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Abstract

Recommendation algorithms based on deep learning have emerged as a prominent research direc-
tion in the field of recommender systems. However, most existing studies focus primarily on single
user-item interaction data, which limits the prediction performance of these models. This article
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proposes a method for encoding portrait constraints and integrates potential features from hidden
factor models, increasing the input of recommendation algorithms to improve the accuracy of rating
prediction. This algorithm utilizes matrix decomposition to initialize the embedding of latent fea-
tures between users and items, and then enhances the sensitivity of the model to portrait features
through linear attention mechanism. Finally, it combines deep neural networks for rating predic-
tion. By comparing the algorithm proposed in this article with other baseline algorithms on the
MovieLens and Netflix datasets, it was found that this algorithm significantly improved the accuracy
of rating prediction compared to the baseline algorithm, and performed well in terms of recommen-
dation list ranking performance. This study reveals that incorporating portrait constraints and la-
tent features of users and items can effectively improve the performance of recommendation sys-
tems.
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HERE RO B AE A PR AL I S BRIR G54, DA 28 7 S 15 R 8 [ 1], H#ERE R4S
T LRI H 5 2 08 858 AR A S TN P T Y Bk e 4 s FE P A M A
BAAIEN = BRSSP A P R AU (2] HEE R AR EAGE T B 303 B P R R ]
BEfmIr M5 5, P4 T MECME R A RN, B3R T AR S T R T2 K [3] .

PR R R R 2P DU R I R 23 TRl PR 4 0% 26T P BRI HEE H
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Tt Cln FE P ) S A A R DR B BA ) . Funk-SVD [6] 5 78 Ixb A0 B4 o i S Tl FH 7 ok R PR 20
VS, AT SEEAM AL o

BT EAR AR EE . P ER R T P AT RS . NOSIHE R MRS 2 g
M, Z5E A AnS H— AN P RIRAE7] . 88155 Rl & 2 R ER Mg F P EHE, (E SRS B Rl
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o8 Y (BLIET Y i

BT IRE S IR . Tk, WRES CIRERE, HEARIET A, B E 2 A
HUAF 7 235 AR [10]. Tegene [L1155 K BLA (VR L 2% 2] ik G Ra R A 45 &, Gl IR NBOAR A il i A 25
FH P R0 it ) e B 1 A SR 22 IR 2 2 R, AT TR0 P73 - Lee [12) 55 d it ik N 24 FH P R0 il R 9 25
&R A PR 2, R A SCERIR B A T P A RHIE 2 M R R R R, i 4R
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RO

) RIRAIRAREHERE 7%, 5 DMF H, P A ) BRI AR N PR — D, VR 9 ph 28 I 2% 1)
AN, JEE N E SR T 53

Heti RGUR ARSI — 2 M @ 1) K2 HHEEFIE U P s i S s, wH P -9
m VP AR, AR T P GBI R R L, SEOERESCRAE LA R, 2) i B AR -
Vi A8 LA TP AR BRI R R 595 RRAE, 23RS HERE R v P I B kAR . 3) i
FIHH S s, T s, HERE RGO USROS T ¢ B e . X
LTI FH P B B 5 X 47 LA B ] AR 2% ) A8 E 50w B ORI R P A it BRI A, AR ST HY
— ol B 1 {5 240 RORT 9 7 R E 1) R B HE 77 5792 (Deep Portrait Feature and Latent Embedding Algorithm,
DPFLE).

2. HXI1E

LIBMF [14]/2 % TR T XS R ME R 5k, el LR G R AN, I HRE 1
RN PIATIME, BRRETEAL BT KA 7 - Wi VP o 0 MR OR A s v B e . DRI, AT
F LIBMF X FH P = 05 0P 0 FE R AT A0 3, CASRECH P DL S T R AR AIE 8 F 002 0 B RV TE AR AE
WILA SR P 5905 RN Z

TR IH USSR B 8 AR A S N B 30 2 ) B B A PR R O i, AT B A A FE OGBS
E[15]. DeeplCF [16]3f i #2525 2% ST W) 2 AT BRFAE, Cheng [17155 5 T RFAE SR A B33 3 1 77 V97
FHTE DeepICF L, LURmHIERE. Zhai [18]4% 8 A AT ol U7 2R SLBL By = DA 15, 45 AFT-
Full. AFT-Simple. AFT-Local, ./ AFT-Simple {8 ]R3 (8] 5 2% B 5 R 26 E 22 ) o A SO 2 M0 75
JISRAARH N B A [FURFAE 2 [ A AH DS, 98D oE 52 4 FE IR (R I 4 THSE Y (1 1 e

HEFE R G 1) 32 B 1n) RRAE T - A0 it 2 8] R AR 2t 28 B DL SO BB, IS AR AR 27 ) AR A5 I
M, fEFRZE AL € (Neural Collaborative Filtering, NCF)H, i #h28 W 4g B xUth 22 31 7 P R4 i 2 1)
IR LR MR HE 22 /R [19] o I FH A 22 48 REREFHIE T P A0 2 TV 2 AR PR SR R, MR TR S 25
HLAE0S SCEUEE AN AL RS VEE R 3EFE[20]. MCFSAE [21]H] One-Hot i Al F A i) 1D 32647 H5AE
For, WBHER - MRS S, WERA S, HE R 2 X 2 R SR T . SR
M, ZJ7 A A RS P R0 St s iy, el P R B P 388 o 2 5 S0 N a1 48 P S B
Ak, DT THI I 4 B 5 3 1] 5. DualDeepMFF [22]71 FF XUIE AL AE B 23 iR 3545 P A st B e 6o, 2 )
I o 228 D) 265 P =l S Mk S A ) SR 8 AR R B 2 e P PR 4 P st R R AT T 5 50 0 A 25 00 8 ) 52 PR Il A
DELCR [11]i@ i iR NBARSRIH P 590 5 TR IER IR, R P RS 45 W%t B P A b 2 S35 A T AiE
22, BRI AT RS TR

KRBT IR 5 5] P BOE UK T F P - W0V B, B A7 5 Pl R PEAS 2 1 1)
AR SCHE () DPFLE 8 F R B 23 i W0 aa A0 P R S (0 B N T i, R P 00 s 2845 S A0 S AT 11 i
)i, Sl I 2 P R DAL A B A R R AR I U, T BRI R I B T SRR ]
fR PR
3. BRwt

A SCHRE ) DPFLE & H A P DA KD S VB AEARRAE . Y LR i R R 20 3R . 3 TR B 2 ST VR
TR =AM 4, BARERWE 1 Fos. B - YRR, (ERAERE RO, 1521 H
FUOR S IOV TERAE, R TS T S I TR AR R A UR A F P RN E LR N - BES, R 5
MbR2 (5 B IEE A PP E BB P A S E g a5, 2030 portrait_encoder JZ 2w A% 752 FH 7 EI5 £
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Figure 1. Schematic diagram of DPFLE algorithm design
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LIBMF 1) HAre g A X ()R, H R, NESLVFSr, P, MQ M SYSMEER &, HEH
L2 1ENIk 505 ki A
min., ¥ (Ri-P'Q)’ +2(IR I+l )

(u,i)e

ARSCHF R LIBMF % H P Y0 PE o FE R R AT 48, Seie/ME LIBMF B B Freg %, DARREUH 2 PA W)
oh AR R . BEJS, R AR R R 1D N B e s 8] A, R TR TSR T S0 TR A [
WG P 5P RN R« TEJaER, ARSCIILL e, Fl e, SRR F* DA K & VB E R AIE

3.2. AP ERYSEBERAR

TERFEHEROUR, RS NRERNMRE R, 88 T EENHIRAER, SR EERS
Bl W7D BARTHER SR IVERE, B SR A E[23].

ﬁ&%ﬁﬁﬁ@ﬁ%szmamamAaa,ﬁ“%@hﬁo&f&ﬁ%%%ﬁ%ﬁ%%L,#ﬂg
A 10 MR%E, BIL={1,0,, 05,00} o FEARSCHISER S, DDA HIARE RO R RIEM, Flmzhtt . &
PR VAIN ﬂﬂﬁﬂ# HRLZE T F AN FRR S B i AEAN L PE 0 R IPE 8, IR DU R T
I3 N T SR R AT PHEREAR BRI P fE R . BRI R IIA 2 pron. @ ERIT R, 8
THP i B S AR SRR AEAN R PR 73 AN R P VE 2 R E,  FRBR B AE 20 3 T BT 4T 20 1R
K, WL EIP i E AR

AR SCAK FHZ AL B S L] AFT-Simple 15 D973 & 70 2R i N BAE BEAT AL 5 XA

WL EMBIATE Q= XW,, K=XW,, V=XW,, Z/FnAAXFR,
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Figure 2. Calculate user’s portrait diagram
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1 =0,(Q)0 ST exp(K)) )
HrpY A &PEER IR R AR, o, RonBuE R, 8% 52 Sigmoid b
HERTHE, IR 5 3 0 HOB E,  Fl e T 45 5 52 ma ok iR AR 2E

PR, I IX AN
-2 LA, PRI T X} B AR (1) A
TR,

l,x"/portraitiencoder

(P ERZRE,) |
| Pooling |
AFTSimple

Figure 3. Schematic diagram of user’s
portrait constraint encoding process
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BB u ETA P A, (1=1,2,--,n), TSP EAR A &, 108 By, Py, -+, Py I F
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POy R P S TR AERE AT B T R S, B P A 1 E R A HGEAT R, &
JEAS BB BN P25 RN X, » BARIN A KRR,

X, =Concat(p,, p;,.e, O¢)

X, = ReLU (W,x, +b;)

X, = ReLU (W,x, +b,) ©)

Xy = ReLU (W X, +by)

Hrr, 0 RRBILEEE, W,W,,--- W, Flb,b,, by 53538 <A B2 AR R R A & ) & .
Xy, Xy, ey Xy TN TR BRTERZ 4 H T“ZIKiE’JiE’éEPﬁFH ReLU 1E 95> Bass 2 18] S0 2R 2
B, AR — AN R e 1 AR RO x B BT vE 4> b, AR @) PR,
f.=2"x, +b, 4

Forb g, R u s R TIE S, 2 A b 23 ZR SR JE AR AS B ] R R e B
N T IS AT Ry, ASCEFE 777 R E SRR BN A RGP, BV ERE A &L
MR 5 HSLPP > Z M ZE 5, FFIE R 1M s s Bl A5 [24].

Loss=min{2(fui —T; )2+AW2+ab2} (5)

Horlr, 4o 5y BIAR KU TR W A b 1 L2 IENME R
4. RIS
4.1 BRE

ASCAE 4 B 42 MovieLens UL & Netflix SREGEHE H (1) 751 . MovieLens25M 3% 1 16 JifiH P
X 6 JIFBHEZH) 2500 ST R AV, TR I0TEREY 05 2 5, [MIBEA 5, HSEIREESIE . B
A BRI, 4 19 MR, Netflix 103k 1 48 Jif0F 5 1 77 REFFHEZN 10000 /7R 2P0 51
W, VE VG 1305, (ARG 1o ARSIl NP ANEa £ e B LI HX 1500 A7 FH P i A A i3k 47
5, DAV (A, TR EE A, BT Netflix BEgE PN E & B EREE, KRiA
It FEZ AR EITE MovieLens $d 48 HH B R AR 8 . A SO HOR S 4% HR 90%, 10911 Eb B4 B4 &)
S RIS, AN FVEACE: TN ZREE SN MRS i A W58, JRIEAT I T IaE, f2ss
R SLIR P ME .

4.2. TEIEER

A Ad BT 24557 15 2 (Mean Absolute Error, MAE) [25]. 75 R 1% % (Root Mean Square Error, RMSE)
[26]K VP PP TR 22 . MAE St 7 53700097 73 55 P S2BR P o 2 1Al B 22, RMSE 27 Tl
FUPEAr 59 BR o 2 [ ZE B 75 RAE . e e SLan s (@) (7) i,

MAE = IeTeSt| ui | (6)

|Test|
Zi Test|rUi - fi-li|2
RMSE = Y&icTestlul il @
[Test|
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TEHEAT Top-K #EFERS, ANTMREIVE DR AN 1), HEFE R GUE 75 EE AR T () 25 ey o - &
I E FEFEATHET, M AERRHERESI R o 76 AR SO AR A8 A 3 — 4k 740 28 1H 34 25 (Normalized Dis-
counted Cumulative Gain, NDCG) [271RVFAHEFESI R AT RE, HA X @) M (9) s

DCG=) R+ 8
Z |§1|Ogb | ( )
Zm: DCG
9
NDCG = 3 maxr(nDCGu) 9

Horb, b AW T, FEASLR TP IRE N 2. N RoRMEFESIRPIE M. ROV 1 ERH ERHEA
WH, 0 MFERHAPAERENTH , 1245855 HE P R .

HEF B2 p I JSEARL PR AR v 22 5 T S8 AR PO S8 B FRD L AT LR ORA LA SR I 2 A1k, BIHERE S
RO 7R R NGW I H AN AR IH o 2 FEE TR AR (Diversity) [28]412 3 (10) s -

%l ]
L

F 1 % (Precision). 1A % (Accuracy) 1 A [7] % (Recal )il 5 F >R i s L 1 70 25tk Re, A
(11). (2)FMA3)fFw-

Diversity =

FP

Precision = (11)
P+FP
P
Recall = (12)
TP+FN
Accuracy = TP+ TN (13)
TP+FP+FN+TN

4.3, HEREZ

N T VA SCER ) DPFLE fPERE, A SO H S HARIL A FOEAT T RPN febr i L. e 5
R SR R AR FF -

1) LIBM @I 5 AR AR, R - W VP o R 23 R AR AR R, AT TR0 AR NP 4 o

2) ScoR [291HEA i AR 24 BT 1, A AR IR 23 L 45 19 e LASE FH P AR i T £ 8 ) A T
FH P 5% FEAN P it A o

3) DSS [30]id@id it AT H Z AR PF43 22 e ok Ros FH P R I EE 55, JFid e je /Radh SR Eort 530 - 1)
(RARABLRE , eIk AR DR T80 7 11 A A a2 EOFH = A0 408 J AT F0 7 53 o

4) MCFSAE [21]%f F 7 LA &P i) id 34T A GmAD, 456 F P - WS ir sk, FIFHES A il 8%
(Stacked Autoencoder, SAE)ZREUii NHHE MR ERFER R, el Softmax X A& F1VFE 7347 40 FS T -

5) DPFLE NASCHRH I 7iE, A SCEIBIERHERIR /N k &y 300, MRS A Adam, 1EI
WRE B E N 0.01, IR E DY 0.0001, HEUCK/NEE N 128, FEREMZMZh, SCRRE TR
Jiz, Bz R 10930 09 300, 100,

4.4, TWHERSSH

44.1. ZIBIFEXHEER
7£ MovieLens ¥4 ££F11 Netflix 2cd 82 41 f) MAE #1 RMSE 45 Xt bb i 1 frox, b R B e
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DL AR Y, SRSt b e R s &Ml . DPFLE () MAE {i A1 RMSE 1E7E P A Bt 55 _E AT H:
fie L SVEIIE B T . 76 MovieLens %44 -, DPFLE ) MAE {E /! RMSE {E%r%I4 0.6387 #i
0.8418, HHA: T HAN LWL/ A FIIFFK T 6.26%F1 7.97%. 7E Netflix Z(#54 1=, DPFLE ] MAE {4
H1 RMSE {43514 0.6845 A1 0.8827, T HoAth X Eb B35 23 7 P8 B T 5.91%F1 7.90% . 525645 F 6w,
DPFLE AH L T HAh B 2 LA S A O TRIIRE B, Tl 0 ) 7 43 5 L SEVE 43 2 TR IR R ZE B /1o

Table 1. Comparison results of MAE and RMSE for each algorithm
F* 1. SEZERNBIRE P MAE F1 RMSE HIRTEELER

MovielLens Netflix

Methods
MAE RMSE MAE RMSE
LIBMF 0.6678 0.8614 0.7109 0.9062
SCoR 0.7391 0.9606 0.8014 0.9911
DSS 0.6639 0.8685 0.7149 0.9155
MCFSAE 0.6604 0.9807 0.6920 1.0320
DPFLE 0.6387 0.8418 0.6845 0.8827

7 2 Wyx T NDCG F1 Diversity 75 MRS S5 50 th. NDCG 1 Diversity 73 7l FH SR PEAL HERE
IR MHE T =SR2 e . Hodh, NDCG 18 M R4 LIS 1 B IR, 4398 0.8198
A1 0.8154, AHELT HAMEIESy B HRTE T 3.41%H1 1.96%. 4527~ T DPFLE 7EHER S (HE P AE
RN {22 Diversity RIVHXSAME, EPMEEEENIIHAE =, 545 1) SCoR ViM%
9.31%, S5HE4 % ) MCFSAE “F-#41 2 4.33%.

Table 2. Comparison results of NDCG and Diversity for each algorithm
2. BERAEMANHBEIEE DA NDCG # Diversity RUXTEL LR

MovielLens Netflix
Methods
NDCG Diversity NDCG Diversity

LIBMF 0.7821 0.5594 0.7889 0.5259
SCoR 0.8083 0.6961 0.8102 0.6191
DSS 0.7926 0.6065 0.8016 0.5646
MCFSAE 0.7887 0.6532 0.7988 0.5925
DPFLE 0.8198 0.6254 0.8154 0.5667

% 3 BOR T &AL Accuracy, Precision LK Recall 7E A4 LRI . Hd, DPFLE £/
A4 L1 Accuracy [EISHER S —, HER S 3529 MCFSAE, FHHHAh SR 78 W A B8 48 70 40 Sl 2
T 3.54%711 4.69%, X7~ DPFLE fgfi% 5 i M b I 7 SO BRATAS B BRI 40 i . DPFLE 7E /MR 4
H1(1) Precision 44 56—, fE AR S 40 AT HEA 25— 1) LIBMF 3.52%711 3.10%, #t# DPFLE &
FH P HE LRGBS, R S AR . MCFSAE 76 M 8E 4 Y Recall #IARLE, S5k
% 5—, DPFLE IRZ, Uil DPFLE BB MR At G o0 F P ISR 14 -
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Table 3. Comparison results of classification metrics for each algorithm

3. BEEEAEMNBIRE T I LIBRHXTELER

MovieLens Netflix

Methods
Accuracy Precision Recall Accuracy Precision Recall
LIBMF 0.6572 0.7178 0.6027 0.6499 0.7056 0.5741
SCoR 0.6153 0.6843 0.6735 0.5906 0.6756 0.6528
DSS 0.6551 0.6841 0.6727 0.6408 0.6611 0.6511
MCFSAE 0.6660 0.6663 0.7665 0.6630 0.6492 0.7213
DPFLE 0.6707 0.6925 0.7030 0.6646 0.6837 0.6748

£ MovieLens 5 Netflix £fifer, B HIAN SR AREZIWIA 4, HpASHR 10 DPFLE £
MAE. RMSE. NDCG. Accuracy iXPYER LIRS 1 iRUF AR . th B8 SLae 8t R AT, A5 m R 20 R
STEERFIEAN & 7 PR P 2 ST BEAT PP OY TN, REMG A PRI RGP IR ZE,  JF HAEHER SR
P PR T A R T . SR, FEHERESIR M B RV T, AR ) DPFLE RIUF A (. di T
e P 5900 B EHE 2RI T, R S5 RAE S b T P 2B i, T2 1 HA IR
AR KT

0.8+

Performance
Performance
o
o
:

=
~
L

0.24

MAE RMSE NDCG DiversityAccuracyPrecision Recall

(a) MovieLens (b) Netflix

MAE RMSE NDCG DiversityAccuracyPrecision Recall

Figure 4. Overall experimental comparison of algorithms

B 4. BEEEMN RS PR SR L E

4.4.2. KSTHT

T PRICTELEAFAE B /NG SEEG (520, AR SCKE k 433l % & 50 100, 200, 300, F7E MM HdE 4
ERATIES. E 4 SR TAEANFIITEBERFAE RN, DPFLE £ H 1 MAE A1 RMSE & 8.
2k KT 300 if, MAE I RMSE [556 45 AR AR5 /N, (H2FEIHATH R S E K. AT A TTHE %
JRANIR), AR SCBEA 1 2R 5T R K K S2B8 R

5 o 1R PR R O E R MR R B, 7E AFTSimple 1, ST 2R RS 19
B K HEFE, BT Softmax #/EMR BN FIER 1040, ASRIYEBE (3 20 /0 BB A 5
LRERIERBER TR PR RS OGERE, AP E R ER L EEER . @ shAh
DNAIE P B R HE A TG 1 S AR, 3 R DAL B 85 R A A S S R R R RURRE S, T
FHASMHEAAHER S HERA T .
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Table 4. Comparison of MAE and RMSE with different hyperparameters
4 TEIBSHERNMEIEE T H MAE 71 RMSE xftt

Movielens Netflix
Numbers of k
MAE RMSE MAE RMSE
50 0.6524 0.8583 0.6986 0.9010
100 0.6461 0.8522 0.6949 0.8941
200 0.6412 0.8482 0.6881 0.8854
300 0.6387 0.8418 0.6845 0.8827
User Attention Weights Heatmap Item Attention Weights Heatmap
EO - 0.088  0.094 0.034 0.16 0.04 0.16 "
£
032
é‘ - 0,017 0.12 0.16 0.11 0.015 0.0023
£
0.24
‘E“ - 0.063 0.15 0.07 0.039 0.077 0.13
£
- 0.16
é" - 0.073 0.042 0.13 0.092 0.11 0.00055
£
0.08
g - 011 0.019 0.1 0.064 0.11 0.002
£

UI3 Ug U‘_r,
Figure 5. Heatmap of attention weight matrices on the user and item
5. AP SY@NEE IR EEMERE

72 5 B T L5 AFTSimple VERE MG 5RGEIERI L, FHh DPFLE-AFT 2R LBRiEE I
Bamiial, Zin b DPFLE TE AN EHEE T MAE “FIREIKT 2.11%, RMSE “FYJREMKT
1.16%, 6B I8 ok 28 Vv = DI HLID R AFAE HEAT A U 5 R B G b e 412 FH P R0 2 (R B 2R R 06 R 9
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