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KAN-based Unsupervised Multivariate Time Series Anomaly Detection Network

WANG Cheng and JIN Cheng

School of Computer Science,Fudan University,Shanghai 200438, China
Abstract Time series data is widely present in fields such as finance, healthcare,industry,and transportation. Time Series Ano-
maly Detection(TSAD) is crucial for ensuring system stability and safety. Most current time series anomaly detection methods
are unsupervised due to the difficulty in collecting anomaly samples. However, these methods commonly face the problem of over-
generalization, where the model can not only reconstruct normal samples,but also effectively reconstruct anomaly samples,leading
to poor anomaly detection performance. Therefore, this paper proposes a time series anomaly detection method based on Kolmo-
gorov-Arnold representation theory,called TS-KAN. TS-KAN leverages its parameter efficiency and local plasticity to better fit
normal samples and alleviate the overgeneralization problem. Additionally, this paper introduces a local feature enhancement
layer.namely Local-KAN,to enhance the representation of temporal features and improve contextual anomaly detection capability.
Experiments on five mainstream time series anomaly detection datasets demonstrate that TS-KAN significantly outperforms

existing methods in anomaly detection capability.

Keywords Time series anomaly detection, KAN, Transformer, Memory module, Deep learning
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4.1 ZWEE

A B RGN Ubuntu 24. 04 64 37, 2K AY T
JE 2 S HESE S PyTorch 2. 1, Python BYMRA K 3.10, R % %
£33 1 B¢ Intel Xeon Silver 4210R CPU, 1 ¥t Nvidia Titan
RTX 4090 GPU.256 GB N f£ I 8 TB i 4 ,

TS-KAN W FGEUZFRAE4EE C % E R 512, w W E 10,
MEBSH <R 0. 1L E B RE AR o. 1, I8N, K
2048, R Adam 1ERILALAR WG 2T 1X10 1,
LR K/NH 512, N FIN, B H 100,

4.2 HiE&%

ARICAE 5 AN FF R £ SMDP, MSLEY, SMAPH,
SWaTE I PSM™ |- #E47 % b 5 56 A0 T Al S5 56

SMD(Server Machine Dataset) & — 4~ K B 538 48 L %

BAREM S KA 28 A HLE A 38 & A &G, SMAP
(Soil Moisture Active Passive) 5 #f £ fl MSL (Mars Science
Laboratory) $( 4l £ /2 W > 112 8 FH /9 56 0 B dis 2. Hoop
MSL A3 75 kB R0 A5 1) BAT 45 A0 A% I 48 B0 L 3 55 -4t
BE i SMAP 18 4 HERE A RN Jc 2L 45 00 2% 38 00 B3, 364 38
ANYEFE . SWaT(Secure Water Treatment) E0#E £ 42 & — > /K
AR B E S & 1 51 A £ 8RR A9 IR S0 PE . PSM (Pooled
Server Metrics) ZU i 4 0 & A [7] b AR 55 % 15 5 b 26 4~ 4
BE 1Y A

5 9y U1 — B0, AR SR AR % (Precision, P) A
[ 3 (Recall , R) Fl F1 43 B0/E R PRA f8 07 . Bk LAnF

R 0 5 R AR A ALK S8 S S I REAS P SEBR h B R
FRE A (4 HE ]
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T[] 48 TR SEBR S AR A HR A A BE 95 1 A R Ok 1Y
Hefl

Precision=

TP
TP+FN
Forp TP R WA B0 IE 5 3000 Ol 52 % BB AR, FN R B A%
R TN Sy 1E R,
4.3 3FLbIE

T2 K6 IR T ARCHIEAE 5 A ERAEE LF 6 4
TR ] PR REXT . AYER L TS KAN BB T &
WSS R AR SO BT W AR % MEMTO, 78 SMD,
MSL Fl SWaT #0455 I B A 3 o0 W W i dE R 32 T (F1 0 8K
SPBRTET 175 A E4Y L0, 95 NE 4 A A 0. 87 AN H 4
FO o TMAE SMAP FIl MSL $#5 4 b, A7 B B T 7t
AR T AB] B (F1 20 80 4R T 0. 23 D E4F 2/ 0. 33 A~ H
A3 ) o S SO DN RT RE 2 AR M A [ R B0y L B R
4 1 JT S A K S B — B I A 2 e 1) 0T LAY S A
R R T DL B S 8 8 B R ) S R A0 A 1k S R Al 4
HRAEMY ST . TSKAN 5 MEMTO &tk T H b 77 ¥,
J PR AT RE SR P A AL A I A0 ISR B X A3 Tk e A A A e O
JU5 % . £ PSM R SMAP %48 & b, 32 7% B {E R/ 52
W, TS-KAN 76 PSM Fl SMAP ¥ 4 & 58S 5 R g K T &
P ABAE R R LB E ik . I EEEHETE M 4R AR F1
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Recall=

# 2 SMD odi 5 Xt gk

Table 2 Comparison results on SMD dataset
Methods P4 R4 F14
LSTM-VAE 75.76 90.08 82. 30
BeatGAN 72.90 84.09 78.10
OmniAnomaly 83.68 86.82 85.22
InterFusion 87.02 85.43 86.22
A.T. 87.96 94.68 91. 20
MEMTO 89.13 98. 40 93. 54
UMTS-Mixer 86. 81 88.16 87.48
WMAD 87.68 79.19 83.22
TS-KAN(Ours) 91.95 98.89 95.29
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# 3 MSL BHEE EXT 25 R

Table 3 Comparison results on MSL dataset

Methods Pt RA F14
LSTM-VAE 85.49 79.94 82.62
BeatGAN 89.75 85.42 87.53
OmniAnomaly 89.02 86.37 87.67
InterFusion 81.28 92.70 86.62
A.T. 91.13 90.12 90.63
MEMTO 92.07 96.76 94. 36
UMTS-Mixer 91.15 91.55 91.35
WMAD 86.77 85.02 85. 88
TS-KAN(Ours) 93.19 97.54 95.31

# 4 SMAP BE4E b X H g 3t

Table 4 Comparison results on SMAP dataset

Methods PA R4 F14
LSTM-VAE 92.20 67.75 78.10
BeatGAN 92.38 55.85 69.61
OmniAnomaly 92.49 81.99 86.92
InterFusion 89.77 88.52 89. 14
A.T. 93.96 98.45 96.15
MEMTO 93.76 99. 63 96.61
UMTS-Mixer 95.91 69.98 80.92
WMAD 89.78 62.49 73.68
TS-KAN(Ours) 94.01 99.85 96. 84

5 SWaT $4E4E L AyxT H &5 3

Table 5 Comparison results on SWaT dataset

Methods Pt RA F14
LSTM-VAE 76.00 89. 50 82. 20
BeatGAN 64.01 87. 46 73.92
OmniAnomaly 81.42 84. 30 82.83
InterFusion 80. 59 85.58 83.01
A T. 85. 85 100. 00 92.39
MEMTO 94.18 97. 54 95. 83
WMAD 92. 20 93.26 92.73
TS-KAN(Ours) 95.57 97. 86 96.70

# 6 PSM #di 4 b i) LS5 R

Table 6 Comparison results on PSM dataset

Methods PA R4 F14
LSTM-VAE 73.62 89.92 80.96
BeatGAN 90. 30 93. 84 92.04
OmniAnomaly 88. 39 74.46 80. 83
InterFusion 83.61 83.45 83.52
A T. 96. 81 98.63 97.71
MEMTO 97. 46 99.23 98. 34
UMTS-Mixer 97.63 88. 66 92.93
WMAD 98. 65 92.95 95.72
TS-KAN(Ours) 98.00 99.34 98. 67

4.4 HBLEIG

AR SCTT 1 B RE RUTE TR R AE 3 58 )2 Local-KAN, B 1]
Y B 5 L2 o0 Fe AR 1 4 B 10 RRAE Bl A B L RO T B R ML
il B AR B T . R SR L AR AR e i T B 2 A Ak
P TE 5 A ERBARE XA SO R T T B S5,
1.4.1 HAEHEE

T BAEFRAE 1S 98 2 Local- KAN (A &M 3218 T 3 4
AAER T 4 S R — 4% B2 (Conv) L 42 2 )2 (MLP)

fRE Local- KAN HEATRFAE 34 3 (AL, DL KA 3647 4R AF 14 5
(None), & 7HIH T 3 FhIkLk ik F TS-KAN 7 5 44
£ LW FL 4%, £ 8HIH T ARRFBEE O w F,Loca-KAN
HISEg 455,
F 7 Local- KAN H I fill 52 56
Table 7 Ablation study of Local-KAN

methods SMD MSL SMAP SWaT PSM
+CNN 94. 90 94. 35 96. 85 96. 15 98.15
+MLP 93.67 90.13 96.41 94.71 97.98

None 93.35 89.57 96.23 93.47 97.65
TS-KAN 95.29 94.95 97.21 96.70 98. 67

# 8 BFEE O AY I B i

Table 8 Ablation study of window size

w SMD MSL SMAP SWaT PSM
5 94.37 92.57 96. 83 96. 67 97.95
10 95.29 94.95 97.21 96.70 98. 67
15 94.95 94.67 96.77 96.75 98.55

SE W L BT 7 TR AR T R HE AT R AE 1 58 (None) ol f#f
FI MLP iE47H7AF 1 5 0 B2 5, B 0% TR IR B B2 TH A58 780 1) SR 8
D P57 R 5 R AE 1 58 8 6% 5 Dy AT RN BT 4 b AR S 1R S
KFR NI B b A I B R SR H . Local-KAN e CNN
BAEHER, JLHEET Locall KAN T KA R HE,
R H b CNN B 5 4F 1 405 68 0 . B8 2w 15 30 £ 50 19 R
AR AL, 75 SMD, MSL, SMAP Hl PSM %4t 4 -, i )
#W R 10 ) TS-KAN BA SR, 0i7E SWaT 54 &
L EFRENE O 15 9 TS-KAN #5805 A fe i 19 2 B9 (B R[]
AHEIE O R R 2E R OR K, B, AR SCH A5 A0 ) e ] 5 0
Gi—i&E R 10,
4.4.2 4R R A AU

R T B AE T SR AT R S AL R B A RO AR SCER I T 3
ASR G 7R 4 B R UK 248 i RRAE il (MLSA) (UR
FA I SURRAE Bl S CTSA) FIUR % 5l 2 2 B HLEU R KAN iF
TR R A (MLP), £ 9 51l T 3 M4 riklE TS-KAN
FE 5 MRS Y F1 438

9 B DU I S

Table 9 Ablation study of feature fusion

Methods SMD MSL SMAP  SWaT PSM
1% B MLSA 93,81 93. 40 95.78 95.19 97.15
WF A TSA  93.89 93.53 95. 69 95. 30 97.10

% F MLP 94.51 94,32 96. 41 96. 16 98. 21

TSKAN 95.29 94. 95 97.21 96.70  98.67

S AR R AR 248 AR IE LA (MLSA) fUR H
P I8 A i il CTSAD FR ] MLP BEAT R AE 8 & #2s § 3 FI
S3HCT W U B JIT H AR AE FL A BIL I RE 8 I 22748 B (B SR AS
T HEAT R AE A JF R KAN B H AT s b 3% &, 56 0F T 7 42

7 WA
4.4.3 el AER

R T 4G AE T BRI A H R AT RO AR SCER T B A AR I
J7 35 43 90 R R i R AR He A S i AL e 12
BEH (Attn )M, 3R 10 81 T B R4 B[R] TS-KAN 72
5 AR SR LY F1 44K
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Table 10 Ablation study of KAN-based memory module
methods SMD MSL SMAP SWaT PSM

None 89. 50 88.76 90. 75 89. 10 91. 34
Attn. 93.10 94. 40 96. 71 95. 40 98. 25
TS-KAN 95.29 94. 95 97.21 96.70 98. 67

LSS5 R, R LA B B AR R A O I AR AR

(A S HBAT R 5 1 1 R B2 T, T 35k T TR XA A 5 58 119 S0 1 AR B
FUIE F 2 J HLHI A e e BT A R T U T
PR IO IR B A otk
4.5 FRLDH

WE 3 frs AR SCA 7 PSM B 4 b5t 5w 3y kAT T
WA AT . AT LUR IR, B4R T IR B R B S 1S 4
BT IR REAS, R AR I M IX 53 1E W RE AR R ST W REAR
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Fig. 3 Visualization on PSM
LEHRIE OARSCIRM T R T KAN BB 8] 75 51 55 3 4
2% TS-KAN, 58RI H BT 19 Local- KAN # 17 J&y &5 4
TRl G 5 SR 5 N 22 78 5k R 8o P A D 2R AT AR AE LA, AT AR
2 T L ) 0 Rl A SRR AR 5 e SR AR 3 T R ML Y A
BB PO AR K i 1B REARAAE o DT AT b X 43 R R
ARFIEFAEA, X L S 245 R W], TS KAN 7E 5 A4~ F 3 i

1] 7 5 S5 A 0 B 4 IS T RS . A SRR AE B
SRUZ VRHIEREE L S EAC I SROTIX 3 AT T R T S

5 SR B 1T 4R O v B A ROk
% x o

[1] ZONG B,SONG Q.MIN MARTIN R Q.et al. Deep autoenco-
ding gaussian mixture model for unsupervised anomaly detection
[C] // International Conference on Learning Representations.
2018.

[2] YAIRI T,TAKEISHI N,ODA T,et al. A data-driven health
monitoring method for satellite housekeeping data based on
probabilistic clustering and dimensionality reduction[]]. IEEE
Transactions on Aerospace and Electronic Systems, 2017,
53(3):1384-1401.

[3] ZHOU Q H,HE S B,LIU H Y.et al. Label-free multivariate
time series anomaly detection[ ] ]. IEEE Transactions on Know-
ledge and Data Engineering,2024,36(7) :3166-3179.

[4] FREHNER R B,WU K S,SIM A, et al. Detecting Anomalies in
Time Series Using Kernel Density Approaches[ J]. IEEE Ac-
cess»2024,12:33420-33439.

[5] SHEN L F,LI Z C,KWOK J. Timeseries anomaly detection

using temporal hierarchical one-class network[]J]. Advances in

[6]

7]

(8]

9]

[10]

[11]

[12]

[13]

[14]

[15]

[16]

[17]

[18]

Neural Information Processing Systems,2020,33:13016-13026.
SHIN Y J.LEE S, TARIQ S,et al. Itad:integrative tensor-based
anomaly detection system for reducing false positives of satellite
systems[ C] // Proceedings of the 29th ACM International Con-
ference on Information & Knowledge Management. 20202733~
2740.

DONG C, TAO J F,CHAO Q, et al. Subsequence time series
clustering-based unsupervised approach for anomaly detection of
axial piston pumps[]]. IEEE Transactions on Instrumentation
and Measurement,2023,72.:1-12.

HUNDMAN K,CONSTANTINOU V,LAPORTE C,et al. De-
tecting spacecraft anomalies using Istms and nonparametric dy-
namic thresholding[ C] // Proceedings of the 24th ACM SIGKDD
International Conference on Knowledge Discovery & Data Mi-
ning. 2018:387-395.

TARIQ S.LEE S.SHIN Y J.et al.Detecting anomalies
in space using multivariate convolutional LSTM with mixtures
of probabilistic PCA[C]// Proceedings of the 25th ACM SIGK-
DD International Conference on Knowledge Discovery & Data
Mining. 2019:2123-2133.

PARK D,HOSHI Y,KEMP CHARLES C. A multimodal ano-
maly detector for robot-assisted feeding using an lstm-based var-
iational autoencoder[ ]J]. IEEE Robotics and Automation Let-
ters,2018,3(3):1544-1551.

SU Y,ZHAO Y J,NIU C H,et al. Robust anomaly detection for
multivariate time series through stochastic recurrent neural net-
work[ C]// Proceedings of the 25th ACM SIGKDD International
Conference on Knowledge Discovery &. Data Mining. 2019
2828-2837.

LI Z H,ZHAO Y J,HAN ] Q.et al. Multivariate time series
anomaly detection and interpretation using hierarchical inter-
metric and temporal embedding[ C] // Proceedings of the 27th
ACM SIGKDD Conference on Knowledge Discovery & Data
Mining. 2021:3220-3230.

XU J,WU H,WANG J.et al. Anomaly Transformer: Time Se-
ries Anomaly Detection with Association Discrepancy[C] // In-
ternational Conference on Learning Representations. 2022.
SUN Y Y,CHEN Z D,FENG C,et al. UMTS-Mixer: Time Se-
ries Anomaly Detection Based on Temporal Correlation and
Channel Correlation[ J]. Computer Systems and Applications.
2024,33(1):127-133.

YE L,HE Z. Multiscale time series anomaly detection incorpora-
ting wavelet decomposition[ J]. Journal of Computer Applica-
tions»2024,44(10) :3300-3306.

GONG D,LIU L Q,LE V,et al. Memorizing normality to detect
anomaly : Memory-augmented deep autoencoder for unsupervised
anomaly detection[ C]// Proceedings of the IEEE/CVF Interna-
tional Conference on Computer Vision. 2019:1705-1714.

PARK H J,NOH J,HAM B. Learning memory-guided normali-
ty for anomaly detection[ C] // Proceedings of the IEEE/CVF
Conference on Computer Vision and Pattern Recognition. 2020
14372-14381.

SONG J,KIM K,OH J,et al. MEMTO: Memory-guided trans-

former for multivariate time series anomaly detection[]]. arXiv:



96

Com puter Science I HEMLFL2:  Vol. 53,No. 1,]an. 2026

(191

[20]

[21]

[22]

[23]

[24]

[25]

[26]

[27]

[28]

[29]

[30]

[31]

2312.02530,2023.

LIU Z M, WANG Y X, VAIDYA S.et al. KAN: Kolmogorov-
arnold networks[ J]. arXiv:2404. 19756,2024.

LIU Z M,MA P C,WANG Y X,et al. KAN 2. 0: Kolmogorov-
Arnold Networks Meet Science[ J]. arXiv:2408. 10205,2024.
SIDHARTH S S.Chebyshev polynomial-based kolmogorov-
arnold networks: An efficient architecture for nonlinear function
approximation[ ] ]. arXiv:2405. 07200,2024.

AGHAEI A A. fKAN:Fractional Kolmogorov-Arnold Networks
with trainable Jacobi basis functions[ ] ]. arXiv: 2406. 07456,
2024.

BOZORGASL Z,CHEN H. Wav-KAN:Wavelet kolmogorov-
arnold networks[ ] ]. arXiv:2405. 12832,2024.

LIC X,LIU X Y,LI W Y.et al. U-KAN Makes Strong Back-
bone for Medical Image Segmentation and Generation[]]. arXiv:
2406.02918,2024.

VACA-RUBIO C J,BLANCO L,PEREIRA R,et al. Kolmogor-
ov-arnold networks (kans) for time series analysis[ J]. arXiv:
2405.08790,2024.

GENET R, INZIRILLO H. TKAN: Temporal Kolmogorov-Ar-
nold Networks[J]. arXiv:2405. 07344,2024.

SONODA S,MURATA N. Neural network with unbounded
activation functions is universal approximator[]]. Applied and
Computational Harmonic Analysis,2017,43(2) :233--268.

LAI M J,SHEN Z M. The kolmogorov superposition theorem
can break the curse of dimensionality when approximating high
dimensional functions[ J]. arXiv:2112.09963,2021.

ELFWING S,UCHIBE E.DOYA K. Sigmoid-weighted linear
units for neural network function approximation in reinforce-
ment learning[ J]. Neural networks,2018,107;3-11.
SUBAKAN C,RAVANELLI M, CORNELL S, et al. Attention
is all you need in speech separation[ C]// 2021 IEEE Interna-
tional Conference on Acoustics, Speech and Signal Processing
(ICASSP). 2021:21-25.

SARFRAZ M S,CHEN M Y, LAYER L, et al. Position: Quo
Vadis, Unsupervised Time Series Anomaly Detection? [C] /
Proceedings of the 41st International Conference on Machine

Learning. 2024 :43461-43476.

[32] SU Y,ZHAO Y J,NIU C H,et al. Robust anomaly detection for
multivariate time series through stochastic recurrent neural net-
work[C]/ Proceedings of the 25th ACM SIGKDD International
Conference on Knowledge Discovery &. Data Mining. 2019
2828-2837.

[33] HUNDMAN K,CONSTANTINOU V,LAPORTE C,et al. De-
tecting spacecraflt anomalies using Istms and nonparametric dy-
namic thresholding[ C]// Proceedings of the 24th ACM SIGKDD
International Conference on Knowledge Discovery &. Data Mi-
ning. 2018:387-395.

[34] LI D,CHEN D C,JIN B H,et al. MAD-GAN;Multivariate
anomaly detection for time series data with generative adversari-
al networks[ C] // International Conference on Artificial Neural
Networks. 2019:703-716.

[35] ABDULAAL A,LIU Z H,LANCEWICKI T. Practical approach
to asynchronous multivariate time series anomaly detection and
localization[ C] // Proceedings of the 27th ACM SIGKDD Con-
ference on Knowledge Discovery &. Data Mining. 2021 ; 2485~
2494,

[36] WU R,KEOGH E J.Current time series anomaly detection
benchmarks are flawed and are creating the illusion of progress
[J]. IEEE Transactions on Knowledge and Data Engineering,
2021,35(3):2421-2429.

WANG Cheng; born in 1985, Ph.D can-
didate. His main research interest is

time series anomaly detection.

JIN Cheng, born in 1978, Ph.D. profes-
sor, Ph. D supervisor, is a member of
CCF (No. 08763S). His main research

interests include computer vision and

multimedia information retrieval.

(SRS - T 47D



