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Machines in society
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Responsible AI
• Fairness, bias


• Robustness


• Explainability


• Safety


• Privacy


• IP
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Males: 1,084,717   
Females:  78,948
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Fairness

f(.)Input 
(e.g. action, 

money)

 Outcomes
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`Equal opportunity’ 
`Equal treatment’ 

`Equal outcomes’ 
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In equations
f(.)x,c y

<latexit sha1_base64="bUv/reD9UXezVs8oRuczQ0teU5M=">AAACA3icbVDLSgMxFL3js9bXqDvdBIvQgpQZ8bUpFN24rGAf0A4lk2ba0MyDJCMOteDGX3HjQhG3/oQ7/8a0HURbD1w4Oedecu9xI86ksqwvY25+YXFpObOSXV1b39g0t7ZrMowFoVUS8lA0XCwpZwGtKqY4bUSCYt/ltO72L0d+/ZYKycLgRiURdXzcDZjHCFZaapu7UT4p2ege3R0iUkAl9PMutM2cVbTGQLPETkkOUlTa5merE5LYp4EiHEvZtK1IOQMsFCOcDrOtWNIIkz7u0qamAfapdAbjG4boQCsd5IVCV6DQWP09McC+lInv6k4fq56c9kbif14zVt65M2BBFCsakMlHXsyRCtEoENRhghLFE00wEUzvikgPC0yUji2rQ7CnT54ltaOifVo8uT7OlS/SODKwB/uQBxvOoAxXUIEqEHiAJ3iBV+PReDbejPdJ65yRzuzAHxgf3xN6lJ0=</latexit>

p(y = 1|x, c) = p(y = 1|x)

x = action, state 
c = protected attribute 
y = reward, outcome

<latexit sha1_base64="TRKskz1Fpy9+sPeSJm6k2cR1JcI=">AAACCnicbVDJSgNBEK1xjXEb9eilNQgJSJgRt0sg6MVjBLNAMoSeTk/SpGehu0ccYs5e/BUvHhTx6hd482/sJHMwiQ8KHu9VUVXPjTiTyrJ+jIXFpeWV1cxadn1jc2vb3NmtyTAWhFZJyEPRcLGknAW0qpjitBEJin2X07rbvx759XsqJAuDO5VE1PFxN2AeI1hpqW0eRPmkZKNH9HCMSMkqoBKaUuxC28xZRWsMNE/slOQgRaVtfrc6IYl9GijCsZRN24qUM8BCMcLpMNuKJY0w6eMubWoaYJ9KZzB+ZYiOtNJBXih0BQqN1b8TA+xLmfiu7vSx6slZbyT+5zVj5V06AxZEsaIBmSzyYo5UiEa5oA4TlCieaIKJYPpWRHpYYKJ0elkdgj378jypnRTt8+LZ7WmufJXGkYF9OIQ82HABZbiBClSBwBO8wBu8G8/Gq/FhfE5aF4x0Zg+mYHz9AqFblm0=</latexit>

p(y = 1|x, c = 0) = p(y = 1|x, c = 1)
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Examples
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New York City marathon
Men Women
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Jocelyn Jepkosgei and 
Geoffrey Kamworor, 
winners of the 2019 

NYC marathon
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Parole

Probability of 
reoffending < t Free

f(.) Risk 
1-10 2yr Reoffend? 

Y/N
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[Chouldechova 2017]

[Pro-Publica 2015]

Non-reoffenders - % labeled hi risk

Reoffenders - % labeled lower risk
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Male vs females…

-1.5

[Corbett-Davies 2018]
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Learnings

• Individual vs group


• Protected attributes


• Definitions of fairness


• Cannot be fair according to multiple definitions


• Society decides criterion,  AI implements it
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Face analysis 
Face recognition
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Human error

Ronald Cotton and Jennifer Thompson

Eyewitness performance
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Human bias
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[Phillips et al. 2018]

Accuracy,
consistency
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Benefits
• Cost


• Speed


• Scalability


• Fairness


• Accuracy


• Accountability                                                              


• Improvability


• Consistency
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NIST Face Recognition test (MUGSHOT)

35False accept rate
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[NIST 2019]



Race Bias ?
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Race bias ?

False accept rate in men from E. Europe
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PPB 
dataset 
(Scandinavia + 
Sub-Saharan Africa) 
[Buolamwini & Gebru 2018]

Gender classification

38

Parliament web sites of 
Sweden, Finland 

and Iceland

Parliament web sites of 
Rwanda, Senegal 
and South Africa



Observational study

sample
Female 
Dark Skin

algorithm prediction

Light 
skin

Dark 
skin

Female 3% 25%

Male 5% 3%

annotate
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COVID mortality
COVID MORTALITY

Country Deaths/100K pop.
United Kingdom 325.13
Poland 314.45
Italy 311.47
Sudan 11.44
Rwanda 11.33
Kenya 10.58

[Johns Hopkins Coronavirus Resource Center, 2023]

Huge bias vis-a-vis ethnicity?
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Observational study
Age

Skin type
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Experiment
Age

Skin type
44
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Observation -> correlation 

Experiment -> cause
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PPB 
dataset 
(Scandinavia + 
Sub-Saharan Africa) 
[Buolamwini & Gebru 2018]

Gender classification

Gender-typical

Non-typical [Mutukhumar et al. 2018]
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Experimental method 
in computer vision?

ECCV2020 ICCV2023
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Darker skin
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https://www.thispersondoesnotexist.com/
Idea 1: use synthetic faces
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https://www.thispersondoesnotexist.com/


Idea 2: Control of latent space

female

malefemale

male

z1

z2
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Age Facial Hair

Hair LengthSkin Color
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Hair Length

No Orth.

Orth.

No Orth.

Orth.

No Orth.

Orth.
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Orth.

Skin Color
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Hair Length

No Orth.

Orth.

No Orth.

Orth.

No Orth.

Orth.

No Orth.

Orth.

Skin Color
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Idea 3: matched samples

Dark 
Skin

Pale 
Skin

Female

Long Hair

MaleFemaleMale

Short Hair

Female

Long Hair

MaleFemaleMale

Short Hair

Dark 
Skin

Pale 
Skin
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Idea 4: calibrate with human 
annotators
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Generator
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Collecting and assessing 
human annotations
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Skin tone
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Hair length
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Gender
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Male Male Likely Female Male Likely Female Male Female Likely Male
Female Male Female MaleFemale FemaleMale Male

Humans:
Intended:

Male Male Likely Female Male Likely Female Male Female Likely Male
Female Male Female MaleFemale FemaleMale Male

Humans:
Intended:
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0-0.1 0.2-0.3 0.3-0.4 0.4-0.5 0.5-0.6 0.6-0.7 0.7-0.8 0.9-1

Hair Length
0.1-0.2 0.8-0.9

Hair length
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0-0.1 0.2-0.3 0.3-0.4 0.4-0.5 0.5-0.6 0.6-0.7 0.7-0.8 0.9-1

Gender
0.1-0.2 0.8-0.9

Gender
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0-0.1 0.2-0.3 0.3-0.4 0.4-0.5 0.5-0.6 0.6-0.7 0.7-0.8 0.9-1

Skin Color
0.1-0.2 0.8-0.9

Skin tone
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< 0.2 0.2-0.3 0.3-0.4 0.4-0.5 0.5-0.6 0.6-0.7 0.7-0.8 > 0.8

Gender Skin Color

Hair Length

< 0.2 0.2-0.3 0.3-0.4 0.4-0.5 0.5-0.6 0.6-0.7 0.7-0.8 > 0.8

< 0.2 0.2-0.3 0.3-0.4 0.4-0.5 0.5-0.6 0.6-0.7 0.7-0.8 > 0.8
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Data statistics and analysis
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Intersectional
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Transects

PPB
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PPB

Synthetic Transects
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Age and gender
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Example 1 Example 2

Males Females

Residual correlations
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Quiz
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Race Bias
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Race bias
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Identity
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Towards responsible responsible AI 

•Observational methods


•Experimental method


•Synthetic samples + human annotations
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—> Young, pale, male, facial hair, 
eyeglasses

—> Male

—> Female, brown

—> Male, brown

—> Female, brown

—> Female, young, pale
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Comparison with bureau of labor data
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Comparison with bureau of labor data
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Improvability
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Fixing bias?
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Modify the loss function
f(.)x,c y

<latexit sha1_base64="bUv/reD9UXezVs8oRuczQ0teU5M=">AAACA3icbVDLSgMxFL3js9bXqDvdBIvQgpQZ8bUpFN24rGAf0A4lk2ba0MyDJCMOteDGX3HjQhG3/oQ7/8a0HURbD1w4Oedecu9xI86ksqwvY25+YXFpObOSXV1b39g0t7ZrMowFoVUS8lA0XCwpZwGtKqY4bUSCYt/ltO72L0d+/ZYKycLgRiURdXzcDZjHCFZaapu7UT4p2ege3R0iUkAl9PMutM2cVbTGQLPETkkOUlTa5merE5LYp4EiHEvZtK1IOQMsFCOcDrOtWNIIkz7u0qamAfapdAbjG4boQCsd5IVCV6DQWP09McC+lInv6k4fq56c9kbif14zVt65M2BBFCsakMlHXsyRCtEoENRhghLFE00wEUzvikgPC0yUji2rQ7CnT54ltaOifVo8uT7OlS/SODKwB/uQBxvOoAxXUIEqEHiAJ3iBV+PReDbejPdJ65yRzuzAHxgf3xN6lJ0=</latexit>

p(y = 1|x, c) = p(y = 1|x)

x = action, state 
c = protected attribute 
y = reward, outcome

<latexit sha1_base64="TRKskz1Fpy9+sPeSJm6k2cR1JcI=">AAACCnicbVDJSgNBEK1xjXEb9eilNQgJSJgRt0sg6MVjBLNAMoSeTk/SpGehu0ccYs5e/BUvHhTx6hd482/sJHMwiQ8KHu9VUVXPjTiTyrJ+jIXFpeWV1cxadn1jc2vb3NmtyTAWhFZJyEPRcLGknAW0qpjitBEJin2X07rbvx759XsqJAuDO5VE1PFxN2AeI1hpqW0eRPmkZKNH9HCMSMkqoBKaUuxC28xZRWsMNE/slOQgRaVtfrc6IYl9GijCsZRN24qUM8BCMcLpMNuKJY0w6eMubWoaYJ9KZzB+ZYiOtNJBXih0BQqN1b8TA+xLmfiu7vSx6slZbyT+5zVj5V06AxZEsaIBmSzyYo5UiEa5oA4TlCieaIKJYPpWRHpYYKJ0elkdgj378jypnRTt8+LZ7WmufJXGkYF9OIQ82HABZbiBClSBwBO8wBu8G8/Gq/FhfE5aF4x0Zg+mYHz9AqFblm0=</latexit>

p(y = 1|x, c = 0) = p(y = 1|x, c = 1)
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[Beery et al. 2018]
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ECCV2
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 Sparrows 
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Summary
• Responsible AI


• Bias and fairness


• Correlation vs causation


• Bias in face analysis and recognition


• Bias in generative models


• Fixing bias


• Conclusions
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Your responsibilities
• Know, and follow, the law


• Aim for big positive outcomes (people, the planet)


• Be informed. Think about both good and bad outcomes of your work


• Engage with society: teach, debate, get involved

110

You are in the top 0.05% for training, and talent….


