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Personalized Recommendation Method Combining Rating and Review

DU Wenna, WANG Le,CHEN Zehua
( College of Computer Science and Technology ( College of Data Science) , Taiyuan University of Technology , Taiyuan 030024 ,China)

Abstract : The existing review-based and rating-based methods usually use the same model to model users and projects respectively, but
they are limited to the shallow feature level, and if we can fully explore the user’s personalized preferences and the deep characteristics
of the project, it will promote the model to learn the deeper relationship between the two representations and improve the prediction re-
sults. Consequently, we propose a personalized recommendation method that combines rating and review, which is used to deeply mine
user preferences and project features. In the process of processing the comment text, the vector representation of the words in the com-
ment text is obtained through ALBERT. Secondly, the proposed personalized attention module combines the user’s personalized prefer-
ence information with the comment text vector to get a deep comment-based user representation. Experiments are carried out on Ama-
zon Digital Music,Grocery and Gourmet Food and Video Games data sets,and the NDCG index of this method is improved by 5% ,
11% and 8% respectively compared with the benchmark method. The code is publicly available on https :// github. com/ZehuaChen-
Lab/paperCode/tree/main/DuWenNa/PRM-RR.
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# 7 5 & ( PRM-RR, Personalized recommendation method
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combining rating and review ). 31~ bR B AR RIS B A
PsF FI E R MR R E , HE— b R IHE R MROR. 7
Amazon ${EE EHZ EREIE T % ENA R

BT E 4 MESR G RHE SR BUK S (RFEM, Rating
feature extraction module) $2 B 445 1E , SCASHH1E 12 BUi 3k
( TFEM, Text feature extraction module) Xf#EiR AR HEITALH ,
H4F & 455 (FFM, Feature fusion module ) @i RS
HRP TR RA ST RSB IAREKA P RR, 86k
B 2 BrIE) i B AR B 7R I  MNCF, Modified neural collabora-
tive filtering ) ¥ A3 HEATHERE. A EE TAENT -

1) PAFI 458 ALBERT 452 U BUAR DATE O 5 O B A G A
BR, HEK S &R A ALBERT A 2] £ 1T Y BLiA]
I BRR , RAMIE GRU 45615 7t B B 3R e
PR EMTRERE, FRMEITL AP B ENBEXR,
B RBEERCR.

2) AR ER SIHLH], F BB EE M AL
WA SR AR R, 5 AP H-MERRETAR . Bk,
XARHERBEESR P RR P M ER M E TR
MRBHES B CAEP Y ETXER SHP MR
s {5 B8 B SR R W EE A, B IRBRENMEL A
PR IR R

3) g3k NCF #8281, 380 T i P iRieSCA 530 B ScAk
& BXF P F00 B BEAT S, R AR RUR.

1 XTI

1.1 ETFEQEREREESZE

BTV EENERET S EEA R ETHEN FiE
METHEBWHIE.

FT AR AR TR AR LR P SR B 3T 4 B
R WE. ERNEREETHA P BERLLNE (User CF,
User-Based Collaborative Filtering ) #1 % T 3 H i 7 7l o 18
(Item CF,Item-Based Collaborative Filtering). 1% 28 77 B/ 84
ST L, (R B T HAR R R e .

ETHERI AR P 0 & B E R F Z R A
BEEE MRITHE IR 4 FE. % R B B SR M 4% (MF,
Matrix Factorization ) """} | f& 1% ¥ 2 % (LEM, Latent Factor
Model ) "® % 53X 3675 1k BAR T DL R 1% SR B0 IR HE AR s
EREAAEERE KRB ITERIEMNE, B R AZ 4
RENWREAATRIE.

REETWAEEN T ERESCR R Hi TIFaH
WML, ZR T B R RIS, 4k, Bk 8L
R B8O TR R A 3 Bl 1 5 BT & 4E o 20 R LS TR
B, TR R B TR A B
1.2 EFFEXXRHEESZE

ETXAMEEE LT ARG PR BT EEEE
BT EE R TIRE S T .

ETEERENTEEEN A EEEEEAR, BERK
BREFEENMPIS RN EE LSRRI AP MR ERE
fiE. Do T $5 80 B A SCAS B YR U AE S, , Landauer 45 A 42
H T AR 407 (LSA, Latent Semantic Analysis ) 32 3 3¢ 4%

RALMH . Blei % AR H MK A 7 424 (LDA, Latent
Dirichlet Allocation ) 1 % % 3¢ 2% ¥t 18 ¥E 4718 X g 4™,
DA™ % A 42 Hi ) Top2Vec BB MG % A 42 i #) BER-
Topic FERIERLIR T 304 L RHREN.

ETREZINTE BEARIREMZ W% b ER
SEHIFNE S B B F P SR N S A RO HERE IR 55" . Zheng
& A\ 3R H DeepCoNN( Deep Cooperative Neural Network ) , E
FERBAAN AT BREH 4- 51 % P A0 & TR SO
BB JE AR R HEAT R T . Seo  ABIAT &
B LA, T D-Attn( Dual Local and Global Attention)
BRI A7 2 3 A P 00, A TR FH BB R Lin & A
R H A1 5 BB R NRPA ( Neural Recommendation with
Personalized Attention) Jy A[E A P kT H T AR N E
BRI, AR RE T HSEERN . Zbhou
& N\ 3R 1 B TAFA ( Two-headed Attention fused Autoencod-
er) ERIR—FMTLEEAE B REHER, ELREFE
AP ER R R s AT HE R, b 42 B B S R
AHEIES NCEfRAREAMWRBRUEE S X WA
6”17 {8 TAFA £ 2 BUF AR, AR B A i 1 &,
A SCER B 22 # ALBERT 3f B fin A P A~ 408
BB R A. AT NRPA § TAFA, & UK TR A 51T 4
MR RN FIR, 2 SO A BIE SCARRIEE IR T
AP BANMERTES.
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BLIERE.
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Fig.1 Opverall structure of model
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LFM( Latent Factor Model ) & —F2 LAY 4E e 8 T B,
HAZ D B AR T4 4 I 43 R R4 BE B Bl AR R, &
FRAAP MR EERESRBREBERR, MAK(1)
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R, =P, % Q:,k (1)
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Fig.2 Concrete structure of three modules

TR w FBE i, LEM 7] DUAR 5 H7E v 7E £ 2 )

HR 4 ) B R R T P I B IR 7 I AR (2) BR

Fu =Pud; = ZiorPuk X D (2)
Hep,p, RrnAP u BERR,q, RATH i WBERE,
PuS GNERSE GRIFRAAP v RE | 58 cTUEER
FHIXE.

2% R U 339 J7 iR 22 (MSE, Mean Square Error) , {2

K(3) Pim:
loss = E(M,k) (ru _;ui)z =
E(E,k)(rui - 2f=1puk X‘Iﬁ)z +

VAR A (3)
H,r HESEE, L [ pall® +4 g || * BFARB LT BA
HITE NI4T, A S IENAL S5 B R iR 2 B, 2 &
RETBTEREAER P Q, VISt , B i) Adam (Adap-
tive Moment Estimation ) X} $ii2c AT HAL , BE B EH P
Q RIS

T PSS BT LA k4R P NE R R pak
Fon , FIFERY , @ ST H AR AT LA & 4R35 B RRE M &
TR R PSR 0, p M TR S SCA R 4R
BUBL S A S P RSTF Fom W TR SCAR BEAT AL R 4R
B, TR R SRR N TP A 5 SCARSIERE T AL &, 18 21
BEW AP RR. T ICE R PESEE R B 3T B .

2.2 SUAHHEREVERRR
2.2.1 TR % ALBERT &

AT EZICREERGELE B AET BRI
B A BFOR AR A word2vec!™ B}, Glove'™! S #525 4055
A, B S HISERE QB S SR Bs h— A EE #m &
Fon , MEERFKIAEAR L TP AR S X. <30 A
il Zk ALBERT(A Lite BERT ) BEBU IR BT I8 b BAIR] B9 1] B
Fon ML T RS RSEE, ARG T NLP A )8
KICA L 5 FF SCHE M ; A6 B T BERT ( Bidirectional En-

coder Representations from Transformers) , ALBERT @i & %%
M E PSRRI R/, I B R B A ok #E
—BROSEHE, \TTBEER T RUIGMBAR R
BFRm Ny

iW1’W2"“’WS} =ALBERT(S) (4)
y\:l:':l ’S= isl ’SZ [ ’SN% %/%FHFFIZ%XZK’ i Wy, Wy, ;Ws}
AT ENRANRERR.

2.2.2 FH{AERAEZ A

HT H—HHE LT E R, FIFME GRU(Gated Re-
current Unit) X8 i) 8837 1) B Fom BT 405, B HRITR X
Zerb A ] 0B R

KA BT R B AN 5 1 R B ECR A, 2 R E T X
BN Wy, Wy, Wi}

IMTHBS u ERAEAEEIAREEAINES,
NRPAY srfs Ry R 2 id, ARSI P EEE E—K id
FHIE. A0 id @E R BRAGE, AR UZEERA
PR 1R B B, R SCRAITRAE R R E )
p AENAPREF R BER,p, B8 TP SEEREZEMN
FER T UEH RS R P AR

RIRE, S TR A 2 & BB B A0 57, AR
PR B R NH. R, EEFRMER A RERER,
F N EE SRR SENMU SR XA EEE X, B5AP R
WFE % R TRAR AR RENEE N BEE 28
Xt p, SHEIAFBHTHE 5 BHEREEINEASH
HEE,BEWIREN a={a,a, o HER BIER

a)t=W2t‘anh(W1|:v/‘>t;pu:| +b) +b, (5)
_eplw,)

* T S iep(w,) ©

a=2f=1at'v/‘>t (7

ﬂiﬁP , [x§y:|%ﬂ_:\‘i%§ﬁ¢;wl W, HEES] %ﬂi;bl b, A
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BEIHRE, o, TSN RIRNEEENE.
2.2.3 FRAAMBRALEE ANH

5 RiRm B AL — B, AR ER W R LA A
—ME GRU, #4529 B 05 14 B i B S ok
®,ERETIOPRBEARA LA ,0,, 4y}

FIRER , HEARITA B TE A X T IS R £ R
REEZRY, F, A T R HEZRIFIRIES, R 3CRAIERSE
FIER AU, R B & F P W & p,, B RER
HZEG % p, SIHSIERAMBEITHHE. 5, EHERERS
WEHAGHAWRER, SRR HERS r,. BEF2R

‘PI=W4t‘anh(W3|:al;pu:| +b;) +b, (8)
__exp(oy)

Bi= E?fexp(a)l,) 0

ru=2?]=1ﬂl'al (10)

H, Loy | Ron B EARAE, W, W, HEZEIWNE,b, b, K
BRI WRE B BREMERBANEESNE.
2.3 SERbAEDR

BB R PSS IERR p.. B3R
AKIALTR BRI P VEE RN 1, W SEERE eSS R A
BEARF, EATR HL T 59 T AR T REA[F] , BB ok 5 B P
RREBE—EMATTRER WL ERABH. 3 TIFE
B A, ASCR IS TAFA™ MR M ik, B 56, AR X
BAER  HENERIRS B — R B 7SR, BEX A
23[R P B FHER IR BRI

p. =W, tanh(W;p, +bs) +b, (11)
r. =W, tanh( W,r, +b) +b,, (12)
PusFu = softmax(p, ,1,) (13)
pr =W,tanh(W;p, +bs) +b, (14)
P2 =W, tanh( Wr, +bg) +b, (15)
v"=?"-pi+?" -'2" (16)

Hep v, WEETHAEXNRER P RSN, W, W W, W,
HBEZEIWE , b \be b, b, BEIHRE, BEEHEER
FIE W, ,RTE softmax JH— L2 BT, 2 1 R HOB B 5t
IR Rz | FRE, XENE W, BARANERSERE
Z RIS 2IME R A2 TR]. S A L, ] softmax 3 )
MR EA — N BRMRE, B ORI s R E A
BRBTEZINE.

2.4 YWHMHEHETBEE

M FRE RS INE 3 P, RE B 6
I~ M 4E % 434% (GMF, Generalized Matrix Factorization ) 535 F
ZJRBHAHL(MLP, Multi-Layer Perceptron) BEER T4 AL, {1 fi13E
I AR T A R A% L. 1B NCF AR LR P f i B 5
B BRIATHER I — B[R . 430X NCF B RIBEAT T
B, AR P IEE AR 5T EH R SCARE B X P s E
BEATEAE, IR FHEEEROR.

RS, 24 NCF #E B R0 A P AT ERA
Bk FERER SRS, AN L AP AR v, #4551 H
T MR SR F P [ B R (GMF User Vector) 1
ZRBAHE B9 F P A & (MLP User Vector) Rn. [F]£#
o, B AE R AT E SR v, BRI T AR ok

{95 H 7] &7~ (GMF Item Vector) 128 J2 /8% AL S Y T
Hm BFEm (MLP Item Vector) . Bt GMF F1 MLP &3k 4b
B VEEERNZ BERAYERGA PR EES AR
B 70

¢GMF =pG®qG (17)

O = (Wia (oo (W[ [ b)) +b) (18)

GMF

. AP

Fazo (W[ s ]) (19)
o ,p° # p* 4 BIF R H GMF i &5 MLP i1, ¢° 1
4" FR P GMF [ &5 MLP [1&.

|GMF User Vectorl |MLP User Vcctor| |GMF Tterm VectorI | MLP Item Vector |

B3 MEt RS mR gl

Fig.3 Structure of neural collaborative filtering model

RSt i) NCF 21 EZAKM T - Fdy & B9 id 15 SR 2
TR, RMOT B E— E MR, O T R RX SRR, 3¢
Xt NCF B ZUHHAT T 80 B 5 A F P BRSO R E /Y
PERSCAME R, 0 R P I E BEAT T S 4R BKRY A, AT A
R R T R SR PR FIACR.

3 %

RIS BB LA TR 5 AR -
- RQ1: 5 & FELALRIAE L , PRM-RR (P REANfA 2
- RQ2:PRM-RR HEZEH (R % F PP AN AL
R R T MR ?
- RQ3: Bl & 4ERE AN %21 PRM-RR (¥ BE?

ET X, ARSCHE RN AIERE, REREUE3 A
BHFL R,

3.1 HEENIREE

A SCHISEEE7E M Amazon dataset H &3 M) Digital Music.,
Grocery and Gourmet Food. Video Games3 M EA4ESIE &£ 3
1. TAMBREERCEITL (M1 3 S5) 5w, FEAEKR
AN FEEFTEEAERE. BREENERFEENR 1 Pin. Xt
FHAEIBE, RITHHE 80% .10% F1 10% Y EL B REDL 4 B
YRR BAEEFIR L.

ACAERAESE B3 TR T S BT RN, B
THE 3 MRHEPAG 1R |3 — b i RT3 4% NDCG, A
Precision@ K 173 [5] # Recall@ K(K e {5,20,50} ) SR {EfL 7
WHAAE R BRAMERE. TR S RMENBERXE N 95%.

NDCG A% 1R T HFEY & R, B Z R T EN#E
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HEEFIRT RS

~Lyw 1
NDCG =43

i=1Zng(Pi +1) (20)

Hep NFoR AP BEE,p, FAE | AP R LEEERES]
RIONLE HHEFFIRIFFEZRIE, N p,—oo. NDCG HB R,
TR BORAT

=1 BEERTH R

Table 1 Dataset statistics
Dataset # Users #Items  # Ratings # Review Words # Density
Amazon Digital Music 5,541 3,568 64,706 2,561,491 3.27 x 1073
Amazon Grocery and Gourmet Food 14,681 8,713 151,254 3,074,602 1.18 x 1073
Amazon Video Games 24,383 18,672 231,780 8,385,355 5.09 x 10°*

Precision@ K R¥E R TH# R+ 5 P LIREXEY
e N R A4 80 B9 o B, 3R(21) B -

. TP@k
Precision@ k = TP@ k + FP@ & (21)

Hep ,TP@ k R il k MEFFIRPRERBEENRE,
FP@ kZRHT k M EFEFIR PR A MR, Precision@ k
B B R T

Recall@ K Fm 12 TR IEREA AR AN IE BRI i O B0 B

B IEREA B H B, 0 (22) B

_ TP@k
Recall@ k = TP@ k+ FN@ & (22)

Hrp  FN@ k Rn RTERT £ MEFEFIRPHEHEZE R IEFHH
BE. Recall@ k {HlR , HBIHFRHUR BT
3.2 E&ER

ASCRF 4 Fh2SRIHL 8 R EAHEBET R, BRHEET
AR AT SRR T B AR LRI
BN B RS,

ETHEEL BT :

1) PMF-*! ( Probabilistic Matrix Factorization, 2007 ) 3& T
SIABE-A X PRI E M A E R TR

2) CML™! ( Collaborative Metric Learning,2017 ) ¥t £ 48
¥ CF SRS &R RESRP-RP R -95
AELE BT SRR MR TR

B APEESCRRF

1) ConvMF"™! ( Convolutional Matrix Factorization, 2016 )
KB MEME SEES RS S, N BiFie Y
0 FRAE. B e A TR 50E .

2) DeepCoNN'*! ( Deep Cooperative Neural Networks,
2017) A AT SR ESMXT P #03 H BB SO 31T
L, A FM 50T 4 B

BAEER IR F

1)NARRE™! ( Neural Attentional Regression with Reviews
Explanations 2018 ) 5| A #1 £ 1 F L X B8 FEAT R A F R
5 EBRARNNESRS , BN IR &M% % F P
T B Z [R1 Y pav & B AP AE.

2) TARMF' ( Topical Attention Regularized Matrix Fac-
torization 2018 ) B— Rl FHE T E J1 T8 I 14 B 48 A IE
IR PR BCE (R B N AL

3) DeepUCE™! ( Deep attention user-based collaborative
filtering 2020 ) 3@ 33 1 2 A AL HIR Bk FA P 0 I9) o 98 A 6B
WA P AR RO,

4) ADRSP™®! ( Adaptive Deep learning-based method for
Recommendation System,2021) @3B R M ABWKE Y H P
FNI0 E Y B &R TE AR E I R DAL IR A P S E R
RHIATHE.

5) LinRec™ ( Linear Attention Mechanismfor Long-term
Sequential Recommender Systems ,2023) %t T —FrET BRI L
PR B R AL AL B B P S (R AR

H RISER R

1)GATE™! (Gated Attentive-Autoencoder,2019 ) & — F
ET BRESMER NG MREMEMEEE, 46T AH
SIS XIHEIRSCA N B R HEATEM , JEF R TIENL Rk
R e B BT

2) TAFA™! ( Two-headed Attention Fused Autoencoder,
2020) B —FER G PR AR R B FoR DT I
RN RS B 3 migas.

3) GIANT"®! ( Geometric InformAtioN bottleneck 2024 ) £
—RhEE T LSRR 43 B g B 5 AJLAE B
FHBEE, TR P M E Z B SRR (INEE. A E
&) BATHRE.

3.3 kT (RQ1)

R2~-RABETHRBRMAXHEBEI MEEL
A BE. BB IRAT R0 LA BT IR AT 1045 2R 4 B FRRLIR A T Rl
LAn.

MER2 ~R4,BHUTER:

B, RS TR XAREBIERFE R REE S
EBEI~BT) REMTRANETERESBH T L (B
1~247). XREBETERE L i R AR P-5E
A AERER I P X R A0 E 9T 4, MR AR SO R
BEEET SR UAIRE P S EWRER, #— 5% E
FP A RSFFIRR R , bLBR Ak 0 46 P 20 5 s B REB IR A P
HIDSEBFNELT , R B il 6 PP I8 SCA 78 v 7T AR A e
16 B AT AE SRR B A BRBE , TR R HE R M1 B

HR AR AN TE (85 ~ 1347) R T®
AEREEANHEATE (B ~417). XEFFERE I
THRT DA B R X By O B4, TR R AL 1Y
Rl R, RSB RS THE SCAME S, T UE G B A P
PR

B ETERESHFE(E 10~ 2T7)HEESME
ERE AV T E (S5 ~917) ML , LR BH —E B g
%f LNARRE , TARMF4¢ BT F Y 1% 2 0 pL i AL 3R PP ie i O
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%2 Amazon Digital Music SZK45 8

Table 2 Experimental results

of Amazon Digital Music

model NDCG Precision@ 5 Precision@20  Precision@ 50 Recall@ 5 Recall@ 20 Recall@ 50
1 PMF 0.0277 0. 0064 0. 0039 0.0029 0.0108 0.0146 0.0721
2 CML 0.0379 0. 0085 0.0050 0.0035 0.0259 0.0570 0.0950
3 ConvMF 0.0654 0.0203 0.0103 0.0072 0.0494 0.1529 0.1193
4 DeepCoNN 0.0798 0.0287 0.0127 0.0093 0.0727 0.1694 0.1298
5 NARRE 0.0924 0.0312 0.0142 0.0105 0.0869 0.1704 0.2834
6 TARMF 0.1215 0.0320 0.0159 0.0103 0.0947 0.1865 0.2861
7 DeepUCF 0.1583 0.0398 0.0212 0.0126 0.1234 0.2435 0.3590
8 ADRS 0.1768 0.0470 0.0227 0.0127 0.1320 0.2676 0.3649
9 LinRec 0.1793 0.0431 0.0220 0.0128 0.1315 0.2574 0.3602
10 GATE 0.1577 0. 0395 0.0213 0.0126 0.1230 0.2420 0.3585
11 TAFA 0.1764 0.0478 0.0228 0.0128 0.1370 0.2670 0.3786
12 GIANT 0.1892 0.0511 0.0245 0.0137 0.1421 0.2916 0.3990
13 PRM-RR 0.1987 0. 0535 0. 0261 0.0149 0.1542 0.2948 0.4059

%3 Amazon Grocery and Gourmet Food SZBG4E B
Table 3 Experimental results of Amazon Grocery and Gourmet Food

model NDCG Precision@ 5 Precision@20  Precision@ 50 Recall@ 5 Recall@ 20 Recall@ 50
1 PMF 0.0330 0. 0056 0. 0046 0.0036 0.0146 0.0480 0.0987
2 CML 0.0415 0.0089 0.0054 0.0039 0.0259 0.0631 0.1120
3 ConvMF 0.0534 0.0117 0.0078 0.0053 0.0338 0.0877 0.1449
4 DeepCoNN 0.0587 0.0138 0. 0067 0.0053 0.0342 0. 0896 0.1402
5 NARRE 0.0589 0.0144 0. 0076 0.0046 0.0354 0. 0906 0.1346
6 TARMF 0.0596 0.0126 0. 0082 0.0052 0.0377 0. 0962 0.1567
7 DeepUCF 0.0665 0.0154 0. 0092 0.0063 0.0510 0.1182 0.1904
8 ADRS 0.0772 0.0169 0.0118 0.0064 0.0507 0.1227 0.1917
9 LinRec 0.0733 0.0164 0. 0096 0.0062 0.0506 0.1223 0.1903
10 GATE 0.0658 0.0156 0. 0087 0.0064 0.0515 0.1174 0.1916
11 TAFA 0.0762 0.0166 0.0102 0.0063 0.0508 0.1225 0.1900
12 GIANT 0.0836 0.0213 0.0120 0.0066 0.0598 0.1321 0.1997
13 PRM-RR 0.0928 0.0230 0.0128 0.0078 0.0630 0.1363 0.2047

4 Amazon Video Games SLE 45 R
Table 4 Experimental results of Amazon Video Games

model NDCG Precision@ 5 Precision@20  Precision@ 50 Recall@ 5 Recall@ 20 Recall@ 50
1 PMF 0.0051 0. 0034 0. 0024 0.0164 0.0425 0.0790 0.0272
2 CML 0.0070 0.0041 0.0033 0.0228 0.0523 0.1062 0.0392
3 ConvMF 0.0136 0. 0060 0. 0046 0.0406 0.1032 0. 1664 0.0610
4 DeepCoNN 0.0138 0.0072 0. 0050 0.0473 0.1052 0.1680 0.0698
5 NARRE 0.0140 0. 0075 0. 0056 0.0492 0.1098 0.1687 0.0695
6 TARMF 0.0141 0. 0079 0. 0052 0.0462 0.1024 0. 1637 0.0655
7 DeepUCF 0.0167 0. 0092 0. 0060 0.0558 0.1269 0.1956 0.0764
8 ADRS 0.0203 0.0108 0. 0070 0.0661 0. 1456 0.2183 0.0910
9 LinRec 0.1968 0.0106 0.0062 0.0607 0.1398 0.2077 0.0903
10 GATE 0.0150 0. 0087 0. 0059 0.0511 0.1174 0. 1885 0.0741
11 TAFA 0.0201 0.0109 0. 0068 0.0665 0.1435 0.2178 0.0897
12 GIANT 0.0225 0.0130 0.0079 0.0732 0.1572 0.2308 0.1087
13 PRM-RR 0.0243 0.0134 0. 0082 0.0750 0.1619 0.2450 0.1172

%, ET AHmEH T REHBRH L. DeepUCF H8E
LT GATE E{&T TAFA, FEER I HLE A LU TR P |
MR ZRBr R RMNMRR T HEF 2R 1, 5 TAFA A
PR R RO BT, RIS AR 2RI SRR R, 7T
DA B A BRI TR M SRR S iR sk B, B ik

R E N RIFHYPERE. ADRS EAEI7E 3 MIIEET LR
55 TAFA HHHRIEHBES L E, B E A EMHLH % F P
TR B FARFAE [ B RRACAF B J70 40 P i 4 0 T B 4, (LR L
GIANT AR B AR, GIANT #EEF FAMA - T EXE
B2 BB LT SE 30 AR SRS R P I B4R AE, 1271 T 1%
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PE8E. T LinRec #T Transformer #4771, BAERT LEK
FEFIBIR AT FURCR RN RE T B H 2 B R R R 2 et
XM AR R A K. ZER R SR P HE BB 7
JBESCH R IF #4545 Transformer A% SASRec!™! =3
H AR 3R A B — At

H/5,PRM-RR ZE 3 MR EN T ER AT EHBAT
HAEL T . BRI TH P AR RE (X
AFHERE) SHHER S 8. BP0 R a A
WH SRR TR SILH, SR AIF2EERFES,
FIREREA B 2R PSR &, 7E AR E R BUR S 1E
S PR X PRE SCAR HEAT A B SR AE SR B, R4 AE
BB RRE 5 ORI ERATRL &, B R
PAYEARET , BRIHEL NP RR. i GATE, TAFA,GI-
ANT "3 45 —(EARME N R RS B TR, A X E
B A VR4 M , 7T DASE I s iR B P AT R ARRAE , B Y
B BT BN B P BRE , BB THRERGE M
TR B TR R P AT R ISR HEAR DL R A R
3.4 HREEE (RQ2)

HTERAER G SRR, AGHT T RER
THRLSEES. BASE BB A iHE ERHER IILE, R
B XARERBGITFHEELI RS S , EBZ AT Deep-
CoNN, St ABBAMR T XA M B8 A 45 M 2% B 2 g FE M)
&. BASE + WA o3, HEh AR 2 A HLH, 356 B P g e
il B AE A AR ) B 5 SR ) B B3R 2R IR A M
BR/N. M7 BASE + RA AR H, QB A PR RER T
HLA.

B4 B TEMIRTE3 MUEE LH NDCG 2. 7]
PE 2, 7€ BASE + WA BRI A RN i W G B AL B 3%
WE T ITEBIBRERN NDCG, Bt REET 1 ~6 MBS A,
JLEREPEERB/NE A B A Amazon Digital Music %2
& b B T RRERE L 5 e m BAE A MEL R 19
BHTER S A . BASE + RA BRI 45 RABIER T
TR ER IHLH A .

[TIBASE
0.20 + EABASE+WA
EIBASE+RA
EBPRM-RR
0.15
]
[
Sowfr | |
0.05 — I I
p bl
Digital Music Video Games
Grocery Gourmet Food
Amazon Dataset

B4 HEZEERE
Fig.4 PRM-RR ablation NDCG results on three datasets
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WHIER M RIA, S RIER A B TN - R s
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ARk

3.5 EiE4E(RQ3)

HTFARXREZNAPRANE v, BHAP RSN
BHEMAHBEBARNERSBEN, B AN HRITM G4 E
FUEZNE. Amazon Digital Music 1 Amazon Video Games (1%
EABEYEEE A {32.64.128.256.512} B Recall@ 5. Recall@
20.Recall@ 50 g2 1k.

0.40 e e A A
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S 030} PRSI EEEES .
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BS5 BhAYEREgRE
Fig.5 Recall Plots for PRM-RR on two datasets as
dimension of vu is varied from 32 to 512
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