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Contrastive Clustering with Consistent Structural Relations

XU Jie and WANG Lisong

College of Computer Science and Technology/College of Artificial Intelligence/College of Software, Nanjing University of Aeronautics and Astro-
nautics, Nanjing 211106, China

Abstract As a basic unsupervised learning task, clustering aims to divide unlabeled and mixed images into semantically similar
classes. Some recent approaches focus on the ability of the model to discriminate between different semantic classes by introducing
data augmentation, using contrastive learning methods to learn feature representations and cluster assignments, which may lead to
situations that feature embeddings from samples with the same semantic class are separated. Aiming at the above problems,a
comparative clustering method with consistent structural relations(CCR) is proposed,which performs comparative learning at the
instance level and cluster level,and adds consistency constraints at the relationship level. So that the model can learn more infor-
mation of ‘positive data pair’ and reduce the impact of cluster embedding being separated. Experimental results show that CCR
obtains better results than the unsupervised clustering methods in recent years on the image benchmark dataset. The average ac-
curacy on the CIFAR-10 and STL-10 datasets improves by 1. 7% compared to the best methods in the same experimental settings
and improves by 1. 9% on the CIFAR-100 dataset.

Keywords Unsupervised learning,Clustering, Contrastive learning, Data Augmentation,Over clustering
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Table 1  Clustering performance of different clustering methods on 4 baseline datasets
CIFAR-10 CIFAR-100 STL-10 Tiny-ImageNet
Methods

ACC NMI ARI ACC NMI ARI ACC NMI ARI ACC NMI ARI
K-means 0.229 0.087 0.049 0.130 0.084 0.028 0.192 0.125 0.061 0.025 0.065 0.005
SC 0.247 0.103 0.085 0.136 0. 090 0.022 0.159 0.098 0.048 0.022 0.063 0. 004
AC 0.228 0.105 0.065 0.138 0.098 0.034 0.332 0.239 0. 140 0.027 0.069 0. 005
NMF 0.190 0.081 0.034 0.118 0.079 0.026 0. 180 0.096 0. 046 0.029 0.072 0. 005
AE 0.314 0.239 0.169 0.165 0.100 0.048 0.303 0.250 0.161 0.041 0.131 0. 007
DAE 0.297 0.251 0.163 0.151 0.111 0.046 0.302 0.224 0.152 0.039 0.127 0.007
DeCNN 0.282 0.240 0.174 0.133 0.092 0.038 0.299 0.227 0.162 0.035 0.111 0.006
VAE 0.291 0.245 0.167 0.152 0.108 0. 040 0.282 0. 200 0.146 0.036 0.113 0.006
JUNE 0.272 0.192 0.138 0.137 0.103 0.033 0.277 0.182 0.164 0.033 0.102 0. 006
DEC 0.301 0.257 0.161 0.185 0.136 0. 050 0. 359 0.276 0. 186 0.037 0.115 0. 007
DAC 0.522 0. 396 0. 306 0.238 0.185 0.088 0.470 0. 366 0. 257 0.066 0. 190 0.007
DCCM 0.623 0.496 0.408 0.327 0.285 0.173 0.482 0.376 0.262 0.108 0.224 0.017

11C 0.617 — — 0.257 — — 0.610 - - - - -
PICA 0.696 0.591 0.512 0.337 0.310 0.171 0.713 0.611 0.531 0.098 0.277 0.038
DCDC 0.699 0.585 0.506 0. 349 0.310 0.179 0.734 0.621 0.547 0. 164 0.323 0.073
Ours(CCR) 0.716 0.613 0.538 0. 368 0.339 0.204 0. 751 0.643 0.575 0. 167 0. 341 0.072
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Fig. 3 Feature distribution of images during training on CIFAR-10

dataset
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Table 2 Effect on relationship representation loss

CIFAR10 CIFAR100
ACC NMI ARI ACC NMI ARI

IRL 0. 606 — - 0.307 — -

CRC 0.458 - - 0.209 - -
IRL+RRL 0.668  0.569 0.488 0.324 0.309 0.178
CRL+RRL 0.613  0.520 0.423 0.317 0.308 0.163
IRL+CRL(DCDC)  0.690  0.581  0.499 0.339 0.318 0.183
CCR 0.716 0.613 0.538 0.368 0.339 0.204
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Table 3 Effect of batch_size on CIFAR100 dataset
batch_size ACC NMI ARI
100 0.342 0.325 0.182
200 0. 368 0.339 0.204
300 0.339 0.324 0.189
500 0.333 0.314 0.182
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Table 4 Effect of over-clustering(OC)

CIFARI10 CIFAR100
ACC NMI ARI ACC NMI ARI
Without OC ~ 0.654  0.553  0.471  0.269 0.256  0.133

CCR 0.716  0.613 0.538 0.368 0.339  0.204
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