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Abstract

With the continuous expansion of the content scale on internet platforms, it has become increas-
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ingly difficult for users to quickly find information that matches their interests from the vast num-
ber of options. Personalized recommendations have become an important means to enhance user
experience. Most existing recommendation methods mainly model preferences based on user-item
interaction data. However, there are still significant limitations in addressing issues such as dy-
namic changes in user interests, sparse interaction data, and insufficient utilization of multi-source
heterogeneous information. To address these problems, this paper proposes a personalized recom-
mendation method that combines semantic enhancement of large language models, knowledge
graph structure modeling, and deep reinforcement learning decision-making. This method models
the recommendation process as a sequence decision-making problem. On the user side, it combines
behavioral sequence representation and semantic profiling to construct state representation. On
the item side, it jointly learns text semantic representation and knowledge graph structure repre-
sentation, and completes the value assessment and recommendation decision through a deep Q-
network. Experiments were conducted on two public datasets, Yelp and Amazon-Book, and com-
pared with several representative recommendation methods. The results show that the proposed
method achieves superior performance in metrics such as HR@K and NDCG@XK, verifying the effec-
tiveness of the proposed framework.
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Figure 1. Model framework figure
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Figure 2. Example of generating semantic profiles for users and projects
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Table 1. Data dimension display table
=1 BIREERRE

Amazon-Book Yelp

% 70,679 45,919

A FTUE A H. T H 24,915 45,538
L HAL 847,733 1,185,056

SLREL 88,572 90,961

AR KAM 39 42
JGZHEL 2,557,746 1,853,704

3.1.2. ELER 58N

ARSI EN DY I LAY« AL Gi 477 (BPR-MF. NCF). J7 1l #£ 4% (GRU4Rec. Caser. SASRec. BERT4Rec)
ENIR I Y 5 HE T (RippleNet. KGAT) LA K5 il 2% 2] #E#E(MBCAL). XH HR@K FI NDCG@K (K =5, 10,
201 NI 4R R . FERSHRE WL 2 PR,

Table 2. Hyperparameter setting table
F2 BERRER

S HESHE L 1
d NG 128

d, GRU [k = 4E L 128

H ES N WIPS 4

L FNR A 1 2 2 2
Top-A fixi% T H % H 1000
e FrenH-¥ 0.7
learning rate =2 0.0005
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g
batch size NN 256
replay size LA DN 50000
T b 0 2% 5B 2R 4 0.005
dropout ERETES 0.2
A4 5 TR PR 55 457 SR A R 0.1
A, L, IENE & %L 1x107°
epoch /e 100
optimizer PLAds Adam
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OpenAl APl [, LLaMA-2-7B RHAHALEE . PR R 5B )R REXT LR B, GPT-3.5-turbo A= 1%
(I8 L E{5E NDCG@10 #E4r P T LLaMA-2-7B £ 3.5%, {5 H 80 ] 7 45 A B 1) 36 12 40%.
TSRS T, 8 CEG AR 5 R 2R A 32%, ZER MBS LA, Hh KIE S AL S R S
AT, B IEEL GPT-3.5-turbo 7E 9T 78 T FH (1) KiE S A,

PR ABR BT R “RIBLLT AR, SEZA T RIF4ERE, SR K
B M EURESS, S ISON %, LA ZE: {comment_text}” . I HFE R MR & . “HR
FECLFIE A, ARz E SRR R, OFE AR, SRS, fh JSON #% . I
HEE: {item_text}” o NPPIRRIA S HEE, AT T =M AR, 2l e s S
51 FhR, FETE Amazon-Book ##E4E EREAT XL . LIRS R IR, HR@10 M KikshiRfE R 2.1%, K
BRSSP oR b A — & B .
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Table 3. Experimental results of the Amazon-Book dataset
2 3. Amazon-Book #iEEESLIb 4

Amazon-Book ¥4

iR HR@5 HR@10 HR@20 NDCG@5 NDCG@10 NDCG@20
BPR-MF 0.0964 0.1468 0.2147 0.0689 0.0851 0.1022
NCF 0.1035 0.1549 0.2238 0.0736 0.0902 0.1076
GRU4Rec 0.1188 0.1716 0.2427 0.0854 0.1024 0.1203
Caser 0.1139 0.1662 0.2361 0.0812 0.0979 0.1156
SASRec 0.1314 0.1847 0.2573 0.0946 0.1117 0.1301
BERT4Rec 0.1385 0.1928 0.2664 0.1061 0.1236 0.1424
RippleNet 0.1213 0.1749 0.2472 0.0872 0.1044 0.1228
KGAT 0.1322 0.1861 0.2615 0.0951 0.1123 0.1310
MBCAL 0.1358 0.1905 0.2691 0.0974 0.1149 0.1349
AR 0.1446 0.1987 0.2718 0.1054 0.1243 0.1436
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Table 4. Experimental results of the Yelp dataset
F 4. Yelp HIEELRER

Yelp a4

o &t HR@5 HR@10 HR@20 NDCG@5 NDCG@10 NDCG@20
BPR-MF 0.0827 0.1283 0.1931 0.0581 0.0727 0.0891
NCF 0.0889 0.1356 0.2015 0.0627 0.0776 0.0943
GRU4Rec 0.1026 0.1528 0.2237 0.0739 0.0900 0.1079
Caser 0.0983 0.1486 0.2189 0.0702 0.0863 0.1038
SASRec 0.1175 0.1698 0.2414 0.0856 0.1023 0.1204
BERT4Rec 0.1246 0.1779 0.2501 0.0970 0.1141 0.1322
RippleNet 0.1067 0.1578 0.2298 0.0768 0.0931 0.1113
KGAT 0.1163 0.1684 0.2425 0.0845 0.1012 0.1200
MBCAL 0.1208 0.1736 0.2517 0.0881 0.1050 0.1248
AR 0.1294 0.1826 0.2543 0.0962 0.1153 0.1336

A 3FNGE 4 W] W, A SCBIBYAE R o 48An EIRUS SRR R, BAE 1 RlA LLM 35 SO AR E
T 5 ) A% R 5 s Ak 2 ) HE P A BRI R

1) SESGHEFRINT . #A5H8 BPR-MF Al NCF £HIV% J5 . 4 A 4E Amazon-Book | HR@10
£ 0.1987, % BPR-MF (0.1468)#% T 35.35%, % NCF (0.1549)#2 7} 28.28%; 1t Yelp L4374 7t 42.32%
F1 34.66%, T H FRAR 5 B Ak 2% S0 B A NS BHE 0 b T

2) 5P HIHEEAAINT LG : SASRec Fil BERT4Rec 1. T- GRU4Rec 1 Caser, % B H i3 B Ll 5 .
BERT4Rec £ NDCG@5 FB&AL T A SCHLAY , A I HoKG HERE /7 (B A ST A 7E HR@5/10/20 S NDCG@10/20
4 THE . Amazon-Book - HR@10 H 0.1928 #£ 4 0.1987, NDCG@10 H 0.1236 $2£4 0.1243; Yelp I
HR@10 1 0.1779 $£ % 0.1826, NDCG@20 H1 0.1322 #2 % 0.1336. it WL FIT MR X MIFA L,
ARG X5 G BRI s ST T HE T .

3) SHIiREEHE AT . KGAT #£ Amazon-Book _E HR@20 % 0.2615, {RBLLE LIS AN 1E
AR T KGAT, Amazon-Book | HR@10 (0.1987 vs 0.1861)F1 NDCG@10 (0.1243 vs 0.1123)¥) 5
w5, Yelp AR —3. RGBT LEEG T RS 2 5K A4 7 5 4 5 BT D80

4) gtk S HEFE ALY Hb: MBCAL 7E Amazon-Book | HR@20 % 0.2691, 7 75 At /1. A
R B A8 SO 5 5 45 M1 58 5 4T LT MBCAL, Amazon-Book _ HR@10 Hi 0.1905 % 0.1987,
NDCG@10 Hi 0.1149 #£% 0.1243; Yelp b HR@10 Hi 0.1736 % 0.1826, NDCG@10 Hi 0.1050 #£%
0.1153. BB RL P RE s FEKBUIRAS S ER R &, 2 IRG HLHIE ROG58R 7 Q ML MM E fhi 11 #e

5) EEHIEEE R FHHAE Amazon-Book LRI LT Yelp, JAREFE: 1) EHIEUEE
FoE . AR R, AR CEGAEE: 2) BB MEFHEXRME, [FT KG &% 3) B
MR RS, &SRS RL HEFE. Yelp 02t a], it . ARSI R R, D
DI, ML %2 R AR SO R R A RETE . LB ESE I e A R, iR
NHRAEE IRAEIE RS W soh e — B 5 NS B 5 247 &bt

3.2.2. jHmhsLIS
NorHT S Yo, Bt PO R AR A wio LLM (B BRiE U 5E) . wio KG (B kR AR ETE) . wio CL (7%
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Table 5. Ablation experiment results of the Amazon-Book dataset
%< 5. Amazon-Book #iEEEHRLSIIN AR

Amazon-Book ¥4

MR AR HR@5 HR@10 HR@20 NDCG@5 NDCG@10 NDCG@20
w/o LLM 0.1329 0.1862 0.2571 0.0963 0.1132 0.1310
w/o KG 0.1341 0.1875 0.2590 0.0972 0.1141 0.1320
wio CL 0.1339 0.1865 0.2580 0.0965 0.1138 0.1315
w/o RL 0.1318 0.1851 0.2554 0.0954 0.1120 0.1298

Full Model 0.1446 0.1987 0.2718 0.1054 0.1243 0.1436

Table 6. Ablation experiment results of the Yelp dataset

5% 6. Yelp HiBEHRLSIIEE R

Amazon-Book % # 4

BRI ARk HR@5 HR@10 HR@20 NDCG@5 NDCG@10 NDCG@20
w/o LLM 0.1186 0.1711 0.2415 0.0884 0.1052 0.1231
w/o KG 0.1198 0.1724 0.2433 0.0892 0.1061 0.1243
w/o CL 0.1190 0.1719 0.2422 0.0890 0.1061 0.1239
w/o RL 0.1179 0.1702 0.2398 0.0878 0.1044 0.1219

Full Model 0.1294 0.1826 0.2543 0.0962 0.1153 0.1336

MFE 4TI, SEREARAE BT A $R bR B3R R, DUAMZ OIS TR m STk, (B STERAE AR 22 5 .

1) sk I TTIR iR 2 BBk RL EVERE T %5 K. Amazon-Book | HR@10 M 0.1987 &%
0.1851, NDCG@10 M 0.1243 [ % 0.1120; Yelp I HR@10 A 0.1826 [%% 0.1702, NDCG@10 M 0.1153
B2 0.1044. YIRS S Q Bl THXIHAE I 7 Mol fh 2 ¢ 2,

2) KIE S HERYE SR /e P B 2. B0 LLM J5 MR 45T 2:F% RL. Amazon-Book = HR@10 M
0.1987 [4% 0.1862, NDCG@10 M 0.1243 [£% 0.1132. K Hrh E/ . VEH S48 5 B DV i i 1
H ID Rk, B0UF T i SCEAGA R 1L B

3) JHiH G LR R G R I H KR R KG JEEReRa e N, i EREREREEH T
R EERTE o HTTRRISAR T LLM F1 RL, (H5E UE B H AN, LRI AR 5 0 H RAE

4) BRI R A AR e . BBRJE IR N FEIR T LR LLM, BB SRAZ A 1 SRR AE LA
BRI . 52 BRI L wio CL, Amazon-Book | HR@10 M 0.1865 #£% 0.1987, NDCG@10 M
0.1138 #2 % 0.1243; Yelp - HR@10 M 0.1719 #£ % 0.1826, NDCG@10 M 0.1061 #£ % 0.1153, F WM
BN F5 A R 1 Rl R i E .

5) B E R E TR PERRIRTHE T 2 AHCE MU R ——15 SORTHRE s B AR, FiR B RS R R,
PSRN - R e, A2 ) LKA ETE T . 2 2k R AL RIE TR 158 AR

3.2.3. BESEYHBMELH
ARSI TR SO ATBURYE SR, BRI Ty REEME Top-AL FIRLIEEE L
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Table 7. The impact of discount factor settings on model performance
= 7. THEFRE R R M RER

Amazon-Book Yelp
y HR@10 NDCG@10 HR@10 NDCG@10
0.5 0.1894 0.1175 0.1732 0.1071
0.7 0.1987 0.1243 0.1826 0.1153
0.8 0.1961 0.1224 0.1808 0.1136
0.9 0.1928 0.1199 0.1779 0.1108

Table 8. The impact of candidate set size setting on model performance
= 8. IRIAEMIEG B X EE M RE ST

Amazon-Book Yelp
Top-A HR@10 NDCG@10 HR@10 NDCG@10
200 0.1848 0.1141 0.1681 0.1037
500 0.1926 0.1205 0.1760 0.1099
1000 0.1987 0.1243 0.1826 0.1153
2000 0.1979 0.1236 0.1818 0.1147

Table 9. The influence of knowledge dissemination layer settings on model performance
9. MIRRIBR IR E R RSN

Amazon-Book Yelp
L HR@10 NDCG@10 HR@10 NDCG@10
1 0.1919 0.1198 0.1754 0.1093
2 0.1987 0.1243 0.1826 0.1153
3 0.1956 0.1217 0.1791 0.1124

Table 10. Comparing the impact of loss weight settings on model performance
72 10. XFELIRRINE R B XHEEME RERZ NG

Amazon-Book Yelp
Ac HR@10 NDCG@10 HR@10 NDCG@10
0.01 0.1931 0.1187 0.1771 0.1101
0.05 0.1968 0.1221 0.1803 0.1130
0.1 0.1987 0.1243 0.1826 0.1153
0.5 0.1942 0.1202 0.1788 0.1117
1.0 0.1885 0.1154 0.1734 0.1076
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Figure 3. Visualization of the model training process
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