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Roadmap

AI is prone to biases

Definitions of algorithmic fairness

Practical fairness methods
• Identifying fairness violations
• Training fair models
• Post-processing for fairness
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Fairness: A case study

Example: Sentiment analysis – classify words as positive or negative

Positive: admire, adorable, joy, lucky, talented, …

Negative: aggressive, distrust, nasty, radical, …

Deep Learning + Word Embeddings -> 95% test accuracy. 

Success    ?
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What is a sentiment of a name?

Common European-American names: 
Adam, Ryan, Paul, ... , Courtney, Meredith, Megan, ...

Common African-American names: 
Alonzo, Leroy, Tyree, ... , Shereen, Sharise, Tawanda, ...

Deployment Concerns

Names are from “Semantics derived automatically from language 
corpora contain human-like biases” (Caliskan et al., 2017)
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Fairness Violations
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Does Group Fairness help?
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Ryan

Tyree

Fairness is Violated for Individuals
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Yurochkin et al., ICLR 2020

Individual Fairness
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95% 94%

Accuracy is Preserved

Yurochkin et al., ICLR 2020
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Roadmap
algorithmic
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Y � true label

A� protected attribute

Ŷ � prediction
<latexit sha1_base64="itu2npnnoeAZDPYazQi9nvAH+p0="></latexit>

Demographic Parity:

Equalized Odds:

Ŷ ?? A
<latexit sha1_base64="ee/vXrkmtOADAB1jbTT13eo0/Fk="></latexit>

Group Fairness

Algorithm performs similarly on groups of individuals

<latexit sha1_base64="TGx6ir89aYLCorlq/MNf8EMTEDk="></latexit>

Ŷ ?? A | Y
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Evaluating Group Fairness

Compare average outcome for men and women

Demographic Parity: Ŷ ?? A
<latexit sha1_base64="ee/vXrkmtOADAB1jbTT13eo0/Fk="></latexit>

<latexit sha1_base64="+xLJIpBjqHwJKMCGp4f8yAEhKGU="></latexit>

Test data: (x1, a1), . . . , (xN , aN );

model to audit h : X ! Y

Output DP =

���
P

i I(ai=male, h(xi)=1)P
i I(ai=male) �

P
i I(ai=female, h(xi)=1)P

i I(ai=female)

���
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Evaluating Group Fairness

Compare class accuracies for men and women
<latexit sha1_base64="ivX114+2i+77B1oKU2a2QUriNoM="></latexit>

Test data: (x1, y1, a1), . . . , (xN , yn, aN );

model to audit h : X ! Y

Measure EO0 =

���
P

i I(ai=male, yi=0, h(xi)=0)P
i I(ai=male, yi=0) �

P
i I(ai=female, yi=0, h(xi)=0)P

i I(ai=female, yi=0)

���

Measure EO1 =

���
P

i I(ai=male, yi=1, h(xi)=1)P
i I(ai=male, yi=1) �

P
i I(ai=female, yi=1, h(xi)=1)P

i I(ai=female, yi=1)

���

Output EO =
1
2 (EO0 + EO1)

Equalized Odds:
<latexit sha1_base64="TGx6ir89aYLCorlq/MNf8EMTEDk="></latexit>

Ŷ ?? A | Y
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What Group Fairness definition did we check?
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Individual Fairness
(Dwork et al. 2012)

Algorithm treats similar individuals similarly

<latexit sha1_base64="YZbnTniKQUe8WaatmWb2kcxL+Mw="></latexit>

dY(h(x1), h(x2)) . dX (x1, x2) for all x1, x2 2 X
<latexit sha1_base64="c+YWuGciIhZ9ztCVzm4swus+sBM="></latexit>

• ML model is a map h : X ! Y

• dY measures similarity between outputs

• Fair metric dX measures similarity between inputs
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Occupation prediction from a person’s biography:

He graduated from law school with honors Attorney

She graduated from law school with honors ???Paralegal???

Prediction Consistency

<latexit sha1_base64="vKiCKDO882q/iboa/h4bttbbDGg="></latexit>

Output PC =

P
i I(h(xi[he])=h(xi[she]))

N

Evaluating Individual Fairness

Compare predictions on similar inputs
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Questions?



19

Is “blindness” a solution?
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Roadmap Practical fairness methods
• Identifying fairness violations
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Identifying Fairness violations
Group Fairness: measure DP (EO) on audit data

<latexit sha1_base64="+xLJIpBjqHwJKMCGp4f8yAEhKGU=">AAAF53icndPbbtMwGADgdKMwwmmDS24MK9KKStVMCNDQpB2689Z2W0/bXFWu47TWcpLjsE1ZJN6AO8QtD8HDIG7hPXDSzh4bmhBuI/398v923N/p+TYNeKn0PTM2fit7+87EXf3e/QcPH01OPW4GXsgwaWDP9li7hwJiU5c0OOU </latexit>

Test data: (x1, a1), . . . , (xN , aN );

model to audit h : X ! Y

Output DP =

���
P

i I(ai=male, h(xi)=1)P
i I(ai=male) �

P
i I(ai=female, h(xi)=1)P

i I(ai=female)

���

Four-Fifths Rule, US Equal Employment Opportunity Commission: 
“selection rate for any race, sex, or ethnic group [must be at least] 

four-fifths (4/5) (or eighty percent) of the rate for the group with the 
highest rate”
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Occupation prediction from a person’s biography:

He graduated from law school with honors Attorney

She graduated from law school with honors ???Paralegal???

Identifying Fairness violations

Individual Fairness: Prediction Consistency

<latexit sha1_base64="vKiCKDO882q/iboa/h4bttbbDGg="></latexit>

Output PC =

P
i I(h(xi[he])=h(xi[she]))

N
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Individual Fairness in Social Science
Bertrand & Mullainathan (2004) studied racial 

bias in the US labor market.
• The investigators responded to job ads in Boston and 

Chicago newspapers with fictitious resumes.
• They randomly assigned African-American or white 

sounding names to the resumes.

• The investigators concluded there is discrimination against 
African-Americans: the resumes assigned white names 
received 50% more callbacks for interviews. 
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Demonstration
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DIF(h) ,
(
supT :X!X EPX

⇥
dY(h(x), h(T (x)))

⇤

subject to EPX

⇥
dX (x, T (x))

⇤
 ✏.

)

<latexit sha1_base64="Xb6QaYWSfEcEq01rbgEKWN3rI6w="></latexit>

Distributional Individual Fairness (DIF)

• ML model is a map h : X ! Y

• Auditor T is a map that finds fairness violations

• dY measures similarity between outputs

• Fair metric dX measures similarity between inputs
<latexit sha1_base64="zOXrPcNBGpV455tZ8zgNCclnV94="></latexit>

Yurochkin & Sun, ICLR 2021

Find individual fairness violations algorithmically
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Auditing for IF violations

<latexit sha1_base64="iqth3dKvn+tyuyoXKvx3bfvAf9A="></latexit>

Hypothesis (h is individually fair)

H0 : loss ratio on similar individuals is at most �

<latexit sha1_base64="kAmnbTM6CMx2WA+uv++zm5WdC+M="></latexit>

Compute loss ratios R =
n

`(h(T (xi),yi)
`(h(xi),yi)

oN

i=1

Reject H0 with confidence (1� ↵) if Mean(R)� z1�↵p
N

Var(R) > �

<latexit sha1_base64="vAZeu7F++pYv63T4FyiQcRHlRcM="></latexit>

Test data: (x1, y1), . . . , (xN , yN );
DIF map T (x) for the model h that we are auditing;
some loss function ` : Y ⇥ Y ! R+

Maity et al., ICLR 2021
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Demonstration
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Learning fair metrics from data

Pairs of comparable and 
incomparable samples

Samples with 
protected attributes

Groups of 
comparable samples

dX (x1, x2) = (x1 � x2)>⌃(x1 � x2)
<latexit sha1_base64="GK4hLv6PNgF1FX8rgJ/aBdgrdpQ="></latexit>

Mukherjee et al., ICML 2020
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Samples with protected attributes:
gender/race information in the Adult dataset

Learning fair metrics from data

Women

Men
<latexit sha1_base64="LHov+NMYuJTiWJcSvCynt+cfzQA="></latexit>

Learn “sensitive” directions with Logistic Regression,
i.e. V = {vgender, vrace}.

Ignore them in the fair metric: ⌃ = I � Pspan(V ).

dX (x1, x2) = (x1 � x2)>⌃(x1 � x2)
<latexit sha1_base64="GK4hLv6PNgF1FX8rgJ/aBdgrdpQ="></latexit>

Yurochkin et al., ICLR 2020
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Group of comparable samples:
word embeddings of popular baby names

dX (x1, x2) = (x1 � x2)>⌃(x1 � x2)
<latexit sha1_base64="GK4hLv6PNgF1FX8rgJ/aBdgrdpQ="></latexit>

Find directions of major variation with PCA, i.e. V = {v1, . . . , vK}.

Ignore them in the fair metric: ⌃ = I � Pspan(V ).
<latexit sha1_base64="bxLq+9iD7F8+lNuIw2T5annFcuE="></latexit>

Learning fair metrics from data

Mukherjee et al., ICML 2020
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Questions?
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Roadmap Practical fairness methods

• Training fair models
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A variant of adversarial training: Train model accurate on 
the available data and data similar in the fair metric 

• Observe data

• Audit model with DIF: Find similar data where 

algorithm performs differently

• Update model parameters to minimize 

prediction error and DIF

• Repeat

Training Individually Fair models

Yurochkin & Sun, ICLR 2021
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minh2H L(h) + ⇢DIF(h)

L(h) , E
⇥
`(y, h(x))

⇤
<latexit sha1_base64="bumwxTTNPQJwlRhVBiTpZo7YD/0="></latexit>

• H: model class (e.g. neural nets with a certain architecture)

• ` : Y ⇥ Y ! R+ is a loss function

• ⇢: regularization parameter
<latexit sha1_base64="Y7c9wFk7aWaovbIHK0dohFh8zQ4="></latexit>

Sensitive Set Invariance (SenSeI)

Yurochkin & Sun, ICLR 2021
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Adversarial training: Train model accurate on the available
data and visually similar data. Different “fair” metric.

Relation to Adversarial Robustness

Image is from “A Brief Introduction to Adversarial Examples” (Mądry & Schmidt, 2018)
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Demonstration



39

Training Group Fair models

Optimization with (data-dependent) constraints: Train model 
accurate on the available data subject to group fairness constraints

<latexit sha1_base64="7+NSb+wpoOUG1MJYZMEbU5nZNDQ="></latexit>

minh2H L(h)

subject to DP < �, where

DP =

����

P
i I(ai = male, h(xi) = 1)P

i I(ai = male)
�

P
i I(ai = female, h(xi) = 1)P

i I(ai = female)

����
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Demonstration
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What is Your type of Fairness?

Group Fairness:

• Carefully choose GF notion 
appropriate for the application

• Many open-source solutions 
(AIF360, Fairlearn, TFCO)

• Check individual fairness!

Individual Fairness:

• Carefully choose data for 
learning the fair metric

• inFairness package is soon 
to be open-source

• Check group fairness!
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Questions?
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Roadmap Practical fairness methods

• Post-processing for fairness
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Post-processing for Individual Fairness

Petersen et al., NeurIPS 2021

Measuring IF on a graph:
<latexit sha1_base64="LyYWpJWo6GwtLYJYTEVSY1sJKg8="></latexit>P

i,j Wij(fi � fj)2 = 2f>Lf
<latexit sha1_base64="LyYWpJWo6GwtLYJYTEVSY1sJKg8="></latexit>P

i,j Wij(fi � fj)2 = 2f>Lf

argmin
f

kf � ŷk22 + � f>Lf
<latexit sha1_base64="m9FRUdYup4RNXX1LE41voDoACDo="></latexit>

Original predictions

Post-processed fair predictions

Graph Laplacian

f = (I + �L)�1ŷ
<latexit sha1_base64="MvaY0gZEYv6lS4ROpZBumHNiL9g="></latexit>

Closed-form solution!

Stay close to 
original predictions

Penalize individual 
fairness violations
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Demonstration
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Post-processing for Group Fairness

Optimized Score Transformation for
Consistent Fair Classification

Wei et al., 2021

FairScoreTransformer (FST): Available in AIF360
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Algorithmic Fairness pipeline

Fair metric for IF/ Constraints for GF 

Auditing trained ML model for fairness violations

Post-processing trained model to improve fairness

Training Fair models

Choose IF fair metric / GF notion

Audit trained ML model for fairness violations

Post-process trained model to improve fairness

Train Fair model
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Questions?
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We ask Your input!

Let us know 
your thoughts 
in a follow up 
survey.
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Blog-posts and Media
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Onkar Bhardwaj

inFairness team

Mayank Agarwal Aldo Pareja
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Thank You!
Paper links, videos, news, and code are on 

my website                             
moonfolk.github.io

moonfolk.github.io

