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The field of study that gives computers the ability to learn without being
explicitly programmed. — A. L. Samuel [1959]
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Programming computers to learn from experience should eventually eliminate the
need for much of this detailed programming effort. — A. L. Samuel [Samuel 59]
ERDSERLSICHERZTOISI VI THILET, #7053 7T5DICi
ZICBD2FEADZL IERESES

The field of machine learning is concerned with the question of how to construct
computer programs that automatically improve with experience.

— T. M. Mitchell [Mitchell 99]
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https://www.coursera.org/learn/machine-learning
http://cs.stackexchange.com/questions/37618/who-coined-the-term-machine-learning
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[Moritz Hardt’s homepage]

BRIEF HISTORY Of FAIRNESS IN ML
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[Baeza-Yates 18]

Activity bias

4

Web

Data bias

Second-order bias

Screen
Sampling bias

Algorithm >

Algorithmic bias

Self-selection bias

Interaction bias

Copyright © ACM
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[Baeza-Yates 18]
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[Sweeney 13]
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Arrested?

EWHIRDILAEX

Ads by Google

Latanya Sweeney, Arrested?

1) Enter Name and State. 2) Access Full Background
Checks Instantly.
www.instantcheckmate.conmv

Latanya Sweeney

Public Records Found For: Latanya Sweeney. View Now.
www.publicrecords.conV

La Tanya

—~ . . —_— . P ARTS - . w—

Copyright © ACM
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Located:
AT NIRIAEX

bsters2prints.com/
Frame Prints and Canvas. Shop Now, SAVE Big + Free Shipping!

10,23® people +1'd this page
Revelse Lookup - Reverse Cell Phone Directory - Date Check - Property Records

Located: Jill Schneider
www.instantcheckmate.com/
Information found on Jill Schneider Jill Schneider found in database.

Copyright © ACM
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[Heckman 79, Zadrozny 04]
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Disparate Treatment / Disparate Impag

[Barocas+ 17, Feldman+ 15]
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[Calders+ 10]
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https://en.wikipedia.org/wiki/Redlining
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3tdsed Algorithms Are Easier to Fix

[Mullainathan 2019]

ECONOMIC VIEW

Biased Algorithms Are Easier
to Fix Than Biased People

Racial discrimination by algorithms or by people is harmful —
but that's where the similarities end.

BROHZ7ZINITVXALIF, ERD
HB5ANEEDBEHICEIEREE
#HE2%E Mullainathan 1 &%
New York TimeszsE\DETg

% ZEET A  Bugbears or Legitimate Threats? (Social) Scientists' Criticisms of Machine Learning
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TABLE 1—MEAN CALLBACK RATES BY RACIAL BOUNDINGNESS OF NAMES

Percerjt callback Percent] callback for Percent difference
for White names African-Ajmerican names Ratio (p-value)
Sample: ‘ ‘
All sent resumes 9.65 6.45 1.50 3.20
[2,435]) [2.435]) (0.0000)
Chicago 8.06 5.40 1.49 2.66
[1,352) [1.352) (0.0057)
Boston 11.63 7.76 1.50 4.05
[1,083] [1,083] (0.0023)
Females 9.89 6.63 1.49 3.26
[1,860] [1,886] (0.0003)
Females in administrative jobs 10.46 6.55 1.60 3.91
[1,358) [1.359] (0.0003)
Females in sales jobs 8.37 6.83 1.22 1.54
[502] [527] (0.3523)
Males 8.87 S.83 1.52 3.04
[575) [549) (0.0513)

£y Y7 1 TEBEH R THOARRTARLEHKET 3
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[Mullainathan 2019]
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Model Details

Model Card - Smiling Detection in Images

o Developed by researchers at Google and the University of Toronto, 2018, vl.’
e Convolutional Neural Net.
o Pretrained for face recognition then fine-tuned with cross-entropy loss for binafy

smiling classification.

Intended Use
o Intended to be used for fun applications, such as creating cartoon smiles on rdal
images; augmentative applications, such as providing details for people who #e
blind; or assisting applications such as automatically finding smiling photos.
o Particularly intended for younger audiences.
o Not suitable for emotion detection or determining affect; smiles were annotafed
based on physical appearance, and not underlying emotions.

Factors

o Based on known problems with computer vision face technology, potential
evant factors include groups for gender, age, race, and Fitzpatrick skin t
hardware factors of camera type and lens type; and environmental factor:
lighting and humidity.

o Evaluation factors are gender and age group, as annotated in the publicly avail;
dataset CelebA [36]. Further possible factors not currently available in a puflic
smiling dataset. Gender and age determined by third-party annotators bafled
on visual presentation, following a set of examples of male/female gender #nd
young/old age. Further details available in [36].

€;

of

Ewan

e

e —
o ==

Metrics

o Evaluation metrics include False Positive Rate and False Negative Rat{ to
measure disproportionate model performance errors across subgroups. Fillse
Discovery Rate and False Omission Rate, which measure the fraction of nfga-
tive (not smiling) and positive (smiling) predictions that are incorrectly predifited
to be positive and negative, respectively, are also reported. [48]

o Together, these four metrics provide values for different errors that can be c@lcu-
lated from the confusion matrix for binary classification systems.

o These also correspond to metrics in recent definitions of “fairness” in macfline
learning (cf. [6, 26]), where parity across subgroups for different metrics cffrre-
spond to different fairness criteria.

® 95% confidence intervals calculated with bootstrap resampling.

o All metrics reported at the .5 decision threshold, where all error types (FPR, fNR,
FDR, FOR) are within the same range (0.04 - 0.14).

Evaluation Data

o CelebA [36], test data split.
e Chosen as a basic proof-of-concept.

Training Data
o CelebA [36], training data split,

Ethical Considerations
e Faces and annotations

ed on public figures (celebrities). No new informAtion
is inferred or annota

Caveats and Reco!

o Given gendgfclasses are binary (male/not male), which we include as mal
genders.

Quantitative Analyses

False Positive Rate @ 0.5

old-male —0—
old-female —e—
young-female g
young-male —o—
old —e—
young o

male —e—

female e
all Hed

0.000.020.04 0.060.080.100.120.14

False Negative Rate @ 0.5
old-male o
old-female o
young-female o
young-male o
old o
young o
male o
female o
all o

0.000.020.04 0.060.080.100.120.14

False Discovery Rate @ 0.5
old-male —e—
old-female —eo—
young-female (2 21
young-male —o—
old —o—
young o+
male —e—
female 22
all ]

0.000.020.040.060.080.100.120.14

False Omission Rate @ 0.5
old-male o
old-female o

young-female o
young-male [}

old o

young o)
male e}

female o
all o

0.000.020.04 0.060.080.100.120.14

endations
race or skin type, which has been reported as a source oﬁdisproportionate errors [5].
female. Further work needed to evaluate across a

e An idegfevaluation dataset would additionally include annotations for Fit§patrick skin type, camera details, and environment

T A K

Copyright © ACM
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> Challenges of incorporating algorithmic fairness into industry

practice
AP ZARNVICHIFTBDAFEEICDWTD Spotify ¥ Microsoft @A
ICEBFa—KNIPZIDETAERZAR

> What is discrimination, when is it wrong and why?
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https://drive.google.com/file/d/1rUQkVS0NzSH3IEqZDsczSxBbhYHbjamN/view
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> |s the Trolley Problem Useful for Studying Autonomous
Vehicles?

ENEREZRIENICGERIT 805 NO—YUHAEL D EZRA
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> Fairness-Aware Machine | earning: Practical Challenges and

| essons L earned

KDD2019###5&®, Google / Microsoft / Linkedln ® AfeB5IC &3
Fa—KUPI

> Fairness and Discrimination in Recommendation and Retrieval
RecSys2019HERDHES AT A E BRERDNFIEICET S
Fa—8UPI)L
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