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Abstract: The recommendation system can help users filter the massive amount of information. Every single recommendation algo-
rithm has some defects. Mixed recommendation based on deep learning can effectively alleviate the problem of sparse data in tradi-
tional recommendation algorithms by incorporating auxiliary information and often achieve better results. In most current studies,
specific auxiliary information is used for different algorithms, but there is no unified hybrid recommendation framework. This paper
proposed a hybrid recommendation algorithm based on adversarial learning-to-rank: MRecGAN. The idea of learning-to-rank was
used to integrate multiple basic recommendation algorithms, built unified auxiliary data, and digged the deep relationship among fea-
tures. It used generative adversarial networks to learn the sorting function, improved the performance of one discriminator and two
generators, and obtained the recommendation sequence. Finally, the real Movielens dataset combined with auxiliary data was used
for testing. The experimental results show that the model integrates the advantages of the basic models better. NDCG and other in-

dexes improve significantly, MRR improves by 32.05% compared to CML.

Wofm B HA: 2023-12-15; #:32 H #5: 2024-01-12
BB : 5tk 54: (20BTQO74)
EE RN AFL(1981-) , B 10 T RN T i G T REI , WIS 7 1) AR KR o E-mail: xukan(@dlut.edu.cn
* WIS 1EE MR (LIN Yuan) , E-mail : zhlin@dlut.edu.cn
SI3&3 VP, R IR, A JE T XU BHE T 2 ) TR AR [T ). vy K2R (A AR 2R , 2024,47(3)
481-493. DOI:10.13451/j.sxu.ns.2024005



482 PN === Q2PN s = I0Y)

47(3) 2024

Key words: adversarial networks; auxiliary information; data sparsity; Movielens; NDCG

0 5l%

Bl R Y K A AE 2 kR B
BC W P AR BB Z AR A T 5 Bad 3y
AL, FH P X DL & 1 £ B R 3R I 2 F il
BN A o HETE FR G0N A O R ) I
HoADHEREFL . CLZMHT &K
G, TEMETE RGO MR EREE LR
HEME, FARA S Tl R 7E HE 78 551k 7 1
WG T — & MR . PR — Y HE R SR AR AR AT
TEA —LE BRI, JO vk W 2 0T & i 4 7 o Y
K, TR TIRAHESR .

REMEFEL ZMIEETENME ., BHK
WAL AT AT LA AP A HERE AOR o IR B 1
X Kk 2MARREGNER S IR
AT ARTR] o S 21 5 P 2 T Rl A B [ g
UE T VA ¥ A B Il REAS DL O B R
KNN ( K-NearestNeighbor ) 5 SVM ( Support Vec-
tor Machine ) JH] = P[] 3f 30§ , %004k A it 1) ] et ]
BB e, BARMSED RS T 20 AL
P, 25 08 T B A S N %R HE T Y
PEGE— B4R T . SR SR IR R 2 M 4% 5
WE RS0 B O3 il 45 & BEBUTE ¥ 7 iR 22 S 48 |
4 2] T 2 3% ; Zahra 5570 4 Y GHRS (Graph-
based Hybrid Recommendation System ) , ¥ % T
BT MARRIE S B g 6% 4 09 R GE, WA T
P T BAT VF 22 5515 0 [R) B 6 6% A B fip U 4% I3 B
F) & 5 Karn 25 2 IR G #E 757 185 8 5 1R & 1 &0
PrAR 4 & , 477 SR T 18] S8 A8 5 15 a3 Bt 1Y)
BAY

[] IF, B o TR B2 2 ) B i & Jee 4 7 0k
030 T 3R B R EBLIE |, TR A ) O 1k ] AR T
HHE e SRR R R R T P 5 H Z ]
WIERAELE LR B2, I 55 HZMH
e BB L R B YOG &R BRI R P o A A
H 0907 o B, B 0 7 i In) 2 FR T R R A
> ECHE th Az 2] W RE o TR TR B 2 ) TR
AR RS R B S R, TR B 2
Pt vh 2 2 P 500 H 09 B 25 A, B R S
¥ Je 2l A5 [R) AT AR RO i . R TE BT

A SRR BR T 5 T A S A% (Au-
to Encoder) | £ )2 & 1 L (Multilayer Perceptron,
MLP) .| 7 3 # 28 I’ 4% (Recurrent Neural Net-
work, RNN) 5 £ 1 # 28 I’ 4% ( Convolutional
Neural Networks, CNN) W IRE & 4 77 , #0075 2 4t
Xof LA Y B8 v B T LA Y Bl B SO M DA R
— AN A B Y G — IR S HEREAE 4

A SR HE R 22 S B AR K 2 R A
Piis FHENZIR G AR HE SR b | 0 45 HE 77 5 1k 3
SR B A I T8I A5 S R R B
B S R R R A Y 2R R 0 R R AR
VE Ry e 28 0 HE T 2 ) e B0E o TR, A S|
AT ORET 5 1% JEVAEL ) OO0 X e I 2% 3 AT T ek
#E LB G — A A B B RN SR R
FE A8 B I 6 AR A I 2, T 4R T A
T x5 Hi A HE Y A% 2 B9 IR A HE 7F 5 B (Mixed
Recommendation Generative Adversarial Network ,
MRecGAN) , ¥4 XJ 31t [ 25 4 by HE 7 27 > 1 27 >
Ji ik, 5 20 A5 B W AE 0y HE Ty eR A, AT
P HES G e Ja WU i 3 B . SR R
T g — i TR ) IR S AR,
AT LSO fiff D 85 4l it M et i A TR AT
45 4 Movielens b #1722 R M, A Bl 15 =
B, W M A5 R 5 32 e S T AT A, S
W g R AR SRR I AR —E B E BiE
RE 42 iy #7719 ME R 1

1 METAE

1.1 #EEHZE

WERER L E RN R RN, # il i2
it P AT H (fF B Wi IR S5 ) Z Rl
TR FR B B A P N 0 H kB R
BB P92, A2 BOAH R A ¥ FE 50 3 . HERE R
FEARE T ERNHEERIL S ETREEIN
WerE A o ARG HEE R 0T K
=2 PR A R AR BTN I T L TR
BT o T3 TR B 2 ) A 4 AT DA B
PS5 I H W R AR, 2 B P 510 H 2
024 HE R AR P G R, BB A8 i DAL B 1E
TR R A TR I — S ) S



VPOLAE ST XU R 2 ) AR A e 0k 483

BT H g5 48 09 P R 3 8 AL (Autoen-
coders Recommendation, AutoRec) , ¥ H % 15 7
500 A 08 5 AR 2 A, 8 G G 5 R A 2 2
2 B 3 H R B R, I R B R s T
W P & 4, 3R BOH P 3 5 Y A 4, 58
WHETEAE 55 s Z BB 2 a8 T
RZ M M2 W, 3Rk m e e 1 A
B[] I iy 2 >0 3] 18 45 ok B80T BOHE 75 1% o 1 P
B AR o JE T 0 BE o 0 4 72 5 1LY (Matrix
Factorization, MF ) , 43 i H 7 =5 H BF 43 %6 B,
AT P 5o B Y B e 2, 2 A5 2 1Y
VM Bk R AR e, — MR
B o7 = BRSSP ey I AT o, A
Gy KA A B ), 3T bl 28 D A AL Y #E
2 & M (Neural Factorization Machines ,
NEM) , F| HI #f 28 PR 4k AL 6 #4504 3 47 4
fIE BT, 38 Ao 38 4 3% 42 )2 S BRI 22 ) 1Y
SRR AR L bk A2 B, AT AE B /D (1 RO )Z S B
e T A o P TR I 2R S R b I 2R
2 oy o FE T 06 20 #2825 19 #E 78 5 vk
(Recurrent Neural Network Recommendation ,
RNN-Rec) , X H P 22 [8] B9 AH B AR 8 1% O i 17
ALl it s I A P R D s R AN AT
T > w20 AT 68 B AT R, i I 58 A T
IZ R SR F Nk 2 R 2 A7 A8 1 A i [7)
A EAR R AR, DL I A Rk Y T R
38— A P R — A3 H A AR 300 A5 4
1.2 EFREFINEEER

AR, BRI 5 ) 7 A& A SRR AR B T AR
I 0 D, o AR B L IR TR S R
A5 EUAE 7 40038 1 7 FH A LE T Al S5 3 A X
LR T MR ol = I el [31 B 1 o 2 ol £
HeAF BLE R IR, M TWE =W
RAWEF LA LR A a4 P mg  H P
Ve 0 H N2 5 A 2 A v A B0HE 7E N Y A
BifE 8, DL ik i, Horb, 5T A 4l
v TR A T SR B DY A R el B A B Rl
IR S -3 H P A R A5 A
G 5 T 43 B 1R 22 ok b B K eR B, SR B
FE R RS 7 vk 22 2 Bl i A ny I B 5 5UE 1Y RO
] o PR A) R0 AR 04 A HERE L R 3 H Z 8]
S5 K A B 5 AR 25 4 Ak B8R 1 S B A R il

N B HE A7 Sk b, ) FH AR 3R B O3 i 5 TR B
207 kA A WUH W R R s o BE TR Ak =X
R 1 2 1) i 1 TR 0 7 R 1 TR B D B2
I B AE B 456 R BE X 00 i i 4 R
BRI, Hh T R A 2 AR T LU A B A S
JIT LA 2 1k AT LA Rl A S ORG240 ) A B AR .
THEHRMEME RS HEFRE B 55 HH
IR SCA B A S il B AR B, AT 4 G SO i
2 B i AH B, B B2 ) P 55 E 5 R
PR N o BE TR P28 N 4% 1 TR A TR B
AL 45 G SCA A 1 2Z (R 8 06 &R 98 A
Tt A B R R o
1.3 HERFXTH R 2%

Goodfellow %5 2 Hy 19 A g 5 % B W 4501
( Generative Adversarial Network, GAN) i ¥ >
23 20 8, g3 o) g2 Az A% (Generator ) F1F 1] £
( Discriminator ) o H v, Az 5l 75 B 52 50 ok
R, AR R AT RE 5 52 B0 23 A B2 I B R R %
i, DB 3 40 ) s, A AN BB X 43 2 L S AR
I R AR R 5 ) ) 4 S e A B A A R )
A I S I S 3 2 A A AR B R B
o 2B AR 5 RN g 2 A AT R AR, R
RNy AR T B PERE . HBE IS
BF A A AR AR I ik B T m AR, B
B P S B el A5 ) 0] 4 X D D T s LR,
WL A9 B T B SRR 09 o A, W 2 ] A F
T NAT 1 . AT AE SR, GAN W 2% 78 11 B AL
HAREFT OISR G T E RN, M
TZ M 28 25 S X by AR FEHE R R G B
B A A 2 B . CHEN 280503 T A g %)
Pt #E 77 ( Generative Adversarial Recommendation ,
GAR) 138 FHE 22 | 1 75 4 75 19 #E 3h 5% )3
B B, TEVR A 3 )5 B B 0 25 5 P
fE ;s REN &8 R X i 2z 1 51 A ST e b,
e T — 2 RE A U BT M 4% (Multi-Factor
Generative Adversarial Network , MEGAN) , Jf &
UE T AR AL B A R S R R LT AR TR T
RecGURU (Adversarial Learning of Generalized
User Representations for Cross—Domain Recom-
mendation ) B ERESL , 51 AR B 2], T Il 45
H g 05 i 5 400K il g, TR e B ek
A 77 U R B 5



484 PN === Q2PN s = I0Y)

47(3) 2024

1.4 HFE3

HE ¥ 2 21 (Learing to Rank ) 5 % 7E 17 &
i R GUERE BE Ok B R LR 2 S Bk
HAZ HE 7 o8 A, I ) 1 pR BT SR SR
5545 100 19 A 5 4 B, LI AT 43 o AR 35 3R (8] 2 1)
SCRY o HE T A 2 R U 5 R ASFE T A0 AT A i X
FE— A HE P o BOE TSR A C TS 4, AR
B s o XMl %A D=
{diydyy+eeyd, ), TR L= o0 H BB X 2
(Cgndor) Fovb g 9 25300 L o g SRS 10 R OE 4
[ Finforoonfoh s r 0 25 10 5 SC RS O R 64 5 SO iy
WA & T, RE R = e 4 M 2 (g, 7). 1
2 AR SO B A OGP AR N, 5 BRI 2R A5
F 9 HE Ty R BRI ZRBERY) EA7 115

He ¥ 2% 2 J7 1 — T 43 45 9% (Pointwise ) |
Xt 2% (Pairwise ) | 51 % 9% (Listwise ) =35, A %
3 2o B AN SCRY B9 R, R A5 SRS 5 A ) X 22 ]
) HAAR AT 3, AR 8 A5 43 5 K 58 BUHE T 5 X 9
lia] T SCRY X 22 ) A A Y 06 &R L AR AR X T A — A

Purn

A, U SORY 2 8] B S8 R 56 &R BRI AR 1S
PRBYSE R SR &, B N4 G HE e 1R A A AR Ji
) 2% Gk N AR RHR SO B R 5, BB T A
Al SCRI AP B 56 & o R B SR R W] e ik
F 2 >0 19 VAR T 2 T DU R A6 0 P
HHE# , J5 SR A TR 2 RankNet 45 Lamda-
Rank #8485 77 .

2 FETUHURHT S IR Gk

AR SR T — 3 T B B HE R 2 ST AR
B R T K HE Y 25 2 e R R 2
R, A SOB HoFR 8 MRecGAN . Hirp | HE 2%
SRR EE SRS NIRRT
R4S A R A T B TN A e A N A
fIE 26 B, A Sk % B {5 B, 5 HE 3 A% 7 5 MRec-
GAN X} #7191 2545 3] , MRecGAN ¢ A= 1% =8 %F 47t
W 245 () AR T 4R A, — S A B R
WA A R A% 22 8] e R e, 3R T 45 R
e, HMEZRE WA 1R,

WA

( rE )(HErm) (e —— |

FA-TAE R HTIE ]

________________ ARG
User  First Second -~ N
HERE Uy L fy o
HE & ; ’./ h Tk
&#HR . . . .
u i i - i
n o [ m

Bl SET XU R T B T S A
T A BUA RO R IR AR A R A 5 A A 2 T AR R 4l P12 Bl 5 — A B D B i 7 2K 2
SR Ra et

Fig. 1 The structure of the hybrid recommendation algorithm based on adversarial learning-to-rank
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Table 1 Analysis of characteristics and drawbacks of basic models used in hybrid recommendation algorithms
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1 K
Kszllogy(ﬂ Uy r) 10g<1 - Gg(i| un>>],
i=1 —

Listloss Reward
Horb K g %e 2 P B R a9 5 o JE g DL b HE
T, AT E R y R

. 1 1
=N 22 — ,
4 (1+@XJ< )tm1+n 1M1+ﬁ)
(6)
Hor N Ry B R A8t BT 4 25 (DCG) 19 81 %% .
He A 1K Pointloss A/ A Fo 46 2 pRAL .

logG,( 7| u,)= Pointloss = iloga(fe(l,,))o (7)
n=1

242 PGAERE2

A RS 2 Ok [ AR R 1A TR MERE AR TR
R Ay ) 53] 8 AR AR A T 30 3 4 0 %, A A
2 BB Goeoe(d, 1) PRUBIF Az BUHE 2 po(ilut,, 7)o
(B A5 R R Y 5 2R RS FE AT A I 2 rh R
P25, BT LIGBE 51 AT A RS 1K 4 B Az 4% 2
I 7 R 1 P o = = N S 7 S B - S22 /8

i(Ez‘~pﬁ(f\u,,,r))[log@ - D(i| u”)}%

0-= argmax
[4 n=1

1 K
arggnasz Ajlogp(i u,r)log(l—D(i|u,,)) .

i=1

Pointloss Reward

(8)

2.4.3 WNEFIH B

FI 53 4% 38 3L B Do (i, 1) BRECIR /NE H
P R £

S*Zmaxsz\xE,Npm(fum,_)>[logD<i|u”)}Jr ©

E, . [log(1—D(ilu,))].
HA poelif s, ) J W AEHE A0, R LA
s Poi|w,, r ) 2 RS 2 72 AR AT AR .
b WAL 2 8] A BLAE L TS B AR A o FL
i Al 4] RankNet ' ® ' /E 2 Ji§ JZ 8 L, 44 Pairloss ff:
R HAR R R AR
logD (7| u,)= Pairloss =

ﬁ:l log o (ﬁ;(pos,, ) —ﬁ,( neg, )) N

(10)

I ERim FE a2 2 Frw .

%2 MeRecGAN #9 Zhif A2
Table 2 The training process of MeRecGAN

Algorithm: MRecGAN

Require: The level one generator p, (#lu,,r) and g o (7, 00);

The level two generator p, (i, ) and gyor (i,10);

Discriminator d s (7,2)

Dataset S = { Movielens100k }

Initialize g1, g2 and d with random weights y, @ and &, respectively.
1: repeat

The generator cycles

2: Train the level one generator via the policy gradient (ListLoss *
Reward)

3: py(z'\u,,,r) generates hard items for the level two generator

4: Train the level two generator via policy gradient using examples
from p, (dut,,, 1)

O: repeat

The generator—discriminator cycles

6: Train the level two generator via the policy gradient (PointLoss *
Reward)

using examples from p,, (ilu,,r)

7: py(ilu,,r) generates hard item pairs for the discriminator

8: Train the discriminator d ... (7,u ) using the Pairloss

9: Until MRecGAN converges

MRecGAN fiff 5 W& 4 B 5 vk I 25 A A=
BAs 5 F R o AR AR T RO AR SR A AR
BB A s e A e A B )RR AR R L S AR AR
AT IO, A A RS Rl & 2 B2 O (d) , H
W o R N BCHE 1Y 4E BE B LABE A I S 1) 1 TR]
BB RO (), Kb Bl %%, R,
MRecGAN 7 & hb BFN A= Bl K & 1 5 s, JF B
A AR 5 ) A R R T R 2 2% IR 43X A i
FERIRT A 2 22 BE R0 T O (d) o 7 4k, Ab BN
A% i K5 4R 1 B R) AR 4 R S RO B R/ A E
oo Zf b, Al DL Bl b #F MRecGAN 557k (1 &L
WHERERR RO .

3 FEEARE

3.1 HWEHESE

A 3 3% B Movielens (100 k) #E 77 504 48 L %
B EA T T 9436 P XF 1 683 %6 | 18 F s
(I PE A PE B 1 2 5. FIH 2291
J7 V5 0] DA 1 B SR 5 Ak ol HE I 2 T e A
Bl AR ARSI T A B S .
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3.2 AWM EN

FEHEFESR e, 38 A PO AP RO PEA E D
— i Sy F5UI Y A7 51 3R b i 5 B 45 53 5 S5 Br H
FUes T H BT 53 00 I 2, O — Tl 25 T HE 7E 0
H 05 J5 Wy o 78 58 bR, HE 77 45 SRAT 1T
S A Y, i B BRSOG4 o HE R R i
A, L, A< SCR F MAP (Mean Average Pre-
cision) \NDCG 5 MRR 1E B iFM 54512
3.2.1 MAP

XF T P B X v 3R CE 24 (E R Sy
MAP , MAP {8, 158 W1 TP fi 4 AH < B9 4 i
HE e B T, B AR BE AT

AP(u)ZW, (11)

P@/e(u)zR(”;?uT)gk)@k L., (12)
A

MAP—Z“UHU), (13)

oo R P o e B RO TE L, P o
B S TP B BT L B R A
LT R S P SN ES T
3.2.2 NDCG
ST HBR Pt o, FAfE 7 910 3 HEAE 2 8 4 1
W15 DCG H .
DCG@E(1) =S G(w)D(i),  (14)

X R AT PR3, B A NDCG
_ DCG@#-(u)

DCG*@k(u)’
Horp G (u, ) 238 25 pREL, AT DL P 5 90
b - B9 FH 6 BE A5 25 D () A o7 B 5 e pR A, 24 40
B IS 2R ; DCGH S BAE B9 DCG , Bp3F
A SRR 7/ B R o 1L o B 2 Y (AN K /o T T
[F) 1, NDCG B 8K, 18 BH HE 7 1 e Bk 4
3.2.3 MRR

MRR 3 i 1F 8 #fE 7 0 5 A Ry

He 2 K EAL HEFE Rk e Be , o | QUER M
FUIAEC, b ARRXT T A P e
ZIH FEHEE S B RS B AL

1 Q| 1 ( )
MRR=— > — 16
Q ;kl

NDCG@k(u) (15)

3.3 RIEHER
3.3.1 AR D4R

AT, 6 DO L AR AR R AT I 2R I AR U
EPERE T % A M IFE £ s . Autorec 844 167 Ik
Y 4k , e 2 RMSE (Root Mean Square Error ) £ %€
1t 1.008 [} i , MAE (Mean Absolute Error) & &
1E 0.796 BfF 3T 3 MF 4853 250 ¥k )1 %k , it & RMSE
¥ 7F 1.133 Ml 32 , MAE %4 & 78 0.873 [ff i 5
RNN £t 3 500 ¥ Yl 25 , i 2 Precision f&t & 7£
0.665 1, Recall £ %€ 7£ 0.869 8, Accuracy fat & 7
0.633 23 NMF 2235 250 Wil %k , fix & RMSE F4 5&
£ 1.103 [t iff , MAE 2 % 7€ 0.858 [ i . K14 J&
DU o S5 it 452 7R 11 P BB 48 b 5 U R0 .
3.3.2 MRecGAN I %44 7

B AR — W20 Mg, 58—
JZ 4 M )2 B tanh 7E R U0TE eR R, 2B R sige
moid PRECTE o F T BT AR 43 A 09 A Ak
K softmax AT o AR A AR 1R
T 2§ BB 2E 2 O 110 S/ SGD , B A= il 78
2 FUH] 5 25 B AR 5 15 B 2 2 R 1X10° 1Y
Adam , betas 4 (0.9,0.999 ) , A {ifi JH AL 5 05

Zad R SR, 138 T MRecGAN 1 fe {414
(1R R - B 5 R AV R R TRy S = A ¢
A R, KRk 85 M e 28 1k 1% o an
Bl 5 s o

AT DL B, B B 1 RS A Bl A IRk )
BT A W o AR ET 60 AUl 2k, NDCG@
3 . NDCG@5 . NDCG@10 5 MRR 7 il i 42 4%
Th %5 hy 1k, 43 531 15 %) 0.603 3.0.514 8.0.413 6
50.708 15 7EJ5 100 R A Il h i, 3 2645 bR 1 K
BN SEE . MAP 7EHT 20 R I 2 b BDSA 3] T
0214 1, )58 @3 . MRk =tk
A I i, BRI QR IR . 2 Dt 4R K 56
% P MRecGAN ) NGCG@3 ik #| 0.819 5,
NDCG@5 5 3 0.760 1, NDCG@10 i5 3 0.614 3,
MAP i£%]0.279 3, MRR i5%] 0.873 1,
3.3.3 iHakEIh

h T — RS A LR A AR 2 Y 4
Bl 380 3R DL B TR A A B v A5 E 24 5060 A5 784 1) 5% i
T 0L, A SCUE BT P AL Rl S5 43 o0 ok AR R
i T Al SC B 5 RRAE U Rl S X T AR AR T
AR A AR 122 B (2 /E MRecGAN-outer ) , 4=
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Fig. 6 Results of the classifier ablation experiment in MRecGAN
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S REMRAEE R YE o M SE I R R, Y AR
HEROAE A0 Ze A7 IF B Y 3R B B A R g, O
B g R AN 7 R o

osl NDCG@3
: = NDCG@5
== NDCG@10

0.7}

06}
05}

HE

04rf
03F
02}
01}

0.0

20 30 40 50 60
FHE 4

7 MRecGANFFIEIH il L g2 R
ERL I EYSNEUERR e 34 €55 A (i 2a2.E S il i el 4 C 1
)4 20, 30,40,50, 60, % H (445 NDCG@3,NDCG@5,
NDCG@I01E M FpR LIRS e 4R AR o

Fig. 7 Results of the feature ablation experiment on MRecGAN
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Table 3 Specific origins of features

FEAERL AutoRec MF NFM RNN-Rec
20 5 5 5 5
30 8 8 7 7
40 10 10 10 10
50 13 13 12 12
60 15 15 15 15

3.3.4 AR

AR B MRecGAN 5 CDAE ( Collaborative
Denoising Auto-encoders ) '*' | NCF (Neural Col-
laborative Filtering) "*’ | CML'*) | LRML ( Latent
Relational Metric Learning) "*" | IRGAN (A Mini-
max Game for Unifying Generative and Discrimina-
tive Information Retrieval Models) '*’ | BRP
(Bayesian Personalized Ranking) "' | LightGCN
( Simplifying and Powering Graph Convolution Net-
work ) "' . PD-GAN ( Adversarial Learning for Per-

sonalized Diversity—promoting Recommendation ) "'’
197 7E Movielens (100 k) b A9 44 fig 16 b5 o 77 %
A P

R4 REFAE Movielens (100 k) _E 64 M 423 bt

Table 4 Performance comparison of different models on

Movielens (100 k)

FRZ R NDCG@3 NDCG@5 NDCG@10 MAP  MRR
CDAE 02169  0.2115 02047  0.1374 0.3923
NCF 04458  0.4183 0.3912  0.2527 0.6229
CML 04797 04508 04198 02813 0.6612
LRML 03040  0.2820 0.2639  0.1724 0.4967
IRGAN 04222 04009 0.3723  0.2418 0.6082
BRP 04078  0.3889 0.3632  0.2376 0.5952
LightGCN 04582  0.4329 04241  0.2833 0.6403

PD-GAN 04294 04816 0.4550 — —
MRecGAN  0.8195  0.760 1 0.6143  0.2793 0.8731
Improve/%  70.84 57.83 35.01 —141 32.05

1 : Improve 1.3 MRecGAN £ [R5 4845~ 5 e A%t FUAST R g T L
ERE A

{E 15 75 B 0 &, MRecGAN 3l g2t U Fift i fif A5
RURRE AL G153 . X DO Ap S Al A & 2 U T
BT W72 45 R, A SOW T 45 AR
REMELRMH G R, S —LRAFT LM
fit . R B, 4R YE NDCG 5 MRR J7 i 42 F+ B
i, H MAP I A7 B 52 T, X 0% PR Ry 5 R
Jn oG v Sk A H By HE P R, BB S AT RSN H
FUHETE A OG0y 3 B, IS AT B8R A A OC 1 I
B HE7E A7, 8o Sk 58 v Re B A, A H
R HE T e AN o O3 Ah AR SO
Movielens (100 k) J&t 46 #E 77 Z0H0 4 @il A B 5
LA T R W HE T 2= ) M E
BT DATEHEY O T R AR T

4 Hifih

AR SCHR T —Fh 3R T X TR HE 2 ) B IR
G HEFE B L (MRecGAN) o 1% 536 8 HE 2 2
VE N RS 2 A5 A0, 3m ok 22 B HE 12 80 0k 9 R AF b
G MBS B R SO A HE Y
2 o) M P 4 5 TR R AE X T4 o 51 A
T — A AR BB 5 — A AR AR AT
Az 7% 5 P 5 e 2 D 3 e % O 2O HE 2
2 R B EAT S D, 1 R R B RE A R
MRecGAN W BT AN [] 4k 72 5894 i 00 A5, OF HAH
H kAN T 8 5, 7F Movielens (100 k) £t g 45 | Bt



492 PN === Q2PN s = I0Y)

47(3) 2024

T AR . MRecGAN A Y RE U5 A %4 2%
fife K5 A 5 0 R AL, AR SR S TR B2 S IR &
WP T — g — I MESR , s 2 ny i 92 42
HE RS o 28R, i T X T 4 AS B 1 B L %
BRI 2125 5 B N R S8 A, B Al 5 A
HEEMA R . RN TAEA, anfof $2 55 4
AU RS E T, FRARBI AL () &2 42 BN B ik — 2P 1y
RN 25 o [AEE, A SC H Rif 2 A# T Movielens
(100 k) , J5 2 sk 22 kb 58 00 2 i 8 48, i —
A B AR B 72 AL RE ) 5 T SR

AN, A SC R 8 i O i R RE IS T T
AR ES S EREEE 5 (X T o
A7, HoAth N 80 350 A7 A 4003k 22 1) A G MR ] L
IR VP2 B2 5 M, o T SEaE
e, mr DU O P AN B R AR AR 45
A 25 09 A0 B9 15 B Ak Sk 45 40 A0 B | TR) Bl 4
fEi T e 5 0 — b M5, FHiE R 2 H ir it
Ca L

S0k

(1] SBHZL, XB5et: . ULl i R Ge H % 3 shniR & 477
B HE LT, 2008, 34(23): 11-13. DOL
10.3969/j.issn.1000-3428.2008.23.005.
GUO Y H, DENG G S. Hybrid Recommendation Algorithm
of Item Cold-start in Collaborative Filtering System[J].
Comput Eng, 2008, 34(23): 11-13. DOI: 10.3969/.
issn.1000-3428.2008.23.005.

21 Bk, E4ERE, Tk, 5T KNN-SVM R & P

T UEHEAE AL T]. THALR IRAR, 2012, 29(5): 1707~
1709. DOLI: 10.3969/j.issn.1001-3695.2012.05.027.
LV C S, WANG W G, DING Y J. Hybrid Collaborative
Filtering Algorithm Based on KNN-SVM[J]. App! Res
Comput, 2012, 29(5): 1707-1709. DOI: 10.3969/].
issn.1001-3695.2012.05.027.

[3]  FEHRAME, VAR, BRI . Ala 2 U5 S5 il Bl TR A

EBERL[T]. b RTHE HL R A2 22 4R, 2019, 42(1): 126-132.
DOI: 10.13190/j.jbupt.2018-176.
JNIZY,PILHY, YAO W N. A Hybrid Recommendation
Model Based on Fusion of Multi-source Heterogeneous
Datal[l]. J Beijing Univ Posts Telecommun, 2019, 42(1):
126-132. DOI: 10.13190/j.jbupt.2018-176.

[4] R, INFOF, BEARAR, 45 . BT IR B 22 M 25 R 4
R i TR B HER SR D). O R 224 (B SR
Ji2), 2019, 56(6): 1033-1041. DOI: 10.3969/j.issn.0490-
6756.2019.06.008.

HU S C, SUN J P, JU S G,

et al. Hybrid

[5]

[11]

[12]

[13]

Recommendation Algorithm Based on Deep Neural
Network and Probabilistic Matrix Factorization[J]. J
Sichuan Univ Nat Sci Ed, 2019, 56(6): 1033-1041. DOI:
10.3969/].issn.0490-6756.2019.06.008.
DARBAN Z Z, VALIPOUR M H. GHRS: Graph-based
Hybrid Recommendation System with Application to Movie
Recommendation[J]. Expert Syst Appl, 2022, 200: 116850.
DOI: 10.1016/j.eswa.2022.116850.
KARN A L, KARNA R K, KONDAMUDI B R, et al.
Customer Centric Hybrid Recommendation System for
E-commerce Applications by Integrating Hybrid Senti-
ment Analysis[J]. Electron Commer Res, 2023, 23(1):
279-314. DOI: 10.1007/5s10660-022-09630-z.
O, VLR, AP, 45 BT IREE S 2 i R 4
W LR A [J]. T E P 2=, 2018, 41(7): 1619-1647.
DOI: 10.11897/SP.J.1016.2018.01619.
HUANG L W, JIANG B T, LU S Y, et al. Survey on
Deep Learning Based Recommender Systems[J]. Chin J
Comput, 2018, 41(7): 1619-1647. DOI: 10.11897/SP.
J.1016.2018.01619.
Pt B AR SR LR (). (PR (A AR
2% Ji), 2011, 34(3): 337-350. DOIL: 10.13451/j. cnki.
shanxi.univ(nat.sci.).2011.03.001.
YANG B, ZHAO P F. Review of the Art of
Recommendation Algorithms[J]. J Shanxi Univ Nat Sci
Ed, 2011, 34(3): 337-350. DOI: 10.13451/j. cnki. shanxi.
univ(nat.sci.).2011.03.001.
SEDHAIN S, MENON A K, SANNER S, et al. Au-
toRec: Autoencoders Meet Collaborative Filtering[C]//
Proceedings of the 24th International Conference on
World Wide Web. New York: ACM, 2015: 111-112.
DOI: 10.1145/2740908.2742726.
KOREN Y, BELL R, VOLINSKY C. Matrix Factorization
Techniques for Recommender Systems[J].
2009, 42(8): 30-37. DOIL: 10.1109/MC.2009.263.
HE X N, CHUA T S. Neural Factorization Machines for
Sparse Predictive Analytics[C]//Proceedings of the 40th
International ACM SIGIR Conference on Research and

Computer,

Development in Information Retrieval. New York:
ACM, 2017: 355-364. DOI: 10.1145/3077136.3080777.
CHO K, VAN MERRIENBOER B, GULCEHRE C, et al.
Learning Phrase Representations Using RNN Encoder-
Decoder for Statistical Machine Translation[C]//Pro-
ceedings of the 2014 Conference on Empirical Methods in
Natural Language Processing (EMNLP). Stroudsburg, PA,
USA: Association for Computational Linguistics, 2014:
1724-1734. DOI: 10.3115/v1/d14-1179.

KO H, LEE S, PARK Y, et al. A Survey of Recommen-



VPOLAE ST XU R 2 ) AR A e 0k 493

[14]

[15]

[16]

[17]

[18]

[19]

[20]

(21]

[22]

dation Systems: Recommendation Models, Techniques,
and Application Fields[J]. Electronics, 2022, 11(1):
141. DOI: 10.3390/electronics11010141.
GOODFELLOW 1, POUGET-ABADIE J, MIRZA M,
et al. Generative Adversarial Networks[J]. Commun
ACM, 2020, 63(11): 139-144. DOI: 10.1145/3422622.
CHEN H, WANG Z F, HUANG F R, ef al. Generative
Adversarial Framework for Cold-start [tem Recommen-
dation[C]//Proceedings of the 45th International ACM
SIGIR Conference on Research and Development in In-
formation Retrieval. New York: ACM, 2022: 2565-
2571. DOI: 10.1145/3477495.3531897.

RENRY, LIU Z Y, LI Y L, et al. Sequential Recom-
mendation with Self-attentive Multi-adversarial Net-
work[C]//Proceedings of the 43rd International ACM
SIGIR Conference on Research and Development in In-
formation Retrieval. New York: ACM, 2020: 89-98.
DOI: 10.1145/3397271.3401111.

LI C L, ZHAO M J, ZHANG H M, et al. RecGURU:
Adversarial Learning of Generalized User Representa-
tions for Cross-domain Recommendation[C]//Proceed-
ings of the Fifteenth ACM International Conference on
Web Search and Data Mining. New York: ACM, 2022:
571-581. DOI: 10.1145/3488560.3498388.

AR A5 B ThHER 2 2 TR BOWE S (D). Ki: K
HERLT R, 2012.

LIN Y. Research of Learning to Rank in Information
Retrieval[D]. Dalian: Dalian University of Technology,
2012.

XU B, LIN H F, YANG L, et al. Cognitive Knowledge-
aware Social Recommendation via Group-enhanced
Ranking Model[J]. Cogn Comput, 2022, 14(3): 1055-
1067. DOI: 10.1007/s12559-022-10001-x.

ZHU N J, CAO J, LU X J, et al. Leveraging Pointwise
Prediction with Learning to Rank for Top-N Recom-
mendation[J]. World Wide Web, 2021, 24(1): 375-396.
DOI: 10.1007/s11280-020-00846-3.

SHENBIN I, ALEKSEEV A, TUTUBALINA E, et al.
RecVAE: a New Variational Autoencoder for Top-N
Recommendations with Implicit Feedback[C]//Proceed-
ings of the 13th International Conference on Web
Search and Data Mining. New York: ACM, 2020: 528-
536. DOI: 10.1145/3336191.3371831.

BURRAR, s, HARIG, A LT HE A ) OHETE ST
EBFFELRAR )], B4R, 2016, 27(3): 691-713. DOL:
10.13328/j.cnki.jos.004948.

(23]

(24]

(23]

[26]

(27]

(28]

[29]

(30]

[31]

HUANG Z H, ZHANG J W, TIAN C Q, et al. Survey on
Learning-to-rank Based Recommendation Algorithms[J].
J Sofiw, 2016, 27(3): 691-713. DOI: 10.13328/j. cnki.
j0s.004948.

BURGES C. From RankNet to LambdaRank to Lamb-
daMART: An Overview[J]. Learning, 2010, 11(23-581):81.
WU Y, DUBOIS C, ZHENG A X, et al. Collaborative
Denoising Auto-encoders for Top-N Recommender Sys-
tems[C]//Proceedings of the Ninth ACM International
Conference on Web Search and Data Mining. New York:
ACM, 2016: 153-162. DOI: 10.1145/2835776.2835837.
HE XN, LIAO L Z, ZHANG H W, et al. Neural Collab-
orative Filtering[C]//Proceedings of the 26th Interna-
tional Conference on World Wide Web. New York:
ACM, 2017: 173-182. DOI: 10.1145/3038912.3052569.
HSIEH C K, YANG L Q, CUI Y, et al. Collaborative
Metric Learning[C]//Proceedings of the 26th Interna-
tional Conference on World Wide Web. New York:
ACM, 2017: 193-201. DOI: 10.1145/3038912.3052639.
TAY Y, TUAN L A, HUI S C. Latent Relational Metric
Learning via Memory-based Attention for Collaborative
Ranking[C]//Proceedings of the 2018 World Wide Web
Conference. New York: ACM, 2018: 729-739. DOI:
10.1145/3178876.3186154.

WANG J, YUL T, ZHANG W N, ef al. IRGAN: a Mini-
max Game for Unifying Generative and Discriminative
Information Retrieval Models[C]//Proceedings of the 40th
International ACM SIGIR Conference on Research and
Development in Information Retrieval. New York: ACM,
2017: 515-524. DOI: 10.1145/3077136.3080786.
RENDLE S, FREUDENTHALER C, GANTNER Z, et al.
BPR: Bayesian Personalized Ranking from Implicit
Feedback[C]//Proceedings of the Twenty-Fifth Conference
on Uncertainty in Artificial Intelligence. New York: ACM,
2009: 452-461. DOI: 10.5555/1795114.1795167.

HE X N, DENG K, WANG X, et al. Light GCN: Simpli-
fying and Powering Graph Convolution Network for
Recommendation[C]//Proceedings of the 43rd Interna-
tional ACM SIGIR Conference on Research and Devel-
opment in Information Retrieval. New York: ACM,
2020: 639-648. DOI: 10.1145/3397271.3401063.

WU Q, LIU Y, MIAO CY, et al. PD-GAN: Adversarial
Learning for Personalized Diversity-promoting Recom-
mendation[C]//Proceedings of the 28th International Joint
Conference on Artificial Intelligence. New York: ACM,
2019: 3870-3876. DOI: 10.5555/3367471.3367579.





