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Abstract

The goal of recommendation systems is to filter and select information in order to predict the
content that users are most interested in. However, fairness issues may impact the recommenda-
tion results. Most existing fairness recommendation models assume independence between user
entities and do not consider how to mitigate fairness issues when entities are correlated. Addi-
tionally, in a few existing studies that utilize graph structures to address fairness issues, only node
embeddings are used for learning data representations, potentially exposing sensitive user in-
formation through local graph structures. To address these two issues, this paper proposes a
model called FRC, based on graph embedding adversarial learning, to achieve fair recommenda-
tions. It is applicable to any recommendation task that takes user and item embeddings as input.
The model maps user-item data into a bidirectional graph, combines user-level and node-level
embeddings, and utilizes adversarial learning to eliminate sensitive features for fair representa-
tion in recommendation tasks. Comparative experiments on two real-world datasets demonstrate
that the proposed model generates fairer recommendations for users in recommendation tasks.
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Figure 1. Overall framework of the model
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4.1 WARE SRR

4.1.1. BiEsE

T W FEAS (RIS AN B3 P HEFE PR RE I S, ARSI HE T LR A 48 MovieLens F1HL T
1 5 HEFE R IR AR CIKM. MR Gt 45 R ik 1 FoR.

MovielLens: ZHE4E 03 6040 42 F XA 4000 #FHLELH) 100 J5IRVEEE, SEFMER . F
ANV A BURRAE, e o ZeReiE, HRMVARRIE R AT 21 201, AR08 JE PR 2 P 0 47 8 Ve [
RN AT 13 4N,

CIKM: ZHHEHEMLE 8.8 HATIHM 6 JiANHF, 210 JiA s sefl, REL 11 BRI R iUk
FRAE. AT ARIFEOE R, g 7T 20 IS HEIH S, DURECE S5 R 0 HuE 4 .

Table 1. Datasets statistics

® 1 BEENRITER

BAEsE Interactions Users items FBURAFAE
MovieLens 1,000,209 6040 3952 3
CIKM 233,138 1828 57,881 2

4.1.2. BETBRAHBIELRE
B B ESEEESIHE BT R, KENIHSEE SHP R, IEREAR SR AR E 1 4dE
HRR, X R R G A LE RO 22 [11] o BT DAAS SR FH 25T B8 0'6 B 1R 87CR A SR SR S g i H
MRz, RTHES BT, PRIEAT . 58RI H AR 2 Hk B el v, AIREDEAY,,,
XA HRECN 1000, BT BEALIE BRI SR AR S DR R 22 s HERE TR &, BT DA G20 fr
AT KAE
j~f(uv).,veV,, (13)
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BiasedMF [14]: — R BRS04 FH P R0 o 10 i 222 00 380 0000 40 9 43w AT o7 040 ) s 25
M ESR .

DeepModel [15]: %528 2 )2 #2228 04T AR AR 4 DL 5] P ORIIUH B 43R0 .

FairGAN [16]: —FhJET GAN HIHEFERLRY, wTDAAFHU AR IH 2 FCRE Y, HR AT Re M OR B A
FRH

4.3. EWHER5HH(RQL, RQ2)

7 2 f14% 3 JE/R T1E MovieLens Fl CIKM %dii 4 I 1fseat gt 5L, I 50 AN R BBURFAIE o 4% i 2
BT by ) AFYERE . BT 4 NIERZRER R Y AR HERE A, FRC_PMF R A SCHE HH 1 A P AR Y
FRC N T PMF 8 5 (HEFERCR -

WMEE FRC 5% FEA B I AN Fa bR AUC 23 50/850: % FRC N T84 PMF. DMF,
BiasedMF 711 DeepModel Ji5 ) AUC 73 Z B BAK TR AT 4 NAi 2 AU 25 3, 1XXER FRC AHA T 244l
HEFERLAE NP HEFFE R B B RE R4 T . XL AP PERE R FairGAN, FRC A PP Re A7) i T
FairGAN, M/ YrEX PN A b, BURRHIE J LT AN AT B I 8 5 I RN s gl T30 Hh >k, AT
TRAE T APAHEERCR «

MEE FRC 5 &L (I HEF MR REFEAR N@5B 3 mT A AN @ 0 LL ISR PMF. DMF,
BiasedMF 1 DMF, if/& /A P IELe 57 FairGAN, FRC 78R T &1 70 5 i 47 mT DAk 214 s i HE#7 1k
Ao — MM, PRUE T 6 [ B S 4 350 4 1 BB 2], BRI BB AE 23 8 R N ORI B
BRI, 2H G BUBCRFIE PR M RE WA T BRAMRRAE 2 T DAFR AR IR . ANSCHR HE 1) FRC BB ESR T AP 1 [F)
I, URefEHER Ve R T IR AR BE, o tH HAE P AT R R A A P DT T AR 3, ARSI B
P I ORAUEAERE AP 1A 280

(15)

Table 2. Compare the performance of the baseline model on the MovieLens dataset. Age, Gen, Occ represent age, gender,
and occupation, while Com represents sensitive characteristics. Combination of AUC is the attacker score, and the closer it is
to 0.5, the better the fairness performance. N@5 represents NDCG@5

52 2. 7E Movielens #1385 FMELERIMEELLEL. Age. Gen. Occ TR HRIFIER, Com. . FRREURR4HE
HI4HE. AUC ABIEHE S H, IR 0.5 RN TFMEEHSF. N@5 &~ NDCG@5

Model Age Gen Occ Com.-Age Com.-Gen  Com.-Occ
AUC N@5 AUC N@5 AUC N@5 N@5 N@s5 N@5
PMF 0.8428 04691 07697 0.4819 06024 04691  0.4846 0.4768 0.4703
DMF 07238 04281 07049 0.3267 05710 0.3256  0.3248 0.3298 0.3267
BiasedMF  0.8403 0.4760 07870 04792 0.6064 04757  0.4745 0.4701 0.4672
DeepModel ~ 07571 0.3758 0.7165 0.3864 05481 03816  0.3787 0.3865 0.3833
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gk
FairGAN 0.6852 0.4674 0.5982 0.3915 0.6541 0.4562 0.3976 0.4259 0.4523
FRC_PMF 0.5434 0.4672 0.5142 0.4807 0.5223 0.4672 0.4798 0.4718 0.4615
FRC_DMF 0.5241 0.4217 05178 0.3212 0.5219 0.3254 0.3217 0.3232 0.3166
FRC_BiasedMF 0.5278 0.4679 0.5027 0.6014 0.5246 0.4714 0.4555 0.4619 0.4615
FRC_DeepModel 0.5356 0.3724 0.5188 0.5384 05218 0.3762 0.3569 0.3717 0.3823

Table 3. Performance comparison between baseline model and CIKM dataset

%% 3. £ CIKM i EME LR R R

Age Gen Com.

Model
AUC N@3 AUC N@3 N@3
PMF 0.7130 0.6801 0.6654 0.6689 0.6287
DMF 0.7238 0.5141 0.6802 0.4989 0.5173
BiasedMF 0.7123 0.6198 0.7024 0.6029 0.6145
DeepModel 0.6347 0.6354 0.5982 0.6398 0.6289
FairGAN 0.6186 0.6542 0.5615 0.5544 0.6088
FRC_PMF 0.5213 0.6724 0.5122 0.6512 0.6279
FRC_DMF 0.5247 0.4983 0.5167 0.4872 0.5123
FRC_BiasedMF 0.5391 0.6072 0.5243 0.5709 0.6089
FRC_DeepModel 0.5166 0.6289 0.5199 0.6394 0.6173

4.4. BESTHT(RQI)

ARATHEFL T LA O 1 B X 25 AR 25 | 1 EUEL 6 FRC B PERE RS2 . 42 4 JBOR T A [HILT)
BUER SR M R i B 52, 14 2 DR 4 B BT R . LR EIEREE AT A, i S A R LA E
BB L IR AT 22 SRR B e PRI HE R AE R M, AR e B PR AT A 0 2 fST A AL I R IR o DRI A K T
3 AP TFRES AP AR RNES, ST <3 M. HARKEIRE . TEN RIS 2 A
R HGBIMEER] 7RO EAR BT, BOX BAE/R T FRC_BiasedMF 8 7E MovieLens %4 £ I FA
TRUBREAIE (1) S50 40

Table 4. The influence of the value of the neighborhood order | of the user’s self-centered network on FRC
4. BPBEFCREEREM# | BYEVEX FRC AISZND

=1 |1=2 1=3
BUBFE
AUC N@5 AUC N@5 AUC N@5
Age 0.5431 0.4793 0.5344 0.4741 0.5311 0.4723
Gen 0.5292 0.4962 0.5267 0.4952 0.5221 0.4921
Occ 0.5341 0.4897 0.5263 0.4867 0.5258 0.4862
5. &5ip

FURG, MR 2 G0 DRI B0 i 22 ) R0 T 3l A A AP PR ). A ST Y FRC B IE R i I 7 - T H
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Figure 2. The influence of subgraph neighborhood order | on model performance
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