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Cigarette sales prediction based on improved multi—-head
self-attention transformer

WANG Yang, HE Lili, ZHENG Junhong

( School of Computer Science and Technology, Zhejiang Sci—Tech University, Hangzhou 310018, China)

Abstract; Sales forecasting can provide decision support for enterprise production planning, warehousing, and transportation,
enabling companies to better adapt to market demand. The sales volume of fast—-moving consumer goods is influenced by numerous
factors (content of factors), and exhibits seasonal and cyclical patterns. Due to the limitations of traditional linear models in
accurately predicting sales, this paper proposes an improved self—attention mechanism model based on order sequence and order
frequency from the perspective of long time series forecasting, using deep learning theory ( Sequence —Frequency Transformer,
SFTransformer) . Firstly, the original dataset is constructed based on fast — moving consumer goods order data, and time2vec
encoding is used to process the order sequence information, integrating the sequence and frequency features of order data. Different
order frequencies correspond to different attention heads to focus on the order sequence and order frequency features of the order
data. Finally, the Transformer model architecture is used to extract features for long time series forecasting, and comparative
experiments are conducted on real datasets. Experimental results demonstrate that the SFTransformer model achieves the best
performance in terms of mean squared error ( MSE), mean absolute error (MAE), and root mean square error ( RMSE),
validating the effectiveness of the proposed approach.
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Fig. 1 SFTransformer model structure
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Fig. 2 Seq—fre multi—head attention model structure
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Table 1 SFTransformer model experimental environment

(iR S8
Ab T2 AMD Ryzen 9 5900HX with Radeon Graphics
[Zpea Samsung DDR4 3200MHz 8GB x 2
BERSE Windows 10
TR Pytorch 1.13.0+cul 16
FRIES Python 3.10
FH Pycharm , Jupyter notebook
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Table 2 SFTransformer model hyperparameter settings

S Kl
batchSize 32
B ES 0.000 5
AR 200
E2S ¢ 6
(ST 16
dropout 0.05
HhALs Adam

SFTransformer #7155 3 /3L yEAR Y {1t T 0 14 B
XFLE LR 3, 38 2 43 3l DG T i) e 55 0 B AR AIE , A 3¢
BT DL OG 1 38) JHC A A5 20 T ¥ O T 9 37 B0 3 A
B TE 3 WHEFR EAS ST RS 1 R 73 1y dse e 1
BB, ACHA Y Vanilla Transformer B TR 22 K
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Transformer A5 | 5543 1d B B P2 —450% 1 2 S HL I
A HsF [P 1) F0 0 [ R %) (LB v



TBH, &5, FET UG EE JIHLE] Transformer 45 AR S 4 2 0000 5 75 179

%3 SFTransformer 2 5 = AN EE R {0 RE T EL 45

Table 3 Comparison of predictive performance between SFTransformer model and three benchmark models

T T bR LSTM ConvISTM  Vanilla Transformer SFTransformer

13 MAE 0.201 0.197 0.115 0.102
MSE 0.191 0.175 0.098 0.084

RMSE 0.437 0.418 0.313 0.290

52 MAE 0.409 0.388 0.225 0.201
MSE 0.397 0.356 0.198 0.165

RMSE 0.630 0.596 0.445 0.406
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