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This Work
From a representation learning perspective, design algorithmic 
intervention to
- Seek for equalized odds and accuracy parity simultaneously 
- Not harm the existing statistical parity gap

Entropy bounds 

M or F? Predict 
repayment
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Statistical Definition of Fairness
But, what’s fairness in an algorithmic context?

[Verma et al. 18]
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Example in loan application

Approve/

Decline?=<latexit sha1_base64="DtnBsMFJKt0GW8M0Mud6iLS7M5Q="></latexit>

Applicants

0

BBBBBBBBBB@

age
education

race
gender

annual income
repaying history
defaulting history

credit score

1

CCCCCCCCCCA

<latexit sha1_base64="Oq0xodd6gR355pAJRWSiNxyEO68="></latexit>

Statistical Definition of Fairness
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Ŷ = f(X)

<latexit sha1_base64="L09d25885NomzZjP5c2lnrRi7/s="></latexit>

=<latexit sha1_base64="DtnBsMFJKt0GW8M0Mud6iLS7M5Q="></latexit>

Applicants

0

BBBBBBBBBB@

age
education

race
gender

annual income
repaying history
defaulting history

credit score

1

CCCCCCCCCCA

<latexit sha1_base64="Oq0xodd6gR355pAJRWSiNxyEO68="></latexit>

Statistical parity: Ŷ ? A
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Conditional Learning of Fair Representations
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An Error Decomposition Theorem
Approximately equal error rates across groups:

�BR := |Pr(Y = 1 | A = 0)� Pr(Y = 1 | A = 1)|

<latexit sha1_base64="jZembwd/LcU4qmOxMKrPtIrswZQ="></latexit>

|"A=0(bY )� "A=1(bY )| �BR · (FPR(bY ) + FNR(bY ))

+ 2max
n
d
⇣
DZ|Y=0

A=0 ,DZ|Y=0
A=1

⌘
, d

⇣
DZ|Y=1

A=0 ,DZ|Y=1
A=1

⌘o

<latexit sha1_base64="hF7gR7ff3xe79UNArVPOZH5eNB0="></latexit>
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Theorem (informal): Furthermore, if                  , then the gap of SP 
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�DP(Ŷ )  �DP(Y )

<latexit sha1_base64="bdgBeHhIkE8ThMhQ0qFXFzcF8lA="></latexit>

�DP(Ŷ ) :=
���Pr(Ŷ = 1 | A = 0)� Pr(Ŷ = 1 | A = 1)

���

<latexit sha1_base64="aoD2N1aeWSwe0QX9hc/2/4yXAxQ="></latexit>



10

Experiment: Recidivism Prediction
COMPAS


- Train/Test: 4,320/1,852 instances from the Northpointe

- Target task: 0/1 classification (recidivism?)

- Sensitive attribute: race (Black/White)

- Other attributes: gender, education, prior arrest history, … (12 

total)

- Difference of base rate: �BR = 0.129
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Conclusion
From a representation learning perspective, design algorithmic 
intervention to


- Seek for equalized odds and accuracy parity simultaneously 


- Not harm the existing statistical parity gap


- Practical implementation using adversarial training with two 
auditor networks

gS(·)

<latexit sha1_base64="wr6nGYzybPFsFNK+0K8siSeeUoo="></latexit>

gT (·)

<latexit sha1_base64="k29pD4bL/Dza7wZ2Ow6unGEHgN0="></latexit>

| Y = 0

<latexit sha1_base64="ouMlJQ/BIrsQ+o0HCeItb7ocvF0="></latexit>

| Y = 0

<latexit sha1_base64="wd2x5ERs5derlV2he76tsxYdacQ="></latexit>

D0 :

<latexit sha1_base64="LEvQdOrLTIYVbf04QV+4k5zHjxU="></latexit>

gS(·)

<latexit sha1_base64="wr6nGYzybPFsFNK+0K8siSeeUoo="></latexit>

gT (·)

<latexit sha1_base64="k29pD4bL/Dza7wZ2Ow6unGEHgN0="></latexit>

| Y = 1

<latexit sha1_base64="iKV9qEkbXqGxikz9yHQvdX8/T9M="></latexit>

| Y = 1

<latexit sha1_base64="SL5/1HpV2vDCoKsTOcxzZdf2EXo="></latexit>

D1 :

<latexit sha1_base64="zgYtSRlHegPsLw9cUI1vjtldp74="></latexit>


