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Motivation:
Machine learning (ML) for fair decision-making

* ML is increasingly used to make decisions for
individuals

Application examples:
loan approval, job hiring, child abuse screening, and recidivism prediction

* Due to their huge societal impact on people’s lives,
these ML predictions should be accurate and
fair with respect to sensitive features
(e.g., gender, race, and sexual orientation)

Our approach:

Use causal graph to make accurate and fair predictions
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Problem statement:

Learning fair binary classifier using causal graph
'|Input|I

Minimize
Training data loss Lg + penalty on unfairness Gy
A M Y 1 —
Female B 0 B Accept .
Male A 1 B Reject
Female C 0 D Reject
IL' Male C 2 C : Reject Ou tpu tl
XC: {A, Q,lD, M} F;latures of each individual Fair Classifier
ausal grap
hs(X)

Causal graph allows us to
design Gy so that we can
avoid imposing unnecessary
fairness constraints.

(Given by experts or estimated from data)
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Problem statement:

Using causal graph to express what is unfair

Causal graph can express our complex prior knowledge on
discrimination in real-world scenarios

Motivating example i

Hiring decisions for physically-demanding jobs

Gender  Chi ldre/ l

Following reasons for rejection is unfair:

1. female( A — YY)

2. female, has no child (4 — D — Y)

while following is fair:

3. female, has little physical strength

(A—- M —Y)

To formulate Ggbased on unfair pathwaysm={4 =Y, A - D = Y}
we measure the unfairness as path-specific causal effects (PSEs)
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Weaknesses of existing methods:
Needs strong assumptions or not individually fair

Existing methods cannot achieve individual-level fairness or
require restrictive functional assumptions on data

Table 1: Comparison with existing methods
Method Individually fair Functional assumptions

Our method Yes Unnecessary

PSCF Yes Necessary
/FIO% No Unnecessary

A classifier achieves (path-specific) individual-level fairness if

the following holds for any input feature value :

Eyvyco Yoy Yactr — Yaco|X =2 =0  [Wu+; NeurlPS2019]

—
PSE [Avin+; [JCAI2005]: difference of two predictions (i.e., Ya—o andYa—1|x ),
obtained by modifying feature attributes & to those of counterfactual individuals

How can we learn individually fair classifier

without restrictive functional assumptions? /
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Proposed method:
Use upper bound on PIU for penalization

* To achieve individual-level fairness, we force
probability of individual unfairness (PIU) to be zero,
whose upper bound can be derived as

P(Yaco # Yacir) < 2P (Yaco # Yacix)

IMupper bound on PIU

P! (Yaco, Yaci|r) = P(Yaco) P(Yacry)
is an independent joint distribution, which can be inferred

from data without any restrictive functional assumptions

 To make the upper bound value close to zero, we

use the estimator of P/(Yaco # Yac|x) as penalty; i.e.,

~A<1|| ~ ~A<<=1 ~
Go(m1,. .., Tn) =Py (1 —pp=0) + (1 — p, =HIm)pp=0
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More details?
Check out our poster!

ﬁ'\/ hy does penalty on upper bound

guarantee individual-level fairness?
y 12;2,,;2; =0.1 y 5 =0.8, 5" = 0.4 / .
oslimo__ 0 Can we deal with latent
ARy AR confounders?
s, L Goleno) =) 4 0
it Pt

Experimental results?

Table 2: Test accuracy (%) on each dataset

Method Synth  German Adult
Proposed 80.0 0.9 75.0 75.2
FIO 84.8 £ 0.6 78.0 81.2
PSCF 748 £1.6 76.0 734
Unconstrained 88.2 & 0.9 81.0 83.2
Remove 76.9 £ 1.3 73.0 T74.7

N\

Synth German Adult

(i)

Synth German Adult

Std. in conditional
mean unfair effects
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