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Time Series Clustering Method Based on Contrastive Learning
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Abstract It is difficult to intuitively define the similarity between time series by deep clustering methods which rely heavily on
complex feature extraction networks and clustering algorithms. Contrastive learning can define the interval similarity of time se-
ries from the perspective of positive and negative sample data and jointly optimize feature extraction and clustering. Based on the
contrastive learning, this paper proposes a time series clustering model that does not rely on complex representation networks. In
order to solve the problem that the existing time series data enhancement methods cannot describe the transformation invariance
of time series, this paper proposes a new data enhancement method that captures the similarity of sequences while ignoring the
time domain characteristics of data. The proposed clustering model constructs positive and negative sample pairs by setting diffe-
rent shape transformation parameters,learns feature representation,and uses cross-entropy loss to maximize the similarity of pos-
itive sample pairs and minimize negative sample pairs at the instance-level and cluster-level comparison. The proposed model can
jointly learn feature representation and cluster assignment in end-to-end fashion. Extensive experiments on 32 datasets in UCR
show that the proposed model can obtain equal or better performance than existing methods without relying on a specific repre-
sentation learning network.
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Table 1 Dataset and their data descriptions

Dataset Sample Length Class Dataset Sample Length Class
ACSF1 200 1460 10 InsectWingbeatSound 2200 256 11
ArrowHead 211 251 3 Mallat 2400 1024 8
Coffee 56 286 2 Medicallmages 1141 99 10
DistalPhalanxOutlineAgeGroup 539 80 3 MiddlePhalanxOutline AgeGroup 554 80 3
DistalPhalanxTW 539 80 6 MiddlePhalanxTW 553 80 6
ECG200 200 96 2 MixedShapesSmall Train 2525 1024 5
ECG5000 5000 140 5 MoteStrain 1272 84 2
FaceFour 112 350 4 Plane 210 144 7
FreezerRegularTrain 3000 301 2 PowerCons 360 144 2
FreezerSmallTrain 3000 301 2 ProximalPhalanxOutlineAgGroup 605 80 3
GunPointOldVersus Young 451 150 2 ProximalPhalanx TW 605 80 6
HandOutlines 1370 2709 2 Rock 70 2844 4
Haptics 463 1092 5 SemgHandMovementCh2 900 1500 6
InlineSkate 650 1882 7 SemgHandSubjectCh2 900 1500 5
InsectEPGRegularTrain 311 601 3 ShapesAll 1200 512 60
InsectEPGSmallTrain 311 601 3 Symbols 1020 398 6
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Table 2 Comparison of clustering results on 32 time series datasets

Method DEC DEPTIC IDEC DTCR SDCN Ours
Metrics NMI ARI ACC NMI ARI ACC NMI ARI ACC NMI ARI ACC NMI ARI ACC NMI ARI ACC
ACSF1 0.560 0.283 0.460 0.523 0.229 0.450 0.592 0.318 0.500 0.477 0.166 0.390 0.560 0.262 0.480 0.573 0.364 0.555
ArrowHead 0.236 0.264 0.640 0.389 0.365 0.703 0.298 0.235 0.571 0.231 0.226 0.611 0.232 0.238 0.629 0.333 0.321 0.668
Coffee 0.695 0.725 0.929 1.000 1.000 1.000 0.812 0.857 0.964 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000
DistalPhalanxOutline AgeGroup 0.340 0.265 0.698 0.308 0.239 0.705 0.369 0.308 0.741 0.320 0.292 0.719 0.413 0.332 0.748 0.459 0.463 0.807
DistalPhalanxTW 0.616 0.513 0.662 0.535 0.482 0.669 0.602 0.502 0.691 0.522 0.507 0.626 0.554 0.529 0.626 0.629 0.675 0.750
ECG200 0.155 0.237 0.670 0.054 0.080 0.900 0.136 0.214 0.700 0.119 0.192 0.730 0.040 0.079 0.830 0.118 0.203 0.765
ECG5000 0.527 0.600 0.752 0.564 0.733 0.801 0.472 0.616 0.840 0.532 0.602 0.801 0.555 0.614 0.697 0.591 0.760 0.883
FaceFour 0.527 0.448 0.739 0.599 0.587 0.795 0.572 0.523 0.716 0.691 0.602 0.739 0.570 0.515 0.761 0.487 0.406 0.661
FreezerRegularTrain 0.219 0.287 0.768 0.221 0.289 0.769 0.221 0.287 0.768 0.263 0.335 0.789 0.227 0.296 0.772 0.271 0.281 0.765
FreezerSmall Train 0.229 0.289 0.769 0.226 0.292 0.770 0.237 0.309 0.778 0.254 0.310 0.779 0.232 0.303 0.775 0.220 0.284 0.767
GunPointOldVersusYoung 0.142 0.188 0.718 0.427 0.509 0.857 0.369 0.464 0.841 0.431 0.491 0.851 0.247 0.321 0.784 0.237 0.308 0.778
HandOutlines 0.258 0.332 0.789 0.351 0.473 0.846 0.330 0.449 0.838 0.242 0.341 0.797 0.324 0.442 0.835 0.160 0.211 0.730
Haptics 0.110 0.073 0.367 0.102 0.082 0.380 0.116 0.073 0.390 0.097 0.058 0.380 0.097 0.052 0.360 0.116 0.091 0.374
InlineSkate 0.075 0.032 0.244 0.112 0.039 0.280 0.063 0.033 0.253 0.098 0.037 0.258 0.068 0.031 0.253 0.047 0.015 0.214
InsectEPGRegularTrain 0.247 0.281 0.647 0.244 0.234 0.663 0.308 0.299 0.687 0.358 0.356 0.707 0.194 0.194 0.614 1.000 1.000 1.000
InsectEPGSmall Train 0.219 0.230 0.614 0.239 0.291 0.655 0.247 0.230 0.622 0.333 0.361 0.699 0.309 0.383 0.731 1.000 1.000 1.000
InsectWingbeatSound 0.545 0.366 0.505 0.493 0.334 0.513 0.508 0.346 0.527 0.529 0.356 0.560 0.569 0.385 0.572 0.459 0.286 0.473
Mallat 0.904 0.780 0.816 0.870 0.739 0.797 0.900 0.768 0.798 0.796 0.697 0.817 0.955 0.947 0.975 0.969 0.963 0.983
Medicallmages 0.210 0.180 0.470 0.111 0.039 0.386 0.227 0.102 0.347 0.316 0.075 0.334 0.295 0.106 0.336 0.208 0.068 0.289
MiddlePhalanxOutlineAgeGroup ~ 0.139 0.082 0.617 0.159 0.147 0.649 0.143 0.158 0.643 0.017 0.003 0.565 0.116 0.066 0.526 0.421 0.440 0.751
MiddlePhalanxTW 0.485 0.320 0.578 0.472 0.367 0.591 0.465 0.378 0.578 0.435 0.424 0.539 0.433 0.418 0.539 0.466 0.510 0.579
MixedShapesSmall Train 0.483 0.471 0.686 0.530 0.499 0.669 0.499 0.478 0.691 0.598 0.561 0.706 0.510 0.492 0.719 0.494 0.223 0.441
MoteStrain 0.401 0.496 0.852 0.444 0.518 0.860 0.435 0.500 0.854 0.044 0.064 0.627 0.402 0.476 0.845 0.049 0.071 0.634
Plane 0.912 0.872 0.943 0.931 0.896 0.952 0.933 0.914 0.962 0.927 0.871 0.876 0.963 0.956 0.981 0.898 0.829 0.862
PowerCons 0.399 0.487 0.850 0.391 0.487 0.850 0.493 0.585 0.883 0.298 0.370 0.806 0.416 0.503 0.856 0.162 0.064 0.628
ProximalPhalanxOutlineAgeGroup 0. 560 0.661 0.868 0.573 0.637 0.854 0.573 0.637 0.854 0.532 0.596 0.805 0.523 0.638 0.854 0.563 0.570 0.779
ProximalPhalanxTW 0.703 0.721 0.824 0.596 0.562 0.722 0.643 0.663 0.780 0.638 0.711 0.766 0.614 0.604 0.654 0.632 0.738 0.775
Rock 0.453 0.272 0.580 0.247 0.171 0.560 0.386 0.172 0.540 0.316 0.208 0.560 0.451 0.277 0.580 0.440 0.332 0.629
SemgHandMovementCh2 0.221 0.123 0.364 0.153 0.086 0.371 0.199 0.114 0.371 0.188 0.093 0.344 0.181 0.104 0.356 0.213 0.139 0.387
SemgHandSubjectCh2 0.392 0.319 0.536 0.378 0.306 0.549 0.391 0.292 0.547 0.200 0.121 0.447 0.285 0.216 0.502 0.314 0.266 0.478
ShapesAll 0.687 0.295 0.462 0.737 0.374 0.518 0.719 0.340 0.502 0.716 0.335 0.512 0.734 0.369 0.512 0.697 0.388 0.523
Symbols 0.840 0.763 0.878 0.825 0.738 0.860 0.875 0.832 0.918 0.794 0.660 0.745 0.811 0.698 0.749 0.790 0.655 0.675
# Average 0.422 0.383 0.665 0.431 0.401 0.686 0.442 0.406 0.678 0.416 0.376 0.653 0.434 0.401 0.670 0.469 0.435 0.675
# Variance 0.056 0.050 0.031 0.064 0.062 0.034 0.056 0.056 0.034 0.066 0.064 0.032 0.067 0.067 0.037 0.085 0.090 0.042
# Best 6 4 3 7 6 10 5 2 3 6 5 3 3 3 4 10 15 12
% Total 13 23 10 14 10 37

D https://github. com/yangbo981205/CTSC
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Fig. 9 Clustering performance of different representation learning networks
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Table 3 Parameter settings of different representation

learning networks

Network Parameter
hidden_size=128
MLP
representation_dim=256
hidden_size=1024
LSTM representation_dim=>512
num_layers=3
representation_dim=>512
CNN
kernel_size=13
hidden_size=1024
RNN representation_dim=>512
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