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() ==GNNEFRikRED

n AT EFHIRESGNNRZRIAGE 1 —E 2 A4
OGIN [Xu et al., ICLR191#2H, GNN EXHE 2*1"775@%57’3 1-WL test—

-
/T\ 2 WL test iterations /,\ Captures structures
'\ : /T\ 1\\ j Y 9V
"““‘ - = »» Multiset
Graph Rooted subtree GNN aggregation

O Fl B SMWLE ARG RIAEE JTEEAIGNN [Maron et al., ICML'19, Balcilar
et al., ICLR’21, Horn et al., ICLR’22]

1-WL Test == 2-WL Test == 3-WL Test === m=) Graph isomorphism

| | |

1-WL GNN == 2-WL GNN == 3-WLGNN == - ==



() ==GNNEFRikRED

P

—1§ﬁﬁ§'§ﬁ£ A2

jtjcﬁﬁai&-fm hop,néjgﬁi HIRIARE JI#3-WL bounded, B#FIHE—Bk
a9 SME T EE E AT LA K-hop jEE{%iE [Feng et al., NeurlPS’22]

CMU$RH T EEk-WLEE 204 [ RYIE AR K& EGNNAYFRIXRE
/‘ ReER), HEZM{KTk-WL [Zhao et al., NeurlPS’22]

SetWL/E

ANURIR B2 L 7 — NI El [E4a0)1 B R 2544 Neighbourhood WL
(N-WL), FHETFIbi&it T GNNIEZEIG3N [Wang et al., ICLR'23]




m NAGEIEF A )8 H %

O ZEEEIR, AERSE; NBECNNIRRERNREX 57 ™E .
s D A Y
m I EI'J)_)(EE EWL (GD-WL) BEJERe#ERF A XUEIR 45 7l (0] @
O ESRMESESAUXSHAE 0 ETGD-WLiiTHIGNNRE
dis=5 dis=4 Model Detsction  Detection
: GCN [Kipf and Welling, 2017]  51.5%+1.3% 62.4%+1.8%
i:’ E: :i‘ GAT [Velitkovic et al., 2018]  52.0%+1.3% 62.8%+1.9%
GIN [Xu et al., 2019] 53.9%+1.7% 63.1%+2.2%
GSN [Bouritsas et al., 2022] 60.1%+1.9% 70.7%+2.1%
Graphormer [Ying et al., 2021]  76.4%+2.8% 84.5%+3.3%
Graphormer-GD (ours) 100% 100%
- w/o. Resistance Distance 83.3%+2.7% 100%

Zhang, et al. Rethinking the expressive power of gnns via graph biconnectivity. [ICLR’23] 10
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IBEGNNS R ECH

JE RN LR T iESGNNBYZRIZEE S, WERR T{EA L

/‘ TR RS,

-2 INNE B

HFigd T JacobiConv [Wang et al., ICML’22]

AEIE T Mitid S8 B (Spectral smoothness) NF 94 T S IR & 2818

7~ e OB,

AXREFEN T EHVILEE REIRKSIZN X,

H1Elh T Correlation-freeZ244 [Yang et al., ICML'22]

et T E TS

/ KIFHERIGNNIEREIChebNetll [He et al., NeurlPS’22] (Ours)

MITA AN ZHERAERD TR HTENIEIGNNEEFSignNetFiBasisNet,
A LOERRIZ R LE N BT H/2E BE3RiAGE /] [Lim et al., ICLR'23]
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GPR-GNN [Chien et al., 2021]
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BernNet [He et al., 2021]

Bernstein

0.50
0.25
0.00 4
—0.251
—0.50 1
=0.751

—1.001

JacobiConv [Wang etal., 2022]

Chebyshev

JFavard B = ST E Z I &
IRV L Z I A

ChebNet [Defferrard et al., 2016]

FavardGNN/OptBasisGNN [Guo et al.

ICML’23]

‘«t\@ 4‘»

B

Jacobi

2.0

1.59

1.01

0.5 A

0.0

-0.51

-1.01

-1.54

-2.0

T T T T T T T T T
0.00 0.25 0.50 0.75 1.00 1.25 1.50 175 2.00

Dataset Chameleon Squirrel Actor Citeseer Pubmed

V| 2,277 5,201 7,600 3,327 19,717

H(G) 8 27 22 74 .80

MLP 46.59 + 1.84 31.01 £1.18 40.18 £ 0.55 76.52 + 0.89 86.14 + 0.25
GCN 60.81 + 2.95 45.87 + 0.8 33.26 £ 1.15 79.85 + 0.78 86.79 + 0.31
ChebNet 59.51 £ 1.25 40.81 £ 0.42 37.42 £+ 0.58 79.33 £ 0.57 87.82 + 0.24
ARMA 60.21 + 1.00 36.27 + 0.62 37.67 £ 0.54 80.04 + 0.55 86.93 + 0.24
APPNP 52.15 + 1.79 35.71 £ 0.78 39.76 £ 0.49 80.47 £ 0.73 88.13 £+ 0.33
GPRGNN 67.49 +1.38 50.43 £+ 1.89 39.91 + 0.62 80.13 + 0.84 88.46 + 0.31
BernNet 68.53 £ 1.68 51.39 £ 0.92 41.71 £ 1.12 80.08 £ 0.75 88.51 + 0.39
ChebNetll 71.37 £ 1.01 57.72 £ 0.59 41.75 £ 1.07 80.53 + 0.79 88.93 + 0.29
JacobiConv 74.20 + 1.03 57.38 £ 1.25 41.17 £ 0.64 80.78 £ 0.79 89.62 £+ 0.41
FavardGNN 72.32 + 1.90 63.49 +1.47 43.05 £+ 0.53 81.89 £ 0.63 90.90 £ 0.27
OptBasisGNN 74.26 + 0.74 63.62 £+ 0.76 42.39 £+ 0.52 80.58 + 0.82 90.30 £+ 0.19
Dataset Penn94 Genius Twitch-Gamers Pokec Wiki

1V 41,554 421,961 168,114 1,632,803 1,925,342

1 E|| 1,362,229 984,979 6,797,557 30,622,564 303,434,860
H(G) 470 .618 .545 445 .389

MLP 73.61 £ 0.40 86.68 4= 0.09 60.92 4+ 0.07 62.37 £ 0.02 37.38 £ 0.21
GCN 82.47 £ 0.27 87.42 4+ 0.31 62.18 4+ 0.26 75.45 £ 0.17 OOM

GCNII 82.92 £+ 0.59 90.24 £ 0.09 63.39 4 0.61 78.94 £0.11 OOM

MixHop 83.47 £0.71 90.58 £ 0.16 65.64 £+ 0.27 81.07 £ 0.16 49.15 £ 0.26
LINK 80.79 £+ 0.49 73.56 £ 0.14 64.85 4+ 0.21 80.54 £ 0.03 57.11 £ 0.26
LINKX 84.71 £ 0.52 90.77 £+ 0.27 66.06 4= 0.19 82.04 £ 0.07 59.80 £ 0.41
GPRGNN 83.54 £+ 0.32 90.15 4+ 0.30 62.59 4+ 0.38 80.74 £+ 0.22 58.73 + 0.34
BernNet 83.26 £+ 0.29 90.47 £+ 0.33 64.27 4+ 0.31 81.67 £0.17 59.02 £+ 0.29
ChebNetll 84.86 + 0.33 90.85 £ 0.32 65.03 £ 0.27 82.33 £ 0.28 60.95 £ 0.39
FavardGNN 84.92 4+ 0.41 90.29 4+ 0.14 64.26 4+ 0.12 - -

OptBasisGNN 84.85 £+ 0.39 90.83 £ 0.11 65.17 + 0.16 82.83 £ 0.04 61.85 £ 0.03

Yuhe G, Wei Z. Graph Neural Networks with Learnable and Optimal Polynomial Bases.[ICML.’23, To appear] (Ours)
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PaSca——TheWebConf 2022 Best Student Paper

m PaScag—MET#AEMIEINRI AT 'xE,J

0 BahiE=RM4E Eﬁ?ﬂ‘ﬁr%m GNN 2244, Hi@
A GERAME.. XRF) BRI E

HAEIIE R RS
i1 % Bk & Z MR

fiL n)a

r--—==-==========1
1 | 0.7 PASCA-V3
1 I
1 Design Space I )
| L ) | E 06
1 1 I =
! ' S 05
' : 2 A
— Suggestion Server | — 8 pASCA-V2
input 1 I E 04
" | output g
I I = 0.
1) Graph Data y 1) Sample 2) Update : 0.3
. . | =
2) Objectives : | Scalable GNNs S 02 e
! [ Evaluation Engine } ! S2GC b \Sca-APPNP sGe
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1 I
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Figure 6: Pareto Front found on Cora.

Zhang, et al. PaSca: a Graph Neural Architecture Search System under the Scalable Paradigm. [TheWebConf’22] 17



FS-GNN——KDD 2022 Best Paper

. ERTR S ST, TR RS R
O HEIEFE I MER TR X EF IR B F
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&?El _33? Attack & Defense Model-
e N X | Tuning
/@Al w2 N Component
' \
: A (HPO )
3= £2 I rna GNNModelZoo o
____ g.si! '\\ c3 Cc2 C1 /' Bank C FGL Algorithm (FedSAGE+, FedGNN, GCFL, etc.)
o B2 . . J/ GNNTrainer Explore
7 B1 c1 o N Graph-level X
{ c2 | - Q_Exploit I
J MWAZESE NN Module GraphDataZoo —
ca/ e 8 Personal-
A A —
---------- / ncodaer
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: B2 B1 \‘. ﬁ Graph Learning FederatedScope
@_ ! - I,' Bank B Backend Client Server N %
Bank A B3 A / DGL, PYG, etc. (" Monitor ) _
c1 B4 Client,
"""" I torch et | Message ] Communication [fRCVsuatze )

FS-GNN EX# &% S HELE
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Wang, et al. Federatedscope-gnn: Towards a unified, comprehensive and efficient package for federated graph learning. [KDD’22] 18



SANCUS——VLDB 2022 Best Paper

m SANCUSHEZEIRHE T FF SR, *Lﬁbﬁlﬂﬂl_&
4, RTU%EJIL\%ﬁ'ﬁﬁ_%k 1n, ii’@a—ﬂ,TGNN B2k

@ $ , P

Resul;cs (5 Resul;cs o -

——) -

‘ <4m—— Stalene -5=-

e ne & :

@ OModel OModel O -
IPrQ£§§§( 1) Compute |Process‘ ) Compute

Embedding Broadcast
il o & L1innnl

NMililna 111iinl

e, @ @Rs

[ Resul;cs

N\

_ —‘
hy l% hec I%I Trinnni TN R
Ol (J\B\ O GPU 1 GPU 2 GPU 3
MM) Compute Pr Compute
SANCUSHEZE#E1A ETSANCUSHIFEGNN7R 4

Peng, et al. Sancus: staleness-aware communication-avoiding full-graph decentralized training in large-scale graph neural networks. [VLDB’22] 19
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m DropMessage X {&3#&H)H 21 THIBREE

O AF—T D REARRESRERARRME, FTLOERRIE RREHLHER
73 753 4 —%l DropMessage 1EZE2H;

0 MIB1E _EuFRA 7 REVLIIER B 2R AL

DropMessage——AAAI 2023 Distinguished Paper

.

>

Table 1: Overview of different random dropping methods in
a view of Bernoulli sampling process.

_X_

m13 miy miz
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5 m14

Message Matrix (N ode 1)

DropNode

Unifying

Method Formula

mia
\ / ml i
g ) 7].
I ! m15 N | Dropout Xij;=€eX;;
DropM
4 ropMessage DropEdge

DropNode

Dropout

DropMessage M;,; = eM; ;
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?42:>
|

a Message Vector M Dropped

Figure 1: Illustrations of DropMessage and other existing random dropping methods. Considering the messages propagated by s.t. ¢ ~ Bernoull ’L( 1 — 5)
the center node (i.e., Node 1), DropMessage allows to propagate distinct messages to different neighbor nodes, and its induced h

message matrix can be arbitrary. The induced message matrices of other methods obey some explicit constraints and can be
regarded as special forms of DropMessage.

Fang, et al. DropMessage: Unifying Random Dropping for Graph Neural Networks. [AAAI’23] 20
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GoogletfizrR &M, EIFZI/ERAT, Mo FEHIER B e E )| Z4EREEF
ST L ZEE A3 [Sun et al., NeurlPS'22]

MITHF5RUEER T TransformerA] AR EFIHSZ L RIBD R F &, #RE T4
/ Transformerf GNN#Z B! Equiformer [Liao et al., ICLR’ 23]

ARSRBERRL T —#ZHR8D 3= SJJHESRUni-Mol, #'RT

PFRRF I ENRTGE NN FSEE

7

[Zhou et al., ICLR'23](Ours)
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MEAN—ICLR 2023 Outstanding Paper Honorable Mention
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Search Space 3D Representation Interactions
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of CDR residue sequences geometry unchanged
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#EEfMBenchmark

A AEEFBenchmark X BlIZ=R/REF BV R TR RBEFE{ER
O ARFERE T —LHABHEEFMBenchmark:

GraphWorld: Google?'Z%EI’Jﬁﬁﬁ': MR AREEREREE LR S
MR FE R R /5 A F T B %8 [Palowitch et al., KDD’22]

Long Range Graph Benchmark (LRGB): ;¥ T KFRE BT
&k REBKIERT X ZNGNNIEE! [Dwivedi et al., NeurlPS'22]

Table 2: Statistics of the five proposed LRGB datasets.

Dataset Total Total Avg  Mean Total Avg Avg Avg

Graphs Nodes Nodes Deg. Edges Edges Short.Path. Diameter
PascalV0OC-SP 11,355 5,443,545 479.40 565 30,777,444 2,71048 10.74+0.51 27.62+2.13
COCO0-SP 123,286 58,793,216 476.88 5.65 332,091,902 2,693.67 10.66+=0.55 27.39+2.14

PCQM-Contact 529,434 15,955,687 30.14 2.03 32,341,644 61.09 4.63£0.63 9.86+1.79
Peptides-func 15,535 2,344,859 15094 2.04 4,773,974  307.30 20.89+£9.79 56.99+28.72
Peptides-struct 15,535 2,344,859 15094 2.04 4,773,974  307.30 20.89+£9.79 56.99+28.72

GNNZEGraphWorld_E Ry XM RELE R



EEFfMBenchmark

R T —EHTRE:

N

CGLB:

Bl XFiE LA TIHbEL

&

E F1Benchmark:

HIEHE&E FBenchmark [Zhang et al., NeurlPS’22]

Yandex Researchig B I FRY—LL Fif

ZHIEE

1= T EHMESLHIEE [Platonov et al., ICLR’23]

N-CGL: Node-level prediction, one graph Datasets for Task-IL & Class-IL
task 3

@ CoraFull-CL: Classification on new classes of articles
Arxiv-CL: Classification on new classes of articles
Reddit-CL: Classification on new classes of communities

task 2
tusk 1 task 1 task 1 task 2 Products-CL: Classification on new classes of products

G-CGL: Graph level prediction, multiple graphs

B3 ofe LD mm
X oon

task 1 task 2 task 3

Datasets for Task-IL
Prediction on new molecule properties
Prediction on new molecule properties
Aromaticity-CL: Classification on new classes of molecules
Datasets for Class-IL

Aromaticity-CL: Classification on new classes of molecules

Figure 1: Overview of 4 different benchmark tasks with N-CGL or G-CGL setting under task-IL or class-IL
scenario (applied to different datasets).

S YIS 7 1E o) R

% 3] (Continual Graph Learning)

fte {1144

Table 3: Statistics of the new heterophilous datasets

roman-empire  amazon-ratings minesweeper tolokers  questions
nodes 22662 24492 10000 11758 48921
edges 32927 93050 39402 519000 153540
avg degree 291 7.60 7.88 88.28 6.28
global clustering 0.29 0.32 0.43 0.23 0.02
avg local clustering 0.39 0.58 0.44 0.53 0.03
diameter 6824 46 99 11 16
node features 300 300 7 10 301
classes 18 5 2 2 2
edge homophily 0.05 0.38 0.68 0.59 0.84
adjusted homophily -0.05 0.14 0.01 0.09 0.02
LI 0.11 0.04 0.00 0.01 0.00

27
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X FIR

. FHGNNRIARE
O Feng et al., How Powerful are K-hop Message Passing Graph Neural Networks. NeurIPS 2022.
O Zhao et al., A Practical, Progressively-Expressive GNN. NeurIPS 2022.
O Wang et al., N -WL: A New Hierarchy of Expressivity for Graph Neural Networks. ICLR 2023.
O Zhang, et al. Rethinking the expressive power of gnns via graph biconnectivity. ICLR 2023.

s IHGNNSREL

Wang et al., How Powerful are Spectral Graph Neural Networks. ICML 2022.

Yang et al., A New Perspective on the Effects of Spectrum in Graph Neural Networks. ICML 2022.

He et al., Convolutional Neural Networks on Graphs with Chebyshev Approximation, Revisited. NeurIPS 2022.
Lim et al., Sign and basis invariant networks for spectral graph representation learning. ICLR 2023.

Bo et al., Specformer: Spectral Graph Neural Networks Meet Transformers. ICLR 2023.

Guo et al., Graph Neural Networks with Diverse Spectral Filtering. TheWebConf 2023.

Guo et al., Graph Neural Networks with Learnable and Optimal Polynomial Bases. ICML 2023.

= GNNiJIZRRRES
O Zhang, et al. PaSca: a Graph Neural Architecture Search System under the Scalable Paradigm. TheWebConf 2022.
O Wang, et al. Federatedscope-gnn: Towards a unified, comprehensive and efficient package for federated graph learning. KDD 2022.
O Peng, et al. Sancus: staleness-aware communication-avoiding full-graph decentralized training in large-scale graph neural networks. VLDB 2022.
O Fang, et al. DropMessage: Unifying Random Dropping for Graph Neural Networks. AAAI 2023.

n JLATEEZ]
O Sun et al.,, Does GNN Pretraining Help Molecular Representation? NeurIPS 2022.
O Liao et al., Equiformer: Equivariant Graph Attention Transformer for 3D Atomistic Graphs. ICLR 2023.
O Zhou, et al. Uni-Mol: A Universal 3D Molecular Representation Learning Framework. ICLR 2023.
O Kong, et al. Conditional Antibody Design as 3D Equivariant Graph Translation. ICLR 2023. 30
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X FIR

n HIEE SBenchmark
O Palowitch et al., Graphworld: Fake graphs bring real Insights for GNNs. KDD 2022.
O Dwivedi et al.,Long Range Graph Benchmark. NeurIPS 2022.
O Zhang et al., CGLB: Benchmark Tasks for Continual Graph Learning. NeurIPS 2022.
O Platonov, et al. A critical look at the evaluation of gnns under heterophily: are we really making progress? ICLR 2023.

= F7SEIGNN

Zheng et al., InstantGNN: Instant Graph Neural Networks for Dynamic Graphs. KDD 2022.

Jin et al., Neural Temporal Walks: Motif-Aware Representation Learning on Continuous-Time Dynamic Graphs. NeurIPS 2022.
Yildiz et al., Learning interacting dynamical systems with latent Gaussian process ODEs. NeurIPS 2022.

Zhang et al., Dynamic Graph Neural Networks Under Spatio-Temporal Distribution Shift. NeurIPS 2022.

Zhou et al., GReTo: Remedying dynamic graph topology-task discordance via target homophily. ICLR 2023.

= GNNXH#BE
O Lei, et al. EvenNet: Ignoring Odd-Hop Neighbors Improves Robustness of Graph Neural Networks. NeurIPS 2022.
O Mujkanovic, et al. Are Defenses for Graph Neural Networks Robust? NeurIPS 2022
O Gosch, et al. Revisiting Robustness In Graph Machine Learning. ICLR 2023.
O Li, et al. Revisiting Graph Adversarial Attack and Defense From a Data Distribution Perspective. ICLR 2023.
O Lu, et al. A General Framework for Evaluating Robustness of Combinatorial Optimization Solvers on Graphs. ICLR 2023.

= FHEGNN
O Yu et al., Multiplex Heterogeneous Graph Convolutional Network. KDD 2022.
O Ahn et al., Descent Steps of a Relation-Aware Energy Produce Heterogeneous Graph Neural Networks. NeurIPS 2022.
O Yang, et al. Simple and Efficient Heterogeneous Graph Neural Network. AAAI 2023.
O Mao, et al. HINormer: Representation Learning On Heterogeneous Information Networks with Graph Transformer. TheWebConf 2023.
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