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Abstract

Intelligent recommendation is an important task in the field of electronic commerce. At present,
association rules, collaborative filtering, Markov chain and recursive neural network are widely
used to recommend shopping baskets. This paper mainly studies the e-commerce intelligent rec-
ommendation system (IRS) based on deep learning. In this paper, firstly, the overall design of
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e-commerce recommendation system is carried out, and the functional modules and system ar-
chitecture of e-commerce IRS are put forward. Then, the recommendation algorithm in e-commerce
IRS is discussed, and the e-commerce IRS is optimized based on convolutional neural network. Fi-
nally, this paper compares and analyzes the performance of three popular recommendation algo-
rithms on Alibaba data sets. The experimental results show that this model achieves higher recall
and NDCG index under different recommended list lengths, which are obviously superior to the
other two algorithms (Item and BPR). It is of great value in mining users’ interests and behavior
preferences in conversation sequences, and can learn richer and more complex information about
users’ behaviors and commodities from large-scale data, which is helpful to improve the efficiency
and accuracy of recommendation, and has strong practical significance and promotion value.
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Figure 1. Overall design framework of recommendation system
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Figure 2. Structural mode of convolutional neural network
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Figure 3. Improved VGG-19 network
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Figure 4. MAEs of different algorithms on dataset
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Table 1. Experimental results of recall rate of three algorithms

F 1. ZMEEBEIRIEER

Recall@10 Recall@20 Recall@30 Recall@40
Item 0.228 0.346 0.442 0.491
BPR 0.147 0.315 0.387 0.413
VGG-19 0.412 0.519 0.618 0.687

Table 2. Experimental results of three algorithms NDCG
2. —HEE NDCG SEHEER

NDCG@10 NDCG@20 NDCG@30 NDCG@40
Ttem 0.487 0.554 0.622 0.686
BPR 0.415 0.509 0.573 0.623
VGG-19 0.529 0.614 0.695 0.763
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