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1

INTRODUCTION

We observe that the majority of existing methods assume sensitive attributes should not be causally
influenced by any other variables (Kusner et al., 2017; [Berk et al.| 2021; Ma et al.,|[2023). This
assumption overlooks the essentials of sensitive features, i.e., which part of the sensitive feature is
intrinsic or essential for the inference and which part should be neglected. Also, existing methods
usually fit into a specific scenario where the causal relationship from the sensitive attribute to the
target attribute is fixed. For example, race should generally not influence decision-making at all,
making it hard to extend and distribute in real-world scenarios. For example, in a demography

experiment, race distribution can be deduced from the geographic distribution of the population,
which can not be causally neglected.

To tackle these challenges, we propose a novel framework, EXOC, which introduces intuitive mod-
ifications to the causal model. This framework utilizes the auxiliary variables in causal inference,
extracting essential information from sensitive attributes and effectively controlling the flow of in-

formation from the sensitive attribute to the target attribute. We summarize our contributions as
follows:

* We develop a framework that utilizes the auxiliary variables in causal inference, extracting
essential information from sensitive attributes and enhancing fairness without sacrificing
much accuracy.

* We formalize a method to regulate the flow of information from the sensitive attribute to
the target attribute, effectively controlling the balance between accuracy and fairness.

* We provide theoretical analysis and conduct extensive baseline and ablation experiments
to validate the effectiveness of our approach.



2 PRELIMINARIES

2.1

COUNTERFACTUAL FAIRNESS

Counterfactual fairness: Given a predictor and a factual condition_O =@, the pl_'(—:;dicto_r r__nakes the_
prediction for each instance. The predictor is counterfactually fair Kusner et al. (2017); Wu et al.
(2019) if under any context o,

P(Yses=y|0)=P(¥s gy =y|0), (1)

for all y and counterfactual s’ # s, where O = {S ?X}, S 1s the sensitive feature and X is all remain-
ing relative features. Here P (Y5, s =y | 0) denotes on condition of O, the prediction made on the
counterfactuals when the value of § had been set to s.

Approximate counterfactual fairness: A predictor Y = f(O) satisfies (&,0)-approximate counter-

factual fairness Russell et al. (2017) if, given the factual condition O = o, we have:

”(Y&—s — YS<—S’) | 0” Y (2)

for all counterfactual s" # s. This metric is extra useful for measuring counterfactual fairness in
individual manners. We refer to this metric as counterfactual fairness in our theoretical analysis
unless otherwise specified.



3 DESIGN

3.1 CAUSAL MODEL OVERVIEW

(a) Fair-K (b) EXOC

Figure 1: The causal models of Fair-K and EXOC. § is the sensitive attribute, X is observed non-
sensitive attributes, Y is the target attribute, K is the latent domain knowledge, and S’ and S” are latent
auxiliary nodes, U is the exogenous variable. The solid lines represent designed causal relationships,

and dashed lines mean our focused existing relationships in implementation, illustrated in
that U have existing causal relationships with every node (Pearl, 2009)).
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3.2 ILLUSTRATION OF S’: SUBSTITUTION NODE
3.2.1 CAUSAL INFERENCE

In Fig. for each individual, the causal relationship to Y can be written as:

Y = aS+ BK,

Similar in Fig. [1b| we have:
~ vl -
Y — &S’ + BK,

approximate counterfactual fairness bound in these equations as:

s —¥ses | 0lal < |@x(s" —5) £ 3v/2- | Blok]

= |a(s* —9)|+3V2-|Blok = &,

[Ysest —Yses | 0]p] < 3\/2 (ﬁzfi%JrBEﬁE) = €p,

(13)

(14)



3.3

[LLUSTRATION OF S”: CONTROL NODE

(a) High 7.

(b) Low 7¥.

Figure 2: The distribution mapping regarding L£.(S",S”), which can be seen as a probability infer-
ence perspective of the partial causal graph in Fig.
parity are tightened, red arrows mean loosened, the dashed line circle is the true distribution, the full
line circle is the inferred distribution. Blue circles are close to true distributions, and orange circles
are far from true distributions. Note that the 7y is positively related to the effect of £.(8',5"), so the
is looser.

constraint of £.(S8',5") in Fig

2a

is tighter, in Fig

2b

1b

where blue arrows mean the distribution



4 EXPERIMENTS

Table 1: The comparison on synthetic datasets among Constant, Full, Unaware, Fair-K (Kuqner
etal., 2017) CLAIRE (Ma et al. ,2023) and EXOC (Ours) on Law school ( K_rueger et al 2021) and
Adult CBecker & Kﬂhaw 1996) daiaqet

Method Law school | Adult
RMSE () MAE() | MMD () Wass (1) | Accuracy (1) | MMD (}) Wass (])

Constant | 093846004 0.759:i600s | 0.00050006  0.00010000 | 0.737:0006 | 0.000i0000  0.00016:000
Full | 0862 e 0689550 | DIROIS oscnie  69MBisins | 0807w | 52515 50s  '6.1161%4
Unaware O-QOG:I:{}.{'H]S 0-?26:tﬂ.{}(]? 40-256:|:3.]8? ]0-25611.]37’ U.gmiﬂt{]{]g 19.?32:|:2_4g{} 2.00'4*&473
Fair-K 0.894 0006 0.71810.006 4.313 19303 3.733 10267 0.745 L0.002 3.597 10256 1.553410.173
CLARE | 0897 b0 071950 | €T 764 2 40iois | D9M8inne: | 47605000 15840503
EXOC | 0.87419003 0.70219,003 3.82410.553 3.59010259 | 0.76019005 | 2.95810.124  1.428.0.095




4.3 ABLATION STUDY
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Figure 3: The ablation study on §” and ¥
Table 3: The ablation study on 7.
Law school Adult
Y | RMSE(]) MAE(]) | MMD()  Wass(]) | Accuracy (1) | MMD(})  Wass ({)
1 | 0.875+0006 0.69840006 | 4.489+0571 3.905+0305 | 0.765+0006 | 3.53240283 1.53940.245
1.2 | 0.86710.003 0.70610003 | 3-83240623 3.58010256 | 0.76010005 | 2.96110.124 1.426.0.095
1.4 | 0.88610003 0.72440005 | 3.377404520 3.35240253 | 0.75540006 | 2.62840.107 1.35240.089
1.6 | 0.9000002 0.72810005 | 3-089+0421 3.203410251 | 0.75710005 | 2-458+0.100  1.29710.098
1.8 | 090349003 0.73140005 | 2.03440322 2.89040241 | 0.75140006 | 2.06840085 1.20440.089




5 CONCLUSION

* We propose EXOC, a novel framework that enhances counterfactual
fairness by introducing auxiliary variables to reveal and control
intrinsic information flow from sensitive attributes. EXOC not only
improves fairness but also maintains competitive accuracy, as
validated through extensive experiments on synthetic and real-world
datasets. Future directions include scaling to complex data, optimizing
implementation efficiency, and further exploring the interplay between
fairness, causality, and probabilistic modeling.



