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Deep Recommendation Model with Cross-domain Association and Privacy Protection

WANG Li-E"?, LI Dong-Cheng'?, LI Xian-Xian'?
'(Guangxi Key Lab of Multi-source Information Mining & Security (Guangxi Normal University), Guilin 541004, China)
*(School of Computer Science and Engineering, Guangxi Normal University, Guilin 541004, China)

Abstract: Recommendation systems, which can effectively filter information based on user preferences, has been applied widely. The
problem of cold start and data sparsity becomes more and more serious with the explosive growth of the number of users. Multi-source
data fusion, which can effectively alleviate the recommendation accuracy under the conditions of data sparsity and the cold start problem,
is favored by researchers. Its main idea is to fuse auxiliary information of users in other aspects for missing values filling to optimize the
accuracy of target recommendation service. Nevertheless, more serious risk of privacy disclosure is introduced due to the relations between
data. To solve the above problems, this study proposes a deep cross-domain recommendation model with privacy protection. In detail, a
deep learning collaborative recommendation method is designed featuring multi-source data fusion and differential privacy protection. On
the one hand, this method fuses auxiliary domain information to improve the accuracy of recommendation and corrects the deviation of

abnormal points to improve the performance of the recommender system; on the other hand, this method adds noise in the collaborative
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training process based on differential privacy model to solve the data security problem in data fusion. In order to evaluate the long tail
effect in the recommendation system, this study proposes a new metric—discovery degree for the first time, which is used to measure the
ability of the recommendation algorithm to find users’ invisible requirements. Based on the performance comparison and analysis of the
existing algorithms, the results show that the proposed method has better recommendation accuracy and diversity than the existing methods
on the premise of ensuring privacy security, and can effectively discover the hidden needs of users.

Key words: cross-domain association; recommendation system; differential privacy; deep learning; collaborative training
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Viuts VaER™™ AV by m 4, FeomWih j WRFAIE ) 5. BRI 2 AT 55 S 61 A VR OME R AT 40 1
T H HEAT VP53 000, DA 5t AR ) 10 L. FRATTHT vy s H P i XU H i BIVESY, 24 =0 IS WA L™ & A R I
H j VFo3, k AARYE R RS R AL, FE R 23 i S0l foe /MG 1R 22 F RS BR 3 Loss,,,e A KA AN B AERE RS, AT vy

N M
T \2 " 2 m 2
Lossug = ) Y Tyry=ulvp) +a ) el +an Y 1vilP,

i=1 j=1

Hrp, u, € R 1< i < n,v€R™ 1< j < m, N THIEERA TN T B4 0,0, 0,>0.

e/ E b R B T 3 A B T IRIVE IR B R R, X L ERAT R Y AR B R BRI, R R R B
DA BEATLAR BT BT vh i, e AR R AR DGR AR e B — 5 500 R A0 S 850 AT 500, DL M Sl
7 B IRARIREL, (RIS Sl s SR e o 1 T B (R R

T2 ZRANHLIG S 2> A5 2 (multilayers matrix factorization, MMF), H /1 £ 2 & 41HL (multilayer
perceptron, MLP) th 1Y A\ T#H1Z: /%% (artificial neural network, ANN), ‘B GAFHHINZ . B2 A4 H 2, Hob &
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JRRTLIAT 2 A, S HL) MLP 5 —ANBGEUZ, B 3 RIS, Wik 1 s, 2 RERNLTH R 5 R 2 R 4k
M (AR L BREM M2 R P L THAIER). MLP FREZ 2R R, R
SRz, AR R e S AR A AR, BRI AR X R, B EZ  E AWX+b), W
SEAUHE (M4 R B, b L, X L0 bR B IR TR Softmax bR 8. JLSERGRZ 2 2 o UG o — 42
N IZ AR, it Softmax M1, By s /2 IR 45 R /2 Softmax(W X, +b).

"
o=y wxith
i=1

B, (@)

K1 ZEEGHL

3.3 One-hot ZRF5

One-hot %t ith 1 E LR N AR T AR KA N ASRES VAT G i, B4R HA LI FF 422500, I HAEAE
B N —RA R, TR 2R A R i A RN, X SR A A W B E A AE L R
fiE: PR [ 59, 2 1; Mol [ R, WAk (BRuGiah), I (BRAdbsa 40)]; Stk [ IEH, T, KA, WP R 3 ]; 1%
One-hot & 5 5t B AT K¢ P 51 4% 4E 4 65 < =107 F“ =01 (X B n=2); Hb X 45 1E % 5 % <™ =001~

#=0100"F1“BFIK N HE=1000" (X B n=4), Kb —MEAN [ 5, B0, WEIR A SE ] I, 7T 27 AR
[10, 001, 1000] K& 7.

BRI, ATt P LICKE 2 HCRR A PR A ™ R 380 W 2 I, A4S BRI 2 ) DB 0 5 5 3, R R i e — R B A
ANTR] 43S 2 i) (47 B 20— E I, A 23 BR A 4 R R RS A5 B, AN I RO, 1y R0 2 Rl 3, an SREANE
One-hot, 152 WEE B2 HRMY 1 FIHRNME 2 Z (B I BE B A2 1, iRy 1 FIHRNE 3 2 (B B B 2 2, AR A 2
(1, B4 A AN 1 FRHRND, 3 22 [A) [ S 2 A BE A8 {H 301 A ] One-hot 4 i, A48 WP B 4 2= ) 1 S A K
D= \/<x1 —x2)? + (1 —y2)® , JUET 5 3P AN 4 PR B S 0 A sqre(2), BIPTANIRY 8 90 88 2 —FF (), BAF
okEss N

4 BAABEXKMES RIRIPIREREE A

4.1 RGHLA

PERSCH, FAR G REE 05 19, Yo ol DUl 2 45 1, 456 TR 0038 0 F P B8 45 29 15 S anis,
F R H bR I RRFME B A SCR 2 9500 G 10 7 V2R AR o S AR B 0 T PRI AR B ) A AT e
(2 i, FHELRT 22 B Rl TP (M B RL 22 4 1) B, 2T 25 3 R R W v T — Pl A (MR B 25 ) W Sl B IR 4 7
A FAFELLT LA .

(1) B8, R G AR VT 43 50 B 0 A0 B 1k R0 4 I3 20y 1) JE, AN SR — o il A [ A3 50 A A 4 Bh S R e 4 7
155, R A RPN ) 266 o) s Sk QIR S5 1A 2 30, gl PR T ) A 4R e P S o VP 4 T IR e B, LAk 4 T
JA-T00H VT 43R o s AR, AT 2B AR AR B O (R RS P

(2) Fowk, X T O VE B, AR T R S T S 2R i, IR T A B RV A A R IR B
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P AR LRI HERE R GAEAE R G (KPP 2 Bt 100 S B AT IR PP RO VP- 00 AN — 2 S R P 6 40 i (1 5
SEGER, SR AR, R R R RSO, TR LR AR AR S R R AR . B TRAT1 % 8
M) P 5 S SR IR TR B 308t 2 AP 45 0 180 P - EOR AT 53 Rl I 2248 1, LVt T — PR AL 65 bR BOR S ER T £ 4
P55 VP (i 22, O 220 3 B I RIDRR Ay 5 5 o, AT i 2208 1B s MR, DAL g e T e e, 38 A2
REITERE.

(3) ®J, AICHIE T Z VGRS P I R PRk, T2 ZE PN TT AT T 30 e —J77 R Al B el R e A
TR P RN, K ML R 2 AN ) IR B A A R I 2% i N T, R RILE RS RA I e XU X2 A
N AN B AN S A6 F 50 B, i A 2240 £ 22 AN U N e il 1. 53— T T H AR U 23 B 1
WA, SR 220 B RA BRI N BEHLE 75, eI b PRAE RS 2R ) A% A
4.2 RAAISHEIKEHKAES RFANREHEEFRE

N T SR A AR A SO 1%, AR 45 A FAARSIGR A 2D (K VEAR Ui ). AR I HE SR AN 4] 2 o, A5
T2 3 R

- : TS
JA daptive learning / Enhanced rating matrix Re *,

I \I Ny I — 1 1 !
1 2 1 o 1 !
1 Convolutional neural I g I !
| networks =)L e | !
1 | 15 1
! @ ' H & ! :
1 1 g = ” n 1
1 | 4 | :
1 1 - 1
| t | i | I
1 1 | !
! 1 | 1
[ o | | !
1 mei . | !
! | +noise 1 :
1 1 ) | — L m
' B I e el
1 1 = 1 |
1 1 2 |
1 1 > 1 |
1
v A 2 | !
I i 5 | !
1 1 ~ 1 !
| . || MLPbasedNN |
1 1 1
1

| | | Adaptive learning !
\ = — 1 \

“. PP Neighbors’ ratings — v MMF S

2 RE ISR 22 00 B RA VR BEAE A Y

(1) J& T BE IR OCIE ) B 40 FE T A% 7Y (preference prediction, PP). FllAr 22 A4l B AT (1) SC S HE V150 H F P vt
T R B T A, T LIOKE P 704 B Atk R s VB i N, 220 A AR A 20 I 2 SR 0 s T 5kt H A4
AR5 T H IR B0 B, IXPEAE — B R BN T VP A E BRI B AL, 2R Ja SR D0 B I HERE R L.

(2) 7 R A BRI, Bk Al A B O S T R AR VR 2 BT S s A i T A TESY, ML SR
VP4 2 A7 W S8 A 22 B B AR R 06 A, SR FH AL 6 R IO0) 35 07 B RN S AR VP o EAT A IR A0 1, 206 sR B AR o 3
R 0, K J5 SC b EAT U0,

(3) LAY, TR BE 2 S i AR b, O T ORIE R PV 20 0 1 B A, S P SR P 73 B0t N 3% hr 7 b
BUE P EAT Ab B g2 T DA BB A5 3 1) B G BORA DR YRR IR 3 S RRPE 2> SE R O MMF (T 22 J2 IR A8 1 6
WE A R AR N, 2 3143 3030 H IO TV 2, AR RS2, RS AT RS P R 22 4.

HEAAOFELIRIT.

SPUR L TN ORI )R A ATAR R P N D FH R S B AU R A AR AE bR A PR £l v, Hoh
il Dy S RT A Sy 22 AN ANTR] R0, it — ARSI ) 1, AN IRV, = £ VD))

IR 1.1, 55 1 J2 8 embedding layer, &K BTA H 7 7048 B S ) Bt il v S o — ZREAE 1) 2, AT R IR
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FHP-T0H BRI H -TH 2 [ R R B 7w 2R 55— AN B A i PP 2 Ros  — AN HEFE R, = R 5T
AN (0 2 B AU R, 76 embedding layer #7508 f1: R, = Z; ;R K i, Ay it BRI ) 350 H AL
i AT URALR A, k R SRS o £ USRS ECR 4 R, o, SR 50

SRR DRIPE ZR A, AT UM AN [R] 08 1) IR EE B B AN R I 2 3R K. AR, R4S B R TS 46 2R R, A1 5 B 4 o 4%
INE

A YR 1.2, N LRP G2 2 A RAEAL B SVE VAN NRHE x; XS RBEA i 45 2R P, (0) Z I AR SR, SR
13BN NREAE I~ AH M R (D) |, v AT
R/(D) = |15| X,ZE’E)RX,, (X)),
o, D R FRHRE. XA IR, T B RO 50 i 2 AN AT AT LA VP4 T B A ), I A2 LA (I
VPRSI, A2 EFE A4 R R B AL L, DRI AR 5 A .

S 13, ERHINZ THEAT O B KU BE 2 BT, A SR A o T AT US4, A5 By (W) = b+ W, 1
th b FoRAE TR E, Wk h (S EL 4 — N IGRIR L, h B85 2 hy(W) = ZL (b+x;W").

B LA ERUR . WAL AR INTE O A B2 R B R AL e P4 U 1) 0 M R
S 9 A R TP A0 B0, TR TSR 2 MR AT £ B BRI AT ISP A TR R V, = fS(WOCT +b%) | 3K HUR A
Softmax 1k iy HH R 5L

SR 0. 5 BT RS TE SN 44 A P4

S 21 ARERE A RE PR 7, AN BT v, I 300 VR HERE R € Roon e SREUEE— B4l VF
SN v,

S 2.2, T IR AR, oA v, VD 5 Lap(§) ST (R, TG 48 )
A T =, +Lap(§) R ¢ FORBTA TS, FR S BT R L, & M/ RV AR M SR,
P e KN A RHBURRE Av S DIRIOE, IX I AY B 5.

YR 2.3, FAL—ANH v Ay, FIECE R v, RN A SR v, = v, @V, IZBREIN N 3 R AL

1) B Pk T30 I AT HEAT VR4, DU T 2 =1 453 30 [0 A7 A D49

2) W P AN AT T VRS, AT DUE 0 B 1 P S AR p,, (B w0 IRE T A
FEY, N R HERE] s VY. Bias s = |puird A K O 00 B0 007 88 S5 P40 2 W00 22 401 3 Bias,=p, A1 924
HIVE R 8 0 (B FEGR ZEVE. WA VPG00, WK 206 7, BELEELL p; FE VRS WS —NH P IR VR4 F &
AR ZE T KT BIE p BB 4 XA P U R 5, X B BIE p A Ll 24 S A3 H

3) Gn R I H BT T VR, OF B S U B e 2 AN R O B A, DU O 2R A e A v, = ap+ (1-
@) SRSy, XA o € 0,1) RN BB I 135,

U3, LR 2 AR AR VRSB 1, 45 S AR 5 MMF B 5\, MMF B8 A A2
% R RBATHLALIR. B 26, 7202 A PN 0 W 23 Ak SR user s item W 1) 00 60 85 . % VR4 AEBE 7,
users. items AW 5 U, Fl 1, ZFERR N V, = (U)'AL ; U, € RP", I, e RP™ X A JEH R 6 1) P x P
AN FEPE. SR )5, 1 one-hot 4t 4 il #2245 [¥1 %1 N, user A1 item #5181 one-hot 4t 15 2 # 6% n) =, Wi —
A~ embedding JZBU  FiT P 1 6 2, RIS 168 2, 43 B0E s i B, e ONIAPEA 3R TR oy = h(U.Zon LZ16.).
Hr s RARMANZMSHL, y Xom MMFE i AL b Z2BGE RS, WU T = ReLUW'R-YU,D+b") , H
ReLU(xy=max (0, x), W' Fil b' &5 t ERGEZ IS EL, v LS 3] MMF TR AR: 7= R (R L R (U, D)),
7=MMF(V,|6,y), 3 T2 RIR)ZIEH, A Tk 4, MMF BEBS K] 3 s,

itk MMF ((URBRETR: L = " 3 WANE Gy — 7y, AN RISt oL, S8R RIHBEHLRERE I
EREHBH S 5 y. B, WP s A P AR top-k HEEEFIZR, AL AR SR, BAARMSLINSEYE 1 s,
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Output
t Fully-connected
MLP Layer X
ReLU
MLP Layer 2
RelLU
MLP Layer 1
One-hot

i

I

(ofoToMmofo] - |  [olofo[oMMo]

User(i) Item(j)

&3 MMF

BE 1. A S IR 2240 A FA I iR S HE AR SV
BN WEEEIR T BAORATR R ey 205 0E2 BIME p; YE B v,;
B HEFEFR List.

1. Init Pyyrie Rinacrix /AT EVEIHFE R 25 UFFEHIBE Prarrix
2. repeat /| %% CNN $#!

3.V, fenn(Tain)
4
5

. until convergence

. Prawix < Vp

LV eV, +Lap(%),Rmamx — v,

. Input P ,iix Rimaix t0 Combination(p)
. V, < Combination(p)

. repeat /Yl Zx MMF 47

10.  r, < fume(Ve)
11. until convergence

O 0 N

12. top-k List—r,

13. return List

5 HEFREMERES

5.1 HEBE

AR SC T A I S G IR P I P8 HE TR, Xt TP 23 s A A 50 3 AR AN 43— TRLEL Sk B 1 A
G ) A, T S O TR 1 s SR FH A B 22 I 44 AT AR B K T 5 e 000 23 A7, DASECR I R S8 b 7 231
R AL, 27 A 5 A L SR AR AN ARG i R 55— T, 6 TR AT R A T, IR sk RARZ P
HE0F T AN, W0 T B SR SR VT SR 23 S AP, sl A S P AR AT VP 4y, R G AR BBV B
A — P ol: BARF P TV A, B S 7 b AR B ARG 2, L bRt (0 30 B R 45 AN A, IRk
ST PRV, BRAL, S TR R 0 2 PR G DP A I 5 At S DR ANERA. (5 DA X sk
S RSO, FESVE A B AU P B DR U R A A ZE I, i R E B T I AT S R WA R AR
PE, BARFEFEPERE. Rk, 25 SCAEHEATHEFE 50T B il 25 s By 0038 P B Sal B R BE AT S 0 BE T, I 7 S5 s 1
LB, SR AL bR BOMAT BT Rl G820 BT 13 B0 1) 5 0 B R R VP o A8 R BT VT 4), (F 8 AP (e B 22 S F )
S I 2, AEAFBRATT (KA BT K 2 B P IR GBI, T B AR VA . SE T LA Ay HT eT 4,
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B A SO AR A AR,
52 =&M

A T NG5 DA BORAERT SO 105 AP BT. 30 1 BhBR, ASCHL 6745 1 P R
ST A A 096 2 VR AR N, 53 VB A BB, D PP O JBUAA V440, PRI
S TG T 4 2% S B FER U6 LA V5 (2 8, W 2l 240
(MR L, AT MO IR KT . 55 2 BB, ol T OB V4 O R PP 0 S SR 3, 8 ELHE P 5047,
e R RO U, PR ASSC I 7 XL PSS 0 T B0 5t L (R BB R 05, 48R T
LT SRV A S (0 A, A9 T S0 A 2 1. T TR IR ASSC B 052 4 PEET I K 0810 BT

FEEE 1. S 1 e AR

SESR: FUE LRI T U2 KR 05 X, 4 ) B8, D Mgk, 25BIBLSET: A (08 4 A(D)
HEE TR AD) = (D) + (Lapy (A;f),Lapz (%) ..... Laps ALy WS A W e 20,

B OO P T4 SRR P FVEA I R e T8 P < Vi 5V o)
FIE T B U i 5, Ty KU T2 B SO T Ros <V, ), EL BRI V404 o
T, A A, 77 F ARSI P V5 5O 7, A 54 RS OB, S35 | s 7, YN T %4
B, TR P TEEIRS v, NWRIR, 55 7, B2 I MR V, i S %4 KA.

FEF 5 v, %bﬂuﬁéfdéLap(%)}ﬁiﬂﬁ 7 WA AGD) =A(v,)+Lap(§), KA A S 4L B, 40 3 F
WL, 4T TP BT AR PR VT 430 5 S 3 P T A O U T 43P FR P OSP4 B, 1 AR e 224
B FURE IR PP 5 B B TN A S (R 2 00 v =ap, (1-a) s @ € (0, 1) WIAT7ER]:

A(Ve) = f(vp + Vr) = f(z (a'pui +(1 _a)(rui"'Lapi(A;ui )))) = f[Z (Clpm“l-(l —a')r,,,»+(1 —a')Lap,(%))]

i=1 i=1

- A ui
= f(V,+V)+(1 -a);Lap,-(sL) ,

i

&

BT {5 FULL L5 HO M BRI AN M ACV,) = AV, +V,) < AV, + V) + ZLapi(A—JC) RIS BV 50 B B Vi A2 03 B R
i=1 n

5 S AN, AT EMFE fnar (V) = finar(Vy + V) < fawe(V 4 V) + > Lap, (i—f) , B MM B8 U1 2545 51
FRPHE 23 5 A A T 1 0 4 5 e A2 S R, TALIE, S92 1 6 A2 4 A,
53 KRN

R AR IS T MU B 5 4 3 S L T IR Y 2 HORS 40 0/ YA K, A
A 2 B P OB 75 s, AT B B M S M9 2R 2 MO ML, 4 B MM 2 8 o T OUIBUT [ 4 5O,
T PP 0943 M0 7 ZE R MR 5 4 5025 B B, S0 T 025 R B MM R, A SCHR R I 7 R AU 3 T P 1743
KHATHERE, TG T BT RO B B, E3 T P 7R R0 B S A i B AT T R A PO b 7
LR I T 35 MR A A0 i 0 0 AP 5 AR DU MO B, L B k5 B o PO 40— AT
LA, TAE PR TR I 41— 2 E VR TR F ST, TS 4 K5 51 HBRATUSE, BOH M e AP A
FROREAEE. DAL, A% ST A 25 TSRO R AT U 3T, T L A\ 25 3 0l A T RUR o s 5 280 P 7 £ 2 0
U7, SR DL P O RARE K, T2 RO R

6 L If
6.1 BUBRESEMIER

6.1.1 Hidlite
HHEHE KM Amazon H3k B 2 AN AR AU B SEEHE 4R https://jmcauley.ucsd.edu/data/amazon, 4 4 i H 44
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ZHNF 1 PR, ASSCSEE R, BT 0 AR BB SO R R, FRATTBEHLE 10 5 4 AT S b, B Hclis
LML 99.9%. 4 T Wik 25 WO IR RO, ATIE I T A 3L [F FH 7 22 1) Movies and TV, Kindle
store, Digital and music 1X 3 AN BHEEE, P RIS S [F) 4 42 Cross-domain common data, 244845
JEIF] User % 8943 A, ¥ J2 1 item %k 68485 i, (4% HI1E/r $idli 107601 4%, Wk 1 Jror. FAl1H4 Kindle store
5 Movies and TV FH54E1F 9 5l Bh 4 £, Digital and music FUHRAE1E N H bR EE ESE4T T 51256, 0 T i irth
Sof E BG5S B R, AT FRATT K H A i 45 Digital and music # Euy) 8:2 HEATRI4Y, v 2 4 il B Aiek
Hndk, 8 1 AN E s, 75 ISR B 42 T PRI 4 20% B BEA T AR EGAIE, 45 HY T SE56 24T

R B

itk #User #item #rating
Movies and TV 2088620 200941 4607047
Kindle store 1406890 430530 3205467

Digital music 836006 478235 266414
Cross-domain common data 8943 68485 107601

6.1.2 TH4RER

AL F N 3 AT H RPN HE3E RS 1 g MEAIR (accuracy), % FE1E (diversity) FIE L (discovery).
LR 2% R RMSE Il Fl-measure WA F b JBE 5, 22 FEVEEL X 22 URHEAR 2 1R 1 78 55 P38 R B8, T R BB A AR
SCEE XK RN B H B AR AR IR IS 1 A HT I, KR RN AR DGR, TRk W R R G HE R K R A A AT
(P, LSt e e R B, ) F P R s it s AR R AR 2 B O 3 R I, TR A At RT R AN S8 1%
MIAEAE. S5l OB K2, B PR I S AR 325, W SR 42 B WA 0 i 2 A 148 1 7 49 459 K 2= R g N R R
T, DS HE 9 2R G0 0 A R N A T, ST LA o AT, AR SO T IR VP i bR R L AR Dl A I
AR

HEFE HE 2 0 VP SR bR 107 iR 22 (RMISE) 37 ¥ 2 TOAE 5 0 S 2 1) 110 s 22, 86 3 [l A A5 23

RMSE V5 208!
1 _ 2
RMSE = /— (Fui = Tui)
|7 <l%;‘1

o, o SRR RMNRAE, ry RTINS IIVEST, r, TR SE R VTS, W LA H, RMSE /) 5 Tl ik
. 10 Fl-measure $8brE557% 8 T YRR RN A 01K, & Precision 1 Recall JNBGRRINEY, & IR (5 BAG ) Sk
W — NP AR, TP 0 R IR, X, AR Fl-measure BEUCR VP HERE TR, 4
F1BE e I T i U B 12 75 12 LR 3K

2 X Precision X Recall
Fl-measure =

Precision + Recall

FCrp, Precision (ERZ) RARAEHERZ S5 T BOHERZ 53R, T/ SERRUE£EI ) it B, 2754 Precision=clk, k 1 HE
THVRIIKE, ¢ NAEHERE SRR kb TP B3 H ; Recall (431815) SZAE 7 SEBR Y20 () i mb e e 30 4
TR IIYIE A, RN Recall=c/list(u).

Diversity $6kr " 5 52 FH SR M B M7 45 LI 2 AR 0E, ot R M2 R AR U4 2 Fh Sl N B g, 3% L 492 R
G b RHEAF I P R 51X IR (W R AE X LG, P OORH 22 (R 8 S5 4 41 R K FE I LU R R 7R Diversity =
difftk, $er1v diff=list, — listy F7~ P U SBHERE I 22 5 800 h A Frke DL, SI23 45 AL 2 IR SER IR S 3 4.

Discovery fitby 2% KA 5 R G470 1 WA 2S8R 1 O RE 0, B B0 T BEANCE D S XA
DB, (ER o T e EAT R IV L R X B A A 3 b i S I HAR R 0 R B S R A

SR MR FE T Discovery = M o first ZRAE RS2 1 VORI, selected

FEHMERE SR &k HAH BRI AR 5 I L BRATTE S first AE AT OHERE DR MR I BLL I i 46 45,
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WAL B R ILHIY)h, TB4 | first 0 selected) W I8 A DL I LA - S5 £ 040 G B H , it i P ARV A0 R
RN, BB 75 K.
6.2 EEXTLEFE

h T S P A SO M B, AR LUR JUAMB LA A AR SC R B O 125,

1) DPMF: S A v 1) 22 0y B R R 7 125, 2 18 T H1E rh (A BRI 8L, SR KT b v 0% Do 75 1) )y 2okl
SEZESY BRI, DACRIE B (W B AL 22 4.

2) DP-GD™: 2 43 A1 2 10 2 43 W RAHE 35 7 1%, Tk X A6fs 32 42 Jom I LR 7 A A2 222 20 W RABE R, 1% S e A SCHE
EFERE T S5 7 TR EE A — N SEUELR, H T DL AN T3 725 LN IR e s B T B rp 2 A R, e
EATRIRT L, W] LUK 2 A SO BAAA LR R I i B vh e A0 A7 AR AR B K.

3) DeepCoNN P S AN [ I 45 2 FH P DF 18 SR i VP 18 B (R0 P 2% SIS, P e AL k.

4) DeepCLFM™": 3£T DeepCoNN #7% DeepCLEM HE M5 [7l e ) FH P20 BRI DF-18 SCAS, 1y HLIE o fi 45 22 By
FEAEI ) 7 256 B 5 18 il TR A T, JE— 2P AR T . 12 S0 A SCAE T 22 J7 T (R o6) Bl A 2, e T-BL B
A7 i3 POPIH 2 JR T 2o A M S TR BE 2 AR, A R BRI 5 EAT K L, RT IORY AR S (Y 4
R JT 1 R 15 78 D IR BE R PR [ s AN 5% i HE 27 45 SRR 1

5) TDRSY™: J& ¥ U B H 22 REVEVE S b 10 LA, Al H BN 20K HEA7 T 5 B o (1) 97 2 A AR A AR g 42
PN (8 — N7 T A2 SCRASCIE Z AP VEAN 7 TR R 2R, T80 55 e Rt L, T DR 2 AR SC I P S G R e 15 B8 47
P IEA S )

6.3 SLIRLER

RSO A AR ORE R HEREM 2 BEME AR R IR 3 A7 R AT PERE VN 5 B i, O T I, R
LRSS NSRS DCRM-PP (deep cross-domain recommendation model with privacy protection). W1 JGHF7E i3t
W, ASCHE H Y DCRM-PP 77 HF IS0 5E 8 a=0.5, p=3, BERFATISLe MMILEBEE N 1, HEF KT & BRAEA 10,
INZREANEN 50.

T 4, ASCES G B AU K PRy, T I ZRA S B8 B0 S I B SRV 3 SR REAS BTN PR 4y K 2 R, BRI
b T LA T R AE A R 46 P (PP 4% 25, JEHP DeepCoNN il DeepCLFM 5 05 i o 3 A % RE B A 1) 731, i
DPMF, DP-GD, DCRM-PP X 3 N5k 45 & 1 2200 BaAAET R PF X BEAT T KRR, (H AL () DCRM-PP J5 28
07 5 WS K RS O, R B SRS R P AR B IS BRI, I SEEe 45 R F, DCRM-PP Jj ik
7t RMSE 13 HLAH Lk DPMF, DCRM-PP {1547 T B A, AR H #2183 2% [ERaFA 10 8] DeepCoNN Fl DeepCLFM
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