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. Thomas N Kipf and Max Welling. Semi-supervised classification with graph convolutional networks. In ICLR *17.
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- experiment APL : fEANE5S. #URE. BB, (#EZ). (EsEEE

from cogdl import experiment

L
di]
N’

# basic usage
experiment(task="node_classification", dataset="cora", model="gcn")

# set other hyper-parameters
experiment(task="node_classification", dataset="cora", model="gcn", hidden_size=32, max_epoch=200)

# run over multiple models on different seeds
experiment(task="node_classification", dataset="cora", model=["gcn", "gat"], seed=[1, 2])

# automl usage
def func_search(trial):
return {
"1r": trial.suggest_categorical("1r", [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),

gxperiment(task:"node_classification", dataset="cora", model="gcn", seed=[1, 2], func_search=func_search)
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@register_model("mygcn")
class GCN(BaseModel):

2021 BAAL CONFERENCE

@staticmethod
def add_args(parser):
parser.add_argument("--hidden-size", type=int, default=64)

parser.add_argument("--dropout", type=float, default=0.5) 1. E)‘(Mﬁ)\*ﬁﬂﬂ’\]ﬂ%

@classmethod
def build_model_from_args(cls, args):
return cls(args.num_features, args.hidden_size, args.num_classes, args.dropout)

def __init__ (self, in_feats, hidden_size, out_feats, dropout):
super(GCN, self).__init_ ()
self.convl = GraphConvolution(in_feats, hidden_size) 2. EX*EEEEPE’\HEE%
self.conv2 = GraphConvolution(hidden_size, out_feats)
self.dropout = nn.Dropout(dropout)

def forward(self, graph):
graph.sym_norm()

graph.x 3. E)‘(*ﬁﬁgﬂ'ﬂﬁtﬁﬁiﬁ

h =
h = F.relu(self.convl(graph, self.dropout(h)))
h = self.conv2(graph, self.dropout(h))
return h

if __name__ == "__main__":

| experiment(task=""node_classification", dataset="cora", model="mygcn")
13I13AAI
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@register_dataset("mydataset")
class MyDataset(BaseDataset):
def __init__ (self):
super (MyDataset, self).__init_ ()

num_nodes = 200
num_edges = 500

- — HEEMFHFBEE
num_labels 10 W HydHE 2 E A

edge_index = torch.randint(®, num_nodes, (2, num_edges))
y = torch.randint(®, 2, (num_nodes, num_labels))
self.data = Graph(edge_index=edge_index, y=y)

if __name__ == "_ main__
experiment(task="unsupervised_node_classification", dataset="mydataset", model="prone")
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Rank Method PPI (50%)  Wikipedia (50%) Blogcatalog (50%) DBLP (5%)  Flickr (5%) Reproducible
1 NetMF [37] 23.73 £ 0.22 57.42 £ 0.56 42.47 + 0.35 56.72 £ 0.14 36.27 £ 0.17 Yes
2 ProNE [66] 24.60 + 0.39 56.06 £+ 0.48 41.16 + 0.26 56.85 £ 0.28 36.56 £ 0.11 Yes
3 NetSMF [36] 23.88 £ 0.35 53.81 + 0.58 40.62 £ 0.35 59.76 +£ 0.41 35.49 £ 0.07 Yes
1 Node2vec [17] 20.67 = 0.54 54.59 £+ 0.51 40.16 £+ 0.29 57.36 £ 0.39 36.13 £ 0.13 Yes
5 LINE [45] 21.82 £ 0.56 52.46 + 0.26 38.06 + 0.39 49.78 £ 0.37 31.61 + 0.09 Yes
6 DeepWalk [35] 20.74 = 0.40 49.53 + 0.54 40.48 + 0.47 57.54 £ 0.32 36.09 £ 0.10 Yes
7 SpectralClustering [48] 22.48 + 0.30 49.35 + 0.34 41.41 + 0.34 43.68 + 0.58 33.09 = 0.07 Yes
8 Hope [33] 21.43 +£ 0.32 54.04 + 0.47 33.99 + 0.35 56.15 £ 0.22 28.97 £ 0.19 Yes
9 GraRep [5] 20.60 + 0.34 54.37 £ 0.40 33.48 + 0.30 52.76 £ 0.42 31.83 £0.12 Yes
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« Cora, Citeseer, Pubmed

- PRREIMHEIEIER
. MSESHERL : GCN, GAT, GRAND, ...

- FommERE

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] 84.37 720 80.0 Yes
5 Graph-Unet [15] 83.3 | 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] 8237 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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S ANERE I EZEE
- £YI=EHIRE - MUTAG, PTC, NCI1, PROTEINS
o 1TATRNEEBEEE - IMDB-B/M, COLLAB, REDDIT-B

7

P53 AR

.« FTCISEEHERY : InfoGraph, graph2vec, DGK
. BliNEiER - 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 73997 74.48 75.40 50.47 80.07 7 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 55.00 | 40.40 | / / Partial
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Iz  BxEZ (L) |, BREFRRFS (URL)

E’”*"Z*ﬂz E’é Cora, Citeseer, PubMed ; 5% Z%QEE% : Flickr, Reddit
Model Training Scheme Cora Citeseer PubMed Flickr Reddit
Linear SL 47.86+0.02 49.254+0.04 69.174£0.03 45.814+0.00 67.954+0.01
GCN SL 81.53+£0.26  71.75£0.05 79.30+0.31 52.744+0.13 95.1640.01
EdgeMask JL 81.28+0.31  71.534+0.24  79.554+0.11| |52.55+0.06 95.07+0.01
AttributeMask JL 81.20+0.32  71.45+£0.35 78.93+£0.25| |52.45£0.15 95.00£0.01
S?GRL JL 83.424+0.63  72.37+0.11 81.20+£0.37| |52.59+£0.05 95.17+£0.00
Distance2Clusters JL 82.474+0.48  71.55+£0.30 81.53+0.22| |52.24+0.07 /
SuperGAT JL 82.774+0.53  72.25+0.52  80.30+£0.31| |52.80£0.07 95.42+0.01
MVGRL URL 80.76+0.80  65.844+2.72 76.01+2.46f 46.08+0.39 92.76+0.22
DGI URL 81.91+0.17 70.01£0.87 76.49+£1.04| 46.35+£0.11 93.12+0.18
EdgeMask URL 75.23+1.14 68.96+£0.96 79.41£1.15| 50.48+£0.06 93.68+0.01
AttributeMask URL 76.12+0.91  70.69+0.44  75.16£1.71| 51.57£0.15 93.3740.01
S?GRL URL 81.56+0.49 69.48+0.91 80.83+0.57| 50.85+0.03 93.88+0.05
Distance2Cluster URL 73.86+0.29  66.53+£0.29 79.4440.34| 50.2440.07 /
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\2
Gs = 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, Xuanqing Liu, Si Si, Yang Li, Samy Bengio, and Cho-Jui Hsieh. Cluster-GCN: An efficient algorithm for training
deep and large graph convolutional networks. In KDD ’'19.

3. Hanging Zeng, Hongkuan Zhou, Ajitesh Srivastava, Rajgopal Kannan, and Viktor Prasanna. Graphsaint: Graph sampling based

inductive learning method. In ICLR °20. 2013AAI
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GraphSAGE CIusterGCN=§

« 4 GPUs ~ 3xT J0i=E

« f8REtrainerBIE]{EHA: 2

* clustergen — dist_clustergcn

ClusterGCN GraphSAGE
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* GCN ( FRERAB[F3EE SpMM )
HUD = AgOWw

« GAT ( JEFEJI1TE Edge-wise-softmax )

exp(e;;)
2ken; expleir)
* GAT ( ZLMIAEEZ Multi-Head SpMM )

h; = CONCAT | o (2 a{-‘jwkhj)
JEN;

aj = Softmax(eij) =
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GCN Layer
graph: cogdl.data.Graph
X: node featurs

H R OR" R

weight: parameters

=
I

torch.mm(x, weight)

=
I

spmm(graph, h)
out = torch.relu(h)

2021 BAAL CONEEREN

‘ — B

C

# GAT Layer

# graph: cogdl.data.Graph

# h: node featurs

# h_score: 1mportance score of edge

edge_attention = mul_edge_softmax(graph, edge_score)

H+D) — AgOw®

h = mh_spmm(graph, edge_attention, h)
out = torch.cat(h, dim=1)

exp(eij)
EN; exp (eik)

h; = CONCAT a(Z aﬁ‘jwkh,)

JEN;

a;; = softmax(eij) = >
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//$2AR1 : dgSPARSE, Deep Graph SPARSE
=EMEEEFGPUSLIN

SpMM SDDMM

/

\
l
l
l
57& 14'%" ...... : CogDL PYG DGL =L
: FEZIHRE
- ! o (CEsE) (EEsD) (S  citsmss
S S I
& & -/ D
Multihead SpMM SpMV /

6%, 16%, / s
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cusparse
cusparseSpMM_bufferSize (cusparseHandle_t handle,

~

| bt |

[ dgSPARSE ]

[ cuSPARSE ]

Status_t

arseOperation_t opA,
arseOperation_t opB,

. alpha, © SpMM '
arseSpMatDescr_t matA,

cus
arseDnMatDescr_t matB, ° SpMM—'Ike Vv
*

beta,

arseDnMatDescr_t matC,

cudaDataType computeType,
cusparseSpMMAlg_t alg, GraphBLAsT
*

bufferSize)

* SpMM V
* SpMM-like %

* SpMM Vv
* SpMM-like Vv

cuSPARSEfR{H TR , EMISHSE
_ FIET(HROSR M 2 (5

~
>
.
/]

N
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CogDL PYG DGL R
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GraphBLAS
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1
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1
1
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1
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/ $2R2 : dgSPARSE wrapper \\

1 . . SO
 FHR , A CuSPARSEEHEZ EXUEN |
| '\ GNNZR%
: \\ CogDL PyG DGL *Eglg

\— S MS M

i sp|v||vF|) R T
: p il : SR
I |
' /AR R
: -Spl\/llvl SpMM-likq .
I |
: SpMM-like :
| |
: ]
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CUDA code Package Framework call \

Float *attention /*
graph. edge_index \

REL e \ CogDL PyG DGL B S

self leskyrelu(h 1 + h_r

hor = (self.ar

edge_stten

edge_sttestion = mul_edge_softaax(graph, edge_sttestice

' \
PO o e _ A | ??? FEFIMKRE

out = h_prise.view(h prime. shape(0], -1

t offset1, offset2

for (int pte « 1b; ptr < hb; ptrs

offset1

SN Md S . theeadldy.x

dptr
ot

pte * b+ hid

e acc, infeat(offset1] * att
o e e e e

offset2 = rid * f * h + hid * f + threadIdx.x;
outfeat[offset2] = acc;

e R A out = torch.cat(h prise, disei ( \
“ £t hehid® f o thresdldn.x
acc > —
g returs out I 1 1 I
1 1
| 1 1
__global__ void mhspmmSimple( 1 1
int v, int nnz, int h, int f, I : :
int *rowptr, int *colind, float *attention /* E*H */, 1 1
ot ¢ dieets A float *infeat /* V*H*F */, 1 1
ef forward(self, graph, x): * * YRHEE %
Rl=Rrorchiam el el W) R v en(- 1IN Se T nhae I ce LrfoutEreatares) OB e [ VAR <Y/ ! 1
) I H !
row, col = graph.edge_index ' { 1 :
# Self-attention on the nodes - Sha mechanism int rid = blockIdx.x; - 1 1
hl = Eself.arl * h).sun(dim=-1)[ i int hid = blockIdx.y; I 1
h_r = (self.a_r * h).sum(dim=-1)[c: " = T \
edge_attention = self.leakyrelu |y Wor) %nt - mwtr[mﬁﬂ’ I
# edge_attention: E * H int hb = rowptr[(rid B
edge_attention = mul_edge sc@(graph, edge_attention) float acc = @;
edge_attention = selﬂd%edgeiattention) int offsetl, o I ﬁ
for (int ptr 'tr < hb; ptr++)
h_prime = mh_spm , €dge_attention, h) ¢
out = h_prime. h_Myme. shape[0], -1) I
offsetl = colind[ptr] * f * h + hid * f + threadIdx.x;
out = torch.cat(h_prime, dim=1) float att = attention[ptr * h + hid]; I
acc = sum_reduce(acc, infeat[offsetl] * att);
return out } I

IERFFREESCUDAKE | FHERZ A4 !

S BFHHERGNNRR—E , FIRWE(R ’

—~ -

_—ee e o o e o e o o o o o o e e e e = -

30I13AAI



BitE - ERRRERENEGPUNEREdgSPAR

,/ A3 : dgNNEE R
HRIGNNHUREZEIHSKRE |

2021 BAAL CONFERENCE

-~
-

dgNN.GATLayer.forward(graph, x, W, nhead, features)

|
I # GAT L
I ayer \ FA0
| # graph: cogdl.data.Graph \ CogDL PYG 2Ll *I:*
I # h: node featurs R4
# h_score: importance score of edge
| [ .
. ; SEBISRE
[ edge_attention = mul_edge_softmax(graph, edge_score) :
I h = mh_spmm(graph, edge_attention, h) i
l out = torch.cat(h, dim=1) E
I i
I 1
: | s
|
|
I
\

3113AAI




[ MREEMOEIHEE, SiePusIMTRIaREL )

BB ,
 REIEL Tesla V100 (Volta) RTX 2080 (Turing) RTX 3090 (Ampere)
- FEERIEW
My *2 N T
=LY
© WarpPIIEY
*  Warp[EIFI£Y
Qs,‘o Q‘f’% Qﬁ_’%
S S R\
¥ P PG

32I13AAI



CogDL5dgSPARSEREELS

2021 BAAL CONFERENC

A

K\

FRBRRIINEL

def forward(self, graph, x):

h = torch.matmul(x, self.W).view(-1, self.nhead, self.out_features)

row, col = graph.edge_index

# Self-attention on the nodes - Share
h_1 = (self.a_l * h).sum(dim=- 1) Iy
h_r = (self.a_r * h).sum(dim=-1

edge_attention = self. leakyr‘elu( +

# edge_attention: E * H
edge_attention = mul_edge_sof raph, edge_attention)

mechanism

edge_attention = self.drop dge_attention)
h_prime = mhispmm(g%'I dge_attention, h)
out = h_prime.view P e.shape[0], -1)

out = torch.c _prime, dim=1)

return out

__global__ void mhspmmSimple(

int v, int nnz, int h, int f,

int *rowptr, int *colind, float *attention /* E*H */,
float *infeat /* V*H*F */,

float *outfeat /* V*H*F */

int rid = blockIdx.x; %
int hid = blockIdx.y; -w
int 1b = rowptr[rid]; &

int hb = rowptr[(rid + 1)1)\

float acc = ©;

int offsetl, offset2

for (int ptr = IQQWPJ; ptr++)
B 5

offsetl = ptr] * £ * h + hid * f + threadIdx.x;
float att ntion[ptr * h + hid];
acc = sum_reduce(acc, infeat[offsetl] * att);
}
offset2 = rid * f * h + hid * f + threadIdx.x;
outfeat[offset2] = acc;

BirEz—

de

&

forward(self, graph, x):
h = torch.matmul(x, self.W).view(-1, self.nhead, self.out_features)

row, col = graph.edge_index

# Self-attention on the nodes - Shar‘eﬁat i lechanism
h_1 = (self.a_l * h).sum(dim=-1)[r

h_r = (self.a_r * h).sum(dim=-1)[c

edge_attention = self.leakyrelu(h

# edge_attention: E * H
edge_attention = mul_edge_so raph, edge_attention)

edge_attention = self. e _attention)

h_prime = mh_spmm(gr:
out = h_prime.vj ime.shape[0], -1)
out = tor‘chAcat(hgrime, dim=1)

return out

e_attention, h)

jFl,--

| F5

A dgSPARSE

dgNN.GATLayer.forward(graph, x, W, nhead, features)

@EEAIPython{{H5

fEZ= : {FHdgNN

{5 dgSPARSE

33I13AAI



CogDL5dgSPARSEREELS

&

[ R RS
11 dgSPARSEEF (EFZ%% 1 dgSPARSEEF {SEFdgNN
3~5x 4~6X 10x
GCN GAT K

3413AANI



CogDL5dgSPARSEREELS

GNNFJf MAF & - -
& T~ __— -

« LG - S RO
o [RERIGUEAE L o RN SRS

EEEEEEEEEEE

- BRITEIRE

Dense matrix B7( K x V)

A - F—HFEO * EEFTAEE iz

E= S :' o :‘ o HUEIEZRZRE o BRI ST
B

rarneen X X X X
nput sparse matroc S Qutput sparse matrix #
(MxN) [ x N,
A)
HRE
IR RIIKIIIIIT
jm n

x: Non-zero element in the
matrix
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e CogDL with dgSPARSE
* SDDMM paper to ICCD21

* Fast GAT to ASPLOS22
* SpMMul paper to ASPLOS22

2021 BAAL CONFERENCE

* More frameworks with dgSPARSE

‘OOOO‘OOOO'OOOO‘OOOO‘OOOO‘OOOO‘OOOOOOOO

* GE-SpMM paper on SC20

» dgSPARSE wrapper release

e Cooperation with hardware
developers

e dgNN paper to MLSys22

* Wrapper with other SPARSE
library

SPARSERUFFAE : iSHASEFTRRNCSTINE , MEE. 5. FIHE. KEE. #E. T

* CUDA plugin

e GPU support for
sparse
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202158H - CogDL v0.5
- EH—LRIMRELY ( 5dgSPARSERERLS )

o= AE B REFI ST)14k

BRI RS EE A JAIKDD 2021 tutorial ( https://kdd2021graph.github.io/ )
Graph Representation Learning: Foundations, Methods, Applications and Systems

Graph theory and Graph Fourier Analysis
Foundations of Graph Neural Networks
Network embedding theories and systems
Scalable Graph Neural Networks

CogDL Toolkit for Graph Neural Networks

Heterogeneous Graph Neural Networks
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https://github.com/THUDM/coqdl
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