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Recent survey 
found 341 fair 
learning algorithms! 

Algorithmic discrimination and fairness interventions

ProPublica’16UK’s A-level grading algorithm
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Recent survey 
found 341 fair 
learning algorithms! 

ProPublica’16

An information-theoretic perspective

• [Achievability]. Design algorithms to find both accurate and 
group fair ML models.

• [Converse]. For a fixed data distribution, what is the 
information-theoretic limit of accuracy and group fairness, 
beyond which no model can achieve.

main focus of 
this paper
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Fairness Pareto frontier for classification tasks

Examples of group fairness metrics
<latexit sha1_base64="+gw16I7Z7R9uCWyPFZ44XPtDlng="></latexit>

FAIRNESS METRIC DEFINITION

Statistical Parity |Pr(Ŷ = ŷ|S = s)� Pr(Ŷ = ŷ|S = s0)|  ↵SP

Equalized Odds |Pr(Ŷ = ŷ|S = s,Y = y)� Pr(Ŷ = ŷ|S = s0,Y = y)|  ↵EO

Overall Accuracy Equality |Pr(Ŷ = Y|S = s)� Pr(Ŷ = Y|S = s0)|  ↵OAE

<latexit sha1_base64="mLiCQwJeq/dwj2XdiqMDYeTiz4w="></latexit>

Definition. For a data distribution PS,X,Y and ↵ � 0, we define

FairFront(↵) , max
h

accuracy

s.t. fairness metrics  ↵

where the maximum is taken over all probabilistic classifiers h.

<latexit sha1_base64="P5OODq8RelGPo274M3rfbH+Vf58="></latexit>

S: (sensitive) group attributes, X: input features
<latexit sha1_base64="+LTQHyHEMnztwg9ivJ/hVihz2bc="></latexit>

Y: true label, Ŷ: predicted outcome
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Rewrite fairness Pareto frontier

<latexit sha1_base64="Ub63efwosAAZgeAZSOPH4MkXWF8="></latexit>

= max
P

Ŷ|Y,S

Pr(Ŷ = Y)

s.t. SP  ↵SP,EO  ↵EO,OAE  ↵OAE

<latexit sha1_base64="i3jqVLq3xBQOBfoKIA2JlKByayE="></latexit>

PŶ|Y,S =
TNR

Group 0
FPR

FNR TPR

TNR

Group 1

FPR

FNR TPR,

<latexit sha1_base64="QqEdRms5BjZqyWkSEhaEigd7VhQ="></latexit>

2 [0, 1]8 \ {TNR + FPR = 1} \ {FNR + TPR = 1}

<latexit sha1_base64="i3jqVLq3xBQOBfoKIA2JlKByayE="></latexit>

PŶ|Y,S =<latexit sha1_base64="QqEdRms5BjZqyWkSEhaEigd7VhQ="></latexit>

2 [0, 1]8 \ {TNR + FPR = 1} \ {FNR + TPR = 1}

linear program 
with 8 variables!

<latexit sha1_base64="saHOnPEqgBMLEieC6nkNZLu7rJM="></latexit>

Both accuracy and group fairness metrics can be written in terms of PŶ|Y,S.

<latexit sha1_base64="vb+veMUqJOKSLa/E+Id/QzspON4="></latexit>= max
PŶ|Y,S

accuracy

s.t. fairness metrics  ↵

<latexit sha1_base64="vb+veMUqJOKSLa/E+Id/QzspON4="></latexit>= max
PŶ|Y,S

accuracy

s.t. fairness metrics  ↵

?

<latexit sha1_base64="F5SS03gfYG2nA/2YSdvUpY1r/KM="></latexit>

FairFront(↵) , max
classifier h

accuracy

s.t. fairness metrics  ↵

functional 
optimization
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There is an issue…

<latexit sha1_base64="vPTa8x3khRUxDGtHGcB+TfixTBc="></latexit>

C
Achievable set

<latexit sha1_base64="JmV52t6qjxH5lQt9uAjOKmBWrFY="></latexit>

classifier h1

<latexit sha1_base64="3enaqmpxuJ1G5FvEBVhO/rHj8Nc="></latexit>

classifier h2

Set of all conditional distributions
<latexit sha1_base64="93ZdWGwAVZfvbjT5eb9+EtIHFVM="></latexit>

PŶ|Y,S

<latexit sha1_base64="fVVrMDRCrk9B8MfWyXjwJxvzIdw="></latexit>

Not every PŶ|Y,S in [0, 1]8 \ {TNR + FPR = 1} \ {FNR + TPR = 1}
corresponds to a feasible classifier h.
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Main theoretical result

<latexit sha1_base64="vPTa8x3khRUxDGtHGcB+TfixTBc="></latexit>

C
Achievable set

Apply Blackwell’s 
results 

to characterize the 
achievable set.

<latexit sha1_base64="VQ4h71qcg2Bf9aC2EvKYrcQWGhM="></latexit>

Theorem. The set C is the collection of all conditional distributions PŶ|S,Y s.t.
For any k 2 N and any {ai | ai 2 [�1, 1]AC , i 2 [k]},

CX

ŷ=1

max
i2[k]

�
aT
i ⇤⇤⇤µpŷ

 
 E


max
i2[k]

{aT
i g(X)}

�
,

where pŷ , (PŶ|S,Y(ŷ|1, 1), · · · , PŶ|S,Y(ŷ|A,C))T , ⇤⇤⇤µ = diag(µ1,1, · · · , µA,C)

with µs,y , Pr(S = s,Y = y), and g(x) =
�
PS,Y|X(1, 1|x), · · · , PS,Y|X(A,C|x)

�
.
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An iterative algorithm to approximate FairFront

<latexit sha1_base64="E1/B7oUS7p5FzLEG50fUr2IOBzc="></latexit>

PŶ|Y,S 2

Step 1. Find an optimal conditional distribution over a relaxed achievable set.

<latexit sha1_base64="p0u0Iwq4q7gEtUElTWrFtUwyMPY="></latexit>

P ⇤
Ŷ|Y,S = argmax

PŶ|Y,S

accuracy

s.t. fairness metrics  ↵

<latexit sha1_base64="EGSvHuDE3WC823vbdz7T76HIhKQ="></latexit>

P ⇤
Ŷ|Y,S
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An iterative algorithm to approximate FairFront

Step 1. Find an optimal conditional distribution over a relaxed achievable set.

Step 2. Use Blackwell’s results to refine the relaxed achievable set.

<latexit sha1_base64="EGSvHuDE3WC823vbdz7T76HIhKQ="></latexit>

P ⇤
Ŷ|Y,S

<latexit sha1_base64="jdFaGXcq2Q2J8YTGKZWIpyXRiQw="></latexit>

Solve a DC program to max this distance

min
ai2[�1,1]AC

i2[k]

E

max
i2[k]

{aT
i g(X)}

�
�

CX

ŷ=1

max
i2[k]

�
aT
i ⇤⇤⇤µp

t
ŷ

 
.

<latexit sha1_base64="km/lYCgRAK4t1h0R/sBMLoxTyiM="></latexit>

Intuition: find a piecewise linear function that
separates P ⇤

Ŷ|Y,S from the achievable set.



9

<latexit sha1_base64="EGSvHuDE3WC823vbdz7T76HIhKQ="></latexit>

P ⇤
Ŷ|Y,S

<latexit sha1_base64="E1/B7oUS7p5FzLEG50fUr2IOBzc="></latexit>

PŶ|Y,S 2

<latexit sha1_base64="p0u0Iwq4q7gEtUElTWrFtUwyMPY="></latexit>

P ⇤
Ŷ|Y,S = argmax

PŶ|Y,S

accuracy

s.t. fairness metrics  ↵

An iterative algorithm to approximate FairFront

Step 1. Find an optimal conditional distribution over a relaxed achievable set.

Step 2. Use Blackwell’s results to refine the relaxed achievable set.
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Step 1. Find an optimal conditional distribution over a relaxed achievable set.

Step 2. Use Blackwell’s results to refine the relaxed achievable set.

An iterative algorithm to approximate FairFront

<latexit sha1_base64="jdFaGXcq2Q2J8YTGKZWIpyXRiQw="></latexit>

Solve a DC program to max this distance

min
ai2[�1,1]AC

i2[k]

E

max
i2[k]

{aT
i g(X)}

�
�

CX

ŷ=1

max
i2[k]

�
aT
i ⇤⇤⇤µp

t
ŷ

 
.

<latexit sha1_base64="EGSvHuDE3WC823vbdz7T76HIhKQ="></latexit>

P ⇤
Ŷ|Y,S
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Tightness of our upper bound

• Our algorithm provides an upper bound estimate of FairFront.
• Existing (group) fairness interventions provide lower bounds.

Upper bound and 
lower bounds match!

Upper bound and 
lower bounds match!

Our numerical experiments are semi-synthetic since we apply fairness interventions to train classifiers using the entire dataset and resample 
from it as the test set. This setup enables us to eliminate the estimation error associated with our algorithm.
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Aleatoric and epistemic discrimination

• Aleatoric discrimination captures inherent biases in the data distribution that can 
lead to unfair decisions in downstream tasks. 

• Epistemic discrimination is due to algorithmic choices made during model 
development and lack of knowledge about the optimal “fair” predictive model. 

We borrow this notion from ML uncertainty literature (see Hüllermeier and Waegeman, 2021, for a survey).
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Fairness in missing values

• Real-world data often have missing values, and the missing patterns can be different 
across different protected groups 

• When population groups have disparate missing patterns, aleatoric discrimination 
escalates, leading to a sharp decline in the effectiveness of fairness intervention 
algorithms.

Increasing disparate 
missing patterns
=> increasing aleatoric 
discrimination
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Please visit our poster, 
if you are interested! J


