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Contrastive clustering algorithm based on trend consistency learning

GAO Xiaofang', JIA Zonghan', LIANG Jiye'~?
(1. School of Computer and Information Technology, Shanxi University, Taiyuan 030006, China; 2. Laboratory of Computational In-
telligence and Chinese Processing, Ministry of Education, Taiyuan 030006, China)

Abstract: In recent years, contrastive clustering has become a research hotspot in the fields of data mining and machine
learning, aiming to enhance clustering performance by leveraging the powerful feature representation capabilities of
contrastive learning. However, the use of contrastive learning often introduces the problem of false negative examples
due to category conflicts, thereby reducing the performance of contrastive clustering. To address this issue, this paper
proposes a contrastive clustering algorithm based on a trend consistency constraint strategy (CCTC). By marking high-
confidence sample pairs with consistent category information in the trend consistency array and using this semantic in-
formation to calculate the trend constraint matrix to assist in selecting positive samples, the algorithm achieves dynamic
interaction between cluster-level and instance-level sample information through the combination of instance-level and
cluster-level consistency loss functions, thereby enhancing sample consistency and inter-class distinguishability. Com-
pared with other contrastive clustering algorithms, this method can utilize the pseudo-label change trends in the multi-
round training process to obtain sample pairs with high-confidence category trend consistency, thus improving the clus-
tering performance of the model. Experiments have demonstrated the effectiveness of the algorithm.

Keywords: contrast clustering; contrastive learning; false negatives; trend consistency; pseudo labels; semantic informa-

tion; inter-class distinguishability; mask matrix
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Table1 Benchmark datasets for evaluation

G S BARSE A% 285
CIFAR-10 32x32 60000 10
CIFAR-100 32x32 60000 20
STL-10 96x96 113000 10
ImageNet-10 96x96 13000 10
ImageNet-Dogs 96x96 19500 15

32 ELIEE

CCTC B yEHESE v {f ] ResNet-18 151 /0 &
FEH M LB, IR FE— A~ A100 GPU LIl 2k M
% B H 50 4> epoch i i SimCLR Il x5,
SGD AL A S 8w ) R Bl 0.4, BN
107 FIBh RN 0.9, % > HUR M o 43 5% 4 1
I, IR 0.1, batch(Hib & K/ )% Ny
256, IR A5 SimCLR A [ 1 44 1y o, B35
FL3l | ALK BE | BEAL IR RN BT . S G
X LA 2% 1 3R 2 GORT BE A S v ) 3R B 4y ik B
Hr=0.1Fr=1.0, X FrABIEHRE: BE
ENAE 2=0.5, —BPERUR REE 0=0.7 5 $=0.3,
GCCP' i KNN WIS EIRBEE K =5, JFH H w2
AEARLYE £ 2% 2 'Faiss' 2, HAGHEBUAS T D) Z2 8% AN T
3.3 EMIER

K F A & (accuracy, ACC) . H—1b HAF &
(normalized mutual information, NMI ) Fll1 & %% J5 2%
18358 % (adjusted rand index, ARID) WAl R MERE .
ACC S M B R 25 R 5 B SRR A8 19— Bk, NMI AN
ARI i 5 —FAUE . 286 01X 3 DMEbR, 7]
S T VPAR SRR RIOCR, 50Uk J7 1k X A 51 [n) 852 A fide
TR-HE

3.4 REMBES

BEA ST I BTE CCTC 5 2 M R 26
FRE R BE AT LA, 046 K-means ., 3% Rk
SC(normalized cuts and image segmentation)”?, #E 5
H 2 AC(agglomerative clustering using the concept
of mutual nearest neighbourhood)®¥, J& I 1 5H [%
41 fi# (locality preserving nonnegative matrix factoriz-
ation, NMF ) iy SR 24 [ 4t 4% AE(greedy lay-
er-wise training of deep networks)®), 2= [ 3l 4 i
#x DAE(learning useful representations in a deep net-
work with a local denoising criterion)**, GAN(unsu-
pervised representation learning with deep convolu-
tional generative adversarial networks)?””!, DECNN
(deconvolutional networks)?), 2843 H Bl 4w i VAE
(auto-encoding variational Bayes)”, 7R ik A R
DEC(unsupervised deep embedding for clustering ana-
lysis)P", & & TG Wi B 2% > (joint unsupervised learn-
ing of deep representations and image clusters, JULE ) B!,
TREE H 18 N K4 25 (deep adaptive image cluster-
ing, DAC) P2 IR B £ 5 A G 42 88 (deep com-
prehensive correlation mining for image clustering,
DCCM) P31, 43 IX {5 B e KA ( deep semantic
clustering by partition confidence maximisation,
PICA ) BP*) IR B 45 % 5 25 (deep robust clustering
by contrastive learning, DRC) B, X} [ 2 2 (con-
trastive clustering, CC ) "®! F1 & %} kb 5 2S ( graph con-
trastive clustering, GCC )", 2 451 T EME S
SEERE A AL . CCTC Bk E R 2L
i EVERE W0 T HAR S, {UFE STL-10 %L
P AR 6, X ER D STL-10 5 HAb &
LR, HIE BB, B —BEE BB

R2 BEMBELER

Table 2 Clustering comparison

ik CIFAR-10 CIFAR-100 STL-10 ImageNet-10 Imagenet-dogs

NMI ACC ARI NMI ACC ARI NMI ACC ARI NMI ACC ARI NMI ACC ARI

Kmeans 0.087 0.229 0.049 0.084 0.13 0.028 0.125 0.192 0.061 0.119 0.241 0.057 0.055 0.105 0.02
AC 0.105 0.228 0.065 0.098 0.138 0.034 0.239 0.332 0.14 0.138 0.242 0.067 0.037 0.139 0.021
SC 0.103 0.247 0.085 0.09 0.136 0.022 0.098 0.159 0.048 0.151 0.274 0.076 0.038 0.111 0.013
NMF 0.081 0.19 0.034 0.079 0.118 0.026 0.096 0.18 0.046 0.132 0.23 0.065 0.044 0.118 0.016
VAE 0245 0291 0.167 0.108 0.152 0.040 0.200 0.282 0.146 0.193 0.334 0.168 0.107 0.179 0.079
JULE 0.192 0.272 0.138 0.103 0.137 0.033 0.182 0.277 0.164 0.175 0.3 0.138 0.054 0.138 0.028
DEC 0.257 0301 0.161 0.136 0.185 0.050 — — — 0.282 0.381 0.203 0.122 0.195 0.079
DAC 039 0.522 0306 0.185 0.238 0.088 0366 0.47 0.257 0.394 0.527 0302 0.219 0275 0.111
PICA 0591 0.696 0.512 0.310 0.337 0.171 0.611 0.713 0.531 0.802 0.87 0.761 0.352 0.352 0.201
DCCM 0496 0.623 0.408 0.285 0.327 0.173 0376 0.482 0.262 0.608 0.71 0.555 0.321 0.383 0.182
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ok CIFAR-10 CIFAR-100 STL-10 ImageNet-10 Imagenet-dogs
NMI ACC ARI NMI ACC ARI NMI ACC ARI NMI ACC ARI NMI ACC ARI
DRC 0.621 0.727 0.547 0356 0.367 0208 0.644 0.747 0.569 0.830 0.884 0.798 0.384 0.389 0.230
NNCC 0.737 0.819 — 0.421 0.438 — 0.616 0.725 — 0.683 0.751 — 0.372 0.401 —
cC 0.705 0.790 0.637 0431 0.429 0266 0.719 0.817 0.726 0.859 0.893 0.822 0445 0.429 0.274
GCC 0.764 0.856 0.728 0.472 0472 0305 0.684 0.788 0.631 0.842 0.901 0.822 0.490 0.526 0.362
CCTC 0.791 0.873 0.760 0.496 0.483 0.333 0.684 0.778 0.632 0.852 0.901 0.827 0.597 0.646 0.489
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Fig. 3 Confusion matrices of the GCC and CCTC models
on the CIFAR-10 dataset
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Table 3 Impact of the trend constraint matrix on model
clustering performance
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Table 4 Threshold selection for all datasets
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