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Abstract

With the advent of the information age, the Internet has become an important platform for learning
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and sharing. However, the vast amount of movie data and the complexity of information make it diffi-
cult for users to search. To help users quickly find movies they are interested in, we propose a person-
alized movie recommendation system that combines deep learning and attention mechanisms. By an-
alyzing users’ basic information and rating data, the system uses feature embedding, convolution, self-
attention mechanisms, LSTM layers, and residual modules to train a personalized recommendation
model to improve the recommendation effect and accuracy. In terms of feature processing, user features
are mapped to dense vectors through an embedding layer, including age, gender (one-hot encoded),
and occupation; movie features capture the co-occurrence patterns of genre combinations through
multi-hot encoding and convolutional layers and combine movie ID embedding vectors to retain
uniqueness. The feature interaction module extracts the preference correlation between users and
movies through convolution, the self-attention mechanism dynamically adjusts feature weights to adapt
to changes in interest, the LSTM layer captures the long-term dependencies and short-term changes in
viewing behavior, and the residual module effectively fuses interest information and avoids gradient
vanishing, ensuring model stability and efficient training.
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HEIAEACHIERE IR S5, ST PR ST G IR E. B, XA s 7R, @
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Figure 1. Feature processing structure diagram
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Figure 2. Movie recommendation system framework flowchart
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BN B S 98 2 SRR AZ IR RE ST, I BEHRERE T P S AT 9B, RS R DAL I
ALY B R HIE N P %A AL, IR PESZIR S R K 2 R ROC & AT S F P IR I 27 5 i -

F=20, LSTM Xt X ah A i3 . 410 FLP AT I ek, BAUR A LSTM RTINS
FPi[s]. FP S48 5% 4 8 N PR &, WNESIE A — S 2 5 M BN
B WM HREAE. LSTM SEAEFR AT LS, RER A HGCIZ KA P IS 2, ANDURT A 2
AP IIREE S I G (A 31 52 2 B 50T ), IR RE N A B RS (U SR AR X 2038 7 AR R«
o, P ESEIE FAL A AT, LSTM 2 i 12 S A R R AR A 22 51, K PP AR AL
HNFFERIE, NENEIGBHELAR B MR, SEHERZ S R TGS HY P SEIN .

DOI: 10.12677/aam.2025.145283 571 I3RS


https://doi.org/10.12677/aam.2025.145283

RGO 55

S0, (EMIEA TR BRI S S0 . R S AR R M P R R R FE AR A A 5 A
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Table 1. Module function analysis table
= 1. ERINEE SR

IR Hod ab Her Ak LS HE T ORIk
M IDY SRR MR Pisk

LITPN TP ID. KR 4 X sers X ovie JEABHFIEXT 55 MovieLens s 7Bt
B z Q i’ggﬁgﬁ E=¢(X,,).E =¢(X,,.)  FEBUER multi-hot FfksE
X BB P 5 ML AT E,=E®EF, FaR I 3 T 1]
VER ) HEAP - ML Z=A(E,) A S SRR AT
B P AR HETE P W 5 H,=T(2) AR A B
B K+ R H,,, =R(H,) 17 LV 2 I 24 2 S ST

Pl EZ TSR A A ST, BATH RAETE R G RE S B 3R THIER G5 R B AL R
JE, SSRGS IR 4 J5 20 1] Ut RESR (AT A Ry 58, ORI R GE R PERT AT S

3. EFRENSTU S 5
3.1. BRI SHFERTE

3.1.1. BUREE
FEARTE R, Oy 7 U R 58 % B RS HE AR R G IR RE DA R B AR Rn ok, JRATTIE T T BN R A4
MovieLens [t UV 2> B A WA I i e 4, b BaE 100 277 5% Fase AT 0 Bdls AL AN
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FIFEAE BB . iZ8dhET, —3F =/ .dat J5 4304 (movies. ratings 1 users), 7E movies HIF
TR ID KFTEZEAI, ratings SCHFFRELE R ID PR AL D3 508, users SO BT
St P IEARGE R . DUT 2B & SO BN T2k 8dE ,  BARTE S 2 Pos.

Table 2. Movie information table

F2 BEERE

HLi ID RS A R HLE )
3 Grumpier Old Men (1995) Comedy Romance
8 Tom and Huck (1995) Adventure Children’s
9 Sudden Death (1995) Action
10 GoldenEye (1995) Action Adventure Thriller
15 Cutthroat Island (1995) Action Adventure Romance

Table 3. Scoring information table

F 3. WRERE

M 1D HL5Y ID x IR A
1 608 4 978301398
1 1246 4 978302091
2 1357 5 978298709
2 3068 4 978299000
5 2987 4 978243170

WA 3 ps, fEPME BRTA —FUNK ARG e TSR i s AR A A I R] A, TIAE %
G, BAE R R 5N (B8 B TR A SE T RE 0, SR UEELARE I, NEH] TN TR
FEBITEN, [l SR s oo i ST AL, AT 4 T B THHERE R ST RERI TP AR5

Table 4. User information table

F4. APERE

A 1D PE5I e Bl H3
12 M 25 12 32793
13 M 45 1 93304
14 M 35 0 60126
15 M 25 7 22903
16 F 35 0 20670

P E R 4 Fos, o “F7 A0 M7 AR L Bk, JF HoON T e Sl 7 pr A AR 46,
FRATRE AE 0 LU 23 550 A [ B e R B AR, X AT I B, HARTE DL 5.

Table 5. Comparison table for age information

=5 FiRERER

BRE SRR IX (8]
1 18 H LN
18 18~24 %
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25 2534 %
35 35~44 %
45 45~49 %
50 50~55 %
56 56 %L b

T B o AT R g BRI ) SRR A JTUL ) Ty i I 45 T 0] Je B ARG 5 o e iy, 761X FEL)
AN 4 5 B B2 AT HRN Y AS T PEGE IR o
3.1.2. HIBEMALE

23t Bk BHE A VRGN A R LR Ik . FRATTAN MovieLens 4R &R ik 1A RCEE, K
movies. ratings fl users =K KIHATEIF, 0 BB HEC G5 A 7 4 5 1E NG R &R 51K G 82 sL 1050
WEFr R AR B S A — ok ok, oRUE BNNEEEMER[9], &9F7F BT a3 5 R EdR £ 6 Fis.

Table 6. Merged dataset
Fo. BHERNEBIES

M ID HEID 1F5r WA SENZ i HLF 20 PR R BRME R4
2015 986 1 975035760  Fly Away Home (1996) Adventur Children’s M 18 4 1003

4077 539 4 965444857 Sleepless in Seattle (1993) Comedy Romance F 35 2 22030
6

2237 3514 3 974596081 Joe Gould’s Secret (2000) Drama F 35 14905

Adventure Children’s

Fantasy Sci-Fi M 18 4 48135

3391 2093 3 1046190153 Return to Oz (1985)

Who Framed Roger Rabbit Adventure Animation

(1988) Film-Noir Foo2s 17666

822 2987 3 981481471

fELEFRF, BT8R ES N RNRE, AT R SERE, BANELE RN “”
K AT o E
3.1.3. $S{ERE

BRI B R R, AL T30 B A EdE, Hh K2 0 IR I B R AR, A P ID.
M5 ID. HAEES, AW VXS HEE P EARENEGEE, BARFRIEINRHEE B S W i~ & 7
s

Table 7. Feature selection

%= 7. LR

REAEST REAE 1 EX REAE ST
AT EE%Z‘ ID MovielD
MR Genres
HF 1D UserID
. P57 Gender
F P RHIE i Ade
JiAN1 Occupation

DOI: 10.12677/aam.2025.145283 574 I3RS


https://doi.org/10.12677/aam.2025.145283

RGO 55

PAE SRR AR AR AR AR AR A AT, B ROAFIE AR B I RE AL DR CAERT SO, fEIE A
LHOR, HEAEBATEIIGUESLL .

3.2. SRR

3.2.1. SHUER
BUEREAT RIS HOR E10], FESKE T I BT R A S HAP ik 77 50T, IS 2l i
6, BASHBEWE 8 PR,

Table 8. Experimental parameter setting
F 8 LWSHRE

SRR ZHE
# A\ JZ (output_dim) 64
LRZES 64
LSTM J2 64
¥ Z B (dropout_rate) 0.2
23] % (learning_rate) 0.0001
it & K/ (batch_size) 64
WZhZ % (epochs) 100
%24 (patience) 10

3.2.2. LW IEHER

SRS R, RS EET IS, TRl BB S, ISR R %=
AR . IS UEERIRAE 10 4> epoch WAREGERS, JIZRKGHEATZ L. TR, 1 HMRE
PHAEEAIVERE, 715 MSE. RMSE #l MAE. Jfid 250U 74, B AN Z 1 output_dim. HRZEH)
filters 1 kernel_sizew LSTM [ units %S4, WEILXEAVEGER 2 . thah, @IS HWRZEDS M FEE
JIMLE H  LSTM EBUSEREE R, i — PR R  F S B0 E o 2, il A 30 M 4E - MSE.
RMSE Al MAE {8, PPA5A R ZS50s BB R e m, iRk g 2% .

33. SEMERR T

3.3.1. SHEHERNLLE

N T RACHERIVE R, AR T 2 AN SHOHAT T RAEVESR T . 8T TR LG S
BATEARBNRAERE, DRSBTS IMES BRI . DT REESHIISLRRE . &R
DA KN S 06 45 ST ARARE o IS T S8 w FRAT TS W b B S U /N R IEAT Z2 sk, BRI E S
RAENE, RESHELTENR 9 B,

I — RVNTEAR LS, AR T A FEESHO BB TERE I, AR ANER RN B
JZH. LSTM JZ K/, BRZEHL dropout_rate. 2% 3136, #E& K/NUAKIIZES 4] patience. BANSLIRHS B 1E
SPATRL R ST R FE L RRAE SR ELGE 77 5 i UG KU, AT R B AR I T ASE A o i, TR RN Z
output_dim A LUZMARHESRINKIRE 7T, [RIBSHEdlid 305 ol AR 2 H00 52 ma A RS ot J&) SRR AE B i B e
73; 1 LSTM JE W B s 7 AR I 18] F AR E R AL BRRE J7. Ak, FRZEHRA) dropout rate. Z 13K,
i K/ KIS HL patience #RE 2 ma R IRk . WS EE AR E . DU R4 2R 5
BRI B EE, WA 3 Fis.
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Table 9. Hyperparameter setting value
#9. BSHREE

AR ZHUE
R N\ JZ (output_dim) 64/128/192
HBIREH 1/2/3
LSTM JZ 32/64/128
5% 7= B (dropout_rate) 0.1/0.2/0.3
22 >) % (learning_rate) 0.0001/0.001/0.01
it K/ (batch_size) 32/64/128
W%k Z H(patience) 5/10/20
o VIgTI2HE) WSE T IR I2h ) RNSE T4 s IR I2hE MAE TEL
e - e
0 10 2 - 0 o 50 " 0 10 2 - 0 © 50 0 10 2 . 0 © 50

Figure 3. Experimentally verified numerical change plot

3. SRERETE

MEIRA LA H, BEEIZREAT, B840 MSE. RMSE fl MAE $iRd %, IR 5 i 11
i, RGO TIRZZE BN, INGRCRIBE IR, &N — e RE, BRI RAF I
GRROR . G 2 A SERR T S, BATRT LW PSR i R4 e .

3.3.2. LIRS

TEARRBSHER T, BATIZD IR T RIBON 50— A 505 15 2 LR 4518

1) #N\JZ(output_dim): 192 [ NGESE AE0s B i il 48 F0 PS40, (EARTRYE 2L e, B ils .
64 (PR NZE LRI 5, (HRRIESR IR U855, B O RIWE . 128 I ANGEREAEPI & 2 7], Tl Refeftesr
UFH~PA

2) HBHUZE: 128 MG Z AR S0 i i 3R R, (AR B R, A dG. 32 G
FREHOASE R B, (ARSI AL 11858, RO RIMAE - 64 WIERZEAEM H 2 18], A AEHAL 5 4 (1 745 .

3) LSTM JZ: 128 [ LSTM JZREME St gl 2 /7 SIRHIE, (A B R FER s, Ao MG, 32 1
LSTM ZHERIfaI L, (HRFIESRELRE I85S, B RIWE. 64 ) LSTM JZEW & Z 8], 7] Ged it s af 1)
-1 o

4) FkZHi(dropout_rate): 0.3 [FIFRZE AR 05 S UF e 7R =Rk e 1y, (BRI R R, R Sl
Ho 0.1 HIFRZESBIY R i, (HAFAESEELAE 14085, B RME. 0.2 FIRERARE 2, naedfts
LA

5) ZE2E: 0.01 %] A WA S, AR E R A, A A A . 0.0001 (157 5] S50
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faf o, (HIRSGR RS, R RIUA . 0.001 [ RIEWE 20, AL I 1P .
6) MEA/N: 128 HHLE R/ INEENS B a7 Al Sl 1 2 A, EIZRN K, BadME. 32 1)
LKA B, HIIERRCRE S, BRI 64 FIHLE K/NEFE 28], 7 REHRAL o 47 /1 o
7) xS H(patience): 20 [ patience {ELHE M T {7 M ~F 7 155 714 ) AL SIGEE FEE ANk UL XURS: ,  (ELII ) ]
Bk, HHLWAE. 51 patience [HARF H., HIIZGBCRK R, H% KA. 10 [ patience [HEMH 2
[A], A Re B AL S 4 (1) 11l

3.3.3. XTELSLIGSr4R

FERR, AT A E AR AT LU, B8 T I NFR ZE R R VR R IR 2 . FRAT T 4%
TIURP & SRR SE, 0 K BT AR (KNN)FI AT 5 73 fR(SVD), LA R —FhJs TR FE 5 ST AL A o %
TIREE S IR, FRAT5 AR T e G A A R 22 e e OA, DA 525k 22 0 2 2 15 Re A R s Y
P RE .

T e TR R R TR 2 B ), FRATT I RE I N T AR ZE LS, D e BRATT X 8 Ik 2 i IS )
R JE RS R AT LA, AR B IR 22 I RS B PR 155 G <] 4 B

VILRTIEPH) WSE T4 VIgII2P 9 RMSE ZEfL VIRTIZFH) WAE T
—— EESK NSE 1454 —— SEH RUSE —e— BEH NAE

8

B5RE (4SE)
8

o

195HRiRE (RUSE)
2

FIRHRE (MAE)

0 10 20 Ed “ 0 0 10 20 kY “ 50 0 10 20 0 “ 50
Epochs Epochs Epochs

Figure 4. Evaluation diagram of the model without residuals

B 4. FIREEBITEE

MR G R G 2 G RO Ll L B R H, TRZE AR m B BV Re T R T HEER . IR
ZE I 265 180 1 5 Ty a B R BB FE AR IE 0 I, L RAEZHIR 2 I . BRI NS S B
FEIE R EEE, VIR AR R AL R BE 25 Sy Hhimi 8l , ATk T B BV R B o X Fh 25 40 AR 344
TRPEZE SRR R A5 3] T ARBL, Rl R E VI SRR F X 4 I, ke 2 47 6 35 o 17 A R P A S5 P D e &
R

N T BAEFRAT AR R A S e B, BRATDE AR A 5 A K 2 SUBEARLPE RE AT T L AT, X g
SEFIAE AL [EIREAE A T AR F I 2R AN AIESE , VPASHEFR Y Top-K #ERAZ (HR@K)FARAEL I 45 AR 25
(NDCG@K) [11]. IXEEFEHRH T 2R RS RIUERTERAE O, BENEAT RUR WL TE R G0 SEPR AR,
BHARPEb FE bR 7 B a0 15 5 B

7E HR@K Feb5 b, VRS IR CRE A& A A R 25 M R A R I B R L3 . M2, %5
ff] KNN A1 SVD BAU/EIX —Fahr ERIRBEBC A . BRI, KNN Al SVD ) HR@K 185514 0.72
A1 0.75, THEREE IR (Plain) ) HR@K A 0.82, 5k 25 (TR 2% SIS (Residual) A ) T 0.85. X%
B, URPES BT RRS BE AT AR A P S 2 MV R AR R R R, JUHRAE KIS 4R |, k%
B B TR B R, DR TR I HERERE
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