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Introduction

= |ndividual Fairness ensures similar individuals receive similar outcomes. For a classifier h,
individual fairness is achieved if:

dy(h(v), h(w)) < Ldy(v,w) Vv,w eV
where dy, and dy are fair metrics on feature and label spaces, respectively.

= Distributionally Robust Optimization or DRO aims to minimize the gap between in-sample
and out-of-sample losses using ambiguity sets based on the Wasserstein distance. For
distributions P, Q with cost function ¢(+, -), the optimal transport cost is:

1
Wep(P,Q) = wepr?é“xg { (E(%Z/M[cp(z, z’)])p =P, = Q}
The Wasserstein ambiguity set includes all probability measures within a specified distance,
defined by the ambiguity radius, Bs(P) := {Q : W ,(Q,P) < d}. If £(2,0) is the learning loss

function the worst-case loss quantity is obtained by Rs(PP, 0) = supgep;p) EQl(Z, 0)).
= Counterfactuals. In a structural causal model, a counterfactuals represents the hypothetical
outcome of a variable under an alternative scenario, given a fixed set of observed conditions
or interventions on other variables. Counterfactual are derived from hard and soft
interventions in SCMs using do-calculus:
= Hard interventions: fix features V7 to constants =, modifying causal connections for Vz while keeping other
equations intact, represented as {V; :==7;, i € Z; V;:= fi(Vpap), Us), 1 € L}.
= Soft interventions: adjust equations by adding shifts A without altering causal links
1Vi:= filVpau), Us) + A}l
Hard and shift counterfactuals are defined as CF(v, 7) and CF(v, A), respectively, which are
central to this analysis. Counterfactuals with modified sensitive attributes, termed twins, are
essential for individual fairness. Twins are generated by altering a sensitive attribute from a to
a’, yielding a set {9, = CF(v,a) : a € A} to assess fairness by comparing outcomes across

attribute values.

Causally Fair Dissimilarity Function

In the presence of causality and sensitive attributes, we expect that a fair metric should consider
two key properties:

= Zero Dissimilarity for Twin Pairs: Forany v € V and a € A, the dissimilarity d(v, 94) between
an instance and its twins is zero.

= Guaranteed Similarity for Minor Perturbations: For every v € V and any § > 0, there exists an
e such that for any sufficiently small intervention (||A]| < €) on the non-sensitive attributes
(P4(A) = 0), the distance d(v, CF(v, A)) remains less than 9.

This function is called causally fair dissimilarity function (CFDF). In the case, that M is an ANM,
there exists the bijection map g : U — X from exogenous to endogenous space such that
r = g(u). If Py(u) the projection of vector u to the non-sensitive part Uy then CFDF d can
be represented as a dissimilarity function dy dependent solely on the non-sensitive components

UX .e.,
d(v,v") = dy(Pyx(g(v)), Px(g(v)).

We have below Assumption 1. for the feature space and CFDF:

1. The CFDF is defined as d(v,v') = || Py (g(v)) — Px(g(¢'
2. Cost function over Z has form c((v,y), (v',9")) = d(v,v") + oo - |y — 9/].
3. The ambiguity set is defined as: Bs(P) = {Q € P(V) : W (P, Q) <4}, forp € [1,00).

))||, where ||.|| is a some norm.
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Causally Fair Distributionally Robust Optimization

Theorem 1 (Causally Fair Strong Duality). Let P be probability distribution and ¢ : V — R be
upper semi-continuous and Ly-integrable function, then following duality holds:

SUp { E [w(v)]} = inf {)\5p+ E | sup ¥y(0q) }7

QeBgs(P) (v~Q 220 P | aed
where 1y (v) is defined as

a(v) = sup {¥(CFy(v,A)) — Md(v, CFy(v,A))},
AeX

and CFq Is counterfactual regarding parent-free SCM M.

Theorem 2 (Higher Order Linear Loss). Given Assumptions, let M be a linear SCM and the loss
function £(z, 8)P, where £(z, ) is of the form h(y — (0, v, )) or h(y - (¢#,v,)) for functions h(t) such
as |t|, max(0, 1), (0,t —7) forsome 7 > 0, and p € [1,00). Then the DRO problem
can be reduced to:

¢ | D
(Rgf(IPN,H)p+5“PX(MT9) ) | diam (A) < oo

Rs(P,0) = « )
) . st Py(MTe) =0 diam (A) = oo

1
(R(IP’N, 0)p + HPX(MTH)
\

where M is the corresponding matrix for the linear map ¢! and

R (P,6) = E_|sup (i, y,0)
v~ aEA

Is a counterfactual loss function.

Theorem 3 (Nonlinear Loss). Let p = 1, M be linear SCM with matrix M corresponding to map
g~ L and ¢(z,0) be a loss function of the form h(y — (6,v)) for regression and h(y - (6,v)) for
classification, where h has the following two properties:

1. his Lipschitz on R with L;, constant, i.e., |h(to) — h(t1)| < Lylto — t1|, Vi1, t2 € R

2. There exists sequence of {1;}72 , goes to oo such that for each ty € R we have

h(to + ty,) — hit
lzmk—)oo‘ (to + ?\ (t0) _ 1,
K

The DRO formula has the below formulation:

(
RY By, 0) + 6L, HPX(MTQ) diam(A) < o

Y
*

Rs(Pn,0) = «

st. Py(M1e) =0 diam(A) = o0

)
S

R(PN, (9) + 0Ly, pr(MTQ)

\

Theorem 4 (Finite Sample Guarantee). \With mild assumptions for ero we have:

Rs(Px, 6I0) — inf Rs(Py,0) < N71/2 [co + 1 61P 4 e PN T2 03\/log(2/e)} ,

With probability at least 1 — 2e. With €(L£) denoting the Dudley entropy integral for the function
class {£(-,0) : 8 € B}, the constants ¢, ¢1 and ¢3 are identified as follows:

¢ = 96€(L), c1 := 96L - diam (V)P , ¢y := 2pL - diam (V)P~1 - My, and ¢3:=2v2 x M.
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Proposmon (Approximation by Robust Optimization). Suppose A is a finite set and let
{(v",y )} , be observational data. Under Assumption 1, assume that for the loss function £

there exist constants L, M > 0 such that
(v, y,0) — (v, y,0)| < Ld’(v,v") + M forall v,v' € Vandpec][l,o0).

For an arbitrary K € N, consider the adversarial loss within the setting:

Z Z Sup € Zkay’u ) )

1=1 k= 1a€A

Radv(IP’ N) = sup
(wi); € By

where the uncertainty set By is defined as:

Bs = { (w"™); 1. - ZZde ) <5, wh ey

zlkl

Then, the DRO can be approximated by adversarial optimization as follows:
LD+ M
NK

REM(Py) < Ry(y) < REV(Py) +
where D Is independent of K.
Numerical Experiments

In our numerical studies, we assess the effectiveness of causally fair DRO, referred to as CDRO, in
mitigating individual unfairness. We compare CDRO's performance against Empirical Risk Mini-
mization (ERM), non-causal Adversarial Learning (AL), and the Ross method. Our experiments use
real-world datasets, specifically the Adult and COMPAS datasets, as well as a synthetic dataset
based on a linear structural causal model (LIN).
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The figure displays the findings from our numerical experiment, assessing the performance of
DRO across different models and datasets. (left) Bar plot showing the comparison of models
based on the unfair area percentage (lower values are better) for A = .05, where Up = IP’({v -
Vo e Vsitd(v,v') < AAh(v) # h(v)}) is the unfairness area measure. (right) Bar plot
comparing methods by prediction accuracy performance (higher values are better).

Main Contributions

= Define a causally fair dissimilarity function, an individual fair metric incorporating causal
structures and sensitive attributes, along with its representation form.

= Define a causally fair DRO problem with a causally fair dissimilarity function cost.
= Present the strong duality theorem for causally fair DRO.

= Provide the exact regularizer for linear SCM under mild conditions for the loss function in
regression and classification problems.

= Estimate the first-order causally fair DRO regularizer for non-linear SCM.
= Provide the relation between classical robust optimization and causally fair DRO.

= Demonstrate that under unknown SCM assumptions, by estimating the SCM or cost function,
we have finite sample guarantees for convergence of empirical DRO problems.

farnadig@mila.quebec

ahmad.ehyaei@tuebingen.mpg.de


mailto:ahmad.ehyaei@tuebingen.mpg.de
mailto:farnadig@mila.quebec

