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1) In the hardness measurement, the important
Normalized Similarity 1o [— Normalized Similarity structural information is overlooked for similarity
T semple Falr vent ) — e o e ) calculation, degrading the representativeness of
- _ -'“' the selected hard negative samples

2) Previous works merely focus on the hard
negative sample pairs while neglecting the hard
positive sample pairs. Nevertheless, samples within
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The proposed hard sample aware contrastive loss for §%isample:
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Figure 2: Illustration of our proposed hard sample aware network. In attribute and structure encoding, we embed the attribute
and structure into the latent space with the attribute encoders and structure encoders. Then the sample similarities are calculated
by a learnable linear combination of attribute similarity and structure similarity, thus better revealing the sample relations.
Moreover, guided by the high-confidence information, a general dynamic sample weighting strategy is proposed to up-weight
hard sample pairs while down-weighting the easy ones. Overall, the hard sample aware contrastive loss guides the network to
focus more on both hard positive and negative sample pairs, thus further improving the discriminative capability of samples.



@ Chongging University " ang:j'TAeclhn' o
of Technology " 'qu

Artificial Intelligence

| Hard Sample Aware Contrastive Learning '

The proposed hard sample aware contrastive loss for 7 “Jsample:

®—9 EVic RNxd
o O  StmctureEncoders X L(i%) = —log(
\O Ev2E ]R.NXd l[}‘. eM(-j"j AU1).8 (i ,iv)
J
AG RNXN L — Z eM(ith JAY1)-S(177 4v) + Z eM(ivi K1)-S(i% k) )
I#3 k#il€{1,2)
/ Zvl € ]RNxd
ZV2 e RV*¢ S(iYi, k™) = >

{ 1, -(i,k € H),

a-(Z27)'Z) + (1 -a) - (B )EY |Q;x — Norm(S(i%,k*))|?, others.

1

|
|
I
|
I
I
I
|
I
|
Attribute Encoders Similarity | M(ib‘j Y kvl ) i I
f
I
I
I
I
|
I
|
|

s a— —— — —— e — ———— — —— — — —— —— — — ——

i I
| | 1 P;=P;
& ! (BN — Q.. = ? J?
- l - —
Pseudo Labels E 3 2 s High Confidence | b 2 { 0 P i 75 PJ
| . Zv Attribute vy Structure Attribute-Structure Sample Q Sample Pair Modulating |
:_ Notations Embeddings Embeddings Similarity Function Pseudo Labels Pseudo Labels Function |
V = {v1,v2,...,UN} £ be a set of edges E = F(A, X), (1)
X € RV*DP and A € RV*N G = {X,A} ® = C(E), 2)
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where Z" and Z"* denote two-view attribute embeddings

where i,k € {1,2,..., N} and j,1 € {1,2}
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Classical Deep Graph Clustering Contrastive Deep Graph Clustering Hard Sample Mining
Dataset | Metric | MGAE DAEGC ARGA SDCN DFCN AGE MVGRL  AutoSSL AGC-DRR DCRN AFGRL GDCL ProGCL HSAN
CIKM 19 [IJCAI19 IJCAI19 WWW20 AAAT21 [SIGKDD20 ICML20 ICLR22 [IJCAI22 AAAT22 AAAI22 | IJCAI21 ICML 22 Ours
ACC | 43.38£2.11 70.43£0.36 71.04£0.25 35.60£2.83 36.33x£0.49 | 73.50£1.83 70.47£3.70 63.81x0.57 40.62+£0.55 61.93£0.47 26.25£1.24 | 70.83£0.47 57.13£1.23 77.07x1.56
NMI | 28.78%£2.97 52.89+0.69 51.0620.52 14.28+1.91 19.36+0.87 | 57.58+1.42 55.57x1.54 47.62+0.45 18.74+0.73 45.13x1.57 12.36x1.54 | 56.60£0.36 41.02x1.34 59.21+1.03
ARI | 16.43£1.65 49.63£0.43 47.71x0.33 07.78£3.24 04.67£2.10 | 50.10£2.14 48.70£3.94 38.92+0.77 14.80£1.64 33.15£0.14 14.32+1.87 | 48.05£0.72 30.71£2.70 57.52+2.70
F1 |33.48£3.05 68.27+0.57 69.27:0.39 24.37x1.04 26.1620.50 | 69.28+£1.59 67.15£1.86 56.42+0.21 31.23+0.57 49.50£0.42 30.20£1.15 | 52.88+£0.97 45.68£1.29 75.11+£1.40
ACC | 61.35£0.80 64.54£1.39 61.07£0.49 65.96+0.31 69.50£0.20 | 69.73£0.24 62.83x1.59 66.76+0.67 68.32+1.83 70.86£0.18 31.45+0.54 | 66.39+£0.65 65.92+0.80 71.15+0.80
NMI | 34.63z20.65 36.41+£0.86 34.40£0.71 38.71+£0.32 43.90£0.20 | 44.93£0.53 40.69£0.93 40.67+0.84 43.28+1.41 45.86+0.35 15.17+£0.47 | 39.52£0.38 39.5910.39 45.06+0.74
ARI | 33.55£1.18 37.78+1.24 34.32+0.70 40.17£0.43 45.50£0.30 | 45.31x0.41 34.18+1.73 38.73x0.55 45.34+2.33 47.64x0.30 14.32+0.78 | 41.07£0.96 36.16x1.11 47.05+1.12
F1 |57.3620.82 62.20£1.32 58.2320.31 63.62:0.24 64.30£0.20 | 64.45£0.27 59.54+2.17 58.22+0.68 64.82+1.60 65.83£0.21 30.20£0.71 | 61.12£0.70 57.89x1.98 63.01£1.79
ACC | 71.57£2.48 75.96x0.23 69.28+£2.30 53.44+0.81 76.82+0.23 | 75.98£0.68 41.07£3.12 54.55£0.97 76.81x1.45 75.51£0.77 | 43.75+0.78 51.53+0.38 77.02x£0.33
AMAP NMI | 62.13%£2.79 65.25£0.45 58.36£2.76 44.85:0.83 66.23x1.21 | 65.38+£0.61 30.28+£3.94 48.56x0.71 66.54+1.24 O0OM 64.05£0.15 | 37.32+£0.28 39.56+0.39 67.21£0.33
ARI | 48.8244.57 58.12+0.24 44.18+4.41 31.21£1.23 58.28+0.74 | 55.89+1.34 18.77+2.34 26.87+0.34 60.15£1.56 54.45+0.48 | 21.57+0.51 34.18+0.89 58.01+0.48
F1 |68.08£1.76 69.87£0.54 64.30£1.95 50.66x1.49 71.25+0.31 | 71.74£0.93 32.88+£5.50 54.47+0.83 71.03z0.64 69.99+0.34 | 38.37+0.29 31.97x0.44 72.03x0.46
ACC | 53.59£2.04 52.67£0.00 67.86=0.80 53.05£4.63 55.73x0.06 | 56.68£0.76 37.56x0.32 42.43x0.47 47.79:0.02 67.94x1.45 50.92+0.44 | 45.42+0.54 55.73x0.79 77.15£0.72
NMI | 30.59£2.06 21.43+0.35 49.09+0.54 25.74+5.71 48.77+0.51 | 36.04+£1.54 29.33+0.70 17.84+0.98 19.91+0.24 47.23+0.74 27.55+0.62 | 31.70+0.42 28.69+0.92 53.21+0.93
ARI | 24.15£1.70 18.18£0.29 42.02£1.21 21.04£4.97 37.76x0.23 | 26.59£1.83 13.45x0.03 13.11x0.81 14.59:0.13 39.76x0.87 21.89£0.74 | 19.33£0.57 21.84x1.34 52.20«1.11
F1 |50.83%£3.23 52.23+0.03 67.02%1.15 46.45+5.90 50.90+0.12 | 55.07+0.80 29.64+0.49 34.84+0.15 42.33+0.51 67.40£035 46.53+0.57 | 39.94+0.57 56.080.89 77.13+0.76
ACC | 44.61£2.10 36.89£0.15 52.13=0.00 39.07£1.51 49.37£0.19 | 47.26x0.32 32.88£0.71 31.33x0.52 37.37+0.11 50.88£0.55 37.42+1.24 | 33.46x0.18 43.36x0.87 56.69+0.34
NMI | 15.60£2.30 0557£0.06 22.48:1.21 08.83x2.54 32.90x0.41 | 23.74+0.90 1L.72x1.08 07.63x0.85 07.00£0.85 22.01x1.23 11.44%1.41 | 13.2220.33 23.9310.45 33.25+0.44
ARI |13.40£1.26 05.03£0.08 17.29+0.50 06.31£1.95 23.25+0.18 | 16.57x0.46 04.68+1.30 02.1320.67 04.88+0.91 18.13x0.85 06.57+1.73 | 04.31£0.29 15.03+0.98 26.85+0.59
F1 |[43.08%£3.26 34.72+0.16 52.75:0.07 33.42+3.10 42.95+0.04 | 45.54+0.40 25.35+0.75 21.82+0.98 35.20+0.17 47.0620.66 30.53+1.47 | 25.02+0.21 42.54%0.45 57.26+0.28
ACC | 48.97+1.52 52.29+0.49 49.31+0.15 52.25+1.91 33.61+0.09 | 52.37+0.42 44.16+1.38 42.5210.64 42.64+0.31 49.92+1.25 41.50+0.25 | 48.70£0.06 45.38+0.58 56.04x0.67
NMI | 20.69£0.98 21.33:0.44 25.44+0.31 21.61x1.26 26.49+0.41 | 23.64+£0.66 21.53x0.94 17.86x0.22 11.15£0.24 24.09+0.53 17.33£0.54 | 25.1020.01 22.04%2.23 26.99+2.11
ARI | 18.33x1.79 20.50£0.51 16.57+0.31 21.63£1.49 11.87+0.23 | 20.39x0.70 17.12+1.46 13.13x0.71 09.50+0.25 17.17£0.69 13.62+0.57 | 21.76x0.01 14.74+1.99 25.22+1.96
F1 | 47.95£1.52 50.33:0.64 50.26x0.16 45.59+3.54 25.79£0.29 | 50.15£0.73 39.44+2.19 34.94+0.87 35.18+0.32 44.81x0.87 36.52+0.89 | 45.69£0.08 39.30x1.82 54.20+1.54

CORA

CITE

BAT

EAT

UAT

Table 2: The average clustering performance of ten runs on six benchmark datasets. The performance is evaluated by four
metrics with mean value and standard deviation. The red and blue values indicate the best and the runner-up results, respectively.
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Figure 3: 2D ¢-SNE visualization of seven methods on two benchmark datasets. The first row and second row corresponds to
CORA and AMAP dataset, respectively.
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Figure 4: Ablation studies of the proposed similarity func-
tion S and weight modulating function M on six datasets.
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Figure 6: Convergence analysis on BAT dataset.
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