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Multivariate time series forecasting model based on
deep fuzzy knowledge distillation

JIANG Yunliang'**, YU Meili'?, JIN Senyang'?, SHEN Qing'?, ZHANG Xiongtao'*
(1. School of Information Engineering, Huzhou Normal University, Huzhou 313000, China; 2. Zhejiang Key Laboratory of Intelli-
gent Education Technology and Application, Jinhua 321004, China; 3. School of Computer Science and Technology, Zhejiang Nor-
mal University, Jinhua 321004, China)

Abstract: Multivariate time series are common in areas such as traffic flow and weather monitoring. Their features
show complex spatiotemporal dependencies and high uncertainty. Traditional machine learning models cannot effect-
ively capture these hidden patterns. In recent years, deep learning methods have improved prediction accuracy, but they
often rely on large network structures and high computational costs, which limit their use in real-time or resource-lim-
ited settings. To address these issues, a novel lightweight deep fuzzy knowledge distillation framework (TSK-DFKD,
Takagi-Sugeno-Kang with deep fuzzy knowledge distillation) is proposed for time series forecasting. By transferring
deep dark knowledge from a powerful representative teacher model to a lightweight student model, prediction costs can
be reduced. The student model utilizes a fuzzy reasoning network, which has strong capabilities in handling uncertain
knowledge, to effectively tackle uncertainties in time series data. During distillation, a teacher’s bounded loss is intro-
duced in place of traditional cross-entropy loss, enabling efficient knowledge distillation in time series data prediction.
Experiments conducted on five open datasets demonstrate that TSK-DFKD outperforms nine state-of-the-art baselines in
prediction performance and efficiency.

Keywords: attention mechanism; multivariate time series; knowledge distillation; time series forecasting; TSK fuzzy

system; teacher-bounded loss; deep learning; temporal attention; spatial attention
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Table 1 Details of datasets

1155 HAELE RS Eefil A5%/min
i Electricity 321 7:1:2 60
LT
Weather 21 7:1:2 10
PEMSO03 358 6:2:2 5
2T PEMS04 307 6:2:2 5
PEMSO08 170 6:2:2 5
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ASCAE R 4 A PEAS 8 AR EAL B 55000 7 o 1
PE X T 520 TR A B A, AR SO - 34 468 X6F
1R % Eya(mean absolute error, MAE) F13¥4 J5 iR 22
E\;s (mean-square error, MSE) ¥ i & 455 74 fit) T 00 44
e TEZ LT SL g b, ff P Y 4 X iR 22 Eya
(MAE) . 146 %} H 43 Fb 1R 2% Eyap(mean absolute
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mean square error, RMSE) f fiif &2 #5051 {13 71 i $4:
. TEEH/NULIAPERE LY, 4 MITAE TR AR R
ik A5k

Eyn = ;im—ﬂxm (32)
Ey=- Z 5= () (33)
Eyar = 102%,112"; ]y" ‘y’j () (34)
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Table 2 Experimental results of a comparison model in a single-step prediction task

e . Electricity Weather
i BRSNS
L B MSE MAE MSE MAE
96 0.210 0.302 0.195 0.252
192 0.210 0.305 0.237 0.295
DLinear
336 0.223 0.319 0.282 0.331
720 0.258 0.350 0.345 0.382
96 0.200 0.271 0.202 0.261
) 192 0.201 0.274 0.242 0.298
TiDE
336 0.214 0.289 0.287 0.335
720 0.257 0.335 0.351 0.386
96 0.168 0.272 0.172 0.220
192 0.184 0.322 0.219 0.261
TimesNet
336 0.198 0.300 0.280 0.306
720 0.220 0.320 0.365 0.359
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” . Electricity Weather
i) T K iz
Bt L MSE MAE MSE MAE
96 0.274 0.368 0.300 0.384
192 0.296 0.386 0.598 0.544
Informer
336 0.300 0.394 0.578 0.523
720 0.373 0.439 1.059 0.741
96 0.193 0.308 0.217 0.296
192 0.201 0.315 0.276 0.336
FEDformer
336 0.214 0.329 0.339 0.380
720 0.246 0.355 0.403 0.428
96 0.174 0.259 0.177 0.218
192 0.178 0.265 0.225 0.259
PatchTST
336 0.196 0.282 0.278 0.297
720 0.237 0.316 0.354 0.348
96 0.254 0.347 0.164 0.232
192 0.261 0.353 0.211 0.276
Crossformer —
336 0.273 0.364 0.269 0.327
720 0.303 0.388 0.355 0.404
96 0.212 0.300 0.262 0.365
192 0.275 0.351 0.274 0.373
CNNBaTSK
336 0.335 0.395 0.289 0.387
720 0.448 0.460 0.342 0.420
96 0.148 0.239 0.174 0.214
192 0.167 0.258 0.221 0.254
iTransformer
336 0.178 0.271 0.278 0.296
720 0.210 0.299 0.344 0.358
96 0.137 0.230 0.151 0.203
192 0.150 0.244 0.204 0.250
TSK-DFKD
336 0.167 0.263 0.253 0.295
720 0.208 0.297 0.339 0.355
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ThIE E TR, 235k 8.21. 5.49% F1 12.13, AH
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RMSE |- P ¥y ik & 4390 1.51. 1.0% Fil 1.56, iX
U] TSK-DFKD #5% # AS X B 15 A5 25 Hh 458 ) 56
R4 R A CHE, A R X 2L R R Rl A AE — &2, AT
i F PR T A AR . 3) SREOMIFEAY CNNBaTSK
A e, TSK-DFKD #% BU7E PEMS %4 4 |- MAE,
MAPE #1 RMSE f& 5 _F 214 B 2127t
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Table 3 Experimental results of comparing models in multi-step prediction tasks

o PEMSO03 PEMS04 PEMS08
MAE MAPE/% RMSE MAE MAPE/% RMSE MAE MAPE/% RMSE
DLinear 21.36 21.32 34.53 27.98 19.11 43.91 22.43 14.64 3542
TiDE 21.58 19.67 34.96 28.26 18.56 44.41 22.57 13.61 35.81
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e PEMSO03 PEMS04 PEMS08

MAE MAPE/% RMSE MAE MAPE/% RMSE MAE MAPE/% RMSE

TimesNet 16.84 16.17 27.22 22.63 15.28 35.89 18.24 11.32 29.15
Informer 19.41 19.05 33.67 23.30 16.30 37.25 23.26 13.87 36.02
FEDformer 15.50 16.51 25.53 20.11 14.13 32.17 16.55 10.52 25.99
PatchTST 20.98 19.15 33.57 27.43 18.10 42.92 21.75 13.21 34.50
Crossformer 18.90 18.06 31.07 19.28 13.02 30.74 15.73 10.15 24.85
CNNBaTSK 21.21 25.21 35.28 24.86 18.40 38.54 22.20 14.37 32.98
iTransformer 18.36 17.34 29.47 23.16 15.33 38.05 16.61 10.74 28.23
TSK-DFKD 15.21 16.16 25.20 18.47 12.37 30.05 14.22 9.15 23.29
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Fig. 2 Visualization of prediction results
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Fig. 3 Visualization of indicator changes during training



%2148 O R & ¥ #t <648 *

3.6 HBhSDIS 15.4+ PR YEIT R e SPILEXS T o LR 0
9 B0 B4 A B 4 AP, 2% SCAE Elec- - 100 £
tricity il Weather §CHEAE 1 ifE 5010, I 7 % 150 o8 &
T 4 W KB  wio Emb, MR B #EA ; w/o 2 ug Fk\\///ﬁ by =
Stu, ¢ FH 25 A M RO 2 26 A O, A L 2 I
?ﬁ’fﬁé’ﬁ&ﬁlﬁ, w/o Stu_TSK, ) 535 2% A A5E 7R e A5 A - 14.4 zg g
RYHAY, BB MO 3R 564 2L 5 wio KD_TSK, 142 6
I 20 PN 2 495 , (S04 77 MILP ()25 A MR, A Y mmme
W BRI T ?f . %% 4 Di‘% 4P e B o YRR - FAILR T4 iR
FKATUEW: 5L BIRAE L, Elec- 14.45 9.45 _
tricity 5044 I MSE |7} 0.4%, MAE 7} 0.6%; a0 205
Weather $(4i £ I- MSE # 7} 0.5%, MAE #& 7+ @1435 930 5
1.6%. 15 BB R e 2 A4 B M I, Electricity g 020
B4 |- MSE | T} 0.5%, MAE 427} 0.5%; Weath- 140 0.15 %
er BUHLAE - MSE 427} 0.3%, MAE 427} 0.7%. 5 14.25 oo §
AR R R 58 10 2 LE SR LL, Electricity 1420 — : . —— 900
B4 MSE F Tt 2.7%, MAE #27} 1.5%; Weath- (b) MLP J24¢
er 5 4E I MSE #2 7} 1.6%, MAE #2 7} 2.2%. 1E o PR I - PRI 4 HR
ST IR B 1 002, 4 BB 4 1 1k B R 1 4 s
VR g 7 7E 2 5, 3ok 7 T LB R 25 3 45 e i 035
R P B 4 5, N TRIE T 2 525 %
BRI AR %ﬁm s
) 14.22 9-10 §
R4 OEMERRER oo 905 5
Table 4 Ablation experiments 0.5 1.0 2.0 3.0
ik Electricity Weather . fc) m ZH B N
MSE MAE MSE MAE 14.32+ FIYEX RIS = SFEIYENT T I RS 035
w/o0 Emb 0.188 0.256 0.171 0.227 14.30 930 ;i
w/o Stu 0.140 0236  0.I55 0220 o JPEN 925 %
w/oStu TSK 0138 0235 0153 0210 g 146 ><\/ oot ﬁ
w/o KD_TSK 0.163 0.245 0.166 0.225 HQ‘_ 14.24 9.15 "g“%
TSK_DFKD 0.136 0.230 0.150 0.203 14.22 9.10 :1?
s RS TRt s 1420 e 905
(d) f B8

37 SHREESHT

e WL A e~ s \ — YRR - S Ay A X R 22
A0 T (1 S G AT T 28, DA A 14.45 ” 196

SR BT S A LB SE. %) e MLP 2 1440 195 =

H AR S o BRI 14 e

B, SREEHLIIIE 4 BRI 4G) A E g 1420 loo %
R M e=0.01 FEAKF] £=0.000 1 Bf; M 4(b) & | g 1425 9.1 i
6 MLP ZHON 2 42755 5 05 I 4(c) B 5 14.20 1907
mAt Am=0.5 $2 85 B m=3 i ; A 4(d) P& 2 pIH T 3 5 s

M B=0.1 $EE5EIp=1 i 5 MIE] 4(e) th 7 B AR () BB B

B 1275 3] 8 iF, MAE 1l MAPE 1 55 56 45 5 B4 7E PEMS08 HEE LTS MR g5 izttt
SRR S BN, X sl L], E PEMS08 % Fig. 4 Parametric sensitivity analysis on the PEMS08

AR R IEBE S e=0.001. 3 ZMLP 2. 38 HESHK
m=2. B=0.8 DL S AR KLU £y 3. I P A DS e s TR ) 2 A, IR



- 649 -

o B, S T ORI BOM RITR 28 1 (1) 22 22 45t 5 [R] e 571 39000 A5 55 3 4]

Jpe I PR 47 J HE BRI (R B OCHE H AR . 5 (W]
BF, 30 S5 25 08 7 il XA R th T it fk
BESRAE AT v 4 FHL S ] AR B SR O
X LA B >k DAk A [R) A Y A %03, R AR IR A ] A5
AU Z 8] F A 2, AEHE I b 5 — R
E WAL K /N (batch size Ay 32) Ff DL EL AL BRET (1]
VERNHEFRFE I . 78 Weather ZUHE4E [0 254 A4 13F
AT B R 96 R R AE LU . TP <y
K/MREREBARIZH = . W&l 5 iR, TSK_DFKD
TERCRTT HAL T 3T Transformer YRR L F
JE£F MLP(TIiDE) F1 GCN(TimesNet) 4575, f& B
HB AE R 1Y) % AL R SE PR g

o
0.30 F '
0.28
ZH0EN0°
026 | | Kkt i Informer
E{}i 02414 11.38
ok 5
022 -
g 020k 1;11135 iTranjfgrmer PatchTST
0.18 F TSK_DFKD ) 6.9 .TimesNet
0.16F  0.83 119
[ ]
014 1 1 1 1 1 1 1 )
0 1 2 3 4 5 6 7 8
PR /s

Bl 5 REEIFLL

Fig. 5 Comparison of models efficiency
4 % FRiE

TSGR I S R AL, AR SCHR Y —
TR R RO TR 2 AR Y 227 I ] 81 0 A
B 3 I BA SR ORI 25 R RE ) Y ST Y Y
i AR IE A% B B AT AN 5 AL BERE ) i R
TSK “#EBER i, REAS PR3 52 B R R I [1] 51
PR T 0N, ] R A 2 e AP ASE Y 0y 52 % B2 R4
BATRCR . B, SERAEN] T B B 5 2 B B 1
MAEZ TS5 5 D RIPL S IERER B . Ak T4
Kt — B AR, TR G I R 2R IR EOAR,
IG5 A B 338 5 R AE TR 5 I AR TR P fi

S 3k

(1] Wy, MITEAE, T4E, % B TR IITE S MBI RS
BT B S5 0eE, 2025, 40(4): 1116-1126.
CHEN Mei, LIU Boya, WANG Yu, et al. Fuzzy cluster-
ing algorithm based on time series morphology[J]. Con-
trol and decision, 2025, 40(4): 1116—1126.

(2] W37, SR TR A BT A O 3R 52 (4 TR T A 1)
FFHNEELRTRMII]. #51 5P, 2024, 39(9): 3099-3107.
HU Lei, HAN Min. Online prediction of chaotic time
series based on kernel conjugate gradient evolving fuzzy
system[J]. Control and decision, 2024, 39(9): 3099-3107.

[3] SHIH S Y, SUN Fankeng, LEE H Y. Temporal pattern at-
tention for multivariate time series forecasting[J]. Ma-

[4]

(5]

(6]

(7]

(8]

(9]

[10]

[11]

[12]

[13]

[14]

chine learning, 2019, 108(8): 1421-1441.

ZHANG Yuxin, CHEN Yiqiang, WANG Jindong, et al.
Unsupervised deep anomaly detection for multi-sensor
time-series signals[J]. IEEE transactions on knowledge
and data engineering, 2023, 35(2): 2118-2132.
STANKEVICIUTE K, ALAA A M, VAN DER
SCHAAR M. Conformal time-series forecasting[C]//Neural
Information Processing Systems. online: NeurIPS. 2021:
6216—6228.

ZHOU Erhao, VONG C M, NOJIMA Y, et al. A fully in-
terpretable first-order TSK fuzzy system and its training
with negative entropic and rule-stability-based regulariza-
tion[J]. IEEE transactions on fuzzy systems, 2023, 31(7):
2305-2319.

BIAN Zekang, ZHANG Jin, NOJIMA Y, et al. Hybrid-
ensemble-based interpretable TSK fuzzy classifier for im-
balanced data[J]. Information fusion, 2023, 98: 101845.
SRAERE, K, BULE, 4. R T UM — ML A TR
TSK R 73 S5 KA 22 SO 1 i 155 U001 PP A 17
A #5515 045K, 2024, 39(4): 1315-1324.

ZHANG Xiongtao, LI Shuimiao, WENG Jiangwei, et al.
Recognition of multivariate epilepsy EEG signals based
on view-to-rule deep TSK fuzzy classifier[J]. Control and
decision, 2024, 39(4): 1315-1324.

W B, B, s, 55, S B Takagi-Sugeno-Kang
BRI IR AR 1 232 8 SO AR I L A5 57 2 b I HH ).
EHE RG], 2024, 19(6): 1419-1427.

JIANG Yunliang, YIN Zezong, ZHANG Xiongtao, et al.
TSK fuzzy distillation classifier with negative Euclidean
probability and High-order fuzzy dark knowledge trans-
fer and its application on EEG signals classification[J].
CAALI transactions on intelligent systems, 2024, 19(6):
1419-1427.

SREREE, MRS, X, 45, BT 20 A & R R 2R
B TSK /288 [7]. B e RG24, 2025, 20(5):
1136—-1147.

ZHANG Xiongtao, CHEN Tianyu, ZHAO Kang, et al.
TSK fuzzy classifier based on multi-teacher adaptive
knowledge distillation[J]. CAAI transactions on intelli-
gent systems, 2025, 20(5): 1136—1147.

JIANG Jiawei, HAN Chengkai, ZHAO W X, et al. PD-
Former: propagation delay-aware dynamic long-range
transformer for traffic flow prediction[J]. Proceedings of
the AAAI conference on artificial intelligence, 2023,
37(4): 4365—4373.

PALEYES A, URMA R G, LAWRENCE N D. Chal-
lenges in deploying machine learning: a survey of case
studies[J]. ACM computing surveys, 2022, 55(6): 1-29.
QIU Yaner, MA Liyun, PRIYADARSHI R. Deep learn-
ing challenges and prospects in wireless sensor network
deployment[J]. Archives of computational methods in en-
gineering, 2024, 31(6): 3231-3254.

CHEN Guobin, CHOI W, YU Xiang, et al. Learning effi-
cient object detection models with knowledge distillation[C]//
Proceedings of the 31st International Conference on
Neural Information Processing Systems. New York: ACM,


https://doi.org/10.13195/j.kzyjc.2024.0755
https://doi.org/10.13195/j.kzyjc.2024.0755
https://doi.org/10.13195/j.kzyjc.2024.0755
https://doi.org/10.13195/j.kzyjc.2023.0573
https://doi.org/10.13195/j.kzyjc.2023.0573
https://doi.org/10.1007/s10994-019-05815-0
https://doi.org/10.1007/s10994-019-05815-0
https://doi.org/10.1109/tkde.2021.3102110
https://doi.org/10.1109/tkde.2021.3102110
https://doi.org/10.1109/TFUZZ.2022.3223700
https://doi.org/10.1016/j.inffus.2023.101845
https://doi.org/10.13195/j.kzyjc.2022.1305
https://doi.org/10.13195/j.kzyjc.2022.1305
https://doi.org/10.13195/j.kzyjc.2022.1305
https://doi.org/10.11992/tis.202307029
https://doi.org/10.11992/tis.202307029
https://doi.org/10.1609/aaai.v37i4.25556
https://doi.org/10.1609/aaai.v37i4.25556
https://doi.org/10.1145/3533378

521 4% BOfiE R & ¥ i * 650 -
2017: 742-751. ceedings of the AAAI conference on artificial intelli-

[15] XU Qing, CHEN Zhenghua, WU Keyu, et al. KDnet- gence, 2023,37(9): 11121-11128.

RUL: a knowledge distillation framework to compress [28] DAS A, KONG Weihao, LEACH A, et al. Long-term
deep neural networks for machine remaining useful life forecasting with TiDE: time-series dense encoder[EB/OL].
prediction[J]. IEEE transactions on industrial electronics, (2023—-04-17)[2025-01-01]. https://arxiv.org/abs/2304.
2022, 69(2): 2022-2032. 08424.

[16] LI Ying, LI Ping, YAN Doudou, et al. Deep knowledge [29] WUH,HUT, LIU Y, et al. Timesnet: Temporal 2d-vari-
distillation: a self-mutual learning framework for traffic ation modeling for general time series analysis[C]//Pro-
prediction[J]. Expert systems with applications, 2024, ceedings of the International Conference on Learning
252:124138. Representations. Kigali, 2023.

[17] YANG Xue, YANG Xiaojiang, YANG Jirui, et al. Learn- [30] ZHOU Haoyi, ZHANG Shanghang, PENG Jieqi, et al. In-
ing high-precision bounding box for rotated object detec- former: beyond efficient transformer for long sequence
tion via kullback-leibler divergence[C]//Neural Informa- time-series forecasting[J]. Proceedings of the AAAI con-
tion Processing Systems. online: NeurIPS. 2021: 18381~ ference on artificial intelligence, 2021, 35(12): 11106-11115.
19394. [31] ZHOU Tian, MA Ziging, WANG Xue, et al. Fedformer:

[18] HE Kaiming, ZHANG Xiangyu, REN Shaoging, et al. frequency enhanced decomposed transformer for long-
Deep residual learning for image recognition[C]//2016 term series forecasting[M]//Al for Time Series. Boca
IEEE Conference on Computer Vision and Pattern Recog- Raton: CRC Press, 2026: 10-34.
nition. Piscataway: IEEE, 2016: 770-778. [32] NIE Yugi, NGUYEN N H, SINTHONG P, et al. A time

[19] XU Jingjing, SUN Xu, ZHANG Zhiyuan, et al. Under- series is worth 64 words: long-term forecasting with trans-
standing and improving layer normalization[C]//Neural formers[EB/OL]. (2022—11-27)[2025-01-01]. https://arxiv.
Information Processing Systems.Vancouver: NeurIPS. org/abs/2211.14730.

2019:32. [33] ZHANG Yunhao, YAN Junchi. Crossformer: trans-

[20] ZHANG Yuanpeng, WANG Guanjin, HUANG Xiuyu, et al. f o e . i

: o ormer utilizing cross-dimension dependency for mul
TSK fuzzy system fus1o.n.at s.ensmVlty-ensemb.le-level. for tivariate time series forecasting[C]//International Confer-
imbalanced data classification[J]. Information fusion, . .
2023, 92: 350362 ence on Learning Representations, 2023.
[21] JIAN,G Yunliang, WENG Jiangwei, ZHANG Xiongtao, et al [34] LIU Yong, HU Tengge, ZHANG Haoran, ct al. iTrans-
? . ? . o ' former: inverted transformers are effective forecasting[C]//
A CNN-based born-again TSK fuzzy classifier integrat- . . .
. . . o Proceedings of International Conference on Learning
ing soft label information and knowledge distillation[J]. . .
i Representations.Vienna: ICLR, 2024.
IEEE transactions on fuzzy systems, 2023, 31(6): 1843—
1854, EEE I

[22] DENG Zhaohong, CHOI K S, CHUNG F L, et al. Scal- VR B L ST
able TSK fuzzy modeling for very large datasets using E BRG] RIR R 5] A A
minimal-enclosing-ball approximation[J]. IEEE transac- R S A R S S
tions on fuzzy systems, 2011, 19(2): 210-226. S E S HRRIE 13 5, %

(23] BOTEV Z 1, KROESE D P, RUB.IN.STF?IN RY, etal. £ R 63 B A
The cross—efltr.opy metl}od for oPtlmlzatlon[M]//Han.d— 2 9, ALK LA 26 3. E-mail: jyl@
book of Statistics-Machine Learning: Theory and Applic- zjhu.edu.cn,
ations. Amsterdam: Elsevier, 2013: 35-59.

[24] WU Wei, FAN Qinwei, ZURADA J M, et al. Batch KGN, AT A, EEAGET
gradient method with smoothing regularization for train- AR RS IRE >, E-mail:
ing of feedforward neural networks[J]. Neural networks, 1937365006@qq.com.

2014, 50: 72-78.

[25] REYAD M, SARHAN A M, ARAFA M. A modified
Adam algorithm for deep neural network optimization[J].

Neural computing and applications, 2023, 35(23): 17095—
17112.

[26] MARDANI M, SUN Qingyun, VASAWANALA S, et al. TRHE, Bl BAZ, WL, EEMR
Neural proximal gradient descent for compressive ima- J7 R 2 2] B R S R sl
ging[C]//Proceedings of the 32nd International Confer- I 2 EYY . E-mail: 1047897965@
ence on Neural Information Processing Systems. New qq.com,

York: ACM, 2018: 9596—9606.
[27] ZENG Ailing, CHEN Muxi, ZHANG Lei, et al. Are

transformers effective for time series forecasting?[J]. Pro-



https://doi.org/10.1109/TIE.2021.3057030
https://doi.org/10.1016/j.eswa.2024.124138
https://doi.org/10.1016/j.inffus.2022.12.014
https://doi.org/10.1109/TFUZZ.2022.3215566
https://doi.org/10.1109/TFUZZ.2010.2091961
https://doi.org/10.1109/TFUZZ.2010.2091961
https://doi.org/10.1109/TFUZZ.2010.2091961
https://doi.org/10.1016/j.neunet.2013.11.006
https://doi.org/10.1007/s00521-023-08568-z
https://arxiv.org/abs/2304.08424
https://arxiv.org/abs/2304.08424
https://doi.org/10.1609/aaai.v35i12.17325
https://doi.org/10.1609/aaai.v35i12.17325
https://doi.org/10.1609/aaai.v35i12.17325
https://arxiv.org/abs/2211.14730
https://arxiv.org/abs/2211.14730
mailto:jyl@zjhu.edu.cn
mailto:jyl@zjhu.edu.cn
mailto:1937365006@qq.com
mailto:1047897965@qq.com
mailto:1047897965@qq.com

