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Binary identify-aware graph convolutional network
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Abstract: To solve the problem that graph neural network (GNN) cannot fully load the entire attributed
graph due to limited memory resources, the binary identify-aware graph convolutional network (BID-
GCN) is proposed. In this network, the nodes information is considered recursively during message pass-
ing,and then in order to obtain an embedding of a given node,the BID-GCN will extract the ego network
centered at that node and perform multiple rounds of heterogeneous message passing,applying different
parameters to the central node of the ego network to the rest of the nodes. In this process,the network
parameters and input node features are binary by the network. In addition, the original matrix multiplica-
tion is modified to be binary to speed up the operation. Through theoretical analysis and experimental e-
valuation, BID-GCN can reduce the memory consumption by the average approximate 36 times of both
the network parameters and input data,and accelerate the inference speed by the average approximate 49
times on the citation networks. It can provide comparable performance to full precision baselines,and can
better tackle the problem of limited memory resources.
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B .

x1 BIREE
Tab.1 Dataset
Dataset Nodes Edges Classes Features
Cora 2708 5429 7 1433
CiteSeer 3327 4732 6 3703
PubMed 19711 44338 3 500
Flickr 89520 899 756 7 500
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fiir . Flickr () B 46 8t K/ Sk 170, 21 MB, i
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B B 0 R T 1 A 80P . S 3 R L £ 9
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Tab.2 Transductive learning results

Cora CiteSeer PubMed
Networks Accuracy M.S. D.S. C.O Accuracy M.S. D.S. C.O Accuracy M.S. D.S. C.O
/% /kB  /MB T /% /kB  /MB ) /% /kB  /MB o
GCN 82.7 360.0 14.82.50X10% 70.3 386.1 15.32.61X10% 78.0 125.7 37.6 6.3X10°

Bi-GCN 81.1 11.5K  0.47 4.67X10% 71.8

BID-GCN  82.1 10.6  0.36 4.36X10° 73.2
GAT 82.8 361.2  14.9 2.53X10% 72.4

FastGCN  79.6 360.0 14.9 2.51X10% 72.1

16.3  0.53 4.81X10° 78.6 4.18
11.2 0.414.52X10° 79.2 4.10
388.3 15.32.62X10% 79.1 126.3
386.1 15.32.59X10% 79.2

1.25 1. 55X 107
1.10 1. 46 X107
37.6 6.44X10°
125.7 37.6 6.36X10°

x3 RAMPEIER

Tab.3 Inductive learning results

Flickr
Networks
Fl-microM. S. /kBD. S. /MB C. O.

InductiveGCN 51 508.0  170.2 1.18X10"

Bi-inductiveGCN 50 6.8 5.66 4.65X10°
5.63 3.96X10*

GraphSAGE 50
Bi-GraphSAGE 50

BID-GraphSAGE 50

1014.0  170.2 2.34X10"

.2

.6
BID-inductiveGCN 51.4 16.2

.9

L4 33.76 5.66 6.93X10°

.6

32.89 5.63 6.26X10°

B 2 Bx T GCN fl BID-GCN 7E A [5) #5180 1% B
B Cora b5 SRR . LI EEH] . BID-GCN &
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A3 E Z K& Z R e R E AR
F%. A/, BID-GCN [HEREZR 12 TR, MWRIEE 3,k
HIZER BN, GON AR PR 2w kU 1) e TR 9
SR BID-GCN AT DL AT %4 b 28 it 31X F 3 #8004 1) 51,
B4 UL T AR T FE ) R Y R EE e, BID-GCN
ALY Z N AE . X T G 45 21 B 5 )2
BB fin, GCN 5 BID-GCN 2 8] B9 L {8 A W& 3 T
R 1y e B4, TSI o A AL P 3 B A DU T 34
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