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[ Abstract] To futher improve thefrécommendation performance of personalized recommendation systems , this paper proposes
a Collaborative Filtering(CF) recommendation algorithm based on SVDPP algorithm optimized by reinforcement learning.
Considering the time effect of usef ratings,the recommendation problem is transfornfed into a Markov Decision Process(MDP).
On this basis, the' Q-learning algorithm is used to construct a user rating optimization model fused with timestamp information.
At the same time/, in order tosolve the data sparse problem , the prediction score/is rounded to the nearest integer to fill and
optimize the boundary to make up for the missing value in the process of prediction.Experimental results show that the RMSE
of this algorithm is 0.005 6 lower than that of SVDPP algorithm, which demonstrates that it is feasible to use the reinforcement
learning method and timestamp to optimize the recommendation performance.
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M5 (@.st NaN (2,4th)  (1,2nd)  (4,3th)
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Table 2 Reward/and punishment table by

SVD prediction scores

s a=1 a=2 a=3 a=4 a=5

1 -1.137110 .0.995822 -71.818 880  0.027 404  2.268 370
2 -1.995260 [0.485455 1.212400  0.825 068 1.433 140
3 -2.524050 0292321 1.195 120 -1.704 800  0.326 522
4 1.407930  0.732077  0.948 159 1.693 940 - 2.686 380
5 -0.329 1107 - 1.000 000 1.652 400 1.181 120 1.532 800
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Table 3 Reward and punishment table based by
SVDPP prediction scores

s a=1 a=2 a=3 a=4 a=5

1 1.000 000  2.000 000  2.000 000  3.000 000  3.000 000
2 1.583 054  0.893 456 1.639407  0.605505  0.581 861
3 -1.362890  2.382008 1.052259 -0.446430  0.869 946
4 -0.584160 -1.084340 -1.865920 -0.873420 0.415578
5 -1.000000 -2.000000 -2.000000 - 1.387400 -0.394720
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Table 4 Q table by SVD prediction scores
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Table 6 Comparison of RMSE by the proposed
algorithm and the existing SVD/SVDPP

Bk % a RMSE RMSE F# AL (i
SVD 0.877 279 492
0.5 0.000 006 0.004 3
RL-SVD 0.873 017 775
SVDPP 0.827 929 099
0.5 0.000 006 0.005 6
RL-SVDPP 0.822270 711

s a=1 a=2 a=3 a=4 a=5

1 -0.214670 -0.122690 -0.979930 -0.014350 0.017 254

-0.129890 -0.239010 -0.190750 -0.037290 0.038 101
0.141 152 0.201 773
0.692 833 0.631 899
0.592 628 1.000 000

-0.108 970 -0.235290 - 0.254 930

2

3

4 -0.037480 -0.057550 0.092474
5

-0.008240 0.011406 0.172 137
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Table 5 Q table by SVDPP prediction scores

s a=1 a=2 a=3 a=4 a=5

1 0.001 378  0.007 158  0.019 195  0.009 397  0.000 638
2 0.004 215  0.048 743  0.175280  0.103 664 0.004 104
3 -0.001 150 0.007 451 0.123456  0.216 657, 0.015 837
4 -0.002020 -0.030190 -0.145190 -0.128320» 70.000 657
5 -0.000560 -0.005520 -0.038520 - 0.083 030%-0.018 690

El2 RL-SVDEZXEQERZ=4#HA
Fig.2 3D diagram of Q table for RL-SVD algorithm

E3 RL-SVDPPHZQR=#E
Fig.3 3D diagram of Q table for RL-SVDPP algorithm
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