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r
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goat
given a lot of labelled examples from population

Learn a classifier that is accurate

on > 99 do of population



CLASSIFICATION
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EXAMPLES :

• Recognize if an image contains a car

• predict ( from resume ) if candidates gets interview

• Predict it criminal will recidivate



FAIR CLASSIFICATION
-

X e U feature vector

y = f- Cx ) actual value ( o or 1 )
n

y predicted value

A protected group

GOAL
Learn a classifier that is :

• accurate

• fair with respect to A
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FAlRCLASSlFlCATION:DEFlNlTIO#

Most common way is to define
"

fair "
is to require

some invariance Independence with respect to the

sensitive attribute

• DEMOGRAPHIC PARITY : if L A

• EQUALIZED ODDS : It A / y

• EQUALIZED CALIBRATION : Y LA / I







How can Learned classifiers be

Biased ?
@



sourcesofB.la#Discrmnation ?

• Imbalanced data / impoverished data

• Labelled data incorrect twist TA

•
Measurements - selective choices

,

measurement issues

• ML prediction error imbalanced

• Compound Injustices ( Hellman ) ) MODEL
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APPROACHESTOFAIR.CL#tFCATON

I .
Model - centered

• Add fairness criteria to objective function

- Regularize
- Adversarial

• Post process to achieve fairness

Il
.

Data -
centered

• change ( Modify data

• Learn a fair representation of data



HURDLESAND.SU#TLETlES

1
.
Seems impossible to have 0ns good definition①
of fairness

• DEMOGRAPHIC PARITY : if L A

• EQUALIZED ODDS : It A / y

• EQUALIZED CALIBRATION : Y LA / yn

theorem These three definitions of

fairness are mutually exclusive



Exampled

COMPAS : risk assessment program

Propublica concluded that COMPAS
-

is biased :

• More blacks incorrectly predicted
to recidivate

BlackWh#
Accuracy 64,9 65.7EabePositweRat4
p.abeNegcetieRate30.gl#9



I sERB1ASED ?

Probublica says :
mm

Blacks face higher false positive rates

so violates equalized odds
-

North pointe 's defense :

2- equalized calibration
Scores satisfy -

and we can't have both .



HURDLESAND.SU#TLETlES

1
.
Seems impossible to have 0ns good definition①
of fairness

Alternatives
-

- individual fairness

underlying task - specific similarity metric

ensure similar treatment for similar people

- fair representations
A- =L

④!""i
ii.
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HURDLESAND.SU#TLETlES

1
.
Seems impossible to have 0ns good definition①
of fairness

② How do we even know which groups

are being treated unfairly ?

• multi group fairness

• fairness under changing dynamics



Challenges
-

* Understand dynamics of unfairness

* Impoverished Data :

what would have happened if . . .

Causal inference ?

•

•

•



AND OPPORTUNITIES
-

!

* A chance to understand
,
identify ,

challenge ,

and improve decision making

( Not just automated decision making )



Thanks !


