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The Multimodal-Based Method for Tobacco Sales Forecast

LIU Yanbing' KONG Weili' LIU Xiaorong” WANG Yixin®> WANG Weifei’
(1.China Tobacco Guangxi Industrial Company Limited Nanning Guangxi 530001 ~China;
2.Guangdong Tobacco Guangzhou Company Limited Guangzhou Guangdong 510510  China;
3. Wuhan AI Research Wuhan Hubei 430010 China)

Abstract: Data science with multimodal information is of great importance for intelligent marketing. In the paper a
tobacco sales prediction method based on multimodal information is proposed including visual natural language
and structured data. Firstly a diffusion model is introduced to generate high-quality cigarette image samples for
cigarette recognition. In the cigarette recognition stage a deep coupled network and multiple sets of ranking losses
are employed to improve cigarette recognition at the counter.Secondly in sales prediction cigarettes are represented
with multimodal information including counter location brand representation encoded with Bidirectional Encoders
Representations from Transformers ( BERT) and corresponding prices. Finally the monthly sales of cigarettes are
provided. Through comprehensive analysis valuable strategic recommendations are provided for marketing
promoting the multimodal-based application in tobacco science marketing.

Key words: deep learning; image generation; object detection; tobacco recognition; BERT



