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Adversarial Sampling for Social Recommender
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Abstract The recommendation system uses the user’s historical records, basic information of items and other datas to
capture the user’s preferences, effectively alleviating the problem of information overload. Although the recommendation
technology has been widely used, the dilemma in the recommendation tasks still exist. Among them, the problem of data
sparsity has a significant impact on the recommendation performance. In recent years, a large number of studies have
shown that the recommendation algorithm using social information can effectively relieve data sparsity, yet they still suffer
from some limitations. Online social networks are very sparse, and social friends usually include classmates, colleagues,
relatives and so on. Therefore, the users who have explicit friends relationship may not have similar preferences. That is,
directly using explicit social ties for recommendation will result in some noise problems. In addition, most algorithms
based on implicit feedback usually sample items which users have not interacted with, and then treat those items as nega-
tive samples for items that the users really like, so that optimizing the model. However, the items that the users had no in-
teraction with do not represent the users dislike them, so this coarse-grained sampling schema ignores the real preferences
of users, and also brings a certain amount of noise. Given the fact that Generative Adversarial Networks (GANs) have
been widely used in recommendation systems because of their strong robustness and capability to capture complex data
distribution in the adversarial training process nowadays, this paper tries our best to propose a fine-grained adversarial
sampling recommendation model (ASGAN) based on generative adversarial network to alleviate the influence of the nois-
es, including a generator and a discriminator. The generator first initializes the social network using a special graph em-
bedding technique, and generates a friend with similar preferences for the user, then simultaneously generates an item the
user likes and an item the user dislikes from the items the friend likes. And the discriminator tries to distinguish the item
the user actually interacted with and the two items generated by the generator. With the adversarial training, the generator
can be more efficient for social friend sampling and item sampling, and the discriminator can capture the real preferences
distribution of users well. Finally, compared with six existing works on the three real-world datasets, the experimental re-
sults show that ASGAN has better recommendation performance and effectively alleviates the influence of noises caused
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by social information and item sampling schema through the reconstruction of social networks and the fine-grained sam-

pling schema.

Key words social recommendation; generative adversarial nets; negative samping
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Figure 1 Two data domains in social recommender
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Figure 2 Model overview
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12. END

13. FOR #—f7H ' DO

14, T8I A AR A3 2000 SRR s p F
Yt n

15. MR 4 P SRAE H ILSEBR A8 ELRE R i

16. [ A2 A A P B = e 41 (i, p, )

17. M4 3)(Ek X (14)) o5 B s fi ok, I
BRI S

18. END

19. END

4 XI§

41 KWRE
4.1.1 BHEE

SEU SR T = AN A IT B 4E LastFM ™
Delicious "l Douban®, $¥iAEELN{E RWNE 1 Fir.
BRI FA AR A IR FIMREE, Il
AR 30%, HoAh 70% K IR

F1 HEE
Table 1 Dataset
pAE/ TS il Wi A H IR AKX R
LastFM 1892 17632 92834 25434
Delicious 1521 1202 8397 10401
Douban 2848 39586 894887 35770

7E LastFM e, ATAH PR EAREK,
R TP S ZRKMAE Bl A P A ae (s B,
HIEIE T P FIZAR KA B A — IR
(IAC 5%, AR K TR 4% B e o e B X s 1Y e
Delicious £l 4Erf, WATK AWM 5 P8R
HALR B R 5. 7E Douban Hiii e, BAl
WP P oPar KT 1 A8 B A 4 o B s ikl
iy IR ASGAN 555 Fb Bk
4.1.2 PRI

I, BRATRA T =N HEFAT S5 i IV
fliFEbrok e AT A (R RS R R (P@k)
A M2 (R@K) FH— 4 B B rH 78 26 (NDCG@k) -
SLrh, RS2 F E [B3 To PR FR AR, A A
BRI OE A 5 S0, 1 H— 16
STHHT I A VPG T HERE SR T & WA
IR AL B FIHERE . 7F TopK AT 45, iy

@ http://files.grouplens.org/datasets/hetrec2011//
@ http://smiles.xjtu.edu.cn/Download/download Douban.htm]

TR i BE O BB, S FR X K O 5 R 10,
413 XTHHEE

N TAEMI AR SRR 0B, BTk #e S P
PN SRSAIEEAT T VREN 0 LS

POP(Popularity): & — #5149 5t AT B 11 9
AP S, SO ] 55 i R A8 IR
XS AT HE R, DR L] g A ) HE A
LIE

BPR(Bayesian Personalized Ranking)m]: S
BET B St (1 22 O pon) HE P B0, O P R A
H R P BEATBEHLRFE, SRS 4R 7 52 bR A8 H
L)l R SOREARATTAL DL 17 5 B A

SBPR(Social Bayesian Personalized Ranking)":
& PR AL A AT R 48 ot PR S, K b
BURAE (0 I ACAZ B (4 R P R AS LR R0
VE R SEBR A EL I Wy i B OREAS, SR 5 R T
i = JCHBATHE RO .

IRGAN(Information Retrieval Generative Adver-
sarial Nets)'"*: it — ol B RAE 5 L O 09 4%
&S A, TOK A s R RE A AL
PUOREAR, UEB T AEHESF 28 58 A8 T A2 O e k9 2% 2k
ITENA KRR

APR(Adversarial Personalized Ranking)®?: J&—
ol 20 FH PR 10 02 20 B0 O R P S, AR
T BN 7 S B AR (R SRR 2 A RE D), (HILIF
BT I AL A R

RSGAN(Reliable Social Generative Adversarial
Nets)™l: & —FhJEF 128 1 A A2 B3 0% 2] S,
FEH SEA B e SR S e 19 48 2 RS 2% FH 7 O 25+ 4L
I AC, AR A FH 2B Rt 70 9 2% BEAT I ACR AR 5 )
i R, AE A AR R P BT W R A I, O
JUR]BEE I S HEAT RAE, T HA B A —
A i 1) i R AR

BN A ) 1 K 4R, FRATT NS AR ST 2 A A
ASGAN [ B BB AT BE  HAC AR P 1AL
HAKafr{0.5, 1, 1.5} X AHATIEE, BERGBN
7£{80, 90, 100} 2 [MJEAT A4, FESH T cfE {20, 25,
30, 35} Z [ BEAT I o IEMAL R Ky« 2 M2 £ {0.01,
0.05, 0.1, 0.2} [A] 47 #, Gumbel-Softmax 11l
5 25 7 WIFE{0.05, 0.1, 0.15, 0.2, 0.25} Z [R]3E4T 14
o, oAb w WS B sz 2 HERONREARIR
HOUHR s B AR DUBEAT A o
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Table 2 Comparison of recommendation performance in three datasets
Hdh BREEELD POP BPR SBPR IRGAN APR RSGAN ASGAN T LLfil(%)

P@5s 0.1190 0.2131 0.2712 0.2945 0.2981 0.3018 0.3159 4.67

R@5 0.0412 0.1002 0.0990 0.1003 0.1010 0.1026 0.1095 6.72

Lastine NDCG@5 0.1265 0.2475 0.3042 0.3225 0.3258 0.3252 0.3436 5.46
P@10 0.1265 0.1603 0.2193 0.2246 0.2352 0.2410 0.2542 5.47

R@10 0.0712 0.1633 0.1498 0.1526 0.1593 0.1633 0.1747 6.98

NDCG@!10 0.1138 0.2019 0.2691 0.2655 0.2742 0.2761 0.2935 6.30

P@5s 0.0052 0.0370 0.0420 0.0518 0.0458 0.0490 0.0534 3.08

R@5 0.0117 0.0760 0.0866 0.0484 0.0917 0.0996 0.1081 8.53

Delicious NDCG@5 0.0082 0.0668 0.0695 0.0942 0.0856 0.0896 0.0996 5.73
P@10 0.0039 0.0268 0.0312 0.0324 0.0326 0.0334 0.0358 6.70

R@10 0.0174 0.1080 0.1269 0.0633 0.1292 0.1398 0.1524 9.01

NDCG@!10 0.0104 0.0783 0.0839 0.1016 0.1002 0.1085 0.1149 5.89

P@5 0.2278 0.2461 0.2587 0.2623 0.2827 0.2902 0.2975 2.51

R@5 0.0185 0.0244 0.0231 0.0212 0.0263 0.0269 0.0276 2.60

Douban NDCG@5 0.2357 0.2559 0.2813 0.2987 0.3090 0.3103 0.3204 3.25
P@10 0.2013 0.2309 0.2686 0.2665 0.2707 0.2708 0.2773 2.40

R@10 0.0324 0.0428 0.0452 0.0386 0.0451 0.0456 0.0473 3.72

NDCG@10 0.2169 0.2485 0.2876 0.2889 0.2908 0.2986 0.3061 2.51

4.2 HETFMEREXTLE

MR b szt s, A = A Bodli 45 Bxd
ASGAN FI/SAN LEVEHAT T 7 S5, sEt4h
Rk 2 fror, BT A RS TR bR,
VPG AR BT LA P X (1S)y T A . FeAi T
EED NS

%ﬂtmm=ﬁ%%¥@x1w% (15)

ANPEACHERE S I R I WO TS T AT
5 (R AEANE AL A2 50705 POP. SBPR [RIHEFE I REAE K
o FabR P ARSI B4 T BPR, ASGAN #1 RSGAN 7E
K435 b bt EEACAE L - — 4 2 A4S R
IRGAN Fil APR B34, E T4 %0F F AL 28 Hdis
HA TR AR TERE . JE T X PUaE 2 W HERE Ak
IRGAN. APR. RSGAN il SAGAN 7 K#B o Fabsh
Wik L AL S 517k POP. BPR M SBPR #4554 () 1k
RE, 2 AR BT IS mT DL ysk 2D e 75 565 A5 28 1)+ 3,
PE R AR, NI B L B SR P AR AT

ASGAN TE&Fibn E34m T /N0 L. X
GRS, ASGAN HAT T4 BB Ik se iy, ik
5 U W TR 8 2 ) R 2 ) IR A LA B
()27 2 RE T o S EEANASE T P —0 it A 040 1 %)
PR IRGAN fil APR, ASGAN #4123 Wtk
UCGUE B T A 2OR - AL AS AR BB T R Tl R A 35
A, 785 R T 4k A8 A5 JE R AR RO 40 9 25 1)
RSGAN [ ter, FATTH ASGAN B HA BB HIE
B UF BT AR R AR AT R AR T AL A B RRL R

J5E R S At SR P Tt 7 ) O, 4t v T AERE MR R

e, b T EE T ASGAN TR RESETHI
W PR 2E e, FRATT A O B ARV 1 R AR A )
RSGAN LA ASGAN fEAAN B 45 L A4
FLRES SR, ARG R % (P@S) FHEAT T-test £
5, Bk A MEREAR AR B KA 0.01, K
4L Povalue #BE /N T 0.01, FTLL ASGAN ) fE$2
TR
43 GIRMHEIF

GRS F TR U R s B b AT VI R 2 &
KEE, {£ ASGAN 1, Tl 1 THEA2 M5 SR H Ak
X0 09 28 (1) A2 B s JEAT T B A AIOREJE (R SR A, [N
SRAE HFH P AT R U IR 40 il R AT REAS B B A
TEH 25 B LRAE B P S B i, A
7 PR 7 ORI R i = e . A T
PRI 2% AR HE R J7 X B R R 0, kAT
H A )8 B 1R HE R 7 2 ) i AR 2
9 AS-1, BRI T IR AS-2,
BEAh, A THRIT ASGAN IR RAE 7V A 2k,
BATIFISTHR[3]—HF, 78 A2 it v AR FE i FH - nl R
LRI &, A 5 2% ook B P AR LI i e R
JURAE H D i # AT BEALRAE, SR RIFE R Py
FhHE? 7 A 2%, 0 B RS-1 AT RS-2.

LI EE R 3 PR, BRSSO A o
K AS-1 5 RS-1 @474 EE, AS-2 5 RS-2 HEATXT LE,
IR Uk A S5 R0 RS A 2R (P@S) ) 1 41 512 56 512
it T-test K56, #5596 45 5 P-value #5/T 0.01, HF I
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FEFI AR T SR RS DU R, ASGAN “Edids o
SR B8 A0 R SR A T3 3 EEREDAE PR BE AR A R R
P, IF HAERETERERTT 25

R3 ORFRIRN
Table 3 Effects of negative sampling

PAEES GREELAD AS-1 AS-2 RS-1 RS-2
P@5 03159  0.2880  0.2899  0.2790
R@5 0.1095  0.0998  0.1012  0.0967
NDCG@5 03436 03148 03245  0.3048

LastFM
P@10 02542 02241 02322 02211
R@10 0.1747  0.1561  0.1605  0.1520
NDCG@10 02935 02647 02764  0.2591
P@5 0.0480  0.0534  0.0397  0.0454
R@5 0.1014  0.1081  0.0827  0.0954
NDCG@5 0.0885  0.9960  0.0728  0.0860

Delicious
P@10 0.0335  0.3582  0.0278  0.0307
R@10 0.1401  0.1524  0.1145  0.1304

NDCG@10 0.1025 0.1149  0.0843 0.0988

B, 5 PR RAE 5 2 b ons AL s A ) HE
Py S HEREPERERU M, FIAIAE LastFM A4 4
AR SR — Bl e AR RERLLS, 1T4E Delicious
SR VL 5 05 Cy B Wi o A S E R = G R L VWA B
A BRAR R R AN [ 2l B P SRR Y 1 Y 2R 40
FEREASIE AT (R ARG e 75 /NS R JI, BT LAAE S B
IHERE B AN 50T, AT C IR AE J S ot vh A%
WL B P R HE e Jr A AL, 5 2SR
AL, SCTHR[7] -t [ U B 1 3 7 Al e Py 7 3
AHiEM.

4.4 FEAEEEBRIF N
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IREAILTE, W R A 7 MR TR 45 R P 47 1)
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RUFN Delicious 1) AS-2 f R ANFI ) T {HBEAT 5256
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Figure 5 Effects of sampling temperature
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Figure 6 Effects of social reconstruction pretrain
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