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(e) Item Popularity (MF)

(f) Item Popularity (LightGCN-2) (g) Item Popularity (LightGCN-4) (h) Item Popularity (AdvDrop)

Figure 1: T-SNE [46] visualizations of user and item representations learned by MF [40], LightGCN [26], and our proposed
AdvDrop. Note that MF, LightGCN-2, and LightGCN-4 are specialized with zero, two, and four graph convolutional layers,
respectively. Subfigures 1a-1d show the representation distribution w.r.t. two groups of user gender (i.e.,, female, male), while
Subfigures 1e-1h depict the representation distribution w.r.t. three groups of item popularity (i.e., head, middle, tail).
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Motivation:

(1) Data Bias Perspective: Typically, only one specific factor is considered to be mitigated,
such as item popularity, user conformity, and sensitive attributes. However, interaction data
is often riddled with various biases, whether predefined or arising from latent confounders.

(2) Bias Amplification Perspective. The debiased GNN mechanism is tailor-made for a
particular bias. For instance, tailored specifically for popularity bias, they randomly sample
interaction subgraphs and alter the information propagation scheme, but might fail in other
biases. Here we argue that, for graph-based CF models, effective debiasing should
comprehensively address both biases present in interaction data and those amplified by the
GNN mechanism.
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Figure 3: The overall framework of AdvDrop.
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Figure 3: The overall framework of AdvDrop.
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contrastive loss

. exp(s(zy, 2y, /7))
— _.l
Ly = 2, —loe s s )

Z & exp(s(z;, z; /1))

in-Max Optimization I-I":I Z;" [= f EXP(S(Z;: z!: ))}"T)) ,

recommendation loss

rec __ + —
L7 = Lopp+Lipg

Stagel objective: néjn g
E




ki AL

Manjing University of Aeronautics and Astronautics

Method

Stage 2: Bias Identification
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Algorithm 1 AdvDrop Algorithm for General Debias

Input: Training dataset 9 consist of (u, v) pairs, the number of
stage 1 epochs Ky qge1, and number of stage 2 epochs Ky gge-
Output: Debiased user representations Z;; and debiased item
representations Z.
Initialize: initialize @, and Op.
while not converged do
Stage 1: Debiased Representation Learning:
| Fix bias measurement function parameters 0. |
for ky < Kgpqg4e1 do
Compute £7¢ and £ by Equations (7) and (13).
| Update ©p by Equation (14). |
ki — ki +1
end for
Stage 2: Bias ldentification:
| Fix graph neural networks parameters 0. |
for ky = vaugez do
Recompute Py and resample G and G, .
Compute V , £1? by Equation (19) and Corollary 3.2.
| Obtain gradients by back-propagation and update &y. |
ky «— ko +1
end for
end while
Compute Z; and Z; by Equation (20).
return Z;; and Z;.
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RQ1: How does Advdrop perform compared with other baseline models on general
debiasing datasets?

Table 1: General debiasing performance on Coat, Yahoo, KuaiRec, and Douban. The improvements achieved by AdvDrop are
statistically significant (p-value < 0.05).

Coat Yahoo KuaiRec Douban

NDCG@3 Recall@3 NDCG@3 Recall@3 | NDCG@20  Recall@20 NDCG@20 Recall@20
LightGCN | 0.499 0.394 | 0.610 0.640 | 0.334 0.073 | 0.059 0.030
IPS-CN lei.dl'}; U.-’iﬂﬁrj'usl-’“ 0.598 1.97% 0.628 1.88% 0.014 95.81% 0.002 07.26% 0.056 5.08% 0_03]“.5.’_13':4;
DR 0.506" 1.40% mti_ﬁﬁ‘.‘} mi[l.lﬁ"h 0.637 0.47% 0.037 B8.92% 0.010 B6.30% 0.060" 1.69% 0.033" 10.00%
CVIB 0.48% 2.20% 0.386 2.03% 0.597 2.13% 0.632 1.25% %43_1{]% miﬁ_}lf?{ U_Uﬁz-lﬁ_[}ﬁ'}é U_c,:jztﬁ_(;??f-
InvPref 0.36572685% 00329638 | (5042628 (g0 AR | 3 0.060"1-69% 0.029" 3%
AntoDehbias. | 0,50210-80% 5 401* 1788 | g.5017148%  gg2772-B% | 052772 10% 0072713 | D8RO G300 00%
AdvDrop | 0.532+*¢01%  0.418+«'09%% | 0,617+ 1-15%  0.643+'017% | 0.362+535% 0,089+ 92% | 0.068+*17-25%  0.036+"20-00%
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RQ2: Can Advdrop successfully address various specific biases?

Table 3: Performance of mitigating popularity bias on

Yelp2018.

Test Split | Test ID | Test OOD
Metrics | NDCG@20 | Recall@20 | NDCG@20 | Recall@20
LightGCN | 0.0371 0.0527 0.0028 0.0026
IPS-CN 0.0337 0.0470 0.0033 0.0030
CDAN 0.0496 0.0703 0.0037 0.0037
sDRO 0.0492 0.0702 0.0035 0.0034
AdvDrop 0.0608 0.0817 0.0066 0.0073

Table 2: Performance of mitigating attribute unfairness on Coat.

1|.|H|'.(.|
-E‘gw

Evaluation Metrics I
I NDCG@3 | NDCG@5 | Recall@3 | Recall@5s | user gender | item colour [ item gender

Performance Metrics

Fairness Metric (Prediction Bias)

MF 0.473 0.508 0.349 0.501 0.102 0.175 0.091
LightGCN 0.499 0.523 0.394 0.519 0.420 0.589 0.468
AdvDrop 0.532 0.553 0.418 0.540 0.142 0.053 0.062
+Embed info 0.518 0.560 0.418 0.578 0.052 0.032 0.046
+Mask info 0.512 0.554 0.425 0.581 0.045 0.024 0.039
CFC I 0.485 0.513 0.395 0.517 0.012 0.011 0.012
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(e) Item Popularity (MF)

(f) Item Popularity (LightGCN-2) (g) Item Popularity (LightGCN-4) (h) Item Popularity (AdvDrop)

Figure 1: T-SNE [46] visualizations of user and item representations learned by MF [40], LightGCN [26], and our proposed
AdvDrop. Note that MF, LightGCN-2, and LightGCN-4 are specialized with zero, two, and four graph convolutional layers,
respectively. Subfigures 1a-1d show the representation distribution w.r.t. two groups of user gender (i.e.,, female, male), while
Subfigures 1e-1h depict the representation distribution w.r.t. three groups of item popularity (i.e., head, middle, tail).
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RQ3: Within AdvDrop, what pivotal insights does the adversarial learning framework
extract, and how do these influence the learned representations?

Table 4: Ablation study of AdvDrop on Yelp2018.

Test Split

| Test ID

Test OOD

Metrics

| NDCG@20 | Recall@20 | NDCG@20 | Recall@20

AdvDrop
w/o Py
W;'JG PB & £;ﬂu

0.0608
0.0575
0.0371

0.0817
0.0781
0.0528

0.0066
0.0060
0.0027

0.0073
0.0060
0.0024
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RQ3: Within AdvDrop, what pivotal insights does the adversarial learning framework
extract, and how do these influence the learned representations?

0,52 - 05158
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Figure 4: Visualization of learned bias measurement function
Pg w.r.t. item popularity.
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RQ3: Within AdvDrop, what pivotal insights does the adversarial learning framework
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extract, and how do these influence the learned representations?
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Figure 5: (a) The overall recommendation performance v.s.
epochs during training. (b) ~ (e) The debiasing performance
w.r.t. epochs on both user and item attributes.




