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JZGCN: Z = softmax(4 o(AXW )W)
Dataset Type Nodes Edges Classes Features Label rate
Citeseer  Citation network 3,327 4,732 6 3,703 0.036
Cora Citation network 2,708 5,429 7 1,433 0.052
Pubmed Citation network 19,717 44,338 3 500 0.003
NELL Knowledge graph 65,755 266,144 210 5,414 0.001
Method Citeseer Cora Pubmed NELL
ManiReg [3] 60.1 99.5 70.7 21.8
SemiEmb [28] 59.6 99.0 71.1 26.7
LP [32] 45.3 68.0 63.0 26.5
DeepWalk [22] 43.2 67.2 65.3 58.1
ICA [18] 69.1 75.1 73.9 23.1
Planetoid* [29] 64.7 (26s) 75.7(13s) T77.2(25s) 61.9 (185s)
GOCN (this paper) 70.3 (7s) 81.5 (4s) 79.0 (38s) 66.0 (48s)
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o / = softmax(H(Z)) = softmax(ﬁH(l)Wz)
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o 7 = softmax(H(z)) = softmax
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GraphSAGE

GCN
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1. Hamilton et al. Inductive Representation Learning on Large Graphs. NIPS 2017
2. Slide snipping from “Hamiltion & Tang, AAAI 2019 Tutorial on Graph Representation Learning” 26
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1. Hamilton et al. Inductive Representation Learning on Large Graphs. NIPS 2017
2. Slide snipping from “Hamiltion & Tang, AAAI 2019 Tutorial on Graph Representation Learning” 27



GraphSAGE #

 H %5 (supervised), JtiE (unsupervised)
o NE G HEGCN, mean, LSTM, pool

Citation Reddit PPI

Name Unsup. F1 ~ Sup. F1  Unsup. F1 ~ Sup. F1  Unsup. F1  Sup. F1
Random 0.206 0.206 0.043 0.042 0.396 0.396
Raw features 0.575 0.575 0.585 0.585 0.422 0.422
DeepWalk 0.565 0.565 0.324 0.324 — —
DeepWalk + features 0.701 0.701 0.691 0.691 o —
GraphSAGE-GCN 0.742 0.772 0.908 0.930 0.465 0.500
GraphSAGE-mean 0.778 0.820 0.897 0.950 0.486 0.598
GraphSAGE-LSTM 0.788 0.832 0.907 0.954 0.482 0.612
GraphSAGE-pool 0.798 0.839 0.892 0.948 0.502 0.600

% gain over feat. 39% 46% 55% 63% 19% 45%
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1. Velickovic et al. Graph Attention Networks. ICLR 2018 29
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Transductive
Method Cora Citeseer Pubmed
MLP 55.1% 46.5% 71.4%
ManiReg (Belkin et al., 2006) 59.5% 60.1% 70.7%
SemiEmb (Weston et al., 2012) 59.0% 59.6% 71.7%
LP (Zhu et al., 2003) 68.0% 45.3% 63.0%
DeepWalk (Perozzi et al., 2014) 67.2% 43.2% 65.3%
ICA (Lu & Getoor, 2003) 75.1% 69.1% 73.9%
Planetoid (Yang et al., 2016) 75.7% 64.7% 77.2%
Chebyshev (Defferrard et al., 2016) 81.2% 69.8% 74.4%
GCN (Kipf & Welling, 2017) 81.5% 70.3% 79.0 %
MoNet (Monti et al., 2016) 81.7+05% — 78.8 £ 0.3%
GCN-64* 814+ 05% 709+05% 79.0+0.3%
GAT (ours) 83.0+£0.7% 725+0.7% 79.0£0.3%
Inductive

Method PPI

Random 0.396

MLP 0.422

GraphSAGE-GCN (Hamilton et al., 2017) 0.500

GraphSAGE-mean (Hamilton et al., 2017) 0.598

GraphSAGE-LSTM (Hamilton et al., 2017) 0.612

GraphSAGE-pool (Hamilton et al., 2017) 0.600

GraphSAGE* 0.768

Const-GAT (ours) 0.934 £+ 0.006

GAT (ours) 0.973 + 0.002
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Yukuo Cen, Zhenyu Hou, Yan Wang, Qibin Chen, Yizhen Luo, Xingcheng Yao, Aohan Zeng, Shiguang Guo, Peng Zhang,
Guohao Dai, Yu Wang, Chang Zhou, Hongxia Yang, and Jie Tang. CogDL: An Extensive Toolkit for Deep Learning on
Graphs. arXiv preprint 2021.
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CogDLH & i f&

o v0.1.1  VvO0.2 v0.4 v0.5
ERE3) wzaz AP g hnE gt il
—¢ oo 09 6o ¢
2020 ¢ " 2021 | O Next steps
JE 70 S B v0.1 v0.1.2 v0.3 v0.4.1
FEARAPIs B E gk BT INE IR )JZGNNE A
%?PYTOFCh*E;J@ % Fork 231 Starred 930 -

CogDL %% /7 =: pip install cogdl
or git clone https://github.com/THUDM/cogdl
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CogDLE: At 2 - Experiment API

1]
b
N

s B ANFIESR. R, (B2). (BRI

from cogdl import experiment

experiment(dataset="cora", model="gcn")

experiment(dataset="cora", model="gcn", hidden_size=32, epochs=200)
experiment(dataset="cora", model=["gcn", "gat"], seed=[0, 1])

def search_space(trial):

return {
"lr": trial.suggest_categorical("1lr", [le-3, 5e-3, le-2]),

"hidden_size": trial.suggest_categorical("hidden_size", [32, 64, 128]),
"dropout": trial.suggest_uniform("dropout", 0.5, 0.8),

experiment(dataset="cora", model="gcn", seed=[1, 2], search_space=search_space, n_trials=3)

35



Experiment API45 5

from cogdl import experiment

f basic usage
experiment(dataset="cora", model="gcn")
v 11.9s Python

Namespace(activation="'relu', actnn=False, checkpoint_path="'./checkpoints/model.pt', cpu=False, cpu_inference=False, dataset=['cora'], devices=[0],
distributed=False, dropout=0.5, dw='node_classification_dw', epochs=500, eval_step=1, hidden_size=64, load_emb_path=None, local_rank=0, log_path='.",
logger=None, 1r=0.01, master_addr='localhost', master_port=13425, max_epoch=None, model=['gcn'], mw='node_classification_mw', n_trials=3,
n_warmup_steps=0, no_test=False, norm=None, nstage=1, num_classes=None, num_features=None, num_layers=2, patience=100, progress_bar='epoch',
project="'cogdl-exp', residual=False, resume_training=False, rp_ratio=1, save_emb_path=None, seed=[1], split=[0], unsup=False, use_best_config=False,
weight_decay=0)

**x Running (“cora’, ‘gcn’, ‘“node_classification_dw", ‘node_classification_mw")
I I
Downloading https://cloud.tsinghua.edu.cn/d/6808093f7f8042bfalf@/files/?p=%2Fcora.zip&d1=1

unpacking cora.zip

Processing...
Done!
Model Parameters: 92231

Epoch: 146, train_loss: 0.0109, val_acc: 0.7860: 29%|HH | 147/500 [00:01<00:04, 74.92it/s]

Using time 0.0039

Saving 47-th model to ./checkpoints/model.pt ...
Loading model from ./checkpoints/model.pt ...
{'test_acc': 0.817, 'val_acc': 0.798}

| Variant | test_acc | val_acc |
I | | |
| ('cora', 'gen') | 0.8170+0.0000 | 0.7980+0.0000 |
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— Cora, Citeseer, Pubmed

22 P 28 )

— IEEGEAY. GCN, GAT, GRAND, ...

— CIsEREA . MVGRL, DGI

Rank Method Cora  Citeseer Pubmed Reproducible
1 GRAND [12] 84.8 75.1 82.4 Yes
2 GCNII [7] 85.1 71.3 80.2 Yes
3 MVGRL [20] 83.6 | 73.0 80.1 Partial
4 APPNP [26] 84.3 1 72.0 80.0 Yes

5 Graph-Unet [15] 833 | 71.2 | 79.0 Partial
6 GDC [27] 82.5 72.1 79.8 Yes
7 GAT [53] 82.9 71.0 78.9 Yes

8 DropEdge [38] 82.1 72.1 79.7 Yes
9 GCN [25] 82317 7147 79.5 Yes
10 DGI [52] 82.0 71.2 76.5 Yes
11 JK-net [58] 81.8 69.5 77.7 Yes
12 Chebyshev [8] 79.0 69.8 68.6 Yes
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o PSR FIZEA ) B
— EWfE BHIESE: MUTAG, PTC, NCI1, PROTEINS
— HAZ ML IEE . IMDB-B/M, COLLAB, REDDIT-B
JLESEE S
— L BHAL. InfoGraph, graph2vec, DGK
— I ERAL: GIN, DiffPool, SortPool, ...

Algorithm MUTAG  PTC NCI1  PROTEINS IMDB-B IMDB-M COLLAB REDDIT-B Reproducible
GIN [57] 92.06 67.82 81.66 75.19 76.10 51.80 79.52 83.10 | Yes
InfoGraph [42] 88.95 60.74 76.64 73.93 74.50 51.33 79.40 76.55 Yes
DiffPool [62] 85.18 58.00 69.09 75.30 72.50 50.50 79.27 81.20 Yes
SortPool [67] 87.25 62.04 73.99 1 74.48 75.40 50.47 80.07 T 78.15 Yes
graph2vec [31] 83.68 5476 | 71.85 73.30 73.90 52.27 85.58 T 91.77 Yes
PATCHY_SAN [32] 86.12 61.60 69.82 75.38 76.00 T 46.40 74.34 60.61 Yes
DGCNN [56] 83.33 56.72 65.96 66.75 71.60 49.20 77.45 86.20 Yes
SAGPool [28] 71.73 | 59.92 72.87 74.03 74.80 51.33 / 89.21 Yes
DGK [59] 85.58 57.28 / 72.59 5500 |  40.40 | / / Partial
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class GCN(BaseModel):
def __init__ (self, in_feats, hidden_size, out_feats, dropout):
super(GCN, self).__init__ ()
self.convl = GCNLayer(in_feats, hidden_size)
self.conv2 = GCNLayer(hidden_size, out_feats)
self.dropout = nn.Dropout(dropout)

def forward(self, graph):
graph.sym_norm()
h = graph.x
h = F.relu(self.convl(graph, self.dropout(h)))
h = self.conv2(graph, self.dropout(h))
return h

model = GCN(in_feats=1433, hidden_size=64, out_feats=7, dropout=0.1)
experiment(dataset="cora", model=model, dw="node_classification_dw", mw="node_classification_mw")

¥k Running (‘cora’, "GCN', “node_classification_dw', "node_classification_mw")

I |

Epoch: 228, train_loss: 0.1349, val_acc: 0.7860: 46% || EGNG | 229/500 [00:01<00:01, 157.35it/s]
Saving 129-th model to ./checkpoints/model.pt ...

Loading model from ./checkpoints/model.pt ...

{'test_acc': 0.813, 'val_acc': 0.8}

| Variant | test_acc | val_acc |

I | | |
| ('cora', GCN) | 0.8130+0.0000 | 0.8000+0.0000 |



A

1€ XA

from cogdl.experiments import experiment
from cogdl.datasets import NodeDataset, generate_random_graph

data = generate_random_graph(num_nodes=100, num_edges=1000, num_feats=64)

dataset = NodeDataset(data=data)
experiment (dw="node_classification_dw", mw="node_classification_mw", dataset=dataset, model="gcn")

|
sk Running (“data.pt’, "gcn’, "node_classification_dw’, “node_classification_mw")

| I
Epoch: 498, train_loss: 80.6607, val_acc: 0.7000: 100% || EENNEGEGEGEE | 200/500 [00:03<00:00, 162.90it/s]

Saving 399-th model to ./checkpoints/model.pt ...
Loading model from ./checkpoints/model.pt ...
{'test_acc': 0.5666666666666667, 'val_acc': 0.75}
| Variant | test_acc | val_acc

| I I
| (data.pt, 'gcn') | 0.5667+0.0000 | 0.7500+0.0000 |
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Pipeline API
s EANHA BEL (ZE0

import numpy as np _ netsnf
from cogdl import pipeline - deepwalk

- line
- node2vec

- prone
- netmf

# build a pipeline for generating embeddings

- hope
# pass model name with its hyper—-parameters to this API ~ sdne
generator = pipeline('"generate-emb", modelf"prone" - grarep
- dngr
- spectral

# generate embedding by an unweighted graph
edge_index = np.array([[0, 1], [eo, 21, [e, 31, [1, 21, [2, 31])

outputs = generator(edge_index)
- unsup_graphsage

print(outputs) _ dgi
- mvgrl
# build a pipeline for generating embeddings using unsupervis - grace

# pass model name and num_features with its hyper-par ers to this API
generator = pipeline('generate-emb", models: num_features=8, hidden_size=4)
outputs = generator(edge_index, x=np.random.randn(4, 8))

print(outputs)
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A JEUS F2 R B 1) s A7
» AEBRFIFR (COO)HE

— (row, col) 8% (row, col, value), KX/NHNIE|*2/3
—-[10,0,1], [0,2,2], [1,2,3], [2,0,4], [2,1,5], [2,2,6]]

o AT ESE(CSR)IE
—row_ptr: K/NA |V]|+1
—col_indices: K/MA |E]
—value: K/MA |E|
_10,2,3,6],[0,2,2,0,1,2].[1,2, 3,4, 5, 6]

N

ol © O

o W N
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CogDL ™ ) Graph {1

class Graph: (defined in cogdl.data)
* X: %/'SEF%:‘?E%EB?

°V: RPN

. edge _index: COO il

« edge weight: A (CIIRARITE)
 edge_attr: U _ERFEFIE CINERA TR
« row_ptr: CSRIEZ K —Hh

« col_indices: CSRERHI—#E%>
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CogDLH [1)Graph Hi%

* Graph#J451t,
— g = Graph(edge index=edge_index)
— g.edge_weight = torch.rand(n)

AL,

IE

IR -

—add_self loops() i1 E I
— sym_norm() GCN= P #R IH—1k,
— degrees() FKHUTT R EEN

— subgraph() ZREUCT R B3 H 7B
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J

o] i B G AR ) 2% GCN

FKEMINSGSE
2 1 )T eR 2 (B0, ReLU)

hk—l
hE=oWy L)

ueN(v)uv \/lN(u) | |N(v) |

T RvEBKZE RS
TRV ETT RES

1. Kipf et al. Semi-supervised Classification with Graph Convolutional Networks. ICLR 2017
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Al B = T 4 GAT

hkﬂ
hk = o(W =
7 "ua;)uvﬂzv<u>n1v(v>|)

GAT

k _— kpk—1
RE=o( ) ay W™
ueN(v)uv
A 52 ST HIE B B

1. Velickovic et al. Graph Attention Networks. ICLR 2018 48



P2 P 25 b ) R E R4

« GCN (HififE %3z SpMM)
HOD = AHOWw

« GAT (JEEJIiHH5 Edge-wise-softmax)
exp(eu)
2ken,; €xp(€ix)

aj = Softmax(eij) =

o GAT (Z:LMBikFEIE Multi-Head SpMM)

h; = CONCAT (0 <z alsWEh;

JEN;
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CogDL*'GCN/GAT/Z

H+D — AgOuw®

class GCNLayer(nn.Module):

Simple GCN layer, similar to https://arxiv.o

def __init__ (self, in_features, out_features
def reset_parameters(self): -
def forward(self, graph, x):

support = torch.mm(x, self.weight)
out = spmm(graph, support)

eXp(eU)
ZkENi exp(ex)

a;; = Softmax(eij) =

h; = CONCAT | o Z alsWEh;
JEN;

class GATLayer(nn.Module):

Sparse version GAT layer, similar to https://arxiv.org/ab

def __init__ (self, in_features, out_features, nhead=1, al
def reset_parameters(self): -

def forward(self, graph, x):

h = torch.matmul(x, self.W)

edge_score = self.compute_edge_score(graph, x, h)

mul_edge_softmax(graph, edge_score)
self.dropout(edge_attention)

edge_attention
edge_attention

out = mh_spmm(graph, edge_attention, h)
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\\ // \\
R SHTRE T \ ,/  dgSPARSE, Deep Graph SPARSE  °
L RIS FGPUSLEL
ST e T ;| SpMM SDDMM
f : ! 7% 14. 01x
o : AR Ay .
1 | I
S : - H
: ™ : I |
‘\ _________ . |—’/' : : : ?gi_,‘o ?gf:,%
S e o
—— r—— | l Multihead SpMM SpMV
32 % QN N | ) )
& & & & | 16% 16%
s O ® Q 1
S @wv\ & . ~ Ao
‘° ROl
o
1 |
\
RGNS GPUISESIFHES AIS AN & & ,!
HlcusPARSERS FREE I SETFTER AL ’ Yo & & .
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Deep Graph Sparse (dgSPARSE)%E

w » N
([ mREARmEIESE, SXGPUMSIMTE L )
S—vr %=
'. i;ﬁﬁgj\ Tesla V100 (Volta) RTX 2080 (Turing) RTX 3090 (Ampere)
- IR
illwn fPU?."éﬁ ZO‘VJo 40& 57?10
LY
« WarpPIHl£
« Warp[EIFIZY
= HarplER & & &
§g R < R



GCN/GATHL AL )4 gEXT EE

o EAEGPU X} L GCNALR iy 14 fE
e SLIGINE . 2F2GCN/GAT, hidden size=128
« HdgSPAESEMtH 73

Model | GPU | Dataset | Tranining per epoch (s) | Inference per epoch (s)
| | | torch | PyG | DGL | CogDL | torch | PyG | DGL | CogDL
Flickr 0.025 | 0.0084 | 0.012 0.085 0.012 | 0.0034 | 0.007 0.0035
2080Ti (11G) | Reddit 0.445 | 0.122 | 0.102 0.081 0.218 | 0.045 0.049 0.039
GCN Yelp 0.412 | 0.151 0.151 0.110 0.191 0.053 0.063 0.040
Flickr 0.017 | 0.006 | 0.008 0.007 0.008 0.002 0.004 0.002
3090 (24G) Reddit 0.263 | 0.062 | 0.060 0.050 0.127 | 0.022 | 0.0314 0.022
Yelp 0.230 | 0.081 0.080 0.062 0.106 0.029 0.036 0.023
PubMed | 0.017 | 0.016 | 0.011 0.012 0.004 | 0.006 0.004 0.003
2080Ti (11G) | Flickr 0.082 | 0.090 | 0.047 0.056 0.023 | 0.030 0.019 0.014
*xReddit _1 _ I 0.406 0.537 _ I _ 1 0.163 0.086
GAT PubMed | 0.043 | 0.011 | 0.011 0.016 0.004 | 0.004 0.003 0.002
3090 (24G) Flickr 0.097 | 0.059 | 0.033 0.044 0.021 0.024 0.013 0.009
Reddit 0.671 _ I 0.301 0.373 0.112 _ 1 0.113 0.088
Yelp 0.614 _ 1 0.294 0.404 0.118 _ 1 0.105 0.113

* supported by dgSPARSE: https://github.com/dgSPARSE



TE B R HAEE )1 2-GNNSs

o ERMBRFAZMZ ., HEEFERG LT RO

R R0 S BRI PE T Pl 2P 2 12 1) SR E

o

« A LU mini-batch ) 77 2R I 25k B i 25 ] 2%

G, = SAMPLE(G)

Neighbor Sampling GraphSAINT ClusterGCN
(NeurlPS ’17) (ICLR ’20) (KDD '19)

1.

Will Hamilton, Zhitao Ying, and Jure Leskovec. Inductive representation learning on large graphs. In NeurlPS ’17.

2. Wei-Lin Chiang, Xuanging Liu, Si Si, Yang Li, Samy Bengio, and Cho-Jui Hsieh. Cluster-GCN: An efficient algorithm for training

3.

deep and large graph convolutional networks. In KDD ’19.

Hanqing Zeng, Hongkuan Zhou, Ajitesh Srivastava, Rajgopal Kannan, and Viktor Prasanna. Graphsaint: Graph sampling based
inductive learning method. In ICLR °20.
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o EXIHMETIS

e iEIImini-batchlf 7 3kl 4

GNNs

o B1% 5 O(NLF) => O(bLF)

ClusterGCN

| GCN [9] | VanillaSGD | GraphSAGE [5] | FastGCN [1] | VR-GCN [2] | Cluster-GCN
Time complexity | O(L||A|loF + LNF?) | O(dLNF?) O(rL'NF?) O(rLNF?) | O(L||Al|oF + LNF% + rLNF?) | O(L||A|loF + LNF?)
Memory complexity | O(LNF + LF?) | O(bd"F + LF?) | O(br*F + LF?) | O(brLF + LF?) O(LNF + LF?) O(bLF + LF?)
Time Memory Test F1 score
VRGCN | Cluster-GCN VRGCN | Cluster-GCN | VRGCN | Cluster-GCN
Amazon2M (2-layer) 337s 1223s | 7476 MB 2228 MB 89.03 89.00
Amazon2M (3-layer) 1961s 1523s | 11218 MB 2235 MB 90.21 90.21
Amazon2M (4-layer) N/A 2289s OOM 2241 MB N/A 90.41
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GraphSAINT

¢ A VIR

~ ~

) — Z Ay (“7(8))Tm1(f)11u|v _ Z Av,u@(f) Tupo
o
ueVy

u,v u,v

uey

o TR B
— F T RUAA AL R R 2

Gs = SAMPLE(G) Full GCN on G,
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GraphSAINT F i

Dataset Nodes

Edges

Degree Feature

Classes

Train / Val / Test

PPI
Flickr
Reddit
Yelp
Amazon

14,755
89,250
232,965
716,847
1,598,960

225,270
899,756
11,606,919
6,977,410
132,169,734

15
10
50
10
83

50
500
602
300
200

121 (m)
7 (s)
41 (s)
100 (m)
107 (m)

0.66/0.12/0.22
0.50/0.25/0.25
0.66/0.10/0.24
0.75/0.10/0.15
0.85/0.05/0.10

PPI (large version) 56,944

818,716

14

50

121 (m)

0.79/0.11/0.10

Method

PPI

Flickr

Reddit

Yelp

Amazon

GCN
GraphSAGE
FastGCN
S-GCN
AS-GCN
ClusterGCN

0.515+0.006
0.637+0.006
0.513+0.032
0.963+0.010
0.687+0.012
0.875+0.004

0.492+0.003
0.501+0.013
0.504+0.001
0.482+0.003
0.504+0.002
0.481+0.005

0.933+0.000
0.953+0.001
0.92440.001
0.964+0.001
0.958+0.001
0.954+0.001

0.378+0.001

0.6340.006

0.265+0.053

0.640+£0.002
1

0.609+0.005

0.281+0.005
0.758+0.002

0.174+0.021
1

3
0.759+0.008

GraphSAINT-Node
GraphSAINT-Edge
GraphSAINT-RW
GraphSAINT-MRW

0.960+0.001
0.981+0.007
0.981+0.004
0.980+0.006

0.507+0.001
0.510+0.002
0.511+0.001
0.510£0.001

0.962+0.001
0.966+-0.001
0.966+0.001
0.964+0.000

0.641+0.000
0.653+0.003
0.653+0.003
0.652+0.001

0.782+0.004
0.807+0.001
0.815+0.001
0.809+0.001
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GNNHIZ R IHAT 25

GNNHIZ K H47 Il Zk:

v CogDL FH KA TR
+] NeighborSampling
+] ClusterGCN

+] GraphSAINT

v'4 GPUs ~ 3x1 jni#

o
I

1 W 1GPU

Multi-GPU speed up

B 2 GPUs
4 GPUs

ClusterGCN GraphSAGE

Usage: python scripts/train.py --model gcn --dataset reddit --dw
cluster _dw --distributed --devices 012 3

r 0.8

- 0.7

- 0.6

- 0.5

r 0.4

r 0.3

r 0.2

r 0.1

- 0.0
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JKNet (ICML’18)

APPNP (ICLR’19)

GCNII (ICML20)
DeeperGCN (Arxiv 2020)
RevGNN (ICML’21)



JKNet (ICML'18)
I3 AT SR

(a) 2 layer GCN (b) 2 step r.w. (c) 4 layer GCN (d) 4 step r.w. (e) 6 layer GCN (f) 6 step r.w.

Figure 2. Influence distributions of GCNs and random walk distributions starting at the square node

» TRAERAE 2 12D 2

« F% 4 (Layer aggregation) !

N

Xu, Keyulu, Chengtao Li, Yonglong Tian, Tomohiro Sonobe, Ken-ichi Kawarabayashi, and Stefanie Jegelka. "Representation learning on graphs with
jumping knowledge networks." In ICML’18.
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JKNet (ICML’18)

AT R B
— Bt¥ (Concatenation) T

Concat/Max-pooling/LSTM-attn

— F Kbk, (Max-pooling)

— > . - h1(74) R

— KHEIHEIZ % (LSTM) (

Thﬁ” € R

AT

Model Citeseer Model Cora \\T h," € R

GCN (2) 77.3 (1.3) GCN (2) 88.2 (0.7) ! “

GAT (2) 76.2 (0.8) GAT (3) 87.7 (0.3) \\ T hD € Ran

JK-MaxPool (1) 77.7 (0.5) | JK-Maxpool (6) 89.6 (0.5) -_

JK-Concat (1) 78.3 (0.8) JK-Concat (6) 89.1 (1.1)

JK-LSTM (2) 74.7 (0.9) JK-LSTM (1) 85.8 (1.0) T

Input feature of node v: X,, € R%
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APPNP (ICLR’19)

« Personalized PageRank (PPR):

o (i) = (1~ ) Atppe(i) + 0t
o MR M IR, "TLIER:

mope(iz) = (I, — (1 - a)fi)_l i

~

» Personalized propagation of neural predictions (PPNP):
— JE A H AR TR AR, Bk s R IE S PPRA 7 2k
R
a\ —1
Zppap = softmax (a (In (- a)A) H) | H;. = fo(X:.),

Johannes Klicpera, Aleksandar Bojchevski, and Stephan Glinnemann. 2018. Predict then propagate: Graph neural networks meet personalized pagerank.

In ICLR’19. 62



APPNP (ICLR’19)

- PPNP FFE 0(n?) Ba] 2115 PPR HikE:
Iy = oI, — (1 - 0‘)2)_1
« Approximate PPNP (APPNP):
— 1B 2 TOEAAE TR /2 e PPRIE P I RICR -
ZY) = H = fp(X),
Z*E+) — (1 - 0)AZ® 4 oH,
ZK) = softmax ((1 — a)fiZ(K_l) + aH) :

Citeseer Cora-ML PubMed MS Academic
§ 85 80
o 75
= * 92 +
= 70
S . § ?
< Ny 90
777 777 L 77 7 7. 7 7 o
SEE3TREL S8CETir LRSS SEiETiin
ST O T - R - Ll O T



GCNII (ICML’20)

. WIUEHR %R (Initial residual connection)
— 5APPNPZ21LL ((HAPPNPZ — /MK JE R AY)
— B e IR s AR e AT H &
(1-a)PHY + aH"
o [HZEMLET (1dentity mapping)
— &% ResNet[(j 48k
— BH S A R T A A

(1 = Be)L, + BWE

Chen, Ming, Zhewei Wei, Zengfeng Huang, Bolin Ding, and Yaliang Li. "Simple and deep graph convolutional networks." In ICML’20.
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. GCNII (

+ A\
e

GCNIIZE

YEELES TN

HED =a((( 1—a)PH® —l—ong(O)> (( 1— ﬁg)1n+5gw“>))
« GCNII*: 5 PHAIHO) 73 BLAS[F] B S 20 FEW,, W,

H(e+1) — o ((]_ — ag)f)H(e) ((1 — /Be)In + /BfWEE)> +

—l—agH(O) ((1 — ,Bg)]:n -+ ﬁgwgg))) .

Method Cora Cite. Pumb. Cham. Corn. Texa. Wisc.
GCN 85.77 73.68 88.13 28.18 52.70 52.16 45.88
GAT 86.37 74.32 87.62 42.93 54.32 58.38 49.41
Geom-GCN-I  85.19 77.99 90.05 60.31 56.76 57.58 58.24
Geom-GCN-P 84.93 75.14 88.09 60.90 60.81 67.57 64.12
Geom-GCN-S 85.27 74.71 84.75 59.96 55.68 59.73 56.67
APPNP 87.87 76.53 89.40 54.3 73.51 65.41 69.02
JKNet 85.25(16) 75.85(8) 88.94 (64) 60.07(32) 57.304) 56.49 (32) 48.82(8)
JKNet(Drop) 87.46 (16) 75.96 (8) 89.45 (64) 62.08(32) 61.084) 57.30 (32) 50.59 (8)
Incep(Drop) 86.86 (8) 76.83 (8) 89.18 (4) 61.71 (8) 61.62 (16) 57.84 (8) 50.20 (8)
GCNII 88.49 (64) 77.08 (64) 89.57(64) 60.61(8) 74.86 (16) 69.46 (32) 74.12(16)
GCNII* 88.01 (64) 77.13(64) 90.30(64) 62.48(8) 76.49 (16) 77.84 (32) 81.57(16)




DeeperGCN

o T XHIEEHE (Mean-MaxZE &)
— BB —Fh A T-MeanFIMax 2 8] [t 58 i it 58 & A
« SoftMax_Agg: Y.evw s =P

EN(v) exp(BmUi)

- [lgl_r)r(l) SoftMax_Aggs = Mean

- [}im SoftMax_Agg; = Max

« PowerMean: (jxq Zuenw ™b)"”
- PowerMean_Agg, -, = Mean

- lim PowerMean_Agg,, = Max

p—)OO



DeeperGCN

N D » .‘LA A) A)
o T AT LR 2 N
F(x relu
— BN/LN - RelLU - GraphConv - Addition [ veigntover|
F(x) +x

PlainGCN ResGCN ResGCN+

#layers Sum Mean Max Sum Mean Max Sum Mean Max

3 0.824 0.793 0.834 0.824 0.786 0.824 0.830 0.792 0.829

7 0.811 0.796 0.823 0.831 0.803 0.843 0.841 0.813 0.845

14 0.821 0.802 0.824 0.843 0.808 0.850 0.840 0.813 0.848

28 0.819 0.794 0.825 0.837 0.807 0.847 0.845 0.819 0.855

56 0.824 0.808 0.825 0.841 0.813 0.851 0.843 0.810 0.853

112 0.823 0.810 0.824 0.840 0.805 0.851 0.853 0.820 0.858

avg. 0.820 0.801 0.826 0.836 0.804 0.844 0.842 0.811 0.848

SoftMax_Agg PowerMean_Agg

#layers Fixed g p&s | Fixed p p&es
3 0.821 0.832 0.837 | 0.802 0.818 0.838
7 0.835 0.846 0.848 | 0.797 0.841 0.851
14 0.833 0.849 0.851 | 0.814 0.840 0.849
28 0.845 0.852 0.853 | 0.816 0.847 0.854
56 0.849 0.860 0.854 | 0.818 0.846 -
112 0.844 0.858 0.858 | 0.824 - -
avg. 0.838 0.850 0.850 | 0.812 0.838 0.848

X
identity
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M112)Z%]1000/ZGNN

* DeeperGCN: All You Need to Train Deeper GCNs
— Lietal., June 2020
— GNN block it (Normalization — ReLU — GraphConv — Addition)
— X HBRG R
— mmiAE112/2 (Z2IGPU A1 PR )

« Training Graph Neural Networks with 1000 Layers
— Lietal., ICML 2021

— AER
— H =S #]1000/2

Li, Guohao, et al. "Deepergcn: All you need to train deeper gcns." arXiv preprint arXiv:2006.07739 (2020).

Li, Guohao, et al. "Training Graph Neural Networks with 1000 Layers." arXiv preprint arXiv:2106.07476 (2021).
68



GNN i) e [l 4% 4k
’%@g%ﬁﬁﬁz
HUD = AHOW,

o S S I FR R B E
Vyw= ATV 0 W]

T
le: H(l) ATVH(1+1)
T
VA= VH(l+1) W’{H(l)

o N T REIAT R MMERE, AT/ ERATEN
MHHY, B2 5HOWD)KEA.




1000/ZGNN (ICML’21)

Pk NAEFE SHOWND)BAF, 5EHRIEL !

o« AEE!

(FZJHTNeurlPS 2017: The reversible residual network:
Backpropagation without storing activations)

43 BT 1 GNN block:
(X1, X9,....,.Xc) — (X{,X5, ..., Xé)

v/ _ / : .
X(/) = ZXZ X"' _ Xz -f’wi (Xi—1’A> U)7 (S {27

C
X! = fu (XI_, A U)+ X5 i€ {1,---,C} X0=_Xi
1=2

X1 = X} — fu, (X0, A,U).

.. 70}
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RevGNN [ £ FL.

» ogbn-proteins % £ :
- WRAKREH MR
— AR EH AR RE (FYE. FRRZRESE

Model ROC-AUC 1 Mem | Params

GCN (Kipf & Welling)  72.51 +0.35 4.68 96.9k
GraphSAGE (Hamilton et al.) 77.68 +0.20 3.12 193k
DeeperGCN (Li et al.) 86.16 +0.16 27.1 2.37TM
UniMP (Shi et al.) 86.42 +0.08 272 191IM

GAT (Velickovi€ et al.) 86.82 +0.21 6.74 2.48M
UniMP+CEF (Shietal.)) 86.91+0.18 27.2 1.96M

Ours (RevGNN-Deep) 87.74 +0.13 2.86 20.03M
Ours (RevGNN-Wide) 88.24 -+ 0.15 791 68.47M
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GPU Memory (GB)

32

N
>

—
N

RevGNN [ £ FL.

= ResGNN-64 (Baseline) 85.04 Out of Memory
RevGNN-80 (Ours)
RevGCN-224 (Ours)
11GB
85.09 '
87.06
83.32 ‘ “

3 7 14 28 56
Number of Layers

1001
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RevGNN v.s. it A Ff

ReVGNN'Wide Rfev(;NN-Wide 7 F
— 448/Z42245 2 K/ s O
RevGNN-Deep | Rﬁiﬁé"mam
— 1001 2+80F& 2 K/ T
O i i Out of Memory
5 B AT L % 861 ’RQVGI\IGI\S%)EQ%GNNQM ‘ReSGNEi‘I'“
RevGNN/ResGNN/ € | @@ rrecnn 3
g - i &5 : ut of Memor
WT/DEQ-X (Xlzz%)%“ g % % Out of Memory
K7 J\) 841 i ’
£V E/THEN 1 VT 7 St Ourrs
;I;ﬁ ﬂ:j:lj %%i& EI/\:M;E_I%L @® WT-RevGNN-64 N
0 5 10 15 20 25 30 35 ° 90 95 100

< GPU Memory (GB)
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ACtNN : T & 4 o % H 81 2%

* ActNN : Reducing Training Memory Footprint via 2-Bit
Activation Compressed Training (By Jianfei Chen,

Tsinghua)
o “ActNNEEW [E(RFHTHE S 5 B RA7F12X )
» https://github.com/ucbrise/actnn

—_
o) o(2) (L) : Ve(L) 6@(2) '<7@(1)
2 N L 2 A ¢ : A : A
(0) (1) (2) (L—1) (L) V(L) Va(L-1) VE?) V(1)
LN PVET B SN ) o 2 Sl @ (2 @ LN 7Y A s e S g
1 1

__________________________________________________________________________________

.......

Chen, Jianfei, et al. "ActNN: Reducing Training Memory Footprint via 2-Bit Activation Compressed Training." In ICML21.
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https://github.com/ucbrise/actnn

ActNNSZH

class RegularLayer:
def forward(context, input):
context.save_ for_backward(input)
return compute output(input)

def backward(context, grad output):
input = context.saved_tensors
return compute_gradient(grad output, input)

class ActivationCompressedLayer:
def forward(context, input):
context.save_for _backward(compress(input))
return compute_ output(input)

def backward(context, grad output):

input = decompress(context.saved tensors))
return compute_gradient(grad_output, input)
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ActNNZE I

 fFlmageNet LRI

|

Bits 32 4 3 2 15 1.25
FP 771 N/A N/A N/A N/A N/A
BLPA N/A 76.6 Div. Div. N/A N/A
ActNN (L2) N/A - 774 01 N/A N/A
ActNN (L2.5) N/A - _ 771 759 751
ActNN (L3) N/A - _ 76.9 764 759
Total Mem. (GB) Act. Mem. (GB)
Network | Batch | pp " piNN (13) R | FP  ActNN (L3) R
32 | 6.0l 1.18 5% | 5.28 0.44 12
64 | 11.32 1.64 7% | 10.57 0.88 12x
ResNet-152 1 g6 | oom 2.1 / |ooMm 132 /
512 | OOM 8.27 / | ooM 7.01 /
2 | 5.76 1.39 4x | 4.76 0.39 12x
4 | 1052 1.79 6x | 9.52 0.79 12x
FCN-HR-48 6 OOM 2.17 / | OOM 1.18 /
20 | OOM 4.91 / | oom 3.91 /




CogDLH AJSpMM + ActNN

class SPMMFunction(torch.autograd.Function):
@staticmethod
def forward(ctx, rowptr, colind, feat, edge_weight_csr=None, sym=False):
if edge_weight_csr is None:
out = spmm.csr_spmm_no_edge_value(rowptr, colind, feat)
else:
out = spmm.csr_spmm(rowptr, colind, edge_weight_csr, feat)
ctx.backward_csc = (rowptr, colind, edge_weight_csr, sym)
return out

@staticmethod
def backward(ctx, grad_out):
rowptr, colind, feat, edge_weight_csr, sym = ctx.backward_csc
if edge_weight_csr is not None:
grad_out = grad_out.contiguous()
if sym:
colptr, rowind, edge_weight_csc = rowptr, colind, edge_weigh
else:
colptr, rowind, edge_weight_csc = spmm.csr2csc(rowptr, colin

grad_feat = spmm.csr_spmm(colptr, rowind, edge_weight_csc, grad_

grad_edge_weight = sddmm.csr_sddmm(rowptr, colind, grad_out, fea
else:
if sym is False:
colptr, rowind, edge_weight_csc = spmm.csr2csc(rowptr, colin
grad_feat = spmm.csr_spmm_no_edge_value(colptr, rowind, grad
else:
grad_feat = spmm.csr_spmm_no_edge_value(rowptr, colind, grad
grad_edge_weight = None
return None, None, grad_feat, grad_edge_weight, None

class ActSPMMFunction(torch.autograd.Function):
@staticmethod
def forward(ctx, rowptr, colind, feat, edge_weight_csr=None, sym=False):
if edge_weight_csr is None:
out = spmm.csr_spmm_no_edge_value(rowptr, colind, feat)
else:

out = spmm.csr spmﬂ(rowptr, colind, edge_weight_csr, feat)
|quantized = quantize_activation(feat, Noneﬂ
CIX.Dackward_csc = (rowptr, cotind, quantized, edge_weight_csr, sym)

ctx.other_args = feat.shape

return out

@staticmethod
def backward(ctx, grad_out):
rowptr, colind, quantized, edge_weight_csr, sym = ctx.backward_csc
g input shape = ctx.other args
Ifeat = dequantize_activation(quantized, q_input_shapel
del quantized, ctx.backward_csc

if edge_weight_csr is not None:

grad_out = grad_out.contiguous()
if sym:

colptr, rowind, edge_weight_csc = rowptr, colind, edge_weight_cs
else:

colptr, rowind, edge_weight_csc = spmm.csr2csc(rowptr, colind, €
grad_feat = spmm.csr_spmm(colptr, rowind, edge_weight_csc, grad_out)
grad_edge_weight = sddmm.csr_sddmm(rowptr, colind, grad_out, feat)
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GCN + ActNN s255 45 5

« CogDLMERINZS2L

PGS JR U5 GCN GCN + actnn
Cora 81.30 = 0.22 |81.27 = 0.19
Citeseer 7173 £ 0.54 |71.70 = 0.28
Pubmed 79.17 = 0.12 |79.10 &= 0.08
Flickr 50.74 £ 0.10 |50.89 * 0.04
Reddit 95.01 £ 0.02 |94.89 = 0.01
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GCN + ActNN 17 5

+ S E: H = Dropout (ReLU(BN(AHW)))

Origin GCN +

#dataset, #layers, #hidden GCN actnn ratio |dea ratio
PPI, 5, 2048 3704 420 8.8x
PPI, 5, 2048 (+bn) 5484 539 10.2x
PPI, 5, 2048 (+bn, raw: 32*2 /
! 7711 594 13.0

+dropout) X (2.125%2+1) =12.2x
Flickr, 5, 512 1420 154 9.2x

. +bn: 32*3 /
Flickr, 5, 512 (+bn) 2117 201 10.5x (2.125%3+1) = 13.0x
Flickr, 5, 512 (+bn, 2991 223 13.4x
+dropout) +bn+dropout; 32*4 /
Flickr, 10, 512 3178 311 10.2x  (2.125"3+2)=15.3x
Flickr, 10, 512 (+bn) 4747 415 11.4x
Flickr, 10, 512 (+bn, 6712 465 14.4x

+dropout)
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» CogDLH 5zl EMLa%5= > Vs
— experiment(dataset="cora”)
— experiment(dataset="cora”, model="autognn”)



- E{SALIAREN
A R sIPLER 52 >] (Survey)
Search space Tasks
Methos Micro Macro Pooling HP Layers | Node Graph Search.Strategy
GraphNAS [2020] v v X X Fixed | v/ X RNN controller + RL
AGNN [2019] v X X X Fixed | X Self-designed controller + RL
SNAG [2020a] v v X X Fixed | v/ X RNN controller + RL
PDNAS [2020c] v v X X Fixed | v/ X Differentiable
POSE [2020] v v X X Fixed | v/ X Differentiable
NAS-GNN [2020] v X X v Fixed | / X Evolutionary algorithm
AutoGraph [2020] v v X X  Various| v X Evolutionary algorithm
GeneticGNN [2020b] v X X v Fixed | V/ X Evolutionary algorithm
EGAN [2021a] v v X X Fixed | v/ v Differentiable
NAS-GCN [2020] v v v X Fixed | X v Evolutionary algorithm
LPGNAS [2020b] v v X X Fixed | v/ X Differentiable
You et al. [2020b] v v X v/ Various| v v Random search
SAGS [2020] v X X X Fixed | v/ v Self-designed algorithm
Peng et al. [2020] v X X X  Fixed | X v CEM-RL [2019]
GNASI[2021] v v X X  Various| v v Differentiable
AutoSTG[2021] X v X X Fixed | v/ X Differentiable
DSS[2021] v v X X Fixed | v/ X Differentiable
SANE[2021b] v v X X Fixed | v/ X Differentiable
AutoAttend[2021b] v v X X Fixed | v/ v Evolutionary algorithm

Zhang, Ziwei, Xin Wang, and Wenwu Zhu. "Automated Machine Learning on Graphs: A Survey

" arXiv preprint arXiv:2103.00742 (2021).
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FHV%: experiment(dataset, model) => experiment(dataset)

f‘Fﬁ 72% ;EE%E ,fjﬁ ’fJC (H PO) | (a) G.NN Design Space

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

WIS (NAS) T e .
— JEER N\ E=

Bt

‘ conLnaeyc?irvity

. . . Activation N :

— BN, Dropout, Activation, Aggregation fcthaton |
JZ Rt

Message
Learning Configuration: 4 dims &::oocoooo JSmimi

- [oWiayer ]| Passng
— Layer connectivity(stack, skip), e o

— BRI g by process
Train?ng epochs : y 5
HFRL I T
o HIITE ?
A EE = |

1. You, Jiaxuan, Zhitao Ying, and Jure Leskovec. "Design space for graph neural
networks." Advances in Neural Information Processing Systems 33 (2020).

2. Li, Guohao, et al. "Sgas: Sequential greedy architecture search." Proceedings of the
IEEE/CVF Conference on Computer Vision and Pattern Recognition. 2020. 82




O
A

pen Graph Benchmark

Sn

)
N —= \ Large
i e JAY: 4
° ~ }EEI ~F E /f_Ljilli EI/J WSE \{ﬁ %w
) —
LRSS RO, 2 MR
Average Average Average Average MaxSCC Graph
Category  Name #Graphs #Nodes #Edges Node Deg. Clust. Coeff. Ratio Diameter
products 1 2,449,029 61,859,140 50.5 0411 0.974 27
Node proteins 1 132,534 39,561,252 597.0 0.280 1.000 9
ogbn- arxiv 1 169,343 1,166,243 13.7 0.226 1.000 23
papers100M 1 111,059,956 1,615,685,872 29.1 0.085 1.000 25
mag 1 1,939,743 21,111,007 21.7 0.098 1.000 6
ppa 1 576,289 30,326,273 73.7 0.223 0.999 14
Link collab 1 235,868 1,285,465 8.2 0.729 0.987 22
ogbl- ddi 1 4,267 1,334,889 500.5 0.514 1.000 5
citation 1 2,927,963 30,561,187 20.7 0.178 0.996 21
wikikg 1 2,500,604 17,137,181 12.2 0.168 1.000 26
biokg 1 93,773 5,088,434 47.5 0.409 0.999 8
molhiv 41,127 25.5 27.5 2.2 0.002 0.993 12.0
Graph molpcba 437,929 26.0 28.1 2.2 0.002 0.999 13.6
ogbg- ppa 158,100 243.4 2,266.1 18.3 0.513 1.000 4.8
code 452,741 125.2 124.2 2.0 0.0 1.000 13.5

83



OGBHHAT#3

Leaderboard for ogbn-products

The classification accuracy on the test and validation sets. The higher, the better.

Package: >=1.1.1

Ext. Test Validation

Rank Method data Accuracy Accuracy Contact References  #Params Hardware Date

1 GIANT-XRT+SAGN+MCR+C&S  Yes 0.8673 = 0.9387 + Yufei He (CogDL Team) Paper, 1,154,654 GeForce RTX™ Dec 8,
0.0008 0.0002 Code 3090 24GB (GPU) 2021

2 GIANT-XRT+SAGN+MCR Yes 0.8651 + 0.9389 + Yufei He (CogDL Team) Paper, 1,154,654 GeForce RTX™ Dec 8,
0.0009 0.0002 Code 3090 24GB (GPU) 2021

3 GIANT-XRT+SAGN+SLE+C&S Yes 0.8643 + 0.9352 + Eli Chien (UIUC) Paper, 1,548,382 Tesla T4 (16GB Nov 8,
(use raw text) 0.0020 0.0005 Code GPU) 2021

4 GIANT-XRT+SAGN+SLE (use Yes 0.8622 + 0.9363 + Eli Chien (UIUC) Paper, 1,548,382 Tesla T4 (16GB Nov 8,
raw text) 0.0022 0.0005 Code GPU) 2021

5 GIANT-XRT+GAMLP+MCR Yes 0.8591 0.9402 + Yufei He (CogDL Team) Paper, 2,144,151 GeForce RTX™ Dec 8,
0.0008 0.0004 Code 3090 24GB (GPU) 2021

6 GAMLP+RLU+SCR+C&S No 0.8520 + 0.9304 + Yufei He (CogDL Team) Paper, 3,335,831 GeForce RTX™ Dec 8,
0.0008 0.0005 Code 3090 24GB (GPU) 2021

7 GAMLP+RLU+SCR No 0.8505 + 0.9292 + Yufei He (CogDL Team) Paper, 3,335,831 GeForce RTX™ Dec 8,
0.0009 0.0005 Code 3090 24GB (GPU) 2021

8 SAGN+SLE (4 stages)+C&S No 0.8485 + 0.9302 + Chuxiong Sun (CTRI) Paper, 2,179,678 Tesla V100 (16GB  Sep 21,

0.0010 0.0003 Code GPU) 2021

https://github.com/THUDM/CRGNN
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S EUE (HGB)

—ANRE— R R CEA EERETRAL T RO

®X: Are we really making much progress? Revisiting,
benchmarking and refining heterogeneous graph neural
networks. (KDD'21)

KRG & #IE: hitps://github.com/THUDM/HGB

HEAT#E: https://www.biendata.xyz/hgb/

fEHGBY, AL 7 —/ % #. /¥ baseline: Simple-HGB.
AT ] B 7 R B TR gl RE 5 ik RSO TARY 4

GAT + relation type attention + residual connection + L2 norm
— cogd| implementation
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https://github.com/THUDM/HGB
https://www.biendata.xyz/hgb/
https://github.com/THUDM/cogdl/tree/master/examples/simple_hgn

GRB @

GRAPH ROBUSTNESS BENCHMARK

—
]

|
it
=
.y
N\
/}II’

i (GRB)

;'gjs%: GRB: Graph Robustness Benchmark

ﬁg Iﬁf E éé lE Hﬁ ’ |7§[ J: E/‘J Xﬂ‘iﬁl&fﬁﬁﬁ E % ’ff% Evaluation Datasets Evaluator Leaderboards

ER R s AL RS = A A B \

ﬁ %E H(J IEJ@: Module GNN Adversarial Adversarial
1. Zﬁﬁﬁ/ﬂiﬁf EP&%E)‘(/%%IQEEE%@ . k Models Attacks Defenses )
2. R —R e PEAL T 2 . N

Backend Pytorch CogDL DGL
” /T;a;n;n; TN GRB Attack vs. Defense Scenario GR Bﬂi ;J,Q
W/O Attack ,’é Frae ) (— | —————
peadl (e oo [ R MR (GRE)
\§ : .

Trained E { E
GNN Models \l

Homepage: https://cogdl.ai/grb/home

e i {
E Inductive Training ﬁ ) T S VR . .
E — = Optional i R C|as::B',o*,..- Github: https://qithub.com/THUDM/arb

E Attributed
Graph

s Leaderboard: https://cogdl.ai/grb/leaderboard/

sGC
®

®

sep Pt

Reactive
| —

Evasion Attack

-
W/ Attack g

/

Docs: https://grb.readthedocs.io/

|
|
|
|
|
|
|
: Mechanism
|
|
|
|
|
|

O Train nodes
OTest nodes

________

@ jocted nod - Attacked Graph  Robustness  Benchmark:  Rethinking  and
rieciecnotes) niection Attack ) Benchmarking Adversarial Robustness of Graph Neural
v — Networks
] F 1 VA 1 7= 151

Qinkai Zheng, Xu Zou, Yuxiao Dong, Yukuo Cen, Jie Tang
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https://cogdl.ai/grb/home
https://github.com/THUDM/grb
https://cogdl.ai/grb/leaderboard/
https://grb.readthedocs.io/
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%‘ElﬂééWé%E%iﬂ/ﬁﬂH (GCN. GraphSAGE. GAT)

Plas 21t

EZ8CogDL (fisfr. v, 455

IR S22 F

OHTYEHTI. kB, B2, Ezh. BE#E)

CogDL: An Extensive Research Toolkit for

Deep Learning on Graphs

KEG, Tsinghua University
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https://github.com/THUDM/cogdl

