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Diversified Recommendation Based on Light Graph Convolution Networks and Implicit
Feedback Enhancement

HUANG Chungan, WANG Guiping, WU Bo and BAI Xin

School of Information Science and Engineering,Chongqing Jiaotong University , Chongqging 400074 , China

Abstract In recent years,researchers have been striving to improve the accuracy of recommendation systems while ignoring the
critical impact of diversity on user satisfaction. Most current diversified recommendation algorithms impose diversity constraints
after the accuracy candidate list generated by traditional post-processing algorithms. However, this decoupled design consistently
results in a sub-optimal system. Meanwhile, although the effectiveness of recommendation algorithms using graph convolution
networks(GCN) in improving recommendation accuracy has been demonstrated,the applicability and diversity design for recom-
mendation remain neglected. In addition,recommendation algorithms employing a single explicit user feedback of purchasing inev-
itably fall into “recommendation overload”. Therefore.an end-to-end diversified light graph convolution networks recommendation
(DLGCRec) is proposed to overcome these drawbacks. Firstly, GCN is simplified to light graph convolution networks(LGCN) to
be suitable for recommendation, and LGCN is utilized to push diversity upstream to the recommendation process of accuracy
match. Then,in the sampling phase of LGCN,diversity-boosted negative sampling that introduces user implicit feedback is utilized
to explore the user’s diversified preferences. Finally,a multi-layer feature fusion strategy is utilized to capture the complete fea-
ture embedding of the nodes to enhance the recommendation performance. Experimental results on real datasets validate the effec-
tiveness of DLGCRec in applying in recommendations and enhancing diversity. Further ablation studies confirm that DLGCRec ef-
fectively mitigates the accuracy-diversity dilemma.

Keywords Recommendation systems, Diversity,Graph convolution networks, Implicit feedback, Accuracy-diversity dilemma
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TEII Rl A B2 2 AR 43 J5 8% L I A0 FH X B L4k 45
R R BN AT AL o LA PN ZREEA Cusis ys o) R,
yETFOH I RAHP S RMNEIREE ,c 5P 5 i FHC
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RO PR B Fe TR

L, Cusisy) = —[yXlogo(y) +(1—3) Xlogs(1—3)] (6
T4 it 200 43 25 i 458 2k R B n = (7)) IR

L. (i) :*We,[c]ﬂLlog(;exp(We,[j])) 7
o W ORI 52 3 (1) d X C AU 5B B, 10126 R B0 55 — T R_om
FHTIH i A ) i e, 2SI HR 45 i A ) 5 ¢ 22 [R] 1 a5 B
HEATRARIE . 55 IR WU AR 25 5 B SRR 25 22 1R 1Y 38 X
WP . B, DLGCRec & Y351 2% pR 0= (8) TR -

LCusisyse) =L, (usisy)+ L. Goe) )
4.2.3 HHMIR G EH

Sy IR A NG S e 1 1 i I T = B N )
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B 0 O -, R SO 22 0E TS 00 1 2RI E ke o B R L PR
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I SE AR T 2N T AL FE A5 R I B e A bR A S WO
FEXMBERCE R, IAZFERYEZ, LHEHRP
Y BECPE st 0 TR PR G AT I T 2 R B AR E
KEWETT .

Kb AP 5B MZ M CRMEEN FERE
AP 2B FH P AT R N HEAE 22 R 1 0 R iR Tk, Rt ek T %
GEMCRFEM R, B — D WA SRS W
T2 B AR . ARG KR T I S X — B — 2R Y g A
H AR A P A 2SR (] 4 a7 S B BT A I
EDB A AR A HE B 7R R e, OB T K 5t 10t H By 2
“HEECIH ., B, 28 M BE 5E R AR (Diversity-boosted
negative sampling) B H A7 2 | FH FH P B =47 S il 2R e A
ARG Z AR AR G R AE H IE 28 R IE RE AR — — X
INE 5 T 22 0 P 38 5 A7 SRR N T S S Rk R 2 B A P
e B 45 1 PR £ T H A IE AR AR, I HL I DA IE TS ) OR A
TREA CHI I 4 A3 i 6 S E D . SCHk[11,39]1R W], F1
HH P WBERAT IR — 2 & FEBOERREAL, (H X o035
ZREPEREE TR DR O £ TE 0 H 7E 22 8 O 1 = (R
WAR T 17, DT fof 5 28 A AR B R 00 BN kR e T 22 RE I RN
B M 22 0] (9 P ME R . 20 1 10 o £ R R 08 i 445 1 1 2401
T TR T E BB A8 W R FE Ry AR A T B R R A i O AT
5 H ek IE FE AR 9 — 25 R FE B GON DL IC T2 .
Wi HHEARE S MR EEWME 4 PR,

22 T 0 5 TR R A5 2%~ B B AT A 0% 2N Sk e 9
JRXF 5 A 200 A 48R, AT G I X AS [R) 28 ) B T R I A
bt AR M UEA T, E 20k A IE 28 A 30 B 2 80 R SRR A, A
T4 & T e 72 P P A S 28 5 R M P2 IR T 00 H AR .
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1
‘ Qp 1 Training Samples
1
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(Note: The positive category represents the category of items that users have already
bought, whereas the negative category is the opposite.)
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Fig. 4 Principle of diversity-boosted negative sampling
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22 ) F P R SRAE AT 75 7R 55 58 05 00 200 K0 A M A i
P24, 38 2 RS O 1 3 19 2 4% M 1 58 fUOR #F, DL-
GCRec A LATEARSZ I AH CHE M I 0 FHR-IEE T Z M E R 2
FEPEIIITE . sk 0k 1 B S8 o N AE B T4
R RE L] 7E 2R PR RO eI P 2 B IS P A . 2 R MR R AR
FREF R ARSI 1 R,
Bk 1 ZREMEER AUORE L
i A :Ttem set 1;positive samples P;negative item sample rate R;item

category list L;diversity sample weight a
il : Training samples T
1. T<P/* §ifif » /

2. for all positive sample(u,i,true) € P do

3. Meh)lm ,BehaviorType€ {fav,cart,pv}\i
4. N<-1\i

5. for t<=1 to R do

6. r<-RandomFloat(0,1)
7. If r<<« then

8. iy<-Sample(M)

9. else

10. iy<=Sample(N)

11. end if

12. T<T+ (u,i.false)
13. end for

14. end for

15. return T
4.2.4 B BAFfEARS
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FRAEZ 6] S T — 2 I R AR SR BOROR L 33X = 0 e 4 1
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HPCHEAE RZ ok H—RE R I/K+1, Hh K REE
BOBRAHE R ax R K B ATE B LR ATE B 1 &
TP AT DLk uE SRR AR 2 0 T A B, DT 42 = I 4% 1 e
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Table 4 Statistics of datasets

Dataset Taobao Beibei

# Users 82633 21716

# Items 136710 7977
# Categories 3108 281

X X {Page View,Cart {Page View,Cart
Interaction Behavior Type € ’ g ’

Favorite, Buy} Buy}
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G2 n) LAY BIL %27 >0 D vk R TT B 23 A O o A
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12>
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_ 2X precision Xrecall
precision +recall
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5.3 EEFZE
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PR LA, A% 3 A B b5 50 B AH G M P 2% 55 S
SR, N T PRGN TR GIAT o BB A HESEL

5)DGCN™) ;DGCN & 7E GON [ 3Lhl bRl 4 3 Fh g 2 4E1k
MRS 2 R TR A A R T R - 2 R BT

6)DGRec™ . DGRec & 7E Fl FH GNN # 17 F 5 Bt 4B J7 &
B4 2 T B AL AN S BN 3 AR B R Rk ik AR
PSR DL ER B E R T 2R
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£ RTX 2080Ti 11GB E#E T A kIt 6:2:2 1Y
LA B AL 2 BE I 25 46 LB AE AR AR . RIESE H T S8
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5.5 ZRERAH

7£ Taobao il Beibei {4 4 b b % T DLGCRec Ml I &
Tk, TR RINGE 5 ML 6 s, T ZRMARER LN
FE 2 (MMR, DUMD #8 A7 76 7N [ B2 BE 119 22 16 - i 4 190 s )
AL AR R R R (RQE IR, MMR 533k i T J2 76 1 i 1
BT E Y EHE TSR SRR T S . T 2R
DUM 1 BE B 4, (H 33 2 DU B 4 42 25 SR 0 o o S AR AR 1
B H RQ fe Ak, J& T A AR Y DPP L [ o J5 4b 3 1Y
MMR HUA5 7 580 22 06 b 10 45 58 (000 25 1) o T 2 20 R ¢ 22
BIAK. HT L BRI PMF+a+p 78 2 F 4 1
T P 7 TR 2R B A 0 2, R Do 2 A P - o A e A (] A
fbh 2 HARRAL I WA T5 1), 2 — B AT AT IR 9R o7 %8 . AT
P4 2 B S G A 3R e B 3 AU S

# 5 Taobao F¥E 4 LAY X H S5 (@400)

Table 5 Comparative experiments on Taobao dataset(@400)
Adversity Accuracy Trade-off

Metrics . L diversity .
CC gini index index F1 RQ
MMRE19) 86.1342  0.5714  0.0054  0.0498  0.0032
ppplizl 134.1142  0.6912  0.0067  0.0503  0.0053
puMLzl 252.1324  0.7414  0.0102 0.0405 0.0014
PMF+q+gM3] 151.1435  0.6515  0.0075  0.0544  0.0092
DGCNLYJ 157.1012  0.6152  0.0074  0.0605  0.0103
DGRecl23] 159.2546  0.6717 0.0063 0.0506 0.0099
DLGCRec 162.8605 0.7028 ~ 0.0084  0,0657  0.0133

# 6 Beibei U4 A X ELSLER (@400)

Table 6 Comparative experiments on Beibei dataset((@400)
Adversity Accuracy Trade-off
Metrics . . diversity

CC gini index index F1 RQ
MMRE19] 47.2546  0.1563  0.0034  0.0256  0.0015
DppL1z] 77.1532  0.1759  0.0037  0.0311  0.0022
DUML21) 103.1256  0.2447  0.0071 0.0265  0.0019
PMF+q+ B3] 79.5466  0.1862  0.0032  0.0293  0.0036
DGCNLYJ 82.4645  0.1755  0.0041  0.0301  0.0047
DGRecl23] 80.2466  0.1588  0.0051  0.0332  0.0051
DLGCRec 85.2351  0.2246  0.0063  0.0325  0.0053
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GCRec #l DLGCRec AH J¢ 25 1A A5 R 1) 4fi 95 2 B F1 B &

T REIE A R RT A T R B 5 4 T T R A
Taobao F 4l 45 b %5 i 6 M F0 22 B Ve A9 B, oA 3 T 2 4F
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3 T R 22 K Ak 3 #5785 R (DGCN L DGRec) Y #E iy R #5 4
JiF %, S5 DGRec M b, DLGCRec 7 f# 5 4 24 /K
T A R A R 4R T 286 DLGCRec 78 RQ 6 45 E 3%
PR U T R R SRR R M T £
R E- B P R BT

260 = MMR

* * DUM
240 A PMF+a+ /8
- v DPP
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i < DGRec
g =0 » DLGCRec
S 180
= >
2 160 - <, &
S uoq .
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80 ~ . ]
005 006 007
Accuracy(F1@400)

4 £ 7578 DLGCRec,

KI5 AMRAE Taobao BUHEHE bl o Pk 2 REVE U 1Y Ho 42
Fig. 5 Accuracy-Diversity trade-off comparison on Taobao dataset
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Fig. 6 Ablation experiments of DLGCRec at different layers
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Fig. 7 Effect of different @ on diversity and accuracy
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Fig. 8 Ablation experiments of DLGCRec at different negative

sampling
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Fig. 9 Ablation experiments of DLGCRec at different feature fusion
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BEAT TR RTSE . LL LGCN Jy Bt 72 %7 F 7 i 3 i Diver-
sity-boosted negative sampling J& , 15 B 1 2 FEM: B 25 4 L (2
PERT —EMMERME. BINAGHTEAE RN L 2R
TERl A W S5 . DLGCRec F8 4424 1 7N [7) )2 vk 1) v 76 119 1 )
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Table 7 Ablation experiments of proposed components

Diversity-

Multi-layer
) boosted .
LGCN R feature F1 CcC RQ
negative .
i fusion
sampling
NG 0.1274  12.3257  0.0064
J J 0.0534  104.3251 0.0097
N/ N J 0.0657 162.8605 0.0133

T 8 AMER L 7E AT Ak GON LUE F #7571, 4«
SCHR Y DLGCRec 5 H Al A2 S A8 B AR LL , I 25 42 & 1 RS 2
B WAL S B A AE A7 PR RE L X 2 1 T DLGCRee HIEEFH T 5
S 2% 1) DI T o A 55 TG S ) AR 2 SR R AR R A8 48 3 4, LA
Bxk e B W A5 5 5 A S 5 2 [ e ) B A A

E I R AL E A U Rl s
Table 8 Ablation experiments of simplified GCN

Model F1 CcC RQ Time Cost
DLGCRec(w/o both) 0.0657 162.8605 0.0133 1h35 min
w/ feature transformation 0.0428 135.2408 0.0086 2h01 min
w/ non-linear activation 0.0378 144.1586  0.0092 1 h49 min
w/ both 0.0236 105.4624  0.0077 2h27 min
HRIE AUMRIPEB THAARERE S TN

SR B . TG BE AT BF 5T b 22 R Al R R DU T G AR Y e R 3
1. DLGCRec FIJJT] 3 R4 20 A 1 i 72 7 D g B8 B0 A1 45 5
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Z 215 BAL AR IEAT T et AER L LA 2 B IR 5 0B AT 55 T
ZLIFHEAT TR OC B9 IH R S 56 Ok 6 E ) fb GON Y & H 4.
T X A T R A 2o 2 2 7 TE AR A T 20 L 22 A 4 T 1 AR E
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