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Abstract. To address the issues of high computational costs and inability to capture the overall trend of time series using Transformer
based method, a combined approach of Transformer and seasonal trend decomposition was proposed. A novel federated long-term
time series forecasting algorithm based on decomposed Transformer was introduced, where the decomposition method was employed
to capture the global overview of time series. In practical scenarios, time series data originated from multiple different clients. Con-
sidering data privacy concerns, a federated learning approach was utilized to obtain an overall optimal forecasting model from multi-
ple clients, employing an optimizer based on locally sharpness-aware minimization (SAM) to improve the generalization of the
global model. Compared with advanced methods, improvements were observed across multivariate and univariate time series forecas-
ting tasks on four benchmark datasets, with the highest performance enhancement reaching 26.9% on the electricity consuming load
(ECL) dataset. Experimental results strongly indicated the effectiveness of seasonal trend decomposition and the SAM optimizer in
long-term time series forecasting tasks.
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Table 1 Feature details of four datasets ( five cases)

PGS P ey JE3/min
ETTm, 69 680 8 15
ETTh, 17 420 8 60
ECL 26 304 322 60
Traffic 17 544 863 60
Weather 52 696 22 10
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Table 2 Multivariate long-term time series forecasting results under federated settings on four datasets ( five cases)

Bg g Erp VNG BN FedGKD FedDyn MOON FedProx
£ OKE  E, Ey, Eys Eya Eys Eya Eys Ey Eys Eya Eys Eyia
96 0.111 0.231 0.107 0.224 0.108  0.225 0.116  0.232 0.108  0.225 0.123 0.242
ETTm, 192 0.134  0.251 0.131  0.247 0.133  0.248 0.140  0.257 0.133  0.248 0.145 0.262
336 0.166  0.279 0.166 0.274 0.168 0.276 0.168  0.278 0.168  0.276 0.175 0.286
720  0.218  0.320 0.224 0.319 0.224 0.320 0.224 0.323 0.225 0.320 0.227 0.325
96 0.191 0.302 0.185 0.293 0.187  0.293 0.192  0.298 0.187  0.293 0.187 0.294
ETTh, 192 0.223  0.330 0.215 0.317 0.217  0.318 0.223  0.323 0.217  0.317 0.218 0.319
336 0.242  0.349 0.230 0.332 0.232  0.331 0.239  0.338 0.232  0.332 0.236  0.336
720 0.292  0.385 0.289 0.373 0.291 0.373 0.296  0.375 0.291 0.374 0.292 0.376
96 0.180 0.294 0.183  0.296 0.185  0.299 0.292  0.392 0.185  0.300 0.228 0.338
ECL 192 0.191 0.305 0.198 0.310 0.209  0.321 0.321 0.410 0.209 0.321 0.287 0.380
336 0.208 0.324 0.207 0.320 0.210  0.323 0.293  0.388 0.213  0.327 0.267 0.371
720  0.238  0.347 0.252  0.309 0.256  0.362 0.372  0.447 0.256  0.362 0.324 0.406
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e W R AHIFFEIT FedGKD FedDyn MOON FedProx
% KE Es Ew  Es  Ew  Es  Ew  Ew  Ew  Es  Ew By  Ew
96 0383 0328 0402 0337 0412 0341 0506 0422 0.412 0341 0.464 0.390
, 192 0401 0335 0410 0339 0415 0344 0531 0437 0415 0343 0.557 0.438
Traffic 336 0415 0347 0420 0343 0426 0351 0552 0441 0426 0351  0.492  0.409
720 0.437 0360 0437 0358 0439 0362 0.601 0474  0.438 0.362  0.540 0.436
96 0.188 0268 0198 0273  0.294 0279 0226 0296 0204 0279  0.199 0.274
192 0254 0.324 0244 0304 0258 0331 0273 0328 0255 0331 0272 0.324
Weather 336 0318 0366 0303 0344 0328 0375 0323 0355 0.327 0375 0316 0.353
720 0.387 0.405  0.385 0.391  0.391 0399  0.400 0402  0.392  0.398  0.393 0.398

35 BETEMEFITUNER

HPNAT 55 h 22728 40 A8 O AR R, BRI EAT

W, AR AN 3 P, RS R UL IA S R
X TR RATL S, AT H) SAM J5 ik AE 24 Bl

£ SR EETERE, X T Weather Z04E 4, 7T L)
WEER) LT A 7 B AR P AT AR B 4, T g2 i T
RAEAR AW E A FRAE , Horh e 91 B A [a] 58 43 4 A
—HMFIEE

K3 OBIRIREET 4 DB (5 L) B SR d R ST i) 81 T 25

Table 3 Univariate long-term time series forecasting results under federated settings on four datasets ( five cases)

B wm sl EN T EhIRS FedGKD FedDyn MOON FedProx
% KE Es Ew  Ew Ew  Eyw  Ey  Eyw  Ey  Eyw  Ey Ey  Ey
96 0.100 0.225 0.100 0.222 0.100 0.222 0.117  0.251 0.102  0.228 0.150 0.292

ETTm, 192  0.161 0.297 0.157 0.288 0.159  0.291 0.184  0.321 0.163  0.297 0.211 0.347
336 0.234  0.360 0.231 0.355 0.231 0.355 0.249 0.374 0.235 0.358 0.277 0.397

720  0.322 0.436 0.319 0433 0.320 0.433 0.347  0.455 0.322 0.436 0.351 0.459

96 0.238 0.376 0.240 0.375 0.243  0.375 0.274  0.404 0.245  0.377 0.267 0.400

ETTh, 192 0.280 0.415 0.274  0.409 0.274 0.409 0.299  0.428 0.278 0.411 0.292 0.425
336 0.300 0.431 0.294 0423 0.296 0.426 0.297  0.428 0.295 0.426 0.298 0.427

720  0.363 0.479 0.337 0.461 0.339  0.463 0.340 0.464 0.343  0.466 0.341 0.464

96 0.225 0.342 0.242 0.362 0.253  0.366 0.358  0.452 0.254  0.367 0.264 0.379

192 0.260 0.366 0.282 0.381 0.293  0.390 0.354 0.438 0.284  0.387 0.285 0.389

FeL 336 0.309 0.406 0.320 0414 0.329 0.418 0.402 0.470 0.327 0.415 0.346 0.433
720  0.375 0.455 0.364 0.452 0.421 0.480 0.526  0.551 0.427 0.484 0.444 0.497

96 0.160 0.259 0.170 0.270 0.202  0.300 0.259 0.376 0.201 0.298 0.214 0.315

i 192  0.155 0.258 0.165 0.266 0.196  0.307 0.261 0.374 0.198  0.310 0.211 0.325
Traffie 336 0.164 0.271 0.169 0.276 0.196  0.312 0.271 0.387 0.194  0.308 0.219 0.333
720 0.216 0.310 0.233 0.318 0.259 0.374 0.295 0.387 0.241 0.341 0.260 0.372

96 0.006 0.057 0.002 0.034 0.002 0.037 0.002 0.037 0.002 0.038 0.002 0.034
Weather 192 0.005 0.055 0.002 0.038 0.002 0.032 0.002 0.039 0.002 0.033 0.002 0.036
336  0.005 0.055 0.002 0.033 0.002 0.033 0.002 0.039 0.002 0.033 0.002 0.039

720  0.003 0.044 0.003 0.040 0.003  0.041 0.002 0.041 0.003 0.043 0.003 0.042
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Table 4 Multivariate time series forecasting results for different forecasting methods

" Fm AHFFE T Autoformer Informer Reformer

Y Eys Eys Eys Ey, Eys Eys Eys Ey,
96 0.185 0.293 0.195 0.301 0.347 0.453 0.464 0.523
ETTh, 192 0.215 0.317 0.225 0.326 0.439 0.507 0.683 0.642
336 0.230 0.332 0.239 0.338 0.591 0.573 0.928 0.761
720 0.289 0.373 0.305 0.381 0.756 0.661 1.117 0.826
96 0.183 0.296 0.250 0.354 0.344 0.429 0.309 0.393
192 0.198 0.310 0.262 0.365 0.343 0.428 0.352 0.421
FeL 336 0.207 0.320 0.283 0.382 0.379 0.448 0.395 0.452
720 0.252 0.309 0.332 0.418 0.381 0.446 0.473 0.506
96 0.402 0.337 0.435 0.350 0.502 0.385 0.457 0.353
) 192 0.410 0.339 0.446 0.371 0.511 0.386 0.470 0.359
Traffic 336 0.420 0.343 0.442 0.367 0.568 0.417 0.482 0.366
720 0.437 0.358 0.478 0.394 0.652 0.469 0.493 0.375
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Table 5 Ablation study in the setting offederated learning

B B Ours w/0 SAM Ours w/0 MED VNGRS
EMS EMA EMS EMA EMS EMA
96 0.187 0.293 0.347 0.453 0.185 0.293
ETTh, 192 0.217 0.317 0.439 0.507 0.215 0.317
336 0.231 0.331 0.591 0.573 0.230 0.332
720 0.291 0.373 0.756 0.661 0.289 0.373
96 0.185 0.300 0.344 0.429 0.183 0.296
BCL 192 0.209 0.321 0.343 0.428 0.198 0.310
336 0.213 0.327 0.379 0.448 0.207 0.320
720 0.255 0.362 0.381 0.446 0.252 0.309
96 0.413 0.341 0.502 0.385 0.402 0.337
Traffic 192 0.416 0.343 0.511 0.386 0.410 0.339
336 0.426 0.351 0.568 0.417 0.420 0.343
720 0.438 0.361 0.652 0.469 0.437 0.358
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Fig.1 Finetuning the hyperparameter p on ECL leads to charging load forecasting based on reinforcement learning
changes in E, loss [J]. Shandong Electric Power Technology, 2022, 49
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