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%  Contrastive Clustering (CC) (2021)

« O[O ZF contrastive leaming 1'f o

- 2323162 7|F2182| OIE

£ 7 contrastive

«  2021'H = AAAI Conference on Atificial IntelligenceOf| A & 2

Contrastive Clustering

o= X|S

1t

Yunfan Li', Peng Hu', Zitao Liu?, Dezhong Peng'*>, Joey Tianyi Zhou®, Xi Peng'"
!College of Computer Science, Sichuan University, China
*TAL Education Group, China

*Institute of High Performance Computing, A*STAR, Singapore

*Shenzhen Peng Cheng Laboratory, China

*College of Computer & Information Science, Southwest University, China
yunfanli.gm@ gmail.com, penghu.ml@ gmail.com, zitao.jerry.liu@ gmail.com, pengdz@scu.edu.cn,
joey.tianyi.zhou@ gmail.com, pengx.gm@ gmail.com

Abstract

In this paper, we propose an online clustering method called
Contrastive Clustering (CC) which explicitly performs the
instance- and cluster-level contrastive learning. To be spe-
cific, for a given dataset, the positive and negative instance
pairs are constructed through data augmentations and then
projected into a feature space. Therein, the instance- and
cluster-level contrastive leamning are respectively conducted
in the row and column space by maximizing the similarities
of positive pairs while minimizing those of negative ones. Our
key observation is that the rows of the feature matrix could
be regarded as soft labels of instances, and accordingly the
columns could be further regarded as cluster representations.
By simultaneously optimizing the instance- and cluster-level
contrastive loss, the model jointly learns representations and
cluster assignments in an end-to-end manner. Besides, the
proposed method could timely compute the cluster assign-
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Reference: Li, Y., Hu, P., Liu, Z., Peng, D., Zhou, J. T., & Peng, X. (2021, May). Contrastive clustering. In Proceedings of the AAAI Conference on Artificial Intelligence (Vol. 35, No. 10, pp. 8547-8555).
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Reference: Li, Y., Hu, P., Liu, Z., Peng, D., Zhou, J. T., & Peng, X. (2021, May). Contrastive clustering. In Proceedings of the AAAI Conference on Artificial Intelligence (Vol. 35, No. 10, pp. 8547-8555).
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Reference: Li, Y., Hu, P., Liu, Z., Peng, D., Zhou, J. T., & Peng, X. (2021, May). Contrastive clustering. In Proceedings of the AAAI Conference on Artificial Intelligence (Vol. 35, No. 10, pp. 8547-8555).
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Reference: Li, Y., Hu, P., Liu, Z., Peng, D., Zhou, J. T., & Peng, X. (2021, May). Contrastive clustering. In Proceedings of the AAAI Conference on Artificial Intelligence (Vol. 35, No. 10, pp. 8547-8555).
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Reference: Li, Y., Hu, P., Liu, Z., Peng, D., Zhou, J. T., & Peng, X. (2021, May). Contrastive clustering. In Proceedings of the AAAI Conference on Artificial Intelligence (Vol. 35, No. 10, pp. 8547-8555).
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Reference: Li, Y., Hu, P., Liu, Z., Peng, D., Zhou, J. T., & Peng, X. (2021, May). Contrastive clustering. In Proceedings of the AAAI Conference on Artificial Intelligence (Vol. 35, No. 10, pp. 8547-8555).
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Reference: Li, Y., Hu, P., Liu, Z., Peng, D., Zhou, J. T., & Peng, X. (2021, May). Contrastive clustering. In Proceedings of the AAAI Conference on Artificial Intelligence (Vol. 35, No. 10, pp. 8547-8555).
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Reference: Li, Y., Hu, P., Liu, Z., Peng, D., Zhou, J. T., & Peng, X. (2021, May). Contrastive clustering. In Proceedings of the AAAI Conference on Artificial Intelligence (Vol. 35, No. 10, pp. 8547-8555).
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Contrastive Clustering (CC)

SRl

% NMI (nomalized mutual information), ACC (accuracy), ARI (adjusted rand index) =2+ clusteringO1| CHS*

JEO| /s M 7t =+ U= A H - 25 10| 7HZAH 25 2 20
< CC7tCHYetHO|HAINM 7Y 2 955 B8

Dataset CIFAR-10 CIFAR-100 STL-10 ImageNet-10
Metrics NMI ACC ARl NMI ACC ARI NMI ACC ARI NMI ACC ARI
K-means 0.087 0229 0049 0084 0.130 0.028 0.125 0.192 0061 0119 0241 0.057
SC 0.103 0247 0085 0090 0.136 0022 0098 0.159 0048 0.151 0274 0076
AC 0.105 0228 0065 0098 0.138 0034 0239 0332 0140 0.138 0.242 0.067
NMF 0.081 0.190 0034 0079 0118 0026 009 0180 0046 0132 0230 0.065
AE 0.239 0314 0169 0100 0.165 0048 0250 0303 0.161 0210 0317 0.152
DAE 0.251 0297 0163 0.111 0.151 0.046 0224 0302 0152 0206 0304 0.138
DCGAN 0.265 0315 0176 0120 0.151 0045 0210 0298 0139 0225 0346 0.157
DeCNN 0.240 0282 0174 0092 0.133 0.038 0227 0299 0.162 0.186 0313 0.142
VAE 0.245 0291 0167 0108 0.152 0.040 0200 0282 0146 0193 0334 0.168
JULE 0.192 0272 0138 0103 0.137 0033 0.182 0277 0164 0.175 0300 0.138
DEC 0.257 0301 0161 0136 0185 0050 0276 0359 0186 0282 0381 0.203
DAC 0.396 0522 0306 0185 0238 0088 0366 0470 0257 0394 0527 0.302
ADC - 0.325 - - 0.160 - - 0.530 - - - -
DDC 0.424 0524 0329 - - - 0.371 0489 0267 0433 0577 0345
DCCM 0496 0623 0408 0285 0327 0173 0376 0482 0262 0608 0.710 0.555
lic - 0.617 - - 0.257 - - 0.610 - - - -
PICA 0.591 0696 0512 0310 0337 0171 0611 0713 0531 0802 0870 0.961
CC(Ours) 0.705 0.790 0.637 0.431 0429 0266 0.764 0850 0726 0.859 0.893 0.822

Reference: Li, Y., Hu, P., Liu, Z., Peng, D., Zhou, J. T., & Peng, X. (2021, May). Contrastive clustering. In Proceedings of the AAAI Conference on Artificial Intelligence (Vol. 35, No. 10, pp. 8547-8555).
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Contrastive Clustering (CC)
SRR
% S5 Epoch =7} 5710 et clusterE 2 O|O|EH 71 & LEF| 11 Q=X = +SNEZ A2}

% Epoch =7t 7 & — )t0f| et cluster? | 2 22220 USS 240

:so -75 '{".‘5}- -7%
(a) 0 epoch (NMI =0.183) (b) 20 epoch (NMI =0.472) (c) 50 epoch (NMI = 0.628) (d) 100 epoch (NMI = 0.737)

Figure 4: The evolution of instance features and cluster assignments across the training process on ImageNet-10. The colors
indicate the cluster assignment obtained from CCH and the features for t-SNE are computed from ICH.

Reference: Li, Y., Hu, P., Liu, Z., Peng, D., Zhou, J. T., & Peng, X. (2021, May). Contrastive clustering. In Proceedings of the AAAI Conference on Artificial Intelligence (Vol. 35, No. 10, pp. 8547-8555).
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Prototype Scattering and Positive Sampling (ProPos)

ProPost==

¢ Prototype Scattering and Positive Sampling (ProPos) (2022. 10)
o &2 contrastive leaming= O} G| O|E{+= non-contrastive leaming SHA] clusteringdt= &+
e 20229 & [EEE Transactions on Pattem Analysis and Machine IntelligenceOl| 7H ]| =

« 2UE2E 162 7|F 23| 218

I'his aficle has been scoapled lor publication in IEEE | ransachons on Hallern Analyss and Machine IMelligence. [Ris 15 the aulhors version which has nol been fully adibed and
cantend may change prior 1o final publication. Citation mformation: D01 10.1102/TPAMI. 20223216454

IEEE TRAMESACTIONS ON PATTERM ANALYSIS AND MACHIME INTELLIGENCE, VOL. XX, MO, X0, XX 2022 1

Learning Representation for Clustering via
Prototype Scattering and Positive Sampling

Zhizhong Huang, Graduate Student Member, IEEE, Jie Chen, Junping Zhang, Senior Member, IEEE,
and Hongming Shan, Senior Member, IEEE

Abstract—Existing deep clustering methads rely on either contrastive or non-contrastive representation learning for downstream
clustering task. Contrastive-based methods thanks to negative pairs learn uniform representations for clustering, in which negative
pairs, however, may inevitably lead to the class colligion issue and consequently compromise the clustering perormance.
MNon-contrastive-based methods, on the other hand, avoid class collision issue, but the resulting non-uniform representations may
cause the collapse of clustering. To enjoy the strengths of both worlds, this paper presents a novel end-to-end deep clustering method
with prototype scattering and positive sampling, termed ProPes. Specifically, we first maximize the distance batween prototypical
representations, named prototype scattering logs, which improves the uniformity of representations. Second, we align one augmented
view of instance with the sampled neighbors of another view—assumed to be fruly positive pair in the embedding space—io improve
the within-cluster compactness, termed positive sampling alignment. The strengths of ProPos are avoidable class collision issue,
unifarm representations, well-saparated clusters, and within-cluster compactness. By optimizing ProPos in an end-to-and
axpeciation-maximization framework, extensive experimental results demonstrate that ProPos achieves competing performance on
moderate-scale clustering benchmark datasets and establishes new state-of-the-art performance on large-scale datasets. Source code
s available at hitps://github.com/Hzzone ProPos.

Index Terms—Contrastive learning, deep clustering, representation keaming, self-supervised leaming, unsupervised learning

Reference: Huang, Z., Chen, J., Zhang, J., & Shan, H. (2022). Learning Representation for Clustering Via Prototype Scattering and Positive Sampling. IEEE Transactions on Pattern Analysis and Machine Intelligence.
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Prototype Scattering and Positive Sampling (ProPos) 1, @yt hyper parameter
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Reference: Huang, Z., Chen, J., Zhang, J., & Shan, H. (2022). Learning Representation for Clustering Via Prototype Scattering and Positive Sampling. IEEE Transactions on Pattern Analysis and Machine Intelligence.
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Prototype Scattering and Positive Sampling (ProPos)
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Fig. 2. The overall framework of the proposed ProPos in an EM framework.
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Reference: Huang, Z., Chen, J., Zhang, J., & Shan, H. (2022). Learning Representation for Clustering Via Prototype Scattering and Positive Sampling. IEEE Transactions on Pattern Analysis and Machine Intelligence.
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Prototype Scattering and Positive Sampling (ProPos)
SEREH

% RIQKSHProPos?t QIS HIO|EFAOA| 7HE 2 A

o

de=
< £79|,CIFAR-10, ImageNet- 108 & class 2= H|O|H == S0t A JUS M EH 2 HEs 2

TABLE 2
Clustering results (%) of various methods on five benchmark datasets. The best and second best results are shown in bold and underline,
respectively. We split different methods according to different training paradigms. The works most related to our method are IDFD and PCL that
improve the representations for clustering.

CIFAR-10 CIFAR-20 STL-10 ImageNet-10 ImageNet-Dogs

Method " N _— . N

ethe MNMI ACC ARl MMI ACC ARl MNMI ACC ARI MNMI ACC ARI MNMI ACC ARI
1T [36] 51.3 61.7 41.1 - 25.7 - 431 499 295 - - - - - -
DCCM [35] 49.6 623 40.8 285 327 17.3 376 48.2 26.2 60.5 71.0 55.5 321 38.3 18.2
PICA [55] 6.1 645 46.7 29.6 322 15.9 - - - 782 85.0 733 33.6 3z4 17.9
SCAN [6] 79.7 BR.3 77.2 48.6 50.7 33.3 695 0.9 6.6 - - - - - -
NMM [56] 74.5 843 0.9 454 47.7 36 69.4 805 65.0 - - - - - -
CC [’--]1 70.5 79.0 63.7 43.1 429 26.6 7hd 85.0 72.6 Bh.9 §9.3 82.2 445 429 274
MiCE [10] 73.7 B35 69.8 436 44.0 28.0 63.5 .2 R7.5 - - - 423 439 28.6
GCC [41] 764 85.6 72.8 47.2 47.2 30.5 68.4 78.8 631 842 a0.1 822 49.0 K26 3h.2
TCL [33]1 819 B8.7 78.0 R29 531 35.7 79.9 86.8 75.7 875 9.5 83.7 (2.3 bd.d 51.6
TCC [39] 79.0 90.6 733 479 49.1 31.2 732 81.4 (8.9 848 89.7 825 hh4d 9.5 41.7
MoCo [1] 66.9 776 608 39.0 39.7 242 61.5 72.8 h24 - - - 34.7 338 19.7
SimSiam [2] 7R.6 Bh.6 73.6 h2.2 48.5 32.7 6.9 71.6 R7.2 LN 92.1 833 hE.3 67.4 50.1
BYOL [3] BL.7 9.4 79.0 5.9 56.9 39.3 713 82.5 65.7 Bh.6 93.9 87.2 63.5 69.4 54.8
IDFD [9] 711 1.5 66.3 426 425 26.4 64.3 5.6 R7.5 £9.8 95.4 90.1 5.6 9.1 41.3
PCL [7] 80.2 E7.4 6.6 R2.8 52.6 36.3 718 41.0 67.0 B4l 90.7 82.2 44.0 41.2 299

ProPos (ours) 88.6 94.3 B8.4 al.6 6l1.4 45.1 a8 86.7 3.7 89.6 935.6 90.6 09.2 74.5 62.7
YWCC and TCL use a large image size of 224 x 224 for all datasets.

Reference: Huang, Z., Chen, J., Zhang, J., & Shan, H. (2022). Learning Representation for Clustering Via Prototype Scattering and Positive Sampling. IEEE Transactions on Pattern Analysis and Machine Intelligence.
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Prototype Scattering and Positive Sampling (ProPos)
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Fig. 5. Visualization of feature representations learned by different representation learning frameworks and our proposed ProPos on CIFAR-10 with
t-SNE. Zoom in for better view.

Reference: Huang, Z., Chen, J., Zhang, J., & Shan, H. (2022). Learning Representation for Clustering Via Prototype Scattering and Positive Sampling. IEEE Transactions on Pattern Analysis and Machine Intelligence.
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