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Abstract: Existing time series forecasting models overlook the effective fusion of variable
information and temporal information embedded in raw data during feature extraction, which
results in the failure to fully utilize the information of raw data. To address this issue, a gated-
driven time series forecasting method based on temporal and variable information fusion (GFTV)
was proposed. This model leveraged trend-seasonal decomposition techniques and employed a
Transformer architecture to extract both cross-temporal and cross-variable features from the raw
data. Subsequently, a gating fusion mechanism based on gating units was used to fuse the cross-
temporal and cross-variable features, enhancing the model’ s ability to capture data information.
The model achieved optimal performance on both the ETThl and Weather datasets, and ablation
studies confirmed the effectiveness of the modules contained in GFTV, providing a novel approach
for dynamically fusing temporal and variable information in the field of time series forecasting.
Key words: time series forecasting; gating fusion; Transformer; cross-temporal feature; cross-
variable feature; feature fusion; trend-seasonal decomposition
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Fig.1 Overall framework of GFTV model
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Table 1 Prediction results of GFTV and comparison models on ETTh1
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Table 2 Prediction results of GFTV and comparison models on Weather
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Table 3 Prediction results of GFTV and ablation study models

T GFTV FE s [A]AR7E FATB RESEAR SRR TEER LR

IfE42  MSE  MAE MSE MAE MSE MAE MSE MAE MSE MAE MSE MAE
48 0.335 0.373 0.342 0.376 0.346 0.376 0.342 0.376 0.343 0.376 0.340 0.376
96 0.377 0.398 0.385 0.400 0.390 0.400 0.385 0.400 0.386 0.400 0.384 0.401
192 0.429 0.429 0.430 0.431 0.448 0.436 0.441 0.433 0.441 0.433 0.441 0.435
336 0.470 0.452 0.474 0.453 0.491 0.457 0.481 0.454 0.481 0.453 0.479 0.454
720 0.493 0.481 0.501 0.484 0.505 0.485 0.494 0.478 0.494 0.478 0.493 0.477
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