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Technology, Jinzhong, Shanxi, China)

Abstract: [Purposes] Time series data are widely used in fields such as finance, healthcare, in-
dustry, and meteorology. Existing methods often focus on instance—level learning, with limited suc-
cess in modeling the multi—scale and fine—grained characteristics of time series. Moreover, many
methods rely on inductive biases from computer vision or natural language processing, which are un-
suitable for time series due to their strong time dependencies. This paper proposes a time—series de-
composition—based contrast learning framework (Seasonal-Trend Universal Time Seires Representa-
tion Learing, STURL) that addresses these challenges by leveraging hierarchical contrast learning of
seasonal terms to capture multi-dimensional features. [Methods] Additionally, a frequency mixing
strategy based on Fourier transform enhances the representation of seasonal terms, improve model ro-
bustness and stability. [Results] The experimental results demonstrate that STURL exhibits out-
standing performance across various downstream tasks and surpasses baseline methods. These find-
ings highlight the framework’ s superiority in improving model accuracy, reducing prediction errors,

and enhancing anomaly detection capabilities, underscoring its potential and feasibility for practical ap-
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Table 2 Multivariate time series interpolation results

. Ik STURL DLinear TimesURL InfoTS TS2Vec
AR S5 W L A1) MSE MAE MSE MAE MSE MAE MSE MAE MSE MAE
0.125 0.647 0.638 1.518 2.674 0.659 0.640 0.717 0.666 0.690 0.658
0.250 0.659 0.641 1.804 2.925 0.679 0.648 0.726 0.674 0.710 0.668
ETThl 0.375 0.698 0.652 2.150 3.180 0.702 0.656 0.726 0.676 0.728 0.676
0.500 0.704 0.685 2.570 3.470 0.712 0.693 0.783 0.695 0.751 0.682
0.125 1.425 0.841 1.004 2.157 2.455 1.215 2.491 1.199 2.866 1.288
. 0.250 1.198 0.898 1.269 2.470 2.560 1.239 2.644 1.244 2.792 1.271
T 0.375 1.569 1.175 1.583 2.760 2.673 1.269 2.757 1.266 2.793 1.271
0.500 1.782 1.897 1.834 2.990 2.701 1.281 2.844 1.283 2.769 1.267
0.125 0.563 0.684 0.580 1.620 0.644 0.650 0.702 0.651 0.726 0.663
0.250 0.614 0.693 0.803 1.930 0.699 0.668 0.732 0.664 0.719 0.664
ETTml 0.375 0.671 0.715 1.030 2.190 0.718 0.686 0.753 0.674 0.728 0.670
0.500 0.694 0.723 1.320 2.480 0.716 0.680 0.759 0.677 0.739 0.669
Avg. 0.935 0.854 1.455 2.571 1.327 0.860 1.386 0.864 1.418 0.871
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Fig.4 Performance of time series classification on UCR dataset
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Fig.5 Performance of time series classification on UEA dataset

4.3.3 B 55 FF

TE B ] 1) S i D00 52 2 oy, AR SO LG TR ]
[ S BRI 7 3 CEL4E SPOT \DSPOT .DONUT
TSRO Y 25 5L, [R] B be T B 50 3 3% AF AF 5%
FEMEER ., ERERMLEEE R, R3IERT
AN [a] B Y AE Y ahoo A1 KPT % s 55 b 9 B0, P44 35
Fr A 35 F1 4% %0 K5 0 BE (Precision) 1 4 1] 3% (Re-
calD) . SEER A5 R R W] A SCEE ) AR (STURL) FE
AT S48 Bi CF 1230500 RS B0 B2 A [l 520 E 300 T
HoAth Je R e HAE Yahoo Al KPT A4 % . A
B AR TimesURL , A C#F Yahoo 50 #E4E - F1
It 0.27%, Precision #& FF 1.20% , Recall #2 FF
0.27% ; £ KPT ¥4l 4 |- F1# 7+ 0. 58 %, Precision
FTFF0.65% , Recall $2 7+ 1. 47% o 76 1R F5 K147 A9 4
{8 43 28 R0 1000 P 6 9 [ B, S R R AT 55 A
W TR B A T o KT R T A TR A BT 2 B 4R
BFE S5 A AT 55 v B A RO DA R R AE 1Y 38 A M
STURL M0 3 32 2208 1 H 2 RBE A9 Fe AiE 481 %
Fbof S HERE | 1R SC— S ALE B R R 8 A 4 fig

520 DA RO el 4 5 SR W o 3X S8BT Y B AT A
R BE U8 70 7 W A AT 5 h R &, U H R AE
Fe BB R A 2 T S5 SR AT L BE AT AR R A A
R H A AN A [l 58

*3 HEFNSERNSTURLEHMELHRN

Table 3 Time-series anomaly detection of STURL performance
over other baselines

Y ahoo KPI

i gy ik
F1 Prec. Rec. F1 Prec. Rec.

SPOT 0.338 0.269 0454 0.217 0.786  0.126
DSPOT 0.316  0.241 0458 0.521 0.623  0.447
DONUT 0.026  0.013 0.825 0.347 0.371  0.326
SR 0.563 0.451 0.747 0.622  0.647  0.598
TSZVec 0.745 0.729 0.762  0.677 0.929  0.533
TimesURL  0.749  0.748 0.750  0.688 0.925 0.546

Ours 0.751 0.757 0.752 0.692 0.931 0.554
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Table 4 Comparison results between STURL and other representation learning methods
. STURL TimesURL LaST CoST TS2Vec
I H MSE MAE MSE MAE MSE MAE MSE MAE MSE MAE
24 0.030 0.125 0.036 0.142 0.030 0.131 0.040 0.152 0.039 0.151
48 0.050 0.158 0.054 0.146 0.051 0.169 0.060 0.186 0.062 0.189
ETThl 168 0.074 0.205 0.096 0.233 0.078 0.211 0.097 0.236 0.142 0.291
336 0.098 0.232 0.121 0.267 0.100 0.246 0.112 0.258 0.160 0.316
720 0.132 0.288 0.145 0.307 0.138 0.298 0.148 0.306 0.179 0.345
24 0.814 0.197 0.083 0.219 0.082 0.204 0.079 0.207 0.091 0.230
48 0.117 0.237 0.116 0.219 0.126 0.275 0.118 0.259 0.124 0.274
ETTh2 168 0.172 0.308 0.175 0.323 0.187 0.342 0.174 0.329 0.198 0.355
336 0.198 0.356 0.188 0.347 0.229 0.389 0.206 0.364 0.205 0.364
720 0.206 0.395 0.186 0.352 0.238 0.425 0.214 0.345 0.208 0.371
24 0.010 0.069 0.013 0.084 0.011 0.077 0.015 0.117 0.016 0.093
48 0.019 0.099 0.024 0.177 0.021 0.108 0.025 0.167 0.028 0.126
ETTml 96 0.030 0.134 0.037 0.145 0.033 0.134 0.036 0.141 0.045 0.162
288 0.069 0.197 0.080 0.214 0.069 0.197 0.081 0.207 0.095 0.235
672 0.093 0.214 0.114 0.255 0.100 0.239 0.125 0.253 0.142 0.290
24 0.148 0.262 0.250 0.284 0.151 0.277 0.243 0.264 0.260 0.288
48 0.178 0.300 0.197 0.319 0.186 0.307 0.292 0.300 0.313 0.321
Electricity 168 0.227 0.336 0.259 0.371 0.243 0.346 0.405 0.375 0.429 0.392
336 0.262 0.367 0.295 0.416 0.286 0.379 0.560 0.473 0.565 0.478
720 0.305 0.414 0.337 0.452 0.322 0.422 0.889 0.645 0.863 0.651
R 5 STURL 5imEIHITEI &R
Table 5 Comparison results between STURL and End-to-End methods
. STURL Informer Autoformer N-BEATS TCN
ik H MSE MAE MAE MSE MSE MAE MSE MAE MSE MAE
24 0.030 0.125 0.098 0.247 0.057 0.189 0.094 0.238 0.104 0.254
48 0.050 0.158 0.158 0.319 0.07 0.207 0.210 0.367 0.206 0.366
ETThl 168 0.074 0.205 0.183 0.346 0.108 0.26 0.232 0.391 0.462 0.586
336 0.098 0.232 0.222 0.387 0.119 0.281 0.232 0.388 0.422 0.564
720 0.132 0.288 0.269 0.435 0.109 0.264 0.322 0.490 0.438 0.578
24 0.081 0.197 0.093 0.240 0.088 0.207 0.198 0.345 0.109 0.251
48 0.117 0.237 0.155 0.314 0.121 0.330 0.234 0.386 0.147 0.302
ETTh2 168 0.172 0.308 0.232 0.353 0.219 0.329 0.331 0.453 0.209 0.366
336 0.198 0.356 0.263 0.417 0.236 0.327 0.437 0.508 0.237 0.391
720 0.206 0.395 0.277 0.431 0.243 0.425 0.437 0.517 0.200 0.367
STURL Informer Autoformer N-BEATS TCN
H MSE MAE MSE MAE MSE MAE MSE MAE MSE MAE
24 0.010 0.069 0.030 0.137 0.022 0.115 0.054 0.184 0.027 0.127
48 0.019 0.099 0.069 0.203 0.032 0.138 0.103 0.361 0.034 0.154
ETTml 96 0.030 0.134 0.075 0.141 0.045 0.168 0.083 0.353 0.036 0.208
288 0.069 0.197 0.401 0.554 0.071 0.207 0.360 0.362 0.353 0.455
672 0.093 0.214 0.512 0.644 0.102 0.254 0.197 0.368 0.445 0.570
24 0.148 0.262 0.251 0.275 0.290 0.411 0.243 0.367 0.243 0.367
48 0.178 0.300 0.346 0.339 0.310 0.408 0.283 0.397 0.283 0.397
Electricity 168 0.227 0.336 0.544 0.424 0.435 0.490 0.357 0.449 0.357 0.449
336 0.262 0.367 0.713 0.512 0.646 0.606 0.355 0.446 0.355 0.446
720 0.305 0.414 1.182 0.806 0.609 0.587 0.387 0.477 0.387 0.477
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Table 6 Ablation experiment results comparison

Avg.Accuracy

STURL 0.748

w/o HHRIR A SR 0.737
w/o S AE ST 0.742
w/o I [E] X A 2] 0.740
w/o Z R (SEncoder) 0.739
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