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It 1s difficult to preserve semantics well during augmentations in view of the
diverse nature of graph data.
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Table 1: Comparison between state-of-the-art GCL methods (graph-level representation learning) and SimGRACE.

No manual trial-and-errors No domain knowledge Preserving semantics No cumbersome search  Generality

GraphCL [54]
MoCL [40]
JOAO(v2) [53]
SimGRACE
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Figure 2: Illustration of SimGRACE, a simple framework of graph contrastive learning. Instead of augmenting the graph data,
we feed the original graph G into a GNN encoder f(-;0) and its perturbed version f(-;0’). After passing a shared projection
head ¢g(-), we maximize the agreement between representations z; and z; via a contrastive loss.
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h=f(G:0).,h" = f(G;0"). (1) z=g(h),z" = g(h"). (3)
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Zﬁ:l,n’;&n eXp (Sim (Zni zn’) /T)

0)=0,+1-00; N0 ~N (0, af), 2) £y = —log ()



ATAI

Advanced Technique of
Artificial Intelligence

Chongging University
&)/ of Technology

/ 6NN Encoder - \
| Perturbed GNN encoder 3 Proiection Z
- f(0) 5 Projectio 3 A

/“Input Graph G / Head
' Maximize |

V Perturb g(*) Agreement '

2

v
. I Projecti 2
(56) rojection | /2 »

\ [:] Embeddings Stop gradient /

- 4

AT-SimGRACE R(w;e) ={0cO:||0-w| <e), )
L& min  L(0+A),
m9in£'(9), where L'(0) = - Z | maﬁ{ & (f (x550),yi), fm
i=1 IIX;i—xil|, s€ _ 1 : y .
8) where L(0+A) = v . Aeriliz(i(})c;e) 6 (f(Gi;0+A),f(Gi;9)),

1

(10)



ATAI

Advanced Technique of
Artificial Intelligence

Chongging University
of Technology

Experiments

Table 2: Comparing classification accuracy with baselines under the same experiment setting. The top three accuracy or rank
for each dataset are emphasized in bold. A.R. denotes average rank. - indicates that results are not available in published

papers.

Methods NCI1 PROTEINS DD MUTAG COLLAB RDT-B RDT-M5K IMDB-B AR. ]
GL = = - 81.66 £ 2.11 - 77.34 £0.18 41.01£0.17 65.87 £0.98 8.3
WL 80.01 +0.50 72.92+0.56 - 80.72 + 3.00 e 68.82+0.41 46.06+0.21 72.30+3.44 6.2

DGK 80.31 £ 046 73.30 £ 0.82 = 87.44 £ 2.72 e 78.04 £0.39 41.27+£0.18 66.96 £ 0.56 23

node2vec 54.89 £1.61 57.49 + 3.57 - 72.63 +10.20 “s - - - 9.0

sub2vec 32.84+£1.47 53.03 +£5.55 = 61.05 + 15.80 e 71.48 £0.41 36.68 +£0.42 55.26 +1.54 | 10.2

graph2vec 713.22+1.81 73.30+2.05 — §3.15 £ 9.25 - 75.78+1.03 47.86+0.26 71.10+0.54 6.7
MVGRL = b= i’ 75.40 £ 7.80 = 82.00 = 1.10 = 63.60 = 4.20 3.3
InfoGraph 76.20£1.06 74.44+031 72.85+1.78 89.01+1.13 | 70.65+1.13 82.50+1.42 5346+1.03 73.03+0.87 3.8
GraphCL 77.87+0.41 7439+045 78.62+040 86.80+1.34 | 71.36 +1.15 89.53+0.84 55.99+028 71.14+0.44 3.1
JOAO 78.07£047 74.55+041 7732054 87.35+£1.02 | 69.50+£0.36 85.29+1.35 55.74+0.63 70.21 £3.08 4.3
JOAOV2 78.36 £0.53 74.07+1.10 77.40+1.15 87.67+0.79 | 69.33+£0.34 8642+ 145 56.03£0.27 70.83 +0.25 3.6
SimGRACE | 79.12+044 75.35+0.09 77.44+111 89.01+131 | 71.72+0.82 89.51+0.89 5591+034 71.30+0.77 2.0
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Table 4: Comparing classification accuracy with baselines under the same semi-supervised setting. The top three accuracy or
rank are emphasized in bold. — indicates that label rate is too low for a given dataset size. L.R. and A.R. are short for label rate

and average rank, respectively.

LR; Methods NCI1 PROTEINS DD COLLAB RDT-B RDT-M5K | AR. |
No pre-train. 60.72 + 0.45 - B 57.46 £+ 0.25 - - 8.5
Augmentations | 60.49 + 0.46 - - 58.40 + 0.97 — — 8.0
GAE 61.63 + 0.84 = s 63.20 + 0.67 = A 5.5
Infomax 62.72 + 0.65 = = 61.70 £0.77 — - 4.0
1% ContextPred 61.21 £ 0.77 ~ = 57.60 + 2.07 - — 7:3
GraphCL 62.55 + 0.86 - - 64.57 £ 1.15 N - 2.0
JOAO 61.97 +£0.72 — o 63.71 £ 0.84 = = 4.5
JOAOV2 62.52 + 1.16 - - 64.51 + 2.21 - - 3.0
SimGRACE | 64.21 + 0.65 = - 64.28 + 0.98 — - 2.0
No pre-train. 73.72+0.24 7040%+1.54 73.56+0.41 | 73.71+0.27 86.63 +0.27 51.33+0.44 1:d
Augmentations | 73.59+£0.32 70.29+0.64 74.30+0.81 | 74.19+0.13 87.74+0.39 52.01 +0.20 7.0
GAE 7436 £0.24 70.51+£0.17 74.54+£0.68 | 75.09 £0.19 87.69+0.40 33.58 +£0.13 6.3
Infomax 74.86+ 0.26  72.27+0.40 75.78+0.34 | 73.76 £0.29  88.66 £0.95 53.61 + 0.31 3.9
10% | ContextPred 73.00 £0.30  70.23 £0.63 74.66 £0.51 | 73.69+£0.37 84.76 £0.52 51.23 +£0.84 8.3
GraphCL 74.63+ 0.25 74.17+ 034 76.17+1.37 | 74.23+0.21 89.11+0.19  52.55+0.45 2.8
JOAO 7448 £0.27 72.13+0.92 75.69%+0.67 | 75.30 £0.32 88.14+0.25 52.83% 0.54 4.2
JOAOv2 74.86+ 0.39  73.31+ 048  75.81+0.73 | 75.53+0.18 88.79+ 0.65 52.71+0.28 2.5
SimGRACE 74.60 £0.41 74.03 £+0.51 76.48+0.52 | 74.74+0.28 88.86 +£0.62 53.97 + 0.64 23
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emphasized in bold.
Pre-Train dataset PPI-306K ZINC 2M
Fine-Tune dataset PPI BBBP ToxCast SIDER
No Pre-Train 64.8 £ 1.0 65.8 £ 4.5 63.4 £ 0.6 37.3£1.6
EdgePred 65.7 + 1.3 68.8 + 0.8 62.7+0.4 58.4 +0.8
AttrMasking 65.2+ 1.6 67.3+2.4 64.1 + 0.6 60.4 + 0.7
ContextPred 64.4 £1.3 64.3 £ 2.8 64.2 +£ 0.5 61.0+ 0.7
GraphCL 67.88 £ 0.85 68.0 £ 2.0 63.9 £ 0.6 60.9 + 0.6
JOAO 64.43 +1.38 | 69.68 = 0.67 62.40 +0.57 60.53 + 0.88
JOAOV2 63.94 +1.59 | 70.22+ 098 62.94+0.48 59.97 +0.79
SimGRACE 70.25 +£1.22 | 71.25 +£0.86 63.36 £0.52 60.59 + 0.96
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Table 5: Performance under three adversarial attacks for GNN with different depth following the protocols in [7].

Fr Two-Layer Three-Layer Four-Layer
No Pre-Train  GraphCL AT-SimGRACE | No Pre-Train GraphCL ~AT-SimGRACE | No Pre-Train GraphCL AT-SimGRACE
Unattack 93.20 94.73 94.24 98.20 98.33 99.32 98.87 99.00 99.13
RandSampling 78.73 80.68 81.73 92.27 92.60 94.27 05:13 97.40 97.67
GradArgmax 69.47 69.26 Fiiy 64.60 89.33 93.00 95.80 97.00 96.60
RL-S2V 42.93 42.20 44.86 41.93 61.66 66.00 70.20 84.86 85.29
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Table 6: Comparisons of efficiency on three graph datasets.
Note that we do not take the time for manual trial-and-
errors of GraphCL into consideration. In fact, picking the
suitable augmentations manually for GraphCL is much
more time-consuming. All the three methods are evaluated
on a 32GB V100 GPU.

Dataset Algorithm  Training Time  Memory

GraphCL 111s 1231MB

PROTEINS JOAOV2 4088s 1403MB
SimGRACE 46 s 1175 MB

GraphCL 1033s 10199MB

COLLAB JOAOvV2 10742s 7303MB
SimGRACE 378 s 6547 MB

GraphCL 917s 4135MB

RDT-B JOAOV2 10278s 3935MB

SimGRACE 280 s 2729 MB
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Figure 4: Performance versus magnitude of the perturbation () in unsupervised representation learning task.



.ff:m") Chongqing University Ad Ad'TAIh ~ f
vance ecnnique o
of Technology Artificial Intelligence

80.00
Batch size
79.75 A . S
128
H 256
79.50 1|y 512
e, . 1024
9\_‘, 79.25
o
@ 79.00 -
—
O
O 78.75 1
<
78.50 1
78.25 A
78.00 -
20 40 60 80 100

Epochs

Figure 5: Performance of SimGRACE trained with different
batch size and epochs on NCI1 dataset.
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