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Lightweight Multivariate Time Series Forecasting Method Based on Divide-and-conquer Strat-
egy and Frequency Domain Modulation
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Abstract: The encoder-decoder architecture serves as the predominant framework for multivariate long-term time series forecasting.
However ,research on decoder structures remains relatively underexplored. The use of a simple fully connected layer as the decoder not
only leads to a large number of model parameters but also neglects the channel heterogeneity and temporal dependencies inherent in
multivariate time series. To address these issues, this paper proposes a lightweight multivariate long-term time series forecasting method
based on divide-and-conquer strategy and frequency-domain modulation. First, the frequency-domain segmentation encoder divides the
historical time series into segments and maps them to the frequency domain,and employs a frequency-domain mixer to extract intra-
segment features and inter-segment correlations. Then , the divide-and-conquer strategy decomposes the long-term forecasting task into
sub-forecasting tasks for each frequency component,achieving a lightweight decoder design through parameter sharing. Finally,a chan-
nel modulation head and a temporal modulation head are introduced to refine the preliminary forecasting results in the frequency do-
main ,compensating for the decoder’s shortcomings in modeling channel heterogeneity and temporal dependency. Experiments on five
time series datasets demonstrate that the proposed method achieves superior forecasting accuracy compared to existing eight baseline
models while exhibiting outstanding lightweight characteristics.

Keywords : multivariate long-term time series forecasting; decoder ; divide-and-conquer ; channel heterogeneity ; temporal dependency
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Table 2 Forecasting performance of the proposed model and baseline models
ViR DCFMNet PatchTST FITS DLinear iTransformer MICN TimesNet FEDformer Autoformer
TR AR MSE MAE MSE MAE MSE MAE MSE MAE MSE MAE MSE MAE MSE MAE MSE MAE MSE MAE
96 0.346 0.378 0.370 0.400 0.374 0.395 0.375 0.399 0.387 0.405 0.421 0.431 0.384 0.402 0.376 0.419 0.449 0.459
192 0.387 0.404 0.413 0.429 0.407 0.414 0.405 0.416 0.441 0.436 0.474 0.487 0.436 0.429 0.420 0.448 0.500 0.482
ETTh 336 0.403 0.419 0.422 0.440 0.429 0.428 0.439 0.443 0.488 0.459 0.569 0.551 0.491 0.469 0.459 0.465 0.521 0.496
720 0.413 0.439 0.447 0.468 0.425 0.446 0.472 0.490 0.501 0.488 0.770 0.672 0.521 0.500 0.506 0.507 0.514 0.512
96 0.270 0.328 0.274 0.337 0.271 0.337 0.289 0.353 0.300 0.350 0.299 0.364 0.340 0.374 0.358 0.397 0.346 0.388
ETTh 192 0.329 0.369 0.341 0.382 0.332 0.375 0.383 0.418 0.380 0.399 0.441 0.454 0.402 0.414 0.429 0.439 0.456 0.452
336 0.367 0.400 0.329 0.384 0.354 0.396 0.448 0.465 0.424 0.432 0.654 0.567 0.452 0.452 0.496 0.487 0.482 0.486
720 0.373 0.417 0.379 0.422 0.378 0.423 0.605 0.551 0.429 0.447 0.956 0.716 0.462 0.468 0.463 0.474 0.515 0.511
96 0.287 0.328 0.293 0.346 0.303 0.345 0.299 0.343 0.341 0.376 0.316 0.362 0.338 0.375 0.379 0.419 0.505 0.475
S— 192 0.330 0.358 0.333 0.370 0.337 0.365 0.335 0.365 0.380 0.394 0.363 0.390 0.374 0.387 0.426 0.441 0.553 0.496
336 0.359 0.377 0.369 0.392 0.366 0.385 0.369 0.386 0.418 0.418 0.408 0.426 0.410 0.411 0.445 0.459 0.621 0.537
720 0.414 0.408 0.416 0.420 0.416 0.412 0.425 0.421 0.487 0.457 0.481 0.476 0.478 0.450 0.543 0.490 0.671 0.561
96  0.159 0.245 0.166 0.256 0.163 0.253 0.167 0.260 0.185 0.271 0.179 0.275 0.187 0.267 0.203 0.287 0.255 0.339
ETTmo 192 0.215 0.284 0.223 0.296 0.217 0.291 0.224 0.303 0.251 0.312 0.307 0.376 0.249 0.309 0.269 0.328 0.281 0.340
336 0.268 0.322 0.274 0.329 0.268 0.326 0.281 0.342 0.316 0.351 0.325 0.388 0.321 0.351 0.325 0.366 0.339 0.372
720 0.352 0.375 0.362 0.385 0.349 0.378 0.397 0.421 0.409 0.405 0.502 0.490 0.408 0.403 0.421 0.415 0.433 0.432
96 0.147 0.193 0.149 0.198 0.170 0.224 0.176 0.237 0.174 0.214 0.161 0.229 0.172 0.220 0.217 0.296 0.266 0.336
Weather 192 0.188 0.233 0.194 0.241 0.213 0.260 0.220 0.282 0.227 0.259 0.220 0.281 0.219 0.261 0.276 0.336 0.307 0.367
336 0.239 0.271 0.245 0.282 0.258 0.295 0.265 0.319 0.280 0.297 0.278 0.331 0.280 0.306 0.339 0.380 0.359 0.395
720 0.308 0.321 0.314 0.334 0.320 0.339 0.323 0.362 0.359 0.350 0.311 0.356 0.365 0.359 0.403 0.428 0.419 0.428
BAENH 37 2 2 0 0 0 0 0 0
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Fig. 8 Comparison of signal-channel forecasting curves
of different models on the ETTh1 dataset
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Table 3  Ablation study results of decoders

ik DCFMNet DCFMNett
LR MSE MAE MSE MAE
9 0.346 0.378 0.349 0.379
192 0.387 0.404 0.387 0.405
ETThl
336 0.403 0.419 0.404 0.427
720 0.413 0.439 0.416 0.442
9 0.270 0.328 0.269 0.328
192 0.329 0.369 0.329 0.369
ETTh2
336 0.368 0.400 0.370 0.401
720 0.373 0.417 0.377 0.418
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Table 4 Ablation study results of frequency
domain modulation heads

VRS DCFMNet DCFMNet-CT DCFMNet-C - DCFMNet-T
PR MSE MAE MSE MAE MSE MAE MSE MAE
96 0.346 0.378 0.356 0.380 0.355 0.380 0.348 0.380

192 0.387 0.404 0.397 0.406 0.397 0.406 0.388 0.405
336 0.403 0.419 0.410 0.421 0.411 0.423 0.407 0.424
720 0.413 0.439 0.418 0.439 0.418 0.439 0.416 0.441

96 0.270 0.328 0.279 0.331 0.279 0.331 0.270 0.329

192 0.329 0.369 0.356 0.379 0.356 0.380 0.330 0.370
336 0.367 0.400 0.387 0.408 0.391 0.410 0.370 0.402
720 0.373 0.417 0.396 0.429 0.390 0.427 0.379 0.418

96 0.147 0.193 0.170 0.216 0.170 0.212 0.147 0.195

192 0.188 0.233 0.212 0.254 0.212 0.250 0.188 0.233
336 0.239 0.271 0.259 0.291 0.258 0.287 0.239 0.271
720 0.308 0.321 0.322 0.337 0.321 0.335 0.307 0.323

ETThl

ETTh2

Weather
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Table 5 Performance results of the frequency domain

modulation head combined with other baselines

F: DLinear * DLinear
WM ERE  MSE MAE MSE MAE MSE MAE MSE MAE
96 0.295 0.341 0.299 0.343 0.334 0.371 0.341 0.376

ETThl 192 0.331 0.363 0.335 0.365 0.375 0.389 0.380 0.394
336 0.368 0.384 0.369 0.386 0.413 0.414 0.418 0.418

720 0.424 0.417 0.425 0.421 0.482 0.452 0.487 0.457

96 0.162 0.231 0.176 0.237 0.172 0.212 0.174 0.214

192 0.206 0.274 0.220 0.282 0.221 0.256 0.227 0.259

ETTh2 336 0.256 0.313 0.265 0.319 0.278 0.296 0.280 0.297
720 0.322 0.363 0.323 0.362 0.353 0.347 0.359 0.350
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Fig.9 Visualization of the decoder’'s weights
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