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A complex-valued multi-domain loss fusion network for
time series forecasting

HAO Jianlong, DU Yinhuan, XUE Lingrong, ZHANG Wei, LI Ruipu

(School of Information, Shanxi University of Finance and Economics, Taiyuan 030006, China)

Abstract: Time series forecasting possesses extensive application value in critical fields such as power systems, meteor-
ology, and transportation. Traditional models are constrained by single temporal domain loss functions, phase informa-
tion loss in the real number domain, and fixed-weight optimization imbalance, making it difficult to adapt to complex
temporal characteristics. This paper proposes a complex-valued multi-domain loss fusion time series prediction network
(CFuseTS). It adopts complex-valued convolution and conjugate complex-valued attention to jointly capture the amp-
litude and phase features of time series data, breaking the inherent limitations of real-valued modeling. Meanwhile, a
multi-domain synergistic loss (MDSL) module is constructed to implement joint constraints on multivariate time series,
and the dynamic gradient equalizer (DGE) dynamically adjusts the weights of each domain in real time to mitigate op-
timization bias from conventional fixed-weight strategies. Experiments on 8 benchmark datasets show that CFuseTS re-
duces mean squared error (MSE) by an average of 6.51% and a maximum of 14.78% for all predicted lengths
(96/192/336/720 time steps) compared to existing advanced methods, fully validating its effectiveness and generaliza-
tion ability.

Keywords: time series forecasting; complex-valued neural networks; loss function; complex attention mechanism; fast

Fourier transform; phase aware; time-frequency fusion; dynamic gradient balancing
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Fig.1 CFuseTS model overall architecture
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Table 1 Feature details for 8 datasets

Btk KR Bdages CREEECE G
ETTml1/2 69 680 7 15 min RETR
ETTh1/h2 17420 7 1h RETR
Electricity 26 304 321 lh RETR
Exchange 7588 8 1d 4=

Traffic 17 544 862 lh i}

Weather 52 696 21 10 min KR

32 BARBSIFMNIEMR

ARSCLR I T 6 N IEAEBIRAME XTI, &
5 FilterTSP'!, TimeMixer®?!, iTransformer!'?,
PatchTST!'Y | TimesNet??| FreTS*'!, H F Fil-
terTS IKF T Y fif A BY 19 Je L1k BB, A% 55 4 32 %L
A FilterTS VB b FE A AY LB fig o
33 EBAT

SIS A BRI 22 2] W 45 5 BT Python3.8 ¥R
¥4 . PyTorch i A 1.13 A1 CUDA 11.8 SLELHY, Jf:
£ 16 GB A7) NVIDIA GeForce GTX 3060 GPU
i an/llE2Ne

S ) T R RO [ B 7 1R 336 S
) 25, X g A~ %5 4l 4 90000 Y e o S RE Y L R
{96,192,336,720}, fifi F Adam b #% A5 401K o
B IZREE R G 2% 2 R, LRFEE RN 0.15;
SIS — R 32 (D E LR KNS 10 8 8 25
JA 9T . I 2R 40 1 I A 48 ORI AL ) 46 = >
R, RAES H1{0.0001,0.0005,0.001},
34 LIHR

R 2B T HBAAE 8 DRSS L MSE
FIMAE ¥J{H, Forp 25 R DO AR R BoR, IR
FESS R T 0K WoR . SEo g5 SRR, 76 i 1
WK B I i1 MSE, CFuseTS 7 8 %l 4
17 A EEUS T RICYERE . 7E Exchange U4 4
o BIRPERE O — E R R R, X — 4
BT P TR EE A RK BRI o R AR, B
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W, O3S O R B KRR A B 5, T iTrans-
former S5 158 AU A1 FH &2 2% 7 5 77 ML 2 28 )8 48 AL
i, WS N 2w R L B s, REMH
Il — 22 Bk, CFuseTS -3 MSE Fb R A 1 38 i
B FilterTS FEAK 2.43%, B0iE 1 & (5 AR {37 8 60 %
s JE SRR AR AL BE 0 4 . [RIBY, CFuseTS 5
3 T8 g ST B 9 2% PatchTST A He P MSE [

8T 6.66%, ix & B H T A% & 7] 3 =2 45 B AY A 2L
1248, 7T DL A R R AL R . LUK, CFuseTS 7£
e AL TR F MLP 2544 /%) TimeMixer Fll
i FH i 2 I LI 1Y iTransformer, 4473 MSE 43
TFEAR T 6.07% F1 3.95%, 3% 3¢ WA 38 13 & Il AL il
PRI Rl 2272 f () A B0 38 43 it 1 7 vk LU AT B
B il R M T R, B4, CFuseTS 76T A 1155
it FreTS, #F— 2 R LR REL B AR A
FCAE I B R AE A A, iAok [ X TUAR IR A
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Table 2 Prediction results of multivariate long-term series on 8 datasets

WO CFuseTS FilterTS TimeMixer iTransformer PatchTST TimesNet FreTS
MSE MAE MSE MAE MSE MAE MSE MAE MSE MAE MSE MAE MSE MAE
96 0.298 0.349 0.321 0.360 0.333 0.371 0.334 0.368 0.329 0.367 0.338 0.375 0.355 0.371
192 0.341 0.375 0.363 0.382 0.367 0386 0.377 0.391 0.367 0.385 0.374 0387 0.377 0.394
ETTml 336 0.378 0.396 0.395 0.403 0397 0.408 0.426 0.420 0.399 0410 0410 0411 0.413 0418
720 0.437 0.429 0.462 0438 0.460 0.445 0.491 0.459 0454 0.439 0478 0.450 0.483 0.461
0364 0.387 0385 0396 0389 0.403  0.407 0.410 0.387 0.400 0.400 0.406 0.402 0.411
96 0.176 0.262 0.172 0.255 0.174 0.258 0.180 0.264 0.175 0.259 0.187 0.267 0.181 0.269
192 0.233 0.299 0.237 0.299 0.239 0302 0.250 0.309 0.241 0.302 0.249 0.309 0.249 0.322
ETTm2 336 0.281 0.333 0.299 0.398 0.296 0.340 0.311 0.348 0.305 0.343 0.321 0.351 0.340 0.382
720 0.375 0.382 0.397 0.394 0.393 0.397 0.412 0.407 0.402 0.400 0.408 0.403 0.449 0.455
FH 0266 0319 0276 0321 0276 0324 0288 0332 0281 0.326 0291 0333 0.305 0.357
96 0.386 0.406 0.374 0.391 0.384 0.398 0.386 0.405 0.414 0419 0.384 0.402 0.390 0.404
192 0.422 0427 0.424 0421 0439 0429 0.441 0436 0460 0.445 0436 0429 0.448 0.439
ETThl 336 0.444 0.441 0.464 0.441 0.487 0.455 0487 0.458 0.501 0.466 0.491 0.469 0.501 0.470
720  0.479 0.477 0.470 0.466 0.502 0.482 0.503 0.491 0.500 0.488 0.512 0.500 0.559 0.535
SFE) O 0.433 0438 0.433 0.430 0453 0441 0454 0448 0.469 0.455 0458 0450 0.475 0.462
96  0.293 0351 0.290 0.338 0.293 0.344 0.297 0349 0.302 0.348 0.340 0.374 0.317 0.373
192 0.362 0.393 0.374 0.390 0.374 0396 0.380 0.400 0.388 0.400 0.402 0.414 0.427 0.442
ETTh2 336 0.380 0.413 0.406 0.420 0.416 0430 0.428 0.432 0426 0.433 0.452 0452 0.526 0.505
720 0.412 0.442 0418 0.437 0.440 0.452 0.427 0445 0431 0.446 0462 0.468 0.684 0.591
FH 0362 0400 0372 0.396  0.381 0.406 0383 0.407 0.387 0407 0414 0427 0.489 0.478
96 0.138 0.236 0.151 0.245 0.157 0.250 0.148 0.240 0.181 0.270 0.168 0.272 0.177 0.264
192 0.156 0.252 0.163 0.256 0.177 0.263 0.162 0.253 0.188 0.274 0.184 0.289 0.183 0.271
Electricity 336 0.172 0.269 0.180 0.274 0.189 0.282 0.178 0.269 0.204 0.293 0.198 0.300 0.198 0.288
720 0.210 0.302 0.224 0.311 0233 0316 0.255 0.317 0.246 0324 0.220 0320 0.234 0.322
FH 0169 0.265 0.180 0271 0.189 0278 0.178 0270 0.205 0.290 0.193 0.295 0.255 0.300
96 0.093 0.217 0.081 0.199 0.087 0.205 0.086 0.206 0.088 0.205 0.107 0.234 0.085 0.211
192 0.193 0314 0.171 0.294 0.179 0300 0.177 0.299 0.176 0.299 0.226 0.344 0.181 0.312
Exchange 336 0.363 0.441 0.321 0.409 0333 0.417 0331 0.417 0301 0.397 0.367 0.448 0.471 0.508
720  0.968 0.737 0.837 0.688 0912 0.719 0.847 0.691 0.901 0.714 0.964 0.746 0.858 0.695
FE O 0.404 0427 0352 0397 0378 0410 0360 0.403 0.367 0.404 0.416 0.443 0.399 0.432
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HOEAE it CFuseTS FilterTS TimeMixer iTransformer PatchTST TimesNet FreTS

MSE MAE MSE MAE MSE MAE MSE MAE MSE MAE MSE MAE MSE MAE

96 0.383 0.274 0.448 0.309 0.485 0.323 0.395 0.268 0.462 0.295 0.593 0.321 0.512 0.328

192 0.401 0.282 0.455 0.307 0.488 0.322 0.417 0.276 0.466 0.296 0.617 0336 0.507 0.325

Traffic 336 0.416 0.290 0.472 0.313 0.507 0.321 0.433 0.283 0.482 0.304 0.629 0336 0.521 0.331

720 0.452 0312 0.508 0.332 0.549 0.335 0.467 0.302 0.514 0.322 0.640 0350 0.562 0.348

-1y 0.413 0.290 0.471 0.315 0.507 0.325 0.428 0.282 0.481 0.304 0.620 0.336 0.526 0.333

96 0.158 0.211 0.162 0.207 0.166 0.213 0.174 0.214 0.177 0218 0.172 0.220 0.182 0.236

192 0.209 0.256 0.209 0.252 0.209 0.251 0.221 0.254 0.225 0.259 0.219 0.261 0.219 0.217

Weather 336 0.253 0.286 0.263 0.292 0.264 0.293 0.278 0.296 0.278 0.297 0.280 0.306 0.270 0.313

720 0.324 0336 0.344 0.344 0.342 0.343 0.358 0.349 0.354 0.348 0.365 0.359 0.348 0.380

-1y 0.236 0.272 0.244 0.274 0.245 0.275 0.258 0.278 0.259 0.281 0.259 0.287 0.255 0.300
RAREIRIE 31 20 10 16 0 1 0 5 1 1 0 0 0 0

TE R E AR ALEE R, T RIZ B E KA SS

H B SE IR

T 99 iE CFuseTS BB A 2, 48 3¢
T£ ETTm1 ., Weather, Electricity 3 P4(g 4 I #17
TIHE R . HAARRUL, TEAE T LU 2K w/o-
PACF (I B AH 57 J2% 0 528 U8 i A5 8 ) Fll w/o-MD-
SLOMH B 22 5k o [] 4 S A ) o

F3GW T IHm IR, AT LOWEE R, I

3.5

o A 7 SN A2 (B DR D B RS , BEAUAE 3 A HHiE 4R
13-4 MSE 43051 ETF 0.3%. 2.1%. 1.3%, F#4 1
AE TR 1.23%, X WF T & Fos s, 2 Rk
W7 VR B B 5 I 15 22 S5k By ) 461 R B S, A
RIR)SE- 44 MSE 4351 BT 1.0%., 1.6%. 1.5%, “F-3
PERE T REZ0 1.37%, UEBH T 22 35 24 5RO 55 764 T )
K BE 3 THNE

x3 HRMELRER
Table 3 Ablation experimental results

el i 1 i CFuseTS w/o PACF w/o MDSL
MSE MAE MSE MAE MSE MAE
96 0.298 0.349 0.338 0.370 0.344 0.375
192 0.341 0.375 0.345 0.370 0.345 0.370
ETTml 336 0.378 0.396 0.345 0.413 0.379 0.390
720 0.437 0.429 0.438 0.423 0.428 0.423
1 0.364 0.387 0.367 0.394 0.374 0.390
96 0.158 0.211 0.172 0.215 0.192 0.232
192 0.209 0.256 0.219 0.261 0.226 0.263
Weather 336 0.253 0.286 0.268 0.301 0.266 0.296
720 0.324 0.336 0.368 0.373 0.322 0.341
F-1 0.236 0.272 0.257 0.288 0.252 0.283
96 0.138 0.236 0.165 0.264 0.190 0.270
192 0.156 0.252 0.164 0.263 0.163 0.256
Electricity 336 0.172 0.269 0.186 0.284 0.172 0.268
720 0.210 0.302 0.212 0.315 0.210 0.302
Py 0.169 0.265 0.182 0.282 0.184 0.274

4 HRE 45824 192 5 I i 6] 9 O 080 CFuseTS. 2

ARSCIR T — b T = AE AL 5 2 5 P

A RO B S A% 0, 18 5 2 ROBE 52 F DB A
f IO B[] 45030 5 RH AL RRAIE , 46545 I AR
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