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Information Fusion Recommendation Approach Combining Attention CNN and GNN
QIAN Zhong-Sheng, ZHAO Chang, YU Qing-Yuan, LI Duan-Ming

(School of Information Management, Jiangxi University of Finance and Economics, Nanchang 330013, China)

Abstract: The sparsity has always been a primary challenge for recommendation system, and information fusion recommendation can
alleviate this problem by exploiting user preference through their comments, ratings, and trust information, so as to generate corresponding
recommendations for target users. Full learning of user and item information is the key to build a successful recommendation system.
Different users have different preferences for various items, and users’ interest preferences and social circle are changeable dynamically. A
recommendation method combining deep learning and information fusion is proposed to solve the problem of sparsity. Particularly, a new
deep learning model named information fusion recommendation model combining attention CNN and GNN (ACGIF for short), is
constructed. First, attention mechanism is added to the CNN to process the comment information and learn the personalized representation
of users and items from the comment information. It learns the comment representation based on comment coding, and learns the user/item

representation in the comment through user/item coding. It adds personalized attention mechanism to filter comments with different levels
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of importance. Then, the rating and trust information are processed through the GNN. For each user, the diffusion process begins with the
initial embedding, combining the relevant features and the free user potential vectors that capture the potential behavioral preferences. A
layered influence propagation structure is designed to simulate how the user’s potential embedding evolves as the social diffusion process
continues. Finally, the preference vector of the user for the item obtained from the first two parts is weighted and fused to obtain the
preference vector of the final user for the item. The MAE and RMSE of the recommended results are employed as the
experimenalevaluation indicators on four public data sets. The experimental results show that the proposed model has better
recommendation effect and running time compared with the existing seven typical recommendation models.

Key words: recommendation system; attention mechanism; convolutional neural network (CNN); graph neural network (GNN);

information fusion
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S5/ Mi 5738,
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2 B Z A, AR T N SCAS Y R SO B e R, fT = L | GG RE I W,
B 5, B A — ANRFIERERE F e Rroxt—wsth | JLrh n FOR B RVR TP LSRR 2 5 B, Wt e i sl & 1
L BE R B B (B0, W), j=1,2, ..., n).

JUE G B RZ A T NSO BV HEAE B F, AR SN BEA Ny SOAR B R 380, 32 B4 1 5 1 JR IR 1), — 7 T
F H AR T A — AN WA AR X SCAREAT AR B8, WA B T 1 R SCRFE [ 4 7, BIDHE SCACRSGE (R U
B, i H A R 2 B BT SCRFE RIS 1 BE 4 e AN RE R BR R E . 59— 7 T B T SCAR K BEAN ] e, Af
£3 CNN AR A i) b SCRFAE 1) 2 AR A AN ] 5, T4 0 N SCAS R B R A0 19 5 82 B 36 e R 3. TRt 5 22
P b e B A o 25 RRUZ (0 i EL ARG — 25 (R AR B, M A= Fl L AT AR R M 1) SCARRAIE 17 =

(3) k)

KRG, EMAGZ 53 35N B3R AT 3 B I AL RN VRIS AT 3 = D L. 3 3 SR A JEAS BT THe 3
A (i B R A () 45 1 T, AN SRR R PEIR P 7 RIS A B L, IXRERE S R T R 0 SR T A, K
& RHAT G, ISR FHHERE 45 AT .

T B 2 AR R AU, T 2 D F P AR SRR S AR TN A R S e v DR R R P BT SR A
— 1 id FFEAE, BT CAERAT SIS 3T id MR JE R BT F P R0 s AR e m L 4 P w1 dd O\, FIR 2
JRIEENZE (MLP) A P u AN 01 &, AR (2) fis:

V‘MV = ReLU(W.u,-d + bl) 2)

Hodr, wy JE MLP IBCEAERE, by B I0, wy I w BN ID. SR 5 M AR s e e & 1, R in
K 3) A @) Fin:

Z =V A, fe 3)

n= 2P o @

T

D exp(z))

Jj=1
Horp, A, R DACEHRE, v P u BB R ST, £ 0 kAR PIRIR, v ISR i AR R
FIAUE. ZAh, T H i R0 E P4 R e VR R RN R BT B (PR R AT R A 1 2
Fru 88§ IRVFR KR A (5) Ts:

T
= vif; 5)
=1

T VRS G R = N, 156 0 B P AR GRE S AR EAN A i B0 & ST id RN wg, R 55—
ASMLP ZHH T u A TEIR Bt By &, WA (6) Fis:

Vi = ReLU(Wauig + by) (6)

FLrh, ReLU A WCiE vR B, Wy IAUEAERE, by A E T 285 0 F P AR Bl 2 IR D & 4@ WiRdE s d,={d,,,

dyy ooos by B IHLHIZE R B MVEIR, TSR § NI j NVFIRIACE 8, AR (7). 22 (8) Fin:

hj = V?Ardu,_j (7)
exp(h;)
= P BieO.]) ®)
D expli)
k=1

e, A, SVER VAR, VR o RORERIIA R, RN AV ) R S A . il B A 1
ESHUR R AL (SCASSE N By, WAR (9) Fi:

N
Bu= ) Biduj ©)
=1

R, T LLEHEIT F i AR g,
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KA 5 452 F ) CNN 55 GNN 6942 & ek o3k 5 7 ik

(4) T =

B, AT, MR P w ST (TS, WA (10) i
Xui=prii

FIUPES3 Jh F P R k-5 350 H AR R N A 3K

2325

(10)

B2 B CNN O PR SCA AL B R AT AR R A enn R, TRIEHT ™ e XS IBUH @ AR F0I00F 23 1) oF 3R] LR

A (11).

X,.i = cnn(D)

an

Sorh, DR A § RSO, X, FOR T IR E 6 B S., SAST PO A5 E B4

o] 21 A BT 5 BT T AR TP (B A R
SEPLAE R ) ONN B [ s 3 PR 50925 1 o,

B 1R ONN BSR4 3.

i MAH AU S U={uy, uy, ... upg}, N DNIH AU S =, ),

B TR AR ORI O 1) X

iyt P u, BUH i, YRR SUA D

/xRN */

1.FOR M u; 3 uy,

2. FOR M i 3 iy

3. T [ F R X = 1] BT (D)

4. END FOR

5. END FOR

A

6. FOR M u; 21| uy,

7. FOR M i, B iy

8. FHERFE F = BB (X) /0~ (1)

9. END FOR

10. END FOR

/AR

11. FOR M u; %l uy,

12 FOR M i; Bl iy

13, WEAMERESER R, IRAK(2)
14, WHEARNEE I E Yy IAAR B). AR @)
15. WHeERRd, . /AR (S)

16. EAMETEFR G Z S E Yy /LA (6)
17. IHPFREEINEBR /AKX (7). 2K (8)
18. WHEAP . WHRSENE . ¢ /AT (©9)
19. END FOR

20. END FOR

/% THUEE */

21. FOR M\ u; £ uy,

22.  FOR M i, 3| iy

23. VIR T PRI P O I H i i 1) 8 X, /A5 (10)

. =

PR I
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24. END FOR
25. END FOR
26. RETURN X, ;

3.3.3 ACGIF [f) GNN i
GNN R BRI 1R 2385 s, gIiE A P -0 B 5, e - w SPIE @ SR
GNN BRELE 4 304, 400k N AR BRI 2 DU TR, X HLIE S GNN SRAAFE(TE R, FE2
tT- GNN R ¥ T 2K B ILAR I BT RO A RIRRAS, XA S S AT B R AR 324, ) ki Husi il
A B AR R
ORI
B PeRPM, Qe RPN o H M AU H [l N, X8 [ o\ AT 3 H 7 R0 H b R e R OR. 4 e
R P u AT H i 1f) one-hot 7w, Mk NJEPATRSIHRAE, WA B HIKRAHMFE PAIIH B IR AR O i B
P n) i p, FTE B H W g,
Q) E
PR u, @G 2L p, SIARDRIE 0 & x, E RN, S — AN AN €8, A P Ak €
AN TR Z 2R (¥ i N30 P SRIUH P B0 2 8. AR SORe il B 2 A B 2 A e 2 M &, Rl A SR (12):
e) = g(W' X [x,, pu]) (12)
Horh, W0 AN, g(x) AN AR AL O T TARIC, A T A R 2R 0 4 P (1 i
FIRE, X TR ANIH i, fla Z @ H N v 70 B mi n i g, S8R iy, 2 RS AR, 2R
2 (13):
g = o(FX[qiyi]) (13)
(3) EL i
XTI, RFEE ISR . B E B EA T P IR (AL AE B 48 h B sh A4k, 12355 h
Z 2450, BERAET— 2 T RN, B A2 SO RR S5 UG I T RN 8 IEE IR, H RIS AT
FRIRBIFSE.
PR u, ek FoRILEE k ZHI RN IS8 & 205 BB k1 2, k1 22 m T B ek
A u AR NS BT R 51 SRS RN 5+t FH 3B 0 AL, 43 08 & )2 BV LE RN ek LU RS AT T /1 1)
S BOR ARG e, ZoR A (14):

eﬁ“ = s Wk x [e’gl,e,’j]) (14)
Mo, o) REAFLRMEREAZ R SL, ek Rk R (15):
e';: = Pool(elglb €S, (15)
LA, i e 2T AR B ARy — AN P30, XA TG R AESE k B RS AE IR A PAT IR,
(4) T =
EX— 2, FHF u XTIUH i P T LR s A R (16):
T.i=g e, (16)

TIPS F P N 5 350 H BN B BB XL
SCHL GNN BLR () 58 R U 5% 2 Biis.

BK 2. GNN B [y,

BN R -BUH PR HIE R, P -RUP S ARAEEE 7, AP JH A BT Py 0, 7 SUHAHE A 0 v
N TS AR XTI (w4 17 B T,
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A 5 4E A2 F ) CNN 5 GNN #9123 ek A 7 ik 2327

RN */

Lk BHBTERE p, q;

/% RG R

2. R TERRN €5 /1L A (12)

AMETHBA ¢ /WA (13)

1 EALE 2

4 R PR AN el -k AT (14)

Tl (3} =

5. SR TSR oS I H M s & 7, /A (16)
6. RETURN 7,

334 mhERA

A I 5 2O P w AT AR AR B LA 9 5 A R P8 BB P AR SR IR 5 K,
B W T X MG 07 0T DO PRI FMEALAR B A, T8 0 A Nk SR B SR R AL A Lo, M
T 3RAS LT PRIHERE AR

X TR ) CNN A3 218 5 TP i P X I00H (MR L 0 & X, (TR VI8 fh 4 n) ) BL& GNN 13 211f 5 T
FEATIG XS T0H A i 100 == T, (T RS AT AR 10 ) dEAT IS R4, 493 3 25 (W R P % 17330 H IR 4 1) =& R,
(RIFRERA Ml i), PR A (17):

Rui=aX, +(1-a)T,; (17)

H, o BT X, T, Z A 520 8 24

4 ZWRITE SR

41 SEREEERIFE

h T AR A SCIFE AT B, IS T A DT RS B, AT 4 ANRAT I A R R 4R, 43 %) % Epinions
(http://www.trustlet.org/epinions.html). Yelp 2014 (https://www.yelp.com/dataset/challenge). Flickr (http://
www flickr.com) DL} MovieLens 10M (http://grouplens.org/datasets/movielens/). i P4 Fh 53 42 #0658 F 7 FOPFE 3
P AFAEEEE AR E.

Epinions /2 44 119 K AT 9 stV I3, 3 B2 117 3 7 5 [ RTRICH U2, 23 AN WL, AN LAY FE P 6 7 o 4 1P 40
PR, AT P SRR AL IAE AT R R M. Yelp S0 2014 4R R AT I T PEIR AR R B 4. 1280
PREE R JSON ¥, A5 H 2 AR KI5 R, ¥ AT ID. H X BRI Re Zobar . B RRE. PERAITES,
5 B SR 4 BT BB 55 0 D F B RS AE 0. B B B 1 B BT RROAR Sl Yelp 2019, 3 BLky 547 i 5 6 LG A Y
NRPA #47 HL#R, EHL S NRPA 58U [F] (1) B8 SERMUA Yelp 2014. Flickr s — MR S2 00 (1) Bk, & H - 43 =
ARG AOALAZ B 2% P SR SEAR T P, R AT TR B R FR O 4 23 == 2 AT T PR AL A2 22 AE e s SR v, A
T AR Flicke "R, 8 — 2 I0HGE I Z I GF AR AR, THAh, B — N5 i A AR %, T AR IR 2%
/M. MovieLens 10M $iffa 4 EZA &S PME B, BATHRAE(LE B,

FEASCI Y, 5 S0 AR s BEAT W10 (AR B, 56, )b pka o oI, HARE A TUH . PRor . (AR
PRI A5 L. AR5, 4 PP R0 42 Bkt 4 A 3 I 807, 7 8 )5 S A FE. 525, SRS Wang 25 A POABL Tkt 2
T3k, WAV BN T 5 B9 PRI H EAT 1L 0E, JFAE AR AR E ot SO AR P AT OR B L SRR A B
& 0TI RBER AR AR T MR, A T B e BERTGIR N2, RIS R A R T R, AR 64T SE n e
RS,

LRl B AL B, R B AT R A ) BRI Epinions R R B T 21358 AT, 274552
AIUH, A 898766 ALVF 4 YFig (i AN 286265 AN ZIAI AR KR (ALRRNFIERR). Yelp R & T
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45113 ANH R 81254 NIH , A 1322135 VTP /s B A 352636 MHI 7 Z M LA KR, Flickr BHR4EE5 T
7925 AN AT T8 561 NI H, A 285449 HIVF4ME BA1 162328 AN F 7 2 #4138 % . MovieLens 10M £ 42
WET 73256 MNP 12315 ANTH, A 9525411 A wFiefE B,
TR BRS04 PR AR, - Ige vh 5 B ansk 5 k.
x5 HHRENSTGEIER

s sk
AL Epinions Yelp Flickr MovieLens
F P H 21358 45113 7925 73256
Tt H Ho 274552 81254 78561 12315
Prid 3L 898766 1322135 285449 9525411
[EXERESSA4 286265 352636 162328 -
F S350 oy B0 42 29 36 130
i H S350y B 3 16 4 773
S AR 13 8 20 -
PEIrRRBLIE (%) 99.985 99.964 99.954 98.944
{EAEMBLE (%) 99.937 99.983 99.974 —

MF 5 el OB R, 0f T H P #eR, Bl 4R Yelp W72 Epinions FPIRIT 2 A%, T T 00 H B, B
Epinions F1 /)& Yelp H1/I£y 3.5 £, X1 RE T BB HARE Yelp T IHEFER R ZELL Epinions ¥ BE L.
ARSI IAEE R Windows10 #RYE R 48, 32 GB WA4#, CPU 4 AMD R7 3700X 3.6 GHz, GPU 24 Nvidia
GeForce RTX 2080Ti, > Python i& & T k.
42 XAMAEREXEE
ASCAFH Python 155 M Keras FESEI ACGIF #5425 T I1Z% CNN [{IBUE, {1 FH2EF RMSprop [ mini-batch,
%4> mini-batch f5% 128 /Ml ZRIL.
5530k [17] FHSCHK [40] ZEARL, X Bt 88 b V10 SCATE B T 7 SHEAT Ak 2.
(1) BB VHE SRR KK 300;
(2) LB
(3) VI EREAN H17] [¥) TF-IDF 1H;
(4) LB e R E T SCAE = T 0.5 1945 A
(5) IEEETT 8000 A [m] R ER AR Ay — N B 5
(6) A TAf ACGIF Resb3fTH M I H , Fr A 2t 2 I Sl vh #2820 0 & 65 F P RN H 18— AN VE 47
P CNN 544, [ LT .
(1) TEBBUZ T, AT E DR/ B 4y 5) VE R FLERUE, LA I8 A B aa) (AN TR B, BRAN T /Ml
F 100 ANILZERUE;
(2) ¥ dropout K5 CNN FIAUEAH IS K L2 1E AL 283847 % #e, I3 dropout rate BE'E 4 0.2, LB 1E CNN
JUE s
SO BT — 5B H 4> I ZRAE (80%) BRAEAE (10%) FIMNAAE (10%). Y254 3252 ] 40 A 4 70 B0,
SOV HEAEAE AL T (S4B A T B TR S (K S, SRR AT WD VAT IR T T S0 (1
FEROR. ARG R SR, R YT 5 BRIy R
4.3 TFENIERR
AR SOV AT 55 22— SR TR = o 7o o (0 VT 43, T8 A SR SRS T . O T VA AR SCRR IR v R, B
FhFRAT KRS A 3545 1Y, 1, SE B 4a5%) 4% (mean absolute error, MAE) M3 J7 MR %% (root mean squared error,
RMSE). MAE F1 RMSE & & T T ()35 55, Wt 7 S T v o0 IR0 v 15 8 5 R S (0 5 D0 T, BT R

“FEEAFIFSEIT  http:/ Wwww. jos. org. cn
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A 5 4E A2 F ) CNN 5 GNN #4912 ek A5 7 ik 2329

/I, SRR VE RE T
PR 2 MAE (AR 25K (18):
1 N
MAE = 3" Ry =R (18)

(u,i)el
Horp, N FRORTRINVE 4> %R, TR FTA MRREE B, R, FRTIESY, R, FomEIF5
AEE I, #9725 RMSE ISR A R AR 19):
1 o 2
RMSE= |5 > (Rui=Ru) (19)

(ui)el

T, X EEVPAS R AR A — B0, B, W R — AR — AR RR LS — MR RSR I S A, A e
ARETE AN bR B AR IR
4.4 IRBNTLE

T I UESCR AR 1 ACGIF B HEFF A5, A SCUHEEC R T LFORE G I HEFE AR ZU4E S X L.

(1) DU AN PEACHE S (BPR)M: 1280 2 — AN - B s M A MR AR, e — AT o FLE A 32 P T4
FEWHE P S0, T I 2 SR FH P PP RO VE 43 10 H 1Y) pairwise J8 F R SEIN, AN /& 32 ) 10007 43

(2) P2 RRUAE IR (FM)IY: 2B S R 1) B LRGSR () 45 5, 30 FH T2 R G i P il 2L gt e, if
) S 2 JSE S 2 M 1), [ IS A o - LA B 7Y LA B G (3

(3) A VP BB RIS SCA AR (DTMF)™: %A [7] B 7 D98 SCASRIT R 5 VP98 SCA (R8s 8 70
L5 50 B A3 R VROV AT R AT WU, 255 25 18 T PR A AV IR P R s 28 Y.

(4) Rt 295 SR 5 R IHERE ST (MSRA)Y: 25 RSy T3 £y 22 Y e A 5000 Sk S B B3l 1) A 8 o KAk,
TS AN ) B W AN R R A 3, Rl 22 5% R B AL £ SRR 2 A Bs AR it 1) L. 12 B 8 T VR B AT
PRI B

(5) SYIEAPEARTE B D HERE AR (NRPA)Y!: %A VP8 SCAS rp 2 30 F P R H AP R, Tt i
BRI, W] LATE B2 S 0T R, B M.

(6) H-AZ MY AR (DiffNet)™: IR A A M o (R VA S A A A B AR, 2 3800 T —A layer-wise
RGOS 43 SRS P (K198 O - S04 A At A5 A 1 FH 7 328 U1 3 5 )

(7) FETH0LE 5L RN AR B0 45 (0 4 AT HEFF AR Y (DiffNet++)12: 12857 5] 15} 2% 8 FH 70 - 7 458 9 4% LA
JR-T0 R 44, T I 1 5 e R Y B SR A R P I RN

XTI LA EABE TR A S 4 3 RE VR AR AR B 2 Ab, 3 JLRBE AL 43 i % R TR R B R U, BPR I
FM H 2 [EPE4>, MSRA F1 DiffNet % [EVE4> FI{5 AT, DTMF F1 NRPA % & 1F4» FIVES, DiffNet++% & T1E0 . 15
RS, XA F T 2 5 T 5 A SCHE L (AR ACGIF J& JT56F b 23 B, AT B 78 23 #hu33d WA AS S0 475 B b 2 10 2%
PR XL [ LL R A0 3% 6 Fows. Jerh T /A db R R iz B B T %45 BTk,

K6 SRR B

! VR OfEfE PP ONN TERS GNN || B W S W8 ONN VR GNN
BPR v - - - — - FM v - - - - -
DTMF V - v - MSRA v - - - -
NRPA V - v v v DiffNet v - - - v
DiffNet++ v v = v V ACGIF v v v v v

4.5 LWERSH
4.5.1 A5 RRL SRR R K520
FEHS 4.4 5P, B AT ACGIF BB RILAD ) LANAUT B R EAT T 0 LE, X LR RER IS SR TR 2 2 BR,
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F BRI T B RS R A .

T T T IEUAEBIAAEARSCH) 4 MRS WIFP TP Fabn T I B R 45 R AR SO RN J HE AR AR 2 1) O
M 3R AR ER H I B, 55— FIEE 51 ACGIF A% 3 — fpe AR B2 (M A s % o) i ek i ol th+
MovieLens £ UG VE -4, Bkt X 2% [E7E BPR BRI FM BT |- iR st 45 5. S4B, Flickr $dli4E RV
I AUEAEZRE, A% & DTMF K7, NRPA A% & DiffNet++Hi % L () St 45 5.

RT AL A DI LSRR REXS E

. ) - - B A Ry ey
Heis EadEate BPR FM DTMF MSRA DiffNet NRPA DiffNett++ ACGIF BULHTBL %)

Epinions MAE 09134 09062 0.8732 0.8511 0.8216 0.8353 0.8122 0.8086 0.44

RMSE 1.1247 1.1183 1.0826 1.0703 1.0581 1.0633 1.0438 1.0420 0.17

Yelp MAE 0.8375 0.8257 0.7913 0.7829 0.7632  0.7549 0.7408 0.7382 0.35

RMSE 1.0891 1.0674 1.0302 1.0142 1.0081 0.9786 0.9656 0.9633 0.24

Flickr MAE 1.0261 0.9533 - 0.8941  0.8535 - - 0.8369 1.94

RMSE 1.1294  1.1235 - 1.1063  1.0924 i - 1.0816 0.99

. MAE 0.6825 0.6729 - - ~ F - 0.6522 1.97

MovieLens
RMSE 0.8354 0.8153 - i = - - 0.7916 2.19

B2 JEOR TIZJULAMRBUAE 4 DR . PRIPPOFhR T RO SR 45 R0 L th 2. 18] 2(a)- 181 2(c) T B IXER
7t Epinions. Yelp. Flickr 1 MovieLens %4l 48 L4558, BARAREHCA [RIBERY, PARKR A TR 84 (E. BF -
B PIA L, 5 W%~ MAE R RMSE PFP P FE AR

1.2 1.2

o | H\M" b | ‘\.\‘\H\'_/.\*_.
m 1.0 b m 1.0+
a %
§ 09} A\ﬂ\‘\‘\‘—r’m § 09}
081 0.8 Nﬁ
§ 07+ = MAE § 07k —A- MAE
0.6 L= RMSE 06 L RMSE
B P ey R &S S <§‘ & &
< & @% @ é‘l" @ 6 MR Q&Q \ Qg C)
(a) 7F Epinions iﬂ)&%Lﬂ’]f@Eﬁ (b) 7E Yelp ﬁ%%iﬂ‘])ﬁ%ﬁ
1.3 0.9
am 1.2} m .\.\.
% L1k N g 0.8 |
S qolb &
: <ol
S 09} 4 MAE S -  — .
0.8 -~ RMSE 0.6 ~® RMSE
BPR FM MSRA DiffNet ACGIF BPR FM ACGIF
(c) 7E Flickr 44 R EAL (d) 7 MovieLens ¥ L i B2 R {H

B2 75 4B b AR L REXT tL

R 7 LA R 2 ) 4 S92 BDRE AT USRI, Riles 9 R AE R IR DTMF. MSRA. DiffNet Ll
NRPA WS40 T H @5 7 iP5 RS BPR Il FM, X R UE RO & BORTE S A7 P 68 75 1l A7 EDRW ).
HXFASCREE T 3 M5 BT ACGIF BERUK UL, 7E 4 B UL PR $E b5 L, PERESIOL T HoAd JLAMEERY,
XEEGE I ACGIF flis 7 MG R, TR - i A 5 78 73 10 T fii.

7 DiffNet PEREDL TR MSRA, T2t R4 A T GNN, 7T LS A ot > P Z [ SRR R L
%4 NRPA PEREDL T DTMF, I & K0 NRPA HOIIN 1 AL, Be A 800k B8 SOA, S w7 200k,
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KE M 5 42 F /) CNN 5 GNN 8912 & ek a3 5 7 % 2331

B DiffNet++EX] LRI Pk e e AR, F 28 b TILA G T VP4r . BT LA VR SCARE |, RIRHEH 7 GNN
CARE TS JIBL.

R EE L 7 TSI 45 SR AT RN, AR ACGIF 5506} E AR AL v Rl f HE 1 DiffN et 8 () 5236 25 A
2 ACH DT X BT B TR S R T YR [SATRIVEE 3 MBS R, HIZH T GNN B #ag
AR Z Ak DiffNet++2% [EAL A PFIR SCAR, 3 GNN SR AIZ SCARRMEAT R ; 1 A SO % 18 - % 10 H (13T
WA, JE I VER ) ONN AR H P SCASKRER I 25 B, Tt GNN DA EATAR 8. A SO 1 #4324
RAEBAS 5T — 7 18, 25 B XI5 E VPR SR, AN AL RS P SOAR, LA VS SCARFIE AT AR T — e E S
PE, R I0E P SCAR A R TR IR 5 B 2 o, 55— 4T, B8RS CNN A FIVHE SOA, 1
AN IR 5 5 AT B30 R EBURE [R] RIS 284, S A R AS [ (1 25000 £ S8 SR DB 5 T P A 0 SR b B, N T8 380 B8 £ (R 22 0 R

MELE 2(a). K 2(b) W LAR I, 7 Epinions 4R 4E b, % LAY rp DiffNet-++58 28 7k it 55 {L, DiffNet #5204 ¥k
Z; TE Yelp ¥4 b, X HBLA h DiffNet++55 80 1k R 5 L, NRPA BRI . X - ZE 2 i T Epinions £ &£ A1
WFT Yelp B4R U6, P 2 M B NG AT 28 R 545 5 2, H. DiffNet #5280 5 525 G115 B, FUIEM A%
WA LRI AGHER. 2 v LUE ], X R — 3£ R E— SRR 3, 8 AN VE AN 38 bx 1 38 44
HEHIEAR—30. W, XFF Epinions 245K U, ACGIF [¥] MAE /N NRPA, £ FEAH M [¥) RMSE AL & i /DT a4
452 RlE A HERERUR B

VER . VP RUEAT 3 PG BAEASRIRE B oo AR — e A5, BRI LY 3 bl 44 DL A BT T 4
B R 45 TR SRR B, AR T B A b S HE R A

AT NPHAN 1 BEXT Rl A AR PO RO AT X L. 35 1 AN A B T ARSI ACGIF, 43 5% JEVF 43 VR4 +
BT PP +PPE LU +HEE+PFi8 4 % UL, fiFK ) Rating. Rating+Trust. Rating+Review. ACGIF, %} Lt 4
PGSR VPN FRAR. 55 2 AN A R AN OIS BY U2 JER 4 Bdl 5 B IS 0L, 5 25 R AR R EHE £ 5L 00 L A of B A
T L ARE. MR 1) G 1) P A A 2 SE 0 7 4 b e B A S 25 IR A k.

3 JEIR T A SCAE ) 4 Rl A 4PN B4R (Epinions F1 Yelp). 2 FIyEAN 45 (MAE F1 RMSE) T H)
S 4 P LU AR B B AR AR B [F) R 2, DA KR N PR FE Rl A B R A BRI SO R L, 23 R
7N MAE R RMSE WFPVPAN Fabn .

1.2 1.2

B MAE B8 MAE

m 1Of B RMSE wm 1.0r B RMSE

508 § 0.8 F

§ 0.6} = 06}

5(:1 04 ECJ 04}
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