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APPENDIX

A LEARNING AND OBTAINING GRAPH EMBEDDINGS WITH CLEP

We summarize the training algorithm of CLEP in Algorithm[I] After training CLEP, the embeddings
of each graph can be obtained as in Algorithm

Algorithm 1 The training algorithm of CLEP, for one batch.

Data: Graph batch B = {G; | G; := (X, A;), i € [1,|B8]]}.
Modules: Variational encoder hy (; ¢), soft edge assignment module SEA(-), community-

specific graph encoders {h(gk)(';a) |k € [1, K]}, global graph encoder hg(-; @), projectors
{m® () [k € [1, K]}

B', B" + perturb(B);
for i < 1 to |B| do
Ki, Ai = hy(Xi, Aj; 9);
sample Z; with K;, A;, as in Equation (TT;
hi {— hg(Xi, Al),
for k < 1to K do s
AM o SEAAL K A{Z® -2 s k)
A/ SEAAY kAZ® 20TV 2 k)
0"« ng) (A", X1 0):
n/™® — p% (A" X1 6);
end for
compute Bz, ¢, (z,) [ logpe(i| Z;, A;, X;)] by Equation ;
compute Bz, g, (z,) [log p(A; | Z;)] with the generative model defined in Section
compute Dk, (Qe(Z;) || P(Z;)) as in Equation (12);
Ui < Bz, gz [ logpe(i| Zi, Ay, X;) + log p(Ai | Z;)] — Dkr(Qge(Z:) || P(Z:)):
end for
Lcrrp « Ep Z‘El Ly
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Algorithm 2 The algorithm to obtain the embeddings of each graph.
Data: Graph G := (X, A).
Modules: Variational encoder hy(+; ¢), soft edge assignment module SEA (-), community-specific
graph encoders {h(gk)(7 0)kell,K]}.
Output: Graph embedding h.

Ka A« hV(Xa A; d)),
sample Z with K, A, as in Equation (TT);
for k < 1to K do
A®) « SEA(A, Kk, {Z® . Z0TY, ) k);
h®  nS (AR, X;0);
end for
h « [][1(1)7}1(2)7 . ,h(K)].
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B MORE ABLATION STUDIES

In Equation (3)), we use a set of learned weights to balance the K community-specific contrastive
learning tasks. A simplification to this step is to replace these learned weights by directly setting

(k) = K, which is referred to as “CLEP-average”. We compare the unsupervised graph classification
results obtained by regular CLEP, CLEP-average and their collective base model GraphCL. As
shown in Table 3] the improvement from community-wise contrastive learning is consistent across all
benchmarks, and the attention-like contrastive task balancing mechanism, as elaborated in Section
can effectively enhance the advantage of community-wise contrastive learning.

Table 3: Comparison of graph classification performance (average accuracy =+ standard error).

Method MUTAG PTC.MR PROTEINS NCI1 IMDB-B  IMDB-M RDT-B RDT-M5K

GraphCL 868+ 13 636+£18 744£05 779+04 71.1+£04 507+£04 895£08 56.0+0.3
CLEP-average 90.5+0.7 645+13 758+0.6 784403 734+£03 51.7+04 865+0.6 56.1+04
CLEP 91.2+08 651+12 764+04 785+04 756+04 520+£03 873+05 564+03
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