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media coverage of:

A controversial technology
Face recognition (FR) is controversial, historically for privacy issues,
now also for bias issues.
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MW= Male white
MB = Male black
FW = Female white
FB  = Female black

False Match Rate
set to 0.001 on MW

Findings of NIST FRVT
Introduction to biometrics - 1:1 identification:
Set the face of a person x and a passport image x′,
their similarity is quantified as s(x, x′).

Given a threshold t:
→ s(x, x′) > t is a match (if wrong, false match),→more critical !
→ s(x, x′) ≤ t is a reject (if wrong, false reject).

Now evaluate averages on a database to get rates.
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Related research

Fairness of facial recognition technologies is a recent topic:
→ lack of practical propositions to correct for unfairness.

However, public databases have been proposed recently.
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Fairness in algorithmic decisions
Algorithmic decisions are increasingly used in many domains:

Banking (e.g. loans) Recruting (e.g., hiring)
Insurance (e.g. cars) Judiciary (e.g., bail)

Recently, the fairness of algorithms has gathered lots of attention.
e.g. May 2016: The COMPAS system assesses the likelihood of
recidivism of a defendant for U.S. courts.

While algorithms are usually designed for the interest of some user,
fair algorithms suggests confronting those to the law.
“Predictive models are really just opinions embedded in math.”

Cathy O’Neil.
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Fairness in ML - Literature review
Fairness of ML has gathered lots of attention recently.
In binary classification:
· A flexible approach for relaxed constraints [Zafar et al., 2019],
· ERM guarantees [Donini et al., 2018].
Other notable works:
· Textbook (WIP) on fairness in ML [Barocas et al., 2019],
· “Adversarially fair” representations [Madras et al., 2018].

Fairness in ranking became only recently a research topic,
mostly tackled by the information retrieval (IR) community.
Some authors:
·modify a fixed score to induce a notion of fairness
[Zehlike et al., 2017, Biega et al., 2018],
· introduce fairness in exposure over several rankings
[Singh and Joachims, 2018, Singh and Joachims, 2019],
· use a notion of fairness based on theAUC
[Borkan et al., 2019, Beutel et al., 2019].
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Fairness in ML - Classification example
Binary classification: (X, Y) ∼ P and (X, Y) ∈ X × {−1, 1},
learn a classifier g : X → {−1, 1} from data {(Xi, Yi)}ni=1

i.i.d.∼ P.
Fairness: Sensitive information Z ∈ {0, 1}, a Zi for each (Xi, Yi).
e.g. gender, ethnicity, . . .

Fairness without ground truth: Parity in . . .

· Treatment: g(X, Z) = g(X) almost surely.
i.e. the decision does not depend on the sensitive attribute.

· Impact: P{g(X) = +1|Z = 0} = P{g(X) = +1|Z = 1}.

Fairness with ground truth: Parity in . . .

· Error: P{g(X) 6= Y | Z = 0} = P{g(X) 6= Y | Z = 1},

· FPR: P{g(X) = 1 | Z = 0, Y = −1} = P{g(X) = 1 | Z = 1, Y = −1},

· TPR, . . .
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Bipartite ranking (1/2)

Scoring: (X, Y) ∼ P and (X, Y) ∈ X × Y withY = {−1, 1},
learn a score s : X → R from data {(Xi, Yi)}ni=1

i.i.d.∼ P.

Objective: Order new elements X′1, . . . , X′m by relevance,
i.e. by decreasing posterior probability η(x) := P{Y = +1 | X = x}.

Perf. measure: TheROC curve: the true positive rate (TPR) for any
false positive rate (FPR) for testing Y = +1 with s(X) > t.

Introduce the distributions (cdf) of s(X)|Y = −1 and s(X)|Y = +1 as:

Hs(t) = P{s(X) ≤ t | Y = −1} and Gs(t) = P{s(X) ≤ t | Y = +1}.

In the context of fairness, we denote by:
· H(z)

s the cdf of s(X)|Y = −1, Z = z,
· G(z)

s the cdf of s(X)|Y = +1, Z = z,
for any z ∈ Z withZ = {0, 1}.
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Bipartite ranking (2/2)

Let F̄ = 1− F and define the pseudo-inverse of F as:

F−1 : u 7→ inf{t | F(t) > u}.

The FPR (resp. TPR) of s at threshold t is equal to Hs(t) (resp. Gs(t)).
Formally, theROC andAUC write:

ROC Hs,Gs(α) = Gs ◦ Hs−1(α) and AUC Hs,Gs =

∫ 1

0
ROC Hs,Gs(α) dα.
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TheROC measures the di�erence between two cdfs inR.

Specifically, given two distributions F, F′ onR:

∀α ∈ [0, 1], ROC F,F′(α) = α ⇔ F = F′.

TheAUC is a scalar summary of theROC .
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Our contributions

In [Vogel et al., 2020] with Aurélien Bellet and Stephan Clémençon,
we focus on fairness for bipartite ranking, and provide:

· A general formulation forAUC -based fairness constraints,

· Guarantees for learning underAUC -based constraints,

· A gradient descent (GD)method for learning w/AUC constraints,

· A new, restrictive type of constraint: ROC -based constraints,

· Guarantees and a GDmethod for learning withROC constraints.
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A generalAUC constraint

Intra-group pairwise and BNSPAUC fairness ([Borkan et al., 2019]):

AUC H(0)
s ,G(0)

s
= AUC H(1)

s ,G
(1)
s
,

AUC Hs,G
(0)
s

= AUC Hs,G
(1)
s
,

andmanymanymore. . .

Introduce all relevant distributions as D(s) = (H(0)
s ,H(1)

s ,G
(0)
s ,G(1)

s ).
Any knownAUC constraint writes as:

AUC α>D(s),β>D(s) = AUC α′>D(s),β′>D(s),

with α, α′, β, β′ ∈ [0, 1]4 and any of those sums to 1.
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Learning withAUC constraints
Let S be a proposal family of scores. With an example constraint,
integrating the constraint as a penalty gives, where λ > 0 is fixed:

max
s∈S

Lλ(s) with Lλ(s) = AUC Hs,Gs − λ|AUC H(0)
s ,G(0)

s
−AUC H(1)

s ,G
(1)
s
|,

and its solution is written s∗λ.

Theorem 1
Assume that S is VC-major with VC-dim V < +∞,
and there exists ε > 0, ε ≤ P{Y = y, Z = z} for any y ∈ Y, z ∈ Z .
Then, for any δ > 0 and n > 1, with probability≥ 1− δ:

ε2 [Lλ(s∗λ)− Lλ(̂sλ)] ≤ C

√
V
n

+ (8λ+ 2ε)

√
log(13/δ)

n− 1
+ O(n−1).

To learn with gradient descent:
We relax L̂λ by replacing x 7→ I{x ≥ 0} by a sigmoid function σ
and replace the abs |·| by amultiplication by c ∈ [−1,+1].
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Limitations ofAUC constraints
In the example below, with s ∈ [0, 1], anAUC constraint is verified.
However, supt∈[0,1]|G

(0)
s (t)− G(1)

s (t)| ≈ 0.10.
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Let h, g, h′, g′ cdfs onR s.t. ROC h,g andROC h′,g′ are continuous.
IfAUC h,g = AUC h′,g′ , ∃α ∈ (0, 1) s.t. g ◦ h−1(α) = g′ ◦ h′−1(α).

Conclusion: AnAUC constraint imposes a “pointwise constraint”.
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Learning with pointwise constraints
Tomeasure the di�erence between cdfs for Z = 0 and Z = 1, let:

∆H,α(s) = ROC H(0)
s ,H(1)

s
(α)− α and ∆G,α(s) = ROC G(0)

s ,G(1)
s

(α)− α.

We introduce a sum ofmH pointwise constraints for∆H,· andmG for
∆G,· as a penalization, andmaximize LΛ in S , where:

LΛ(s) := AUC Hs,Gs −
mH∑
k=1

λ
(k)
H |∆H,α(k)

H
(s)| −

mG∑
k=1

λ
(k)
G |∆G,α(k)

G
(s)|

which gives the score s∗Λ.
The empirical counterpart of LΛ is L̂Λ, its maximizer is ŝΛ.

Theorem 2
Assume that ∃M, κ > 0 s.t. M ≤ D′k(s) ≤ M · κ for all k ∈ J1, 4K, s ∈ S .
Under the assumptions of Theorem 1,

ε2 · [LΛ(s∗Λ)− LΛ(̂sΛ)] ≤ Cλ,ε,κ

√
V
n

+ C′Λ,ε,κ

√
log(19/δ)

n− 1
+ O(n−1).
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The COMPAS database

COMPAS: Correctional O�ender Management Profiling for Alternative Sanctions.
→ recidivism prediction.

Problem distributions:
Non-recidivist (Y = −1) Recidivist (Y = 1)

Other (Z = 0) H(0)
s G(0)

s

African-american (Z = 1) H(1)
s G(1)

s

We run:
→ Baseline: optimize the ranking performance,
→ Ranking andAUC -based constraint,
→ Ranking andROC -based constraint.

[Vogel et al., 2020] confirms our results on 4 di�erent tabular DBs.
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Results

AUC cons.→ top col. fig. / ROC cons: |∆H,1/8(s)|, |∆H,1/4(s)|, |∆G,1/8(s)|, |∆G,1/4(s)|.
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Conclusion

Extension to similarity learning:
We proposed ways to balance a score function for sensitive groups,
using explicit fairness constraints

Similarity learning in biometrics is scoring on a product space,
see [Vogel et al., 2018].

Hence, one can build on [Vogel et al., 2020] to tackle bias in FR.

Open questions:
Loss function for similarity learning,

Generalization to many sensitive classes, i.e. Z ∈ N.

Empirical performance for FR tasks.
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