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THIS WORK: The interaction of Privacy and Fairness of nearly accurate algorithms.
3



Differential Privacy 

4



Differential Privacy 
Neighbouring Datasets

4



Differential Privacy 
Neighbouring Datasets

4



Differential Privacy 

 
Algorithm

(ϵ, δ) − DP  
Algorithm

(ϵ, δ) − DP

Neighbouring Datasets

4



Differential Privacy 

 
Algorithm

(ϵ, δ) − DP  
Algorithm

(ϵ, δ) − DP

Neighbouring Datasets

4



Differential Privacy 

 
Algorithm

(ϵ, δ) − DP  
Algorithm

(ϵ, δ) − DP

Model 1

Neighbouring Datasets

4



Differential Privacy 

 
Algorithm

(ϵ, δ) − DP  
Algorithm

(ϵ, δ) − DP

Model 1 Model 2

Neighbouring Datasets

4



Differential Privacy 

 
Algorithm

(ϵ, δ) − DP  
Algorithm

(ϵ, δ) − DP

Basically same
Model 1 Model 2

Neighbouring Datasets

4



Differential Privacy 

 
Algorithm

(ϵ, δ) − DP  
Algorithm

(ϵ, δ) − DP

Basically same
Model 1 Model 2

Neighbouring Datasets

4



Differential Privacy 

 
Algorithm

(ϵ, δ) − DP  
Algorithm

(ϵ, δ) − DP

Basically same
Model 1 Model 2

Neighbouring Datasets

4



(Un) Fairness (Accuracy Discrepancy)

5



B&W Mimes SilentSuperheroThrillers Puppet OsternGenre

(Un) Fairness (Accuracy Discrepancy)

5



B&W Mimes SilentSuperheroThrillers Puppet Ostern

40% 40% 4% 4% 4% 4% 4%

Genre

Proportion 

(Un) Fairness (Accuracy Discrepancy)

5



B&W Mimes SilentSuperheroThrillers Puppet Ostern

Minority subpopulations

40% 40% 4% 4% 4% 4% 4%

Genre

Proportion 

(Un) Fairness (Accuracy Discrepancy)

5



(Accuracy Discrepancy)(Un) Fairness

B&W Mimes SilentSuperheroThrillers Puppet Ostern

Minority subpopulationsMajority subpopulations

40% 40% 4% 4% 4% 4% 4%

Genre

Proportion 

5



B&W Mimes SilentSuperheroThrillers Puppet Ostern

Minority subpopulationsMajority subpopulations

40% 40% 4% 4% 4% 4% 4%

Genre

Proportion 

(Un) Fairness (Accuracy Discrepancy)

ML Problem: Is the movie safe to watch for kids ? 

5



B&W Mimes SilentSuperheroThrillers Puppet Ostern

Minority subpopulationsMajority subpopulations

40% 40% 4% 4% 4% 4% 4%

Genre

Proportion 

Error 5% 5% 65% 75% 80% 80% 50%

(Un) Fairness (Accuracy Discrepancy)

ML Problem: Is the movie safe to watch for kids ? 

5



B&W Mimes SilentSuperheroThrillers Puppet Ostern

Minority subpopulationsMajority subpopulations

40% 40% 4% 4% 4% 4% 4%

Genre

Proportion 

Error 5% 5% 65% 75% 80% 80% 50%

Majority Error  = 5% Minority Error  = 70%

(Un) Fairness (Accuracy Discrepancy)

ML Problem: Is the movie safe to watch for kids ? 

5



B&W Mimes SilentSuperheroThrillers Puppet Ostern

Minority subpopulationsMajority subpopulations

40% 40% 4% 4% 4% 4% 4%

Genre

Proportion 

Error 5% 5% 65% 75% 80% 80% 50%

Majority Error  = 5% Minority Error  = 70%

Total Error = 18%

(Un) Fairness (Accuracy Discrepancy)

ML Problem: Is the movie safe to watch for kids ? 

5



B&W Mimes SilentSuperheroThrillers Puppet Ostern

Minority subpopulationsMajority subpopulations

40% 40% 4% 4% 4% 4% 4%

Genre

Proportion 

Error 5% 5% 65% 75% 80% 80% 50%

Majority Error  = 5% Minority Error  = 70%

Total Error = 18% Accuracy Discrepancy = Minority Error - Total Error

(Un) Fairness (Accuracy Discrepancy)

ML Problem: Is the movie safe to watch for kids ? 

5



B&W Mimes SilentSuperheroThrillers Puppet Ostern
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40% 40% 4% 4% 4% 4% 4%

Genre

Proportion 

Error 5% 5% 65% 75% 80% 80% 50%

Majority Error  = 5% Minority Error  = 70%

Total Error = 18%

(Un) Fairness (Accuracy Discrepancy)

ML Problem: Is the movie safe to watch for kids ? 

Accuracy Discrepancy = 70 - 18 = 52%
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