘ BSiflAngel GraphBZIPARIFIGNNERIZEEEOGBIH R
=! -
nnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnn B O‘JJ 3

https //vvvvvv2022 thewebconf. org/avvards/

Rl EFREF 5
https://ogb.stanford.edu/docs/leader_nodeprop/

31
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. RGTOE

https://github.com/PKU-DAIR/SGL

SGLAZIXIT B 1R

[ mawrs | [ wasx | | mx | =3 RiF
LT RiE:
e . ETSGAP, SGL REALIR B R A AE E £
i [ SGAPE1E J [ MI4& LR 2 ] [ L BiE 3 ] E AR 2.8384k:
. S J RIFEIEEN S BB IR R ML
N —— S ——— 1 3.5 At
: [ E IR ] [ mZ ki ] [ ERT TS ] [%”-%“ﬂa‘é?ﬁﬂ:ﬂ] | BuEgE SN ENAESEFIMNARRENED
i ]
ittt ————————— 4. SR IR R AL
j ' 2 IR ER R {f
I | HT
:‘ [ Sl ] [ ikt 557 ] : 5. Bag of Tricks
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