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Abstract: In recent years, with the development of recommender system, more and more attention has been paid to
the fairness of recommender system. Popularity bias mens that popular items are more likely to be recommended than un-
popular items, which is one of the important factors affecting its fairness. Popularity bias has a serious impact on all stake-
holders in the recommendation system, which has aroused widespread concern of researchers. Related research mainly im-
proves the exposure rate of unpopular items by the rearrangement of recommended results or the integration of regulariza-
tion items in the learning process, but the extremely sparse interaction data of unpopular items becomes the bottleneck of re-
search. To solve this problem, this paper proposes self-supervised learning for alleviating popularity bias (SSLAB) to deal
with two difficulties: (1) accurately learning the representation of unpopular items with extremely sparse interactive data;
(2) improving the exposure rate of unpopular items while taking into account the preferences of different users for popular
and unpopular items. Specifically, from the perspective of users, this paper proposes a dual view user preference learning
method for popular and unpopular items to accurately learn users’ real preferences for popular and unpopular items; from
the perspective of items, self-supervised learning is used to capture the potential relationship between unpopular items and
popular items by maximizing mutual information to help improve the accuracy of unpopular items embedded learning. Fi-

nally, metrics such as user popularity preference consistency and qualification fairness are designed, and a large number of
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experiments on three open data sets show that the proposed method can effectively alleviate the popularity bias and has a

strong scalability while improving the recommendation performance.
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TR AR B, AR FH P XA T 400 i AR AR e A AR S8
F P43 R 340 (D B A B W FAT Y 9 F P (Niche
Users, f@] #% N, 7 20% A9 FH P ) 5 (2) Fe B A T4 5 AY
A F' (Blockbuster-focus Users, fa #% B, J& 20% 1 JH ) ;
(3) B Z HE AL 9 P (Diversity Users, @ FX D, Hi 4y
.

AR SCE el MF AR Ry SRR AR | o4 SSLAB J7ik
A FE BB 48 T 0. R T X L B AN AR SC
76 ] % % 250 (1% SSLAB, FairRec, xQuAD , CMIPS, CIPS
DL S ESAM X 6 5 B 45 110 TopS0 T, [ AR WA T4
i AL 23 T O BN R AR B B B B
(APLT) A3 ALLAEL , fiff i Ak B 7 92 7 o HE P IR 78 2 19
JETATY . TR NF 2R .

(1) 7E 3 FlAS R I8 57 #E 72O 19 75 7 (Random-K
Poorest-K Fl1 Most Popular) 71, Random-K K& 42 F+ 1 ¥
9 2 W AE AT W L2 A F % (Qualification Fair-
ness , OF) F1 % #% /A - VE (Qualification Fairness, QF) , {H.
PL2E P A et #3115 s i s A APLT, B
JEAT Y 5 e e AR B T P R AT K
TATH b 0 e G R, L s R S 7 o A, A
9 LA 5 Poorest-K 38 Random-K 5 8% g , HHERE T
HANTATHI) 5, BT LL OF (Bt , QF R ik , AN BEAT
TG 20 & S S T LA A S Y P AT
B AN — B r) AR A DG4 (9] B 5 Most Popular 528K f4 F8
T —SE WA A (B | AGAP|, QF 1 OF #BE 1% , A
T J2 i O 1 TR 32 1 1 | AG AP (156 BH X FH P i
TR 7™ B, R RIS

(2) FairRec, xQuAD, CMIPS, CIPS il ESAM J ¥ i
SR LRI AH S 5 A - (BAE R AR ) OF 214 T,
FHEE T SSLAB, ‘B AT 5 BEAT 42k B8 22 1) AH S LA & —
FE WA FPE . SSLAB FE 3 /B4R 48 L # AT T B AF i
F B, 41 AF Douban ¥4 #i5 45 I+, SSLAB 1Y Recall {H 4
0.040 2, #HE T Top-K J7 ¥, HAHXH 2 T 3.83%, [t
LA 13.24%, 27.22%, 30.52%, 22.56% Fi1 20.36% [V
FHRHE AL T FairRec, xQuAD, CMIPS, CIPS il ESAM. K
ZHE DT, SSLAB 7E 1 P A5 RN it Jy 28 -1 36 b
RO T A T e . SSLAB AN SE I T # E 1 BE S N
SR, LA 5 B A P PERR SR TR X AN [R] 9
FUE )| AGAP |35 B e AIK, W 2 T F P 7 X H A T80
FAREFLA T4 & () D G R

ZEA DL S T LUFE Y SSLAB LUK /b A AR Gt
S AR, B b s PRI RN T A A T
A 5 1.
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Douban
Db Recall@10 | NDCG@10 | AGAP(N)@10 | AGAP(D)@10 | AGAP(B)@10 | NP@10 | QF@10 | OF@50
MF-BPR+Top-K 0.0418 0.1211 131.69% 145.81% 151.64% 9.963 7 0.055 8 0.005 6
Random-K 0.000 3 0.000 8 —87.48% -94.16% -92.11% 1.9899 0.602 6 0.801 0
Poorest-K 0 0 -99.17% -99.64% -99.42% 0 0.000 5 1
Most Popular 0.0327 0.099 7 573.66% 190.37% 294.74% 10.0000 | 0.0017 0
MF-BPR+FairRec 0.0355 0.101 8 =74.11% —-69.54% —69.08% 4.1349 0.1853 0.1550
MF-BPR+xQuAD 0.0316 0.088 6 24.12% 152.97% 147.74% 8.9230 0.098 1 0.1550
MF-CMIPS 0.030 8 0.082'1 53.92% 81.30% 70.96% 8.7114 0.175 1 0.1550
MF-CIPS 0.0328 0.085 4 59.98% 90.77% 75.49% 8.889 2 0.1518 0.1550
MF-ESAM 0.033 4 0.093 1 45.24% 71.28% 62.52% 8.586 5 0.1211 0.1550
MF-SSLAB(ASJ51) 0.040 2 0.1173 20.26% 41.77% 37.73% 7.3920 0.1953 0.1550
LastFM
7k Recall@10 | NDCG@10 | AGAP(N)@10 | AGAP(D)@10 | AGAP(B)@I10 | NP@10 | QF@10 | OF@50
MF-BPR+Top-K 0.160 4 0.148 3 164.33% 89.91% 123.18% 9.722 0 0.1029 0.028 0
Random-K 0.000 3 0.000 2 —-80.66% -95.74% -92.62% 2.0258 0.699 2 0.797 4
Poorest-K 0 0 —-95.66% -99.14% -98.43% 0 0.001 3 1
Most Popular 0.060 1 0.062 2 1557.07% 197.77% 431.87% 10.0000 | 0.0017 0
MF-BPR+FairRec 0.118 4 0.128 6 82.20% 53.04% 88.80% 8.463 7 0.199 5 0.2170
MF-BPR+xQuAD 0.090 1 0.1185 94.33% 83.46% 95.39% 8.763 4 0.126 9 0.2170
MF-CMIPS 0.0817 0.108 8 87.54% 76.87% 83.47% 8.6377 0.189 1 0.2170
MF-CIPS 0.105 1 0.129 4 90.19% 81.42% 84.66% 8.846 6 0.169 5 0.2170
MF-ESAM 0.099 2 0.106 1 124.36% 96.58% 129.35% 9.2349 0.106 3 0.2170
MF-SSLAB(ASCJ51) 0.1528 0.138 7 36.86% 48.12% 47.58% 7.4776 0.209 2 0.2170
Epinions
Tk Recall@10 | NDCG@10 | AGAP(N)@10 | AGAP(D)@10 | AGAP(B)@I10 | NP@10 | QF@10 | OF@50
MF-BPR+Top-K 0.0342 0.0195 86.75% 202.15% 249.61% 9.708 8 0.095 8 0.028 2
Random-K 0.000 05 0.000 03 =77.93% -92.73% -95.45% 1.983 1 0.846 5 0.802 0
Poorest-K 0 0 -93.53% -97.93% -98.69% 0 0.000 2 1
Most Popular 0.020 5 0.0157 3379.34% 1 003.55% 600.06% 10.0000 | 0.000 2 0
MF-BPR+FairRec 0.0183 0.0126 83.51% 63.43% 65.76% 8.3511 0.163 1 0.296 0
MF-BPR+xQuAD 0.0199 0.0139 72.03% 76.49% 83.52% 8.563 6 0.1597 0.296 0
MF-CMIPS 0.021 4 0.016 6 68.93% 82.81% 89.19% 8.786 7 0.184 1 0.296 0
MF-CIPS 0.017 2 0.0113 85.90% 75.14% 93.01% 8.9627 0.1752 0.296 0
MF-ESAM 0.022 7 0.014 4 71.54% 88.13% 74.71% 8.5712 0.145 4 0.296 0
MF-SSLAB(ASCr) 0.0314 0.018 2 32.88% 30.23% 42.32% 7.7299 02357 0.296 0

Random-K, Poorest-K £ Most Popular iX 3 Fj 3 Bi £ 22 A%
D7, Rk T 58 Y FairRec, xQuAD, CMIPS, CIPS Fl1
ESAM 7 ikAE XS L. % F A Bl ane 3 13k 4 i

(1) P FP AL R T8 2] T AR & 19 A 13 H AT
1 | AGAP | #RAR & , 55 51 & NGCF 1Y AGAP (N ) H =i ik
217.85% (MF-BPR ) AGAP(N) 4 164.33%) , i — 3%
BATH P I7 B9 FAT BE A 22 5 [R) ) OF fEARIE A1, S ik
HetF 25 Rrp AR AT 5 o LUARS , AE W) 5 7 WA T
R 22 , 1 — 2L U0 T AT R e 25 AE AR AR SR 1 rh R
i P

(2) J&i8 J2& LightGCN if J& NGCF, SSLAB #f RE A L
i S B N S HERESS SR . 4T X AGAP, L NGCF h
), %F T AE P 2H (N, D FIB) , SSLAB 43 Sl AR T
83.30% .44.73% K1 77.73% , %F Lt 35c i B X5F B 5 12 ) &4
ORI REAR T 49.01% ,29.22% #139.84% , B if-Hb 5-3iF
TP G — B0 B XA A 3T T 134.85%,
XF He e T vk 5 SR X $E T 5.80% 5 [R] B SSLAB 4744 A%
DB AH &, VI SSLAB X BT 42 2% i 45 Y th ] LA 8K
PRIEFH R0 it XU BN ST A e A D

(3)3i I XF He 2. 36 3 TN 4 (45 R mT o, BRI A




% 10 W W RT3 1 VAT (RO A P 0 2369
#3 NGCFfELastFM#{#E&E FMLINER
Sk Recall@10 | NDCG@10 | AGAP(N)@10 | AGAP(D)@10 | AGAP(B)@l0 | NP@10 | QF@10 | OF@50
NGCF-BPR+Top-K 0.168 9 0.164 2 217.85% 86.52% 148.82% 9.862 8 0.098 7 0.033 6
NGCF-BPR+FairRec 0.1195 0.1312 89.06% 67.56% 86.87% 8.578 8 0.208 6 0.217
NGCF-BPR+xQuAD 0.108 3 0.1290 71.37% 84.32% 64.72% 8.493 7 0.2191 0.217
NGCF-CMIPS 0.097 2 0.1132 78.47% 81.38% 70.91% 8.6339 0.2125 0.217
NGCF-CIPS 0.116 3 0.1355 81.36% 89.71% 75.77% 8.776 3 0.204 7 0.217
NGCF-ESAM 0.102 1 0.108 6 83.24% 75.57% 55.09% 8.5131 0.1930 0.217
NGCF-SSLAB(A 1) 0.157 4 0.156 7 36.39% 47.82% 33.14% 73151 0.231 8 0.217
£4 LightGCNTE LastFM iR 5% F LR
Jrik Recall@10 | NDCG@10 | AGAP(N)@10 | AGAP(D)@10 | AGAP(B)@10 | NP@10 | QF@10 | OF@50
LightGCN-BPR+Top-K 0.178 1 0.1759 96.24% 68.53% 79.61% 8.748 9 0.148 4 0.037 6
LightGCN-BPR+FairRec 0.127 1 0.153 1 86.37% 58.71% 70.74% 8.3634 | 0.2126 0.217
LightGCN-BPR+xQuAD 0.118 8 0.143 4 61.81% 66.18% 69.41% 8.1132 | 0.2235 0.217
LightGCN-CMIPS 0.109 7 0.1336 87.54% 76.87% 83.47% 84866 | 0.2079 0.217
LightGCN-CIPS 0.1324 0.146 5 90.19% 81.42% 84.66% 8.6319 | 0.1989 0.217
LightGCN-ESAM 0.121 6 0.127 5 89.21% 95.52% 84.17% 8.6784 | 0.2182 0.217
LightGCN-SSLAB(ASC) 0.169 2 0.162 5 27.84% 35.80% 27.85% 7.1913 | 0.2436 0.217
S0P R U T SSLAB L f 25 A IR Lk e —
LightGCN 7 AH G 14 1 2> *F 14 #8 W L T NGCF, i i M DAY
SSLAB 14k J5 1045 5 7T 1, LightGCN it T NGCF, B o0 e S
R B S A8 1T SSLAB 0 )72 1590 .45 I
s 22 § oo £
25 1 TR, SSLAB 7E 25 it MF #5780 1 T 1 5 AR Y 2 o015 B
VRIE 5 STHO LA BLUF 1R PR
5.4 SEEHBYESW . oo
R T RVE R 3 AR SRR 5T I 8 FE AT 55 R B AT ' o
5B 1S40 a X SSLAB PERE Y 52 . *70 02 oa o6 oa 10 12 1a 16 18 20
1 JC R B (1) A 48 30T 55« 56— 3k 324E
55, BIRURLPEL % =3 , BRI P % 004 490 it RO A4 K17l aGAP I
5 IR A 50 ORI IE 55 B0 P10
Yy T G &R . 38 L S A o AU P I T 55 0175 | T el
7~ 9E%T LastFM ﬁ?ﬁi%?,%ﬁaﬁﬂg/}fﬂﬁ, 0.150 4 I o0.20
recall 5 AGAP, QF Ll Az OF [a] it AU Ay o125 | m
(D FEE o380, recall {H 52 B S J5 Ja (1) #a # , 5t o [015 5
WILE a /N BN S5 02 TR F RS %0 5 8
o 0.075 4 0.10

(R RS AR 2 5 B 1) 4 B AT 55, 45 24T 55
Wk S . X F AGAP i 55,31 AGAPH FE o )
AN T T AR, 100 BH A B AT 45 Xk v FH P AT R A
— R .

QA ESHE 9T LIFE Y, BHLEAFPEOF A
i o LA G NI 3G 0, AERLAE o {ELR 1.2 AT IS, BEA% A
S QF (ELH) S B e I s (R 34, B o G, 7
G (AR AT b E A AR — ELRE n, (H HUR—
Oy AR AT Y S BB GRS AR T AR A B R
[T S R = RS /NS L GV [ NEW i B u
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0.000

T T T T T T T T T T T
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a

F8  affXt QF M52
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2370 H, ¥

EE 2022 4

0.175 4 —— Recall

—e— OF T[035
0.150 1 T | 030
0.125 /
X Fo.25
o
bt o
© 0.100 1 b o202
= €]
8 S
& 0.075 F0.15
0.050 4 L o.10
0.025 A F0.05
0.000 +— . T T . . T T . . —L 0.00
0 02 04 06 08 1.0 12 14 16 18 20
a
9 affXf OF Y52
Ve=RY9S
6 ZH1e

AR SCRE X HE T 2R 8 vh 3 3 A7 A8 19 T AT B A 22 2R
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