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Instant delivery time prediction model based on deep learning

DING Xiang'?, NI Liping"?, HAN Lu'*

(1. School of Management, Hefei University of Technology, Hefei 230009, China; 2. Key Laboratory of Process Optimization and Intelli-
gent Decision Making of Ministry of Education. Hefei University of Technology. Hefei 230009, China)

Abstract; Based on the goal of achieving higher quality of instant delivery services, a model for instant
delivery time prediction is constructed with multi-feature learning. Firstly, the impact of different fac-
tors on the instant delivery process is fully considered, and multiple features are represented using ge-
ographic hashing and graph embedding to facilitate the input of different models subsequently. Then,
the association relationships between multiple features are learned by a combination of multi-head self-
attention(MHSA) and residual connections, and the spatial relationships between delivery nodes are
extracted using convolutional neural network(CNN), thus achieving sufficient learning and extraction
of different features. Finally, the features extracted by different modules are fused and input to the
multilayer perceptron module to realize the prediction of instant delivery time. The comparative exper-
iments on real instant delivery dataset show that the proposed prediction model can effectively learn
various features and association relationships, and the prediction effect is better.

Key words: instant delivery; time prediction; multi-head self-attention(MHSA) ; convolutional neural

network(CNN) ; deep learning
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