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Personalized Explainable Recommendation Algorithm Integrating Self-attention
Mechanism and Prompt Learning

WU Yong-Qing, LIU Xiao
(Software College, Liaoning Technical University, Huludao 125105, China)

Abstract: In personalized explainable recommendation systems, user ID is an important identifier for personalization.
Existing algorithms usually adopt the encoder-decoder architecture to generate personalized explainable
recommendations, however, this approach increases the complexity and computational cost of the algorithm and limits the
accuracy performance of the algorithm. To address this problem, this study proposes a personalized explainable
recommendation algorithm (PERSP) that incorporates self-attention mechanism and prompt learning. The algorithm
enhances the interpretability of the algorithm by introducing and fine-tuning prompt learning in the input layer of BERT.
To overcome the inability of BERT to directly use user IDs for personalized recommendations, the algorithm uses a self-
attentive mechanism to splice user IDs with other commands and feeds the sequences into the input layer of BERT for
training and inference. To verify the effectiveness of the algorithm, comparative experiments are conducted on
TripAdvisor, Amazon, and Yelp datasets. On the TripAdvisor dataset, the PERSP algorithm improves the root mean
squared error (RMSE) and mean absolute error (MAE) by 3.7% and 4.7%, respectively, compared to other baseline

algorithms; on the Amazon dataset, the improvements are 1.05% and 4.1% respectively; and on the Yelp dataset, the
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improvements are 1% and 2.5% respectively. The results show that the algorithm has better performance in personalized

explainable recommendation tasks, effectively improving the accuracy and interpretability of recommendation systems.

Key words: recommender systems; self-attention mechanisms; natural language algorithms; graph neural network (GNN);

personalized generation; prompt learning
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Explainability Text quaility
Dataset Model
FMR FCR DIV] USR B1 B4 RI1-P RI-R RI-F R2-P R2-R R2-F
Transformer 0.06 0.06 2.46 0.01 7.39 0.42 17.18 10.29 12.56 1.71 0.92 1.09
NRT 0.07 0.11 2.37 0.12 11.66  0.65 17.69 12.11 13.55 1.76 1.22 1.33
Att2Seq 0.07 0.12 2.41 0.13 1029  0.58 18.73 11.28 13.29 1.85 1.14 1.31
PEPLER 0.08 0.3 1.52 0.35 11.23 0.73 17.51 12.55 13.53 1.86 1.42 1.46
Yelp ACMLM 0.05 0.31 0.95 0.95 7.01 0.24 7.89 7.54 6.82 0.44 0.48 0.39
NETE 0.80 0.27 1.48 0.52 19.31 2.69 3398 2251 25.56 8.93 5.54 6.33
PETER 0.08 0.19 1.54 0.13 10.77  0.73 18.54 12.20 13.77 2.02 1.38 1.49
PETER+ 0.87 0.38 1.08 0.34 20.80  3.43 3544 2612 2795 10.65 7.44 7.94
CER 0.86 0.37 1.08 0.30 2062 342 3551 26.03 27.92 10.74 7.43 7.97
PERSP 0.89 0.42 0.91 0.41 21.17 348 3571 2639  27.98 10.96 7.51 8.06
Transformer 0.10 0.01 3.26 0.00 0.91 0.59 19.68 11.94 14.11 2.10 1.39 1.55
NRT 0.12 0.07 2.93 0.17 12.93 096  21.03 13.57 15.56 2.71 1.84 2.05
Att2Seq 0.12 0.20 2.74 0.33 1256  0.95 20.79 13.31 15.35 2.62 1.78 1.99
PEPLER 0.11 0.27 2.06 0.38 13.19 1.05 18.51 14.16 14.57 2.36 1.88 1.91
Amazon ACMLM 0.10 0.31 2.07 0.96 9.52 0.22 11.65 10.39 9.69 0.71 0.81 0.64
NETE 0.71 0.19 1.93 0.57 18.76 247  33.87 2143 24.81 7.58 4.77 5.46
PETER 0.12 0.21 1.74 0.29 12.77 1.17 19.81 13.80 15.23 2.08 2.08 2.20
PETER+ 0.77 0.31 1.20 0.46 19.75 3.06 3471 2399  26.35 9.04 6.23 6.71
CER 0.78 0.31 1.24 0.44 19.88 312 3498 2422  26.60 9.24 6.37 3.86
PERSP 0.80 0.36 1.13 0.58 2054 316 3519 2449  26.86 9.36 6.45 6.95
Transformer 0.04 0.00 10.00 0.00 12.79  0.71 16.52 16.38 15.88 222 2.63 2.34
NRT 0.06 0.09 427 0.08 1505 099 18.22 14.39 15.40 2.29 1.98 2.01
Att2Seq 0.06 0.15 4.32 0.17 15.27 1.03 18.97 14.72 15.92 2.40 2.03 2.09
PEPLER 0.07 0.21 2.71 0.24 15.49 1.09 19.48 15.67 16.24 2.48 2.21 2.16
. . ACMLM 0.07 0.41 0.78 0.94 3.45 0.02 4.86 3.82 3.72 0.18 2.20 0.16
TripAdvisor
NETE 0.78 0.27 222 0.57 2239  3.66 35.68 2486  27.71 10.20 6.98 7.66
PETER 0.07 0.13 2.95 0.08 15.96 1.11 19.07 16.09 16.48 2.33 2.17 2.09
PETER+ 0.89 0.35 1.61 0.25 2432 455 37.48  29.21 30.49 11.92 8.48 9.24
CER 0.88 0.39 1.62 0.32 24.66  4.61 37.04 2934 3042 11.84 9.02 9.24
PERSP 0.90 0.45 1.41 0.46 25.03 456 3743 2926  30.76  12.05 9.10 9.28

H B PPl - 24 45 3R DL SRR B gy R AR IS AT 1Y
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512. 40P 3 Fiar, 4 Batch-size BUE N 128 Bf3K75 T
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R4 NPT B ARRE A TN P R 1 8 B — SR VEA S5 R (%)

Dataset Evaluated architecture

Evaluating model

1 2 3 4 5 6 7 8 9 10 Mean
PETER+ 81.16 8753 7773 8841 864 8843 8177 89.05 91.02 50.55 8221
Yelp PERSP 78.64 8558  76.69 853 823 8416 795 84.6  87.83 4822 7845
Gold standard 90.17 9472 8872 9528 93.83 8493  90.8 9596 965  73.89 9148
PETER+ 8624 5581 8894 47.65 3733 7849 7387 6297 6324 8313 67.77
Amazon PERSP 8239 5021 8329 4427 3506 7418 70.12  60.6 59.62 79.25  64.38
Gold standard 8931 57.82 9203 4856 36.18 7978 7771 653 6782 86.13  70.07
PETER+ 9284 9399 90.02 8433 9528 91.1 9137 926  79.13 9481  90.55
TripAdvosor PERSP 8749 88.65 74.63 80.26 90.41 8543 86.88 88.41 7556 88.84  84.27
Gold standard 8771 8977 8535 7888 91.76 84.13 8152 88.06  69.1  91.72  84.78
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Disable H V£ & /1B 0.05 0.20 1.60 0.78 0.05 0.80 0.81 0.62
Disable BERT 0.05 0.41 2.14 0.81 0.05 0.80 3.22 3.08
Disable #7324 ] 0.04 0.39 2.54 0.85 20.24 3.56 0.83 0.65
PERSP 0.89 0.42 1.41 0.46 25.03 4.56 0.79 0.60
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Yelp Amazon TripAdvisor
Model RMSE MAE RMSE MAE RMSE MAE
PMF 1.09 0.88 1.03 0.81 0.87 0.70
SVD++ 1.01 0.78 0.96 0.72 0.80 0.61
NRT 1.01 0.78 0.95 0.70 0.79 0.61
NETE 1.01 0.79 0.96 0.73 0.79 0.60
PETER 1.01 0.79 0.95 0.71 0.81 0.62
CER 1.01 0.79 0.95 0.72 0.81 0.63
PERSP 1.00 0.77 0.94 0.69 0.78 0.60
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