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[Abstract]

Recommender system is a must-have feature of e-commerce, since it provides customers with
convenience in selecting products. Collaborative filtering is a widely-used and representative technique,
where it gives recommendation lists of products preferred by other users or preferred by the current user
in the past. Recently, researches on the recommendation system using deep learning artificial intelligence
technologies are actively being conducted to achieve performance improvement. This study develops a
collaborative filtering based recommender system using restricted Boltzmann machines of the deep learning
technology by utilizing user ratings. Moreover, a learning parameter update algorithm is proposed for
learning efficiency and performance. Performance evaluation of the proposed system is made through
experimental analysis and comparison with conventional collaborative filtering methods. It is found that the

proposed algorithm yields superior performance than the basic restricted Boltzmann machines.
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I. Introduction
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II. Related Works

1. Recommender System Using RBM
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Fig. 1. A restricted Boltzmann machine

III. The Proposed Scheme

1. Utilization of RBM Model
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Fig. 2. Restricted Boltzmann machine used by our algorithm
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Table 1. Notations used by our restricted Boltzmann machine
Notation Description Value
Vi visible unit i
h; hidden unit j
Wi weight connecting visible unit i and hidden unit j MO0, 0.01?)
a; bias for visible unit i random number in (-0.1, +0.1)
b; bias for hidden unit j random number in (-0.1, +0.1)
N number of epochs 200
K maximum rating value 5
F number of hidden units 18
n learning rate 0.01~0.05
9"7 up learning rate upper bound threshold 3.0
9,17,30[4,“; learning rate lower bound threshold 1.0
a momentum 0.1~0.5
Olgist increment/decrement value of momentum 4/N
Gm UP momentum upper bound threshold 1.0
0..powx | momentum lower bound threshold 0.1
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IV. Experiments

1. Experimental Background

1.1 Dataset
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Table 2. Description of MovieLens dataset

Feature Value
Number of users (U) 1000
Number of items (I) 3952
Rating range 1~5 (integer)
Number of ratings per user >20
Total number of ratings (T) 359,916
Sparsity level 0.9089
Recommendation threshold 4

1.2 Performance Metrics
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2, Evaluation Results

2.1 Effect of Learning Rate and Momentum
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2.2 Performance Evaluation of Different Methods
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Table 3. Results of prediction accuracy

Slope RBM
COR MSD One M RBM-L | RBM
MAE 0.7253 | 0.7351 | 0.7786 | 0.9479 | 0.9688 | 1.0153
RMSE | 0.9239 | 0.9285 | 1.0049 | 1.1506 | 1.1708 | 1.2453

V. Conclusions
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