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Group-level Iltem Fairness --motivation

e Most of previous works focus on measuring fairness/bias based on score
distributions across item groups

e Most of previous works focus on demographic parity/statistical parity
based fairness definition



Group-level ltem Fairness

* Propose the ranking-based statistical parity (RSP) metric;
* Propose the ranking-based equal opportunity (REO) metric;
* Propose the Debiased Personalized Ranking (DPR) model;



Two metrics -- notations

U=1{1,2,... ,N}e o Aset of users.
ZT=A{1,2,...,M}e * Aset of items.

+ o For each user u, there is a set of items she has
Z, =1t4,...} ¢ o . i

u clicked’ before, as training data.

_ For each user u, the RecSys provides a ranked list of
Ly =1Ly 1, L L ’
u= Lty Luy oo “’K] * * K items as recommendation result.

A binary variable to show whether user u likes item i

yu,z * in the test set (ground-truth during testing time)
o A set of group labels, each item belongs to one or

g T {g17 g27 MR gA} ¢ ° more groups

G (Z> . . A function to identify whether the given item i belongs
Ya to the group g_a or not. Output ‘1’ for yes, ‘0’ for no.



Ranking-based Statistical Parity (RSP)

RSP measures the difference of recommendation probability (probability to
be ranked in top-k) across different item groups.

ZN: ZK: Gy (Lup) The probability of being ranked in
P(rankQK|g = g,) = Z?V ! Zk S o u@ top-K given the item belongs to group
u=124ieI\T,; 9o g_a.

std(P(rankQK|g = g1),..., P(rank@K|g = g4))  The relative standard deviation of

RSPQK =
mean(P(rankQK|g = ¢1),..., P(rank@QK|g = g4)) the ranking probabilities across groups.




Ranking-based Statistical Parity (RSP)

Higher RSP@K means more severe unfairness.

RSP@K=0 (fair) when the ranking probability is the same across groups:
P(rankQK|g = g1) = P(rankQK|g = ¢g2) = ... = P(rankQK|g = g4)



Ranking-based Statistical Parity (RSP)

RSP is especially important when the item groups are determined by sensitive
attributes (for example, gender or race when people are recommended)
because low recommendation probability for specific sensitive groups will
result in social unfairness issues.
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RSP — motivating example

Example: Recommend job candidates to companies

*

P(recommend| ) =0.6
-

P(recommend|?) =0.2 Q
<

Unfair for female candidates.

25



Ranking-based Equal Opportunity (REO)
For a more general RecSys, we do not require exact the same exposure for
different groups. Instead, we want the RecSys to be driven by user
preference and the user has the same chance to see items from different
groups as long as she likes them (the same true positive rate across item

groups). ﬁ ﬁ
Ve \ Ve \
A

©O 1 @

©O v @
\"Q/ \‘Q/

true preference recommendation




Ranking-based Equal Opportunity (REO)

REO measures the true positive rate difference across item groups.

B SN OSE G Luk)  YuL, The probability of being ranked in top-K

P(rankQK|g = gq,y = 1) = N o . given the item belongs to group g_a and
2 u=12ien\z; Guall) * Yui is liked by a user in the test set.
proa  StAPrankaKlg = g1,y =1),..., PrankQK|g = g,y = 1))

mean(P(rankQK|g = g1,y =1),..., P(rankQK|g = g4,y = 1))



REO — motivating example

Example: Recommend movies to users

p(recommend|horror&liked) = 0.3 A
-< al

\ 4 p(recommend|sci — fi&liked) = 0.9 Q

horror and sci-fi
movies lover

<

In long term, horror movies will get fewer and fewer feedback,
which is harmful for both horror movie lovers and movies providers.
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Data-driven study - Movielens
BPR generates RSP and REO based bias

#feedback/#item
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Results by Bayesian Personalized Ranking (BPR)
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Debiased Personalized Ranking (DPR) Model

e An adversarial learning based method;

e An in-processing method, but is not coupled with any specific RecSys model;
e Flexible to be used to mitigate RSP or REO based bias;
e (Can work for multi-group case.
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Debiased Personalized Ranking (DPR) Model -- RSP

To mitigate RSP based bias:

* Decouple the predicted score with group attribute;

* Normalize the score distribution for each user so that every user has the same
score distribution;
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Debiased Personalized Ranking (DPR) Model -- RSP

Top K

¢> @

1 e sl i -]

Rank items based on predicted scores for users.
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Debiased Personalized Ranking (DPR) Model -- RSP

26
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The top-K items for each user will lay in the most right part in user
score distribution.
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Debiased Personalized Ranking (DPR) Model -- RSP

p(y) TopK
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Same Value Range

Normalize score distribution for each user so that all users have the same
score distribution.
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Debiased Personalized Ranking (DPR) Model -- RSP

p(y) TopK

Same Value Range
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Same Value Range

Plot the score distribution for item groups, scores for recommended items
in different group lay in the same score range.
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Debiased Personalized Ranking (DPR) Model -- RSP

Top K

j

4 group 1 A
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ar eaoutside_K +ar eainside_K
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Debiased Personalized Ranking (DPR) Model -- RSP
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Force the same score distribution for different item groups.



Debiased Personalized Ranking (DPR) Model -- RSP
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P(rankQK|g = g1) = P(rankQK|g = go)
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Debiased Personalized Ranking (DPR) Model -- RSP

To mitigate RSP based bias:

® Decouple the predicted score with group attribute;

e Normalize the score distribution for each user to have the same score
distribution for all users.
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Debiased Personalized Ranking (DPR) Model -- RSP

To mitigate RSP based bias:
=> Decouple the predicted score with group attribute;
e Normalize the score distribution for each user to have the same score
distribution for all users.
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Debiased Personalized Ranking (DPR) Model -- RSP

To mitigate RSP based bias:
=> Decouple the predicted score with group attribute;

5. & AN N\
— Mmaximize — QAd,,(g,.) + gAdv(gj)
minimize T
3\) | A
(ua L, J)—> BPR b At > DiscriminatOI' ] > %i
uel iel? yu,] gj

JjeI\L; minimize

I—'QBPR()’“’,-, S\’u,j)

>«
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Debiased Personalized Ranking (DPR) Model -- RSP

To mitigate RSP based bias:

=> Decouple the predicted score with group attribute;

maximize
y
: yuj
uel iel} 2

JjeI\L; minimize

Y

A
I—'QBPR()’”,,-, yu’j)

. .I .>$Adv(§i) + gAdv(gj)
minimize
A

J
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Debiased Personalized Ranking (DPR) Model -- RSP

To mitigate RSP based bias:
=> Decouple the predicted score with group attribute;

maximize — SfAdv(g )+ SfAdv(g )

minimize T

‘/}\’ | A

U, 1, ) ey — 7 > Discriminator] > f"
uel iel; yu’J gj

jGI\IJ minimize

A
I—»QBPR(yu,i, yu,j)

>«
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Debiased Personalized Ranking (DPR) Model -- RSP

To mitigate RSP based bias:
=> Decouple the predicted score with group attribute;

g A A
— maximize — Z a8, + gAdv(gj)
minimize T
5 3 ’}\, . A
O O I i S
uel iel} u.j 8
JEI\L;  minimize
v
N\ A
LEBPR(yu,i’ yu,j)
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Debiased Personalized Ranking (DPR) Model -- RSP

To mitigate RSP based bias:
=> Decouple the predicted score with group attribute;

5. @ VAN N\
— naximize l-"gAdv(gi) + gAdv(gj)
minimize
3\) A
(u,i,j)—,| BPR »/)\,“”' »]| Discriminator »fl’
uel iel; u.j gj
JeINL; minimize

I—'SBBPR(Y”,,-, yu,j)

>«

AN
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Debiased Personalized Ranking (DPR) Model -- RSP

To mitigate RSP based bias:
=> Decouple the predicted score with group attribute;

maXimize _|_> gAdv(gi) + gAdv(gj)
AN
/}\)u,i

minimize
|
(u,l,J)—> B Discriminator]
uel iel} u.J
Jj€I\I; minimize

>

v
900> —

Y
N\

A
LVngR(yu,,-a yu’j)
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Debiased Personalized Ranking (DPR) Model -- RSP

To mitigate RSP based bias:
=> Decouple the predicted score with group attribute;

minmax > > (L5pr(11,J) + a(Lado() + £ ado())) + PLKL
uel iel]
JeI\I;
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Debiased Personalized Ranking (DPR) Model -- RSP

To mitigate RSP based bias:
=> Decouple the predicted score with group attribute;

minmax| >, D (L5pr(1.1,J) + a(Lado() + £ ado())) + PLKL
eU iel]
JeI\I;

Play a minimax game between the BPR
component (with parameter set ©) and the
adversarial component (with parameter set W).
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Debiased Personalized Ranking (DPR) Model -- RSP

To mitigate RSP based bias:
=> Decouple the predicted score with group attribute;

minmax » Y (Lepr(4, i, |+ @(L£ads (i) + £ ag0())) + BLKL

v
© uel iel]
JEI\L;

Conventional BPR loss for a user u
with one positive item i and one
negative item j:

L N T N 7 )ﬁ 2
BPR(U, L, j) = —Ino(Yu,i — yu,j) + 5 O]l
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Debiased Personalized Ranking (DPR) Model -- RSP

To mitigate RSP based bias:
=> Decouple the predicted score with group attribute;

minmax » > (£spr(w 1, J) +{x(Lado() + Lado (D)) + LKL
uel iel]
JEI\L;

The adversarial component takes predicted
score as input and predict the group label of
the given item. Train the adversarial
component by:

A
max £ago(i) = ) (8ialogBia + (1 - gia)log (1~ ia))

a=1 50



Debiased Personalized Ranking (DPR) Model -- RSP

To mitigate RSP based bias:
® Decouple the predicted score with group attribute;
=>» Normalize the score distribution for each user to have the same score
distribution for all users.
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Debiased Personalized Ranking (DPR) Model -- RSP

To mitigate RSP based bias:
=>» Normalize the score distribution for each user to have the same score

distribution for all users.
minmax ) ) (LpR(w i J) + a(Lado(i) + Lado())) +LKL

v
© uel iel]
JEI\L;

Minimize the KL divergence between the score
distribution of each user and the standard
normal distribution to normalize score
distribution for users:

Lxr = ) Dx(qe@)|IN(0,1))

uel
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Debiased Personalized Ranking (DPR) Model -- REO

REO considers the true positive rate across groups

P(rank@K|g =g,y = 1)
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Debiased Personalized Ranking (DPR) Model -- REO

To mitigate REO based bias:
e Decouple the group attribute with the predicted score for positive user-item
pairs;
® Normalize the score distribution for each user to have the same score
distribution for all users.
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Debiased Personalized Ranking (DPR) Model -- REO

Top K Score distribution for
,—H positive user-item pairs
Agroupl , j~o - ———-=—- =

ared, sside K ared;,sidge K

ar eainside_K

P(rank@K|g=g;,,y=1) =
ared,ysside K +ar €dinside K
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Debiased Personalized Ranking (DPR) Model -- REO
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Force the same score distribution for positive user-item pairs for
different item groups.
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Debiased Personalized Ranking (DPR) Model -- REO

p(y) TopK
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P(rankQK|g = g1,y = 1) = P(rankQKlg = g2,y = 1)
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Debiased Personalized Ranking (DPR) Model -- REO

To mitigate REO based bias:
® Decouple the group attribute with the predicted score for positive user-item
pairs;

minmax > > (£ppR(: 1)) HaLago () + LKL
uel iel
JeI\I,;

Only input scores for positive user-item
pairs to the adversarial component.
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Experiments — visualize debiased results
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by the proposed DPR
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Experiments — compare with baselines
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Experiments — compare with baselines
the proposed model SOTA baselines
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Experiments — compare with baselines

BlePR [pPR [ IFATR [EReg
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Proposed model preserves high recommendation utility.
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Experiments — compare with baselines

BlePR [pPR [ IFATR [EReg
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And enhance RSP and REO fairness effectively!
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Experiments — more in the paper

More experimental details and results can be found in the paper, including:
* Detailed experiment setup;

e Experiments on other datasets;

* Experiments for ablation study;

* Experiments for hyper-parameter study;
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