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Research on Deep Reinforcement Learning Sequential

Recommendation Algorithm Based on Policy Memory

CHEN Zhuo,JIANG Weihao', DU Junwei
(School of Information Science and Technology, Qingdao University of Science and Technology, Qingdao 266061, China)

Abstract: The recommender system aims to build a model from the user—item interaction and recommend the
content of interest to users, so as to improve the user experience. However, most user—item sequences are not always
sequentially related but have more flexible sequences and even noise. In order to solve this problem, a deep reinforce-
ment learning sequence recommender algorithm based on strategy memory is proposed. The algorithm stores the user’s
historical interaction in the memory network, and then uses a strategy network to divide the user’s current behavior
pattern into short—term preference, long—term preference, and global preference, and introduces the attention mecha-
nism to generate the corresponding user memory vector. The deep reinforcement learning algorithm is used to identify
the projects with great benefits in the future. The strategy of the reinforcement learning network is continuously up-
dated in the interaction between users and items to improve the accuracy of the recommender. Experiments on two
public data sets show that the proposed algorithm improves the recall index by 8.87% and 11.20%, respectively, com-
pared with the most advanced baseline algorithm.
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3.1 HRESHHIER
A0 Ad FH Amazon Instant Video L4 & Amazon Au-
tomotive (http://jmcauley. ucsd. edu/data/amazon/) P /|~

NIRRT . W ARAIEF I IR L,

T BT R 2 O B Y P B Y S, 2 %
DDPG M 4% fifi AN [F] 2% >J %% batch_size HEA T35 . 2%
> %l batch_size J& W /™ i 8 2 OB AL S50, 18
(1) %% 2] % Fl batch_size , AN {AT LA A5 AL 84, By
1EFA AR BT , 18 AT DL S = AL ) MR . 7E Ama-
zon Instant Video $(48 5 F 4T 2808 , A% >
R batch_size X} FLSZ6 W135E 3 i .

&3 ZF3I]Z batch_size ¥ LL LIEF
Tab.3 Learning rate, batch_ size

of comparative experiments

P2 T ABUNT 1040350 H A H PN SR, 2800 T b 343 b e TGS Fo)H
" — . " satch_size  PEMTFE IR
Ja BT A a0 3R 1R L AN EUE SR AR 2 A B 0.005 0002 0001  0.0005
I3 5, DI, T PP S0 A PO S ues oo 1 1o
TP FNHERE . Al B P T 80% M EA T 25, 4
. N F,—score 0.986 1.079 1.499 1.157
J5 20% AT, AR AR SCRT 4 H UL i A 300k
1 HEESHE . Precision 1.302 1.375 1.530 1.364
Tab.1 Statistics of data sets F|—score 1.130 1.424 1.761 1.438
GISIE S iNak WUH %K RS Precision 1223 0990  1.186  0.989
. 16
Amazon Instant Video 1533 7786 22 893 F ~score 1347 1102 1259 1.005
Amazon Automotive 1144 24 590 28 733

AR SC i A B PE 5 AR RS UE BE (Preci-
sion) . A [1] 2 (Recall) . F, {H (F,~score) LA % HR {H
(Hit-ratio) ZH i , N2 J5 TP AL RL A B3R
3.2 KEIFE

AR S5 SR 1Y BCRE 7 BRBE TN 36 2 i R, AR B 1k
FIr i A ) Python iliAS 4y 3.7.3, 75T Tensorflow B
I RESR LA R iR A 2 ]

F2 TWIRER

Tab.2 Experimental environment table

e ¥ 44 B [ 244
CPU Intel Xeon E5-2650 2.20 GHz
AT 32 Gx6
Bk NVIDIA GeForce GTX 1080Ti
EER S Ubuntu 20.04.2 x86_64
Python FiiA< 373
Tensorflow A 1.9.0

33 LESHEITETE
DRRM # &I By fiff F ) #8 = 80 2% > K |
batch_size UL M I AT .

MR 3T LLIE H, 2424 2] %4 0.001 H. batch_size
N 8 B}, A5 2 ) Precision LA M F,—score T8 #n i 5 ,
BEAUIA B e 1 RE .

B RREmRA PR EEN SR
— e i R TS 5 AR S A BRI e B
AN TR 8 IR/ IN R e W 24 i SV X AR Y 5 i) . 277 >
K batch_size 4351247 0.001 1 8 B, JE4 7 3 Ul A - 114
BER LEI2H, SER A R AN 2 s

* F\—score

L7¢ @ Precision
1.6+
a 1.5
I 1.465
JE 1.4+ ®
& 1.401
i
13+
1.2+
1.12
1.1+
@1.076
0.5 0.6 0.7 0.8 0.9

R P T
B2 R R B T 89 3R AT b

Fig.2 Comparison of indicators of different attenuation factors
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MALGE T SN HEFE AR 5L T 28 I 4 i A A T
5 Ak 27 > B DL S 2 I 48 A Y 4 4> T T
PAR SR ARV R L - 0 LS 5

DLt 3 A AL HE 7 59417 (Bayesian Personal-
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AL S IR B R EE S5 (Factorizing Personal-
ized Markov Chains, FPMC) : 12 516 5 14 43+t Al 25
IR R ARG RYAR 255 2 2% > JH P X8 oy 1) e 7% 6 B
JE5I A BPRIA AN B 4 7 P S HEHE

B 24536 H H#E %7 575" (Dynamic Recurrent Bas-
ket Model, DREAM) : 153 i) 3= 22 AR R 3 T3 1
P22 26 2 5 P I s A8 4R R, JF AR T P 1Y
22 JRy P AR .

R 5 Ak 27 > H#E 72 5 757 (Recommendation
Based on Deep Reinforcement Learning, DRR) : % &
AT AU -3 H A H R R AL ) HERE R
g8 A TP AN E 0928 B ) AR S e A, I
I DDPG Sk HEA T T .

FH P g Ag W 2 4k 77 5 7 (Recommender with
User Memory Networks, RUM) : 245 7 () 3 22 fEL AR S
TE TP e S 2 b g L A P g I 26 A0 Y
T3 5228 B 14T Top-NHEFE .

Amazon Instant Video #1 Amazon Automotive 54}
RV RE LA AN 3R 4 IR . ARAS T R U ER Rk
DRRM 557 B K5 1 £ 7€ Amazon Instant Video £ 45 £
A 8.89% HYHE T}, 7F Amazon Automotive ZIE £
s A R 5 A [ R AE 2 B 4 B il A 8.87% Al
11.20% W52 T} 5 F (E7E 2 D 46 7 54 18.10%
F17.23% B4 TH s HR 78 2 > %ot 46 1235 4 8.89%
F11.07% B 5 T .t Uk BT AR SO B TR A
k.

%4 Amazon Instant Video 71 Amazon Automotive £{1E &1 BELL &

Tab.4 Performance comparison of Amazon Instant Video and Amazon Automotive dataset models %
e Amazon Instant Video Amazon Automotive
f¥PR@S  ppr  FPMC  DREAM  DRR  RUM  DRRM  BPR  FPMC  DREAM  DRR  RUM  DRRM
Precision  1.198 1301 1312 1348 1405 1530 0822 0812 0792 0825 0842 0831
Recall 1624 1612 1652 1791 1905 2074 0481 0483 0463 0493 0501 0557
Fo-score 1300 1322 1342 1538 1491 1761 0593  0.594 0576 0617 0622  0.667
Hit-ratio 5917 5917 6097 6120 6287 6846 3917  3.921 3812 4009 4111 4155
35 HBE® ] Y ——
3 TRRFEAR ST H 0 S S04 B T 5 210/ | el 2o
ICIZBERIAE PR 12 X 26 AT DRRMAS 7R v (g 4R el 1.931
TE Amazon Instant Video 50 H 5 [ JF 47T 22 41 i fil 5 = ig(s)
5, I AR HERE DL R ER bR T X L ﬁ{?‘; 1728
FLR SRS B« O T A TP 150 4 = L70] n
28 50 W[50 45 2 4, (LA TP P B 5 108 PP £ s3] 1.530
LU ) AT VR O DRRM s 1558 5 % 56 i ol s i
0% 2 e (U T 5 0 8 5 79 TR EURENN I I
icAZa B P e A2 ) A T A DRRM_LESE 10 DEM_S 1)?&1\4_1 DﬁM_h DRRM
TR 5 (D SR X 4 2Bk, AN L P g i B R *ﬁfﬂ
AU IR B P IEAZ 1) R 205 19 DRRM_h 08 . 5 _ A3 HERELE
Fig.3 Comparison diagram of ablation experiment
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Fig.4 Short—term preference diagram
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