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Head SpeedX
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List 3
arXiv paper

1,398,159 nodes

Author )

All paper
121,751,666 nodes

writes

386,022,720 edges

Bad.

Tennis rackets are
substitutes instead
of complements.

Tennis balls are related
complements but the
results lack diversity.

Good.

Recommendations
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Design of biologics:

o ML-assisted directed evolution :ve:le::: :
(anity, specificity, immunogenicity) Personalisation i
Target o Protein engineering Clinical trial design & (precision and/or personalised electronic
identification e De novo design biomarker discovery medicine) medical records
I M 1 [ 1M 10 |
~25 >$1
programs Drug discovery | Drug development Billion
Pre-
clinical
Developed
techniques Phase | Phase Il Phase lil Submission
and/or
mature
applications
1drug
lo 2 4 o 6 Vears 8 10 12 ;
Design of small molecules: Drug repurposing & product line extensions:
e Enhanced HIS [target-based) o Off-target repurposing
[property prediction) e On-target repurposing
e Enhanced HTS [phenotypic) e Combinations repurposing
(reporter analysis) e ADME
e De novo design {property pradiction)

(generative chemistry)
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CogDL
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downloads 23k
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CogDLFF A& 7 5 —HIGNNIIZx 88 ( Unified
Trainer ) SRiE/D URICIEFHEHR T,
SCIGESTREERTR,

ZRiMAE

—
Graph | Data
 Datasets )} Wrapper
R Trainer
GNN .| Model
Models Wrapper
- J

CogDL
Leaderboards

|

mullem SAAI
CONFERENCE
2022.5.31-6.02

gRXe
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R TURIRIRIRLT
DAWNED  HYEEE (Dataset ) . HUE/HES
( Data Wrapper ) . &2 ( Models ) . 12254
AT ( Model Wrapper )
| Model  Model Wrapper Data Wrapper
GCN [3] GCN supervised full-graph
GAT [23] GAT supervised full-graph
GraphSAGE [4] SAGE sage_mw'! neighbor sampling
Cluster-GCN [24] GCN supervised graph clustering
DGI [7] GCN dgi_mw? full-graph
GRAND (6] RandProp® consis_reg_mw? full-graph

[1] Yukuo Cen, Zhenyu Hou, ..., Peng Zhang, Guohao Dai, Yu Wang, Chang Zhou, Hongxia Yang, Jie Tang. CogDL: A Toolkit for Deep Learning on Graphs. In arXiv:2103.00959.
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CogDL
model = GCN(...)
data = CoraDataset() [0]
mw = ModelWrapper(model, ...)
dw = DataWrapper(data, ...)
trainer = Trainer(epochs=100)
result = trainer. (mw, dw)

PyG
model = GCN(...)
data = Planetoid(name="Cora") [0]
optimizer = torch.optim. (aua)
for epoch in range(100):

pred = model(data.x, data.edge_index)

labels = data.y
mask = data.train_mask

loss = F. (pred[mask],
labels [mask])

optimizer. ()

loss. ()

optimizer. ()

val_acc = (model, data)

if val_acc > best_val_acc:
best_val_acc = val_acc
best_model = (model)

result = (best_model, data)
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DGL

model = GCN(...)
data = CoraGraphDataset() [0]
optimizer = torch.optim. (au)
for epoch in range(100):

pred = model(data)

labels = data.ndatal'label’]

mask = data.ndatal['train_mask']

loss = F. (pred[maskl],
labels [mask])

optimizer. ()

loss. ()

optimizer. ()

val_acc = (model, data)

if val_acc > best_val_acc:
best_val_acc = val_acc
best_model = (model)

result = (best_model, data)
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CogDL{EBfPyTorchiSampi# TR &5 =114k
Fir/>GPU R 7 5 BFIIRER)| 4k, N
B Eple=TrueRIB][FH, HXM4sENG
=P

SRR
CogDLEERL T BBl BB A4 AR
IR TR 17 S . T
= BRI R E AR R T A
T >R0.4x~ 16XHY B FFPEX,

[1] https://pytorch.org/docs/stable/amp.html.
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2JIEGCNZAERedditEEEE LAIIERE ( RBE/BERE )

| GPU Memory | Accuracy | TI'alnlng Speed

| | 2080 Ti | 3090

|
Single precision training 5,567 MB 9544 £0.07 | 2.201t/s | 3.93 it/s
Mixed precison training 4,046 MB 95.35+0.08 | 3.171it/s | 7.97 it/s

2IEGONRAME 3P EE LRUERRIESHIEF A (MB)

| origin (32-bit) +actnn (4-bit) +actnn (3-bit) +actnn (2-bit)

Flickr | 51.17 £0.19(288)  51.08 £0.18 37) 51.14 £0.18 (26)  51.20 + 0.18 (18)
Reddit | 95.33 £ 0.07 (1532) 95.32 £ 0.07 (194) 95.31 £0.07 (158) 95.34 £0.06 (112)
Yelp 39.86 & 0.94 (4963) 40.06 = 0.74 (773) 40.21 £ 0.82 (665) 39.89 £ 1.45 (551)

[2] ActNN: Reducing Training Memory Footprint via 2-Bit Activation Compressed Training. Chen, Jianfei and Zheng, Lianmin and Yao, Zhewei and Wang, Dequan and Stoica,

lon and Mahoney, Michael W and Gonzalez, Joseph E. In ICML'21.
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CogDLERL, 7 &3 AYAUtoMLZE ( Optuna )
XAAPREEESEERSIN. WNaflpy
=, NETEAPIHENBSIIEREERIA],

Sy =jL
S EIREH AL T ISR 9%
5, BT BRI, 1T

#Y TensorBoard = 4 , CogDL it £ Bk T
WandBIX M ENNFANLREETR, N&H
FEAPIFIZERNMIoggerBIRA] =,
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def func(trial):
return {
"lr": trial.suggest_categorical("lr",[0.01, 0.1]),
"hidden_size": trial.suggest_categorical("hidden_size",
"dropout": trial.suggest_uniform("dropout", 0.1, 0.8),
}

experiment (dataset="cora", model="gcn", search_space=func) # hyper-parameter search

[32, 64, 128]),

Runs (210

acc
»
Panel Section '

eep-2 [ ~. < ° ., e 3
TS “e ¢ ' - \ . ..
’ ,.‘ Q. "' t.' :-’ * Q.'
- b o
.: ‘..o‘ Te lq: o‘. q'. i n
* * o* c . ®
. %, o o »

b e e 0 0 0 0 o

[1] Optuna: A Next-generation Hyperparameter Optimization Framework. Akiba, Takuya and Sano, Shotaro and Yanase, Toshihiko and Ohta, Takeru and Koyama, Masanori. In

KDD'19

[2] Experiment Tracking with Weights and Biases. Biewald, Lukas. https://www.wandb.com/.
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IIX

- II/—,.s “’jli% J

ZNIELgmASGCC (KDD'20)

GCCRAT M IR , BADERI EANEMESEEIR , FHAfIESEE, EANERENE—ES
RIHEEITE | TARNRARN S SRENTE, ETEANREE  RBSIREAREEREES.
GCCAILRIAITF S FHiESSIES , AENan%. ENLTIRIIEE.

) s N\
Graph q Node Graph Similarity
. Graph x4 B - Classification Classification Search
\ . 4 ats A &
L .. Contrastive GCC GCC GCC GCC
J Similarity— Loss
A Graph x*o ’ ﬁ ﬁ ﬁ ﬁ
N Graph
/ N, Graph x*1 | Encoder
." ! L
\ ' ko, ky, k;
Graph x*2 % US-Airport Reddit KDD ICDM
\ J

Fine-Tuning

[1] Jiezhong Qiu et al. GCC: Graph Contrastive Coding for Graph Neural Network Pre-Training. In KDD’20.
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10 E B fmad2sGraphMAE (KDD'22)

SEEIERR , BIB%miE28(Graph Autoencoder, GAE) ] LB EERIEMEESE T 245 l. AZHEEEBREsE
FoTEETN, EERRES  FihBERIREERERSEEER,

ANEFLUFRNE B RIS | GraphI\/IAEEIWWRE@%ﬁ%&@%‘é@%@%ﬁiﬂ JEFTDMER , NMBEITF Mo RE
155, FERRHETE | HBIBNTRIFTEEE | HEBIEAFEIERE ﬁﬁﬁﬁﬁ_ BRKIREEIRKEREL,

------------------------- | o m TS S S es T— — — — — — — ™
Mask ! | Re-mask GNN Decoder L Feature Reconstruction |
as
Node code : : [DMASK] Reconstructed Featurcs: o 9 “
Features : : : . a1 x;
L 2
— = 1= = o o © &)
[MASK] | : |
: | | X4 I3 o
(. |
_________________________ I T Scaled Cosine Error(Zi, X;)
- °
_________________________________ | I_______________________________________l r___________________l
i | MLP or Propagation | Link Rcconstrucnon ,

___________________________________________________________

[1] Zhenyu Hou, Xiao Liu, Yukuo Cen, Yuxiao Dong, Hongxia Yang, Chunjie Wang, and Jie Tang. GraphMAE: Self-Supervised Masked Graph Autoencoders. In KDD’22.
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a1 M ZEGRAN D(NeurlPS 20)

IR S —MBEY SRR THE R R , AR A —EMEENRAA LR E T REREEEER Y
TSR, iz R VI EaihdilG IEU@ , TRELTEMABGNNIRELZ (LEE I B,

(a) Random Propagation (b) Augmented Features (c) Consistency Regularized Training
I DropNede Propagation Withou W | - .
| P mpdg.uuo : x(l] Z(l)
. 812 [o] [o]o]o [em !
3502 42 51 28 01
S Augmentations! 3 2 2 0 0l0j0 O/ \@I o
I 845 |1 8 45 " 38 46 22 " AL
8 C> C> \ O Loss: Lsup + con
512 I 352 1] 35 2 — | 7.3 44 41 06
553 : 133 [1] 13 3 OO0 \ ! > 28 52 22 02 ]
p 162 n O ' 1.8 45 39 06 C Py
Fo— 133 | sup ?
8322 &/ X masks X | 11 42 53 i L
———————————————————————— 0
845 = => 0]
162 Syt deuh v | 0|
% | DropNode Pmpdgalnuns\v\:u];oulw : T I o2 i
133 1 512 E -] ] G 52‘/0 | 41 43 25 07 Leon
ofoJo —
Graph Data : 3 i 2 n 51o1o '/‘ \@@[ﬁ] | :> 70 41 48 08| Partial Labels
| 255 Dl BRI A [ N0 1T e s ®
O]
19 45 37 07
| 183 [o] . ! + i
' 162 [1] Tl O ! 1.4 40 55 08
| X masks X(8) 91a)9) <5 (S
(8) | X 7.(5)

e o - - - — - ————————

[1] Wenzheng Feng, Jie Zhang, et al. Graph Random Neural Networks for Semi-Supervised Learning on Graphs. In NeurlPS’20.
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BIAGRANDIEFRK
SRERIEHE , TIREY , e

FIIN

JEH R EEZGRAND +(WWW'22)

BE_LEUS T KIBEH | (BER
S T T 18R,

HIEEY BIEERER, EII(IEFGRANDH

GraphData e
n®(1,1) 0 7|”
316
6 7 2 f%1,2) x x 7 81 4 5 2
1%(1,4) 1 565 _
Xy
17,4 L] ses
n%)7,6) x |0 x228 246
n%7,7) 1 1 g
DropNode masks 7
e SO N L | r",,:;(;;)"""];[ """ ST
1 : \I ’
O Label 0 (:)—' i >ﬂ1.:| I I I | | :‘sﬂm)(l,z)Exo " 81%)561
] ] | —d
Label 1 ' i T % (1,4 565 T
© ® > T 1] p e X
QO Unlabeled i GFPush i ﬁ I I I | I:.:I | A% O —
‘: ’ \ —> |
U {37} i i 6 1, 1906 Hxﬁxzza%}zza
i i ! )
sy (@) >n [T TT T | Ao o] s _
LI 1 2 3 4 5 6 7 | DropNode masks 7

(a) Sub-Matrix Approximation
[1] Wenzheng Feng, et al. GRAND+: Scalable Graph Random Neural Networks. In WWW’22.

(b) Mini-Batch Random Propagation
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T2 HGRAND+ |

Training objective: £ = Lgp +A(t) Loy

"""""" ! ™™ 03 \\Yl‘ 0
' ¥ o8 Loup
' MLP |
™) 02
Yl Leon

v 0.7 /

(c) Confidence-Aware Consistency Training

____________
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DNNZRFR

5 GNNZRE G FZERY )R

TF

PyTorch

MXNet

[IEE2: B BEH’:‘I/**&EI’JED

t

* SpMM V
* SpMM-like x

RAE
AEFIMR
LI EhR

GNNZES

DGL

PyG

CogDL

7?7

o —————

[ dgSPARSE ]

[ GraphBLAST ]

* SpMM Vv
* SpMM:-like v

* SpMM Vv
* SpMM-like v

[ CUDA code ]

[ Package ]

_— O . . . . .y,

f :
! i
! i
= !
i| dgSPARSE |i
]
i | l
i| GrapheLast |! /
e L /
__,_______

Framework call
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RIRTZ ngPARSE (Deep Graph SPARSE) HRAS

l ;i* 3 Slmp|e PVthOI’l COde 10)( F&X&% w/ 1 dgSPARSE kernel w/ more dgSPARSE kernel w/ dgNN
| BRI LD Phase 3: w/ dgNN 3x 4~6x 10x
I g ibrary T
| EBAIGNNEIHS ' | loxonnitss
| Phase 2: w/ dgSPARSE ~
|\ Phase 1: w/o dgSPARSE _ /\ g ~ ~
e =S -— - - - -_ -__ - _—_—— \ \ \ \ Ref: [SC20] GE-SpMM by us. Ref: CogDL with dgSPARSE on GAT Ref: [PPoPP20] by Kezhao Huang, ..., Jidong Zhai, et al.

e e e L e S s B S o o == == == e e = e ~ = ~ .

( B 2 \ DGL |~ T PYG CogDL | «eeee.
dgSPARSE wrapper : ~
/]38
~ I

: 3575 E#BIT cuSPARSE TR SpMM-like
\ (CseARsE < e

I T o A L e ™ et L2 s e U

e e e e e e e e e e e e = == ——
l SpMM SDDMM Multihead SpMM SpMV

A1 o o 0
| 57% 14.01x 16% 16%
I dgSPARSE Library A A A
I SXcPURERET l
|
< <

!
\ ¥ ¥
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fERTTZE © dgSPARSE (Deep Graph SPARSE

for nin {1,2,..,N} //N-Loop
Yim,n] = 0
for k in {k; , ,kx(n) ) //%-Loop ===~

BERE

for m in {1,2,..,M} //M-Loop

N\

YIm,n] += Alm,k1*X[k,n]

(a)

: 1 oy
00 00 ding &

(b)

[DAC 22]

ARSI RGN
1BXINVIDIASE!

(c)

N-Loop

K-Loop

-
’

(e)

IN0iER26%~37%

O~ Tz

op

ApplyEdge
Linear Projection (LP)
LeskyRelU (LR)

Scatter
u_concat_v (cC)

ReduceScatter
Edge Softmax (EM)

Aggregate

Reduce Sum (RS)

(a) Original GNN computatlon graph
@ @u add vr ‘ @ B

b) P i t d it i Secti 4
( ) Propagation-pos -p(:nj"_sc:é)‘e;_:ﬂagﬂel;g _aprlllﬁaﬂll?n Le on 4)
S

Y

| t

ApplyVertex
e

(__scatter )
Graph-related Op
‘ApplyVertex

ApplyVertex

Fused
prcends D B
CRZRDe

ApplyVertex

_____ (%mumncmm = é

(c) Unified thread mapping for fuslon (Section 5)

ApplyVertex

Recompute for

d
Graph-related e

ApplyVertex

(d) Intermediate data recomputation (Section 6)

Vertex feature Edge feature :: Off-chip/Global memory On-chip/Local memory Gradients

[MLSys 22]
GNNI+EEL

CRIFFEFE MBEXYDGLINEERZ2.75x

FHNER%7.75x

CSSCIR IR dgSPARSETR (

BCD 1CD) 16D 1Y

A

RER%REA

Thread,
Ao[0]-By[

s SA0
\Hl\HH\lHHl\llH\

wn_sync(mask, v, 8)

ANARARERRR]

S IHJ(?‘
Sshil down sync(mask, v. 4)
H\IHHHIH\H @HH ][] Tols] Tl |
HH]HH[IHN"[ I]\H[ TTTTTTT1]
shil_down v 1
]

s sk, .
CIT I T I I T T LTI T T T I T T T[T TT1

Thread,

4,B1

1,°B,"

(@)
[JCIC] Output-related threads (][]

Thread,

Output-unrelated threads
Thread Thread,,
4,[0]-B,[0} 1,(0)'8,{0
44[1]°B,[1]

Warp

(mask, v.4)

xor_syng

EETTT T
COTTTTT T ITT7T
0
Ay By 1B, 1,8,

[EE B2
SFH T

shfl_xor_syne(mask, v, 2)

LTTTIITT]

AETNVIDIATEYI NS 4x

Thready,
Bo[31

Quipwiy

NS IE
Y| E /:quiEr

4

::E

GNN Models

operator
SpMM,
GEMM...

runtime
system

|
[

(a) Overview of GNN framework

CPU/GPU code

il '

input adaptive
SpMM template

user-defined
init() and reduce()

(b) Code generation

Alg.1 input
= Alg. 2 (CRC)

= Alg. 3 (CRCHCWM)

15 ‘

Yes

Alg.1
#Alg.2 (CRC)
2 WAlg. 3 (CRC+HCWM)

| template ‘ |

CRC+CWM
template

N=16

(c) Adaptive method choice according to K

[SC 20]
2BHES

Ay R
HEXINVIDIAFYINIER41%

DAC 22] Dai, G,, Huang, G, Yang, S., Yu, Z,, Zhang, H., Ding, Y., Wang, Y., Xie, Y., Yang, H. Heuristic Adaptability to Input Dynamics for Sparse Matrix-Vector/Matrix Multiplication on GPUs. To appear in Design Automation Conference (DAC), 2022.
MLSys 22] Zhang, H., Yu, Z, Dai, G, Huang, G, Ding, Y., Xie, Y., & Wang, Y. Understanding GNN Computational Graph: A Coordinated Computation, IO, and Memory Perspective. To appear in Fifth Conference on Machine Learning and Systems (MLSys), 2022.

ICCD 21] Yu, Z, Dai, G., Huang, G., Wang, Y., & Yang, H. Exploiting Online Locality and Reduction Parallelism for Sampled Dense Matrix Multiplication on GPUs. In International Conference on Computer Design (ICCD), pp. 567-574, 2021.
MICRO-SRC 20] Huang, G., Dai, G, Wang, Y., & Yang, H. Towards Fast Graph Neural Network Training with Efficient and Framework-Compatible Sparse-Dense Matrix Multiplication. In MICRO-53 Student Research Competition (MICRO-SRC), 2020.

[
[
[ACM-SRC 21] Huang, G., Dai, G,, Ding, Y., Wang, Y., Xie, Y. Efficient Sparse Matrix Kernels based on Adaptive Workload-Balancing and Parallel-Reduction. In ACM Student Research Competition (ACM-SRC), 2021.
[
[
[

SC 20] Huang, G., Dai, G, Wang, Y., & Yang, H. GE-SpMM: General-purpose Sparse Matrix-Matrix Multiplication on GPUs for Graph Neural Networks. In International Conference for High Performance Computing, Networking, Storage and Analysis (SC), pp. 1-12, 2020.
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fERTTZE © dgSPARSE (Deep Graph SPARSE)

Bl : GNNITEEILE [MLSys 22]

ApplyVertex + Scatter

Scatter + ApplyEdge

Y ZRI0IE2. 75X

BN 5581

B8 T BES A TINE
R Y|EINERERZS2.75x%

paRZ i)
—~_

= ~_

g —~_
~_
—~_
~_

P i
'

eadGroup, off
hread i i S st
1 r‘ggigl“'oupu i i for-loop &V
(! fortdopy—

f-chip
L YAEEE
Edge

R PE(6.89x%

BN gr—Rhg

B8 . WEFH—IEFhH TS
MR I FHE=EFEEsZ56.89x

i I9opy- - g
LS,,,J &2 5 for-loop ¥ ( Vertex )

\C )_, gradient

RTFETDZY7.75x%

B HiEEE

B8 . kofEEiETrERaiE
R - NI ETRZEK/.75x%
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EEEEEEEEEE

WRIRTTEE - ngPARSE (Deep Graph SPARSE) BRAS
BNVIDIAR BBEIIIRT +F"\71—|7\]?_ (~20GB = ~2GB)
R GPUA IRl AL

O S B EEE EEE EEE EEE EEE BN SN SN BEE BEE BEE BEE BEE SN BEE BEE BEE BEE BEE BEE BEE BEE BEE BEE BEE BN BEE BEm Bam Bam EEm B Emm B Em

EFREFRNMCERIGET :
[EFRiR TS HATIR IS T 2B BT IRe

I
I I
I I
I RIFRERR BB R I
' 1.18(ZHNiE I
I — I
: 1.75(EREFHE I |
| 1 :
| & © |
\ RTX 3090 (7nm, 24 GB) & & ;
N e e e s e e Ee EE EE O S S BN B S S I G EEE EED BN B NN DN GEN GEE EEE EED B BN N B G EE EE Ee Ee e e
————————————————— N o= Emm s Em Em EE EE EE EE S EE S EE EE EE EE EE O O EE oy
[ =S > rs \
( BORRETF | B AERE R ,
I IEExNVIDIAPéﬁﬁHJEIJn@%L—/I\ &1 TR R FHIRIESR IR S K S :
I SpMM SDDMM  Multihead SpMM  SpMV ] GCN GraphSAGE GAT EdgeCon MoNet
57% 14.01x 16% 16% 5. 59x 5. 27x 85/ 52/ 89/ |
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EIRT5ZE « dgSPARSE (Deep Graph SPARSE) -t
CogDL5dgSPARSERERLS
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. /4 7. Smartphone .
input e e ouput ot Ao
L 5% i T 5
{' Do R T @ . T ecomvenm
N\ [ USER iy,

DL
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$A—AFED - EEFFRAE
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"

Dense matrix B7{ Kx )
Sl
" Ho H
<= (B x x x
3= x x
| (B =|x x x
T |- x x
E
P X x x x
Bl X x x X
gl |
nputsparse matrixS  Output sparse matrix
(MxN) (XN}
LI
jm n
x: Non-zero element in the
matrix
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CogDL+FME A

IGB (JCAI'22)
HMENAERYIEE LEITBS
IS A IIEEE LURE AR 2 A5 S RO T
SETREAFRETE, TR IR
HAURE T ICBEIRE , B MRS
HMBREFHHFEMA  LLUITE
IS

GRB (NeurlP5'21 D&B)

ERIS B REE 2 R B 285>
RENEENT  BRERZ—1F—H
PRERTHE TR, A RE TRy B
FY. BARY. F—hY. AIETRIEN
MBEMEEE  RKEHABDE/B
fEF5RRI R SRILL .

mullem SAAI
CONFERENCE
2022.5.31-6.02

#2RRS

HGB (KDD'21)

AN RINE LR ERESLIIRE.
THERES D EFE—EEE, Fi,
I EMERT , BARE 715t
RO SRS ERIE. Feli]—
TORCEEROVEN 7 3 MES BN (&
FRRVEUEEE,

[1] Ziang Li, Ming Ding, Weikai Li, Zihan Wang, Ziyu Zeng, Yukuo Cen, and Jie Tang. Rethinking the Setting of Semi-supervised Learning on Graphs. In lJCAI’22.
[2] Qinkai Zheng, Xu Zou, Yuxiao Dong, Yukuo Cen, Da Yin, Jiarong Xu, Yang Yang, and Jie Tang. Graph Robustness Benchmark: Benchmarking the Adversarial Robustness of

Graph Machine Learning. In NeurIPS’21 D&B.

[3] Qingsong Lv, Ming Ding, Qiang Liu, Yuxiang Chen, Wenzheng Feng, Siming He, Chang Zhou, Jian-guo Jiang, Yuxiao Dong, and Jie Tang. Are we really making much progress?
Revisiting, benchmarking and refining the Heterogeneous Graph Neural Networks. In KDD’21.
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CogDL+JittorfEze RS
JittorfIH ABI\ KB EERFITENENER FLNE ( LIRN=REA | HERAR )

|
dlinl

i

& ( Jittor )

—ANELETFHRE (Justin-time ) , NEEROFOTE TSR TEEORES IER, TEFANUMpy—HES
FEf , FEBENuMpy BTN ESATSMOEE. A EENSHE TS TSRS EEmES S
ST ERNEN | SHEMatl, ETTSTARORES IS | AU BSOS Ba T
AVREE L, 20CPU , GPU , TPU,

CogDL+Jittor

CogDLAE]LUIRMEFJittoriEZRAIGNNE ( AIR0GCNLayer ) , F{@Jittor A2 EMAICGNNIREY,
HRIFVERBAIUA : from cogdl.layers jittor import GCNLayer,

¥ J ittor it&

https://cqg.cs.tsinghua.edu.cn/jittor/
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180157 |

WIS 5o F 31T |
https://github.com/THUDM/cogdl
CogDLATQQEE : 792564770
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https://github.com/THUDM/cogdl
http://www.cogdl.ai/

