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AI IN HIRING: AMAZON FAIRNESS AND BIAS

Dominated by men

Top U apin hiring, i
ot

“wiomen's" until the company discovered the problem.

GLOBAL HEADCOUNT

Amazon scraps secret Al recruiting tool that

showed bias against women 0 “ E
EMPLOYEES IN TECHNICAL ROLES

By Jeffrey Dastin 8 MIN READ f v rosle

SAN FRANCISCO (Reuters) - Amazon.com Inc’s AMZN.O machine-learning et | - .

specialists uncovered a big problem: their new recruiting engine did not like
‘women.

Ohttps://www.reuters.com/article/us-amazon-com-jobs-automation-insight-idUSKCN1MKOSG
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RECIDIVISM PREDICTION: COMPASS FAIRNESS AND BIAS

Two Petty Theft Arrests Two Petty Theft Arrests

VERNON PRATER BRISHA BORDEN

Prior Offenses Prior Offenses

Prediction Fails Differently for Black Defendants
WHITE AFRICAN AMERICAN

Labeled Higher Risk, But Didn't Re-Offend 44.9%

Labeled Lower Risk, Yet Did Re-Offend 28.0%

Ohttps:
//www.propublica.org/article/machine-bias-risk-assessments-in-criminal-sentencing
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GENERATIVE Al: STABLE DIFFUSION

Porceived Gendor: MNan

High-paying occupations
ARCHITECT
m

Low-paying occupations
JANTTOR

WWoman ~ Anbiguous

LanvER

pHHH

DISHWASHER

POLITICIAN
EmEEm

FAST-FOOD TORKER

DocToR

CASHIER

FAIRNESS AND BIAS

bt two images for

the keyword ‘Engineer™
wiere of perceived men
Junce ENGINEER

TEACHER SOCTAL WORKER HOUSEKEEPER

Ohttps://www.bloomberg.com/graphics/2023-generative-ai-bias/
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GENERATIVE Al: STABLE DIFFUSION

FAIRNESS AND BIAS

Stable Diffusion Perpeti Criminal St t:

YP

Composite average of all images
INMATE DRUG DEALER TERRORIST

- | -
viv|wiv

Distribution of skin tones

Ohttps://www.bloomberg.com/graphics/2023-generative-ai-bias/
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THAT'S ONLY THE BEGINNING FAIRNESS AND BIAS

- ChatGPT's political biases'

- Al agents and bias: Tay.ai 2

- Military Al 3

- Medical Al #

- Social networks and recommendation algorithms >

"Motoki2023.
Zhttps://www.theverge.com/2016/3/24/11297056/tay-microsoft-chatbot-racist

3https://www.euronews.com/next/2022/10/17/
israel-deploys-ai-powered-robot-guns-that-can-track-targets-in-the-west-bank

“https://www.scientificamerican.com/article/
racial-bias-found-in-a-major-health-care-risk-algorithm/
Shttps://www.adl.org/resources/report/exposure-alternative-extremist-content-youtube
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FAIRNESS AND BIAS

BIAS SOURCES
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Figure 1: Bias source in the machine learning pipeline®

Harini Suresh and John Guttag. “A Framework for Understanding Sources of Harm throughout the Machine
Learning Life Cycle”. In: Equity and Access in Algorithms, Mechanisms, and Optimization. EAAMO "21. 2021, pp. 1-9.  10/34
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BIAS SOU RCES FAIRNESS AND BIAS

Dataset bias
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FAC'AL EXP R ESS | 0 N R ECOG NITI O N FACIAL EXPRESSION RECOGNITION

angry disgust fear happy neutral surprise

A, EF]
FIE 5 E

] L]
ﬁu

Figure 2: A sample of FER2013/FER+, a popular FER dataset’.

’Emad Barsoum et al. “Training Deep Networks for Facial Expression Recognition with Crowd-Sourced Label
Distribution”. In: Proc. 18th ACM International Conference on Multimodal Interaction. 2016, pp. 279-283.
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FER MODALITI ES AND APPL'CAT'ONS FACIAL EXPRESSION RECOGNITION

Modalities Applications
- Image or video ¥ Interactive multimedia
- RGB, IR, Depth... Emotional Films
- Discrete (Ekman’s basic Healthcare °
emotions 8) or continuous Assistive robotics 0
(NRC-VAD) labeling... & Public safety ™

9paul Ekman and Wallace V. Friesen. “Constants across Cultures in the Face and Emotion”. In: Journal of
Personality and Social Psychology 17.2 (1971), pp. 124-129

OPhilipp Werner et al. “Automatic Recognition Methods Supporting Pain Assessment: A Survey”. In: [EEE Trans. on
Affective Computing 1311 (2022), pp. 530-552

TRitvik Nimmagadda, Kritika Arora, and Miguel Vargas Martin. “Emotion Recognition Models for Companion
Robots”. In: The Journal of Supercomputing (2022)

2L untian Mou et al. “Isotropic Self-Supervised Learning for Driver Drowsiness Detection With Attention-Based
Multimodal Fusion”. In: IEEE Trans. on Multimedia 25 (2023), pp. 529-542
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FER AND FER'RELATED KNOWN B|ASES FACIAL EXPRESSION RECOGNITION

- Age, race and gender biases:
- In research models™.
- In commercial systems™™.

3Tian Xu et al. “Investigating Bias and Fairness in Facial Expression Recognition”. In: Computer Vision — ECCV 2020
Workshops. 2020, pp. 506-523.

T4Khurshid Ahmad et al. “Comparing the Performance of Facial Emotion Recognition Systems on Real-Life Videos:
Gender, Ethnicity and Age”. In: Proc. Future Technologies Conference (FTC) 2021, Volume 1. Vol. 358. 2022, pp. 193-210.
5Eugenia Kim et al. “Age Bias in Emotion Detection: An Analysis of Facial Emotion Recognition Performance on
Young, Middle-Aged, and Older Adults”. In: Proc. 2021 AAAI/ACM Conference on Al, Ethics, and Society. 2021,

pp. 638-644.
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FE R MODE LS AND DATAS ETS FACIAL EXPRESSION RECOGNITION

- Deep Learning approaches: CNN' and Transformers.
- They require large amounts of datal!

- Shift to large datasets gathered from the Internet®.
- Datasets with little to no demographic metadata.

16Shan Li and Weihong Deng. “Deep Facial Expression Recognition: A Survey”. In: IEEE Trans. on Affective Computing
(2020), pp. 1-1.

WAtexey Dosovitskiy et al. An Image Is Worth 16x16 Words: Transformers for Image Recognition at Scale. 2021. arXiv
2010.11929 [cs].

8Emily Denton et al. “On the Genealogy of Machine Learning Datasets: A Critical History of ImageNet”. In: Big Data
& Society 8.2 (2021).
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DATAS ET S E LECTI 0 N FACIAL EXPRESSION RECOGNITION

Table 1: 20 selected datasets.

Abbreviation  Year Collection Images Videos Subjects

JAFFE 1998 LAB 213 - 10

KDEF 1998 LAB 4,900 = 70

oK 2000 LAB 8795 486 97

Oulu-CASIA 2008 LAB 66,000 480 80

CK+ 2010 LAB 10727 593 123

GEMEP 2010 LAB 2,817 1260 10 - Lab: Laboratory-gathered.
MUG 2010 LAB 70,654 = 52

SFEW 2011 TW-M 1,766 = 30, [k

FER2013 2013 ITW 32,298 = ITW-I: From Internet.
WSEFEP 2014 LAB 210 = 30 .
ADFES 2016 LAB - 648 22 « ITW-M: From motion
FERPlUS 2016 MW 32,298 = - .

AffectNet 2017 ITW 291,652 = = pictures.

ExpW 2017 MW 91,793 = =

RAF-DB 2017 1MW 29,672 = =

CAER-S 2019 MW-M 70,000 = =

URIS-CSE 2019 LAB 26000 208 12

iSAFE 2020 AB - 39 44

MMAFEDB 2020 ITW 128,000 = -

NHFIER 2020 1MW 5,558 - -
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OUTLI N E MEDIDA DE SESGO DEMOGRAFICO EN DATASETS

Medida de sesgo demografico en datasets
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DATAS ET B IAS TAXO N OMY MEDIDA DE SESGO DEMOGRAFICO EN DATASETS

(evenness)
-~ (Doninance)

——Global
Stereotypical |
—{Local

[Representational

18/34



DATAS ET B IAS' AN EXAM PLE MEDIDA DE SESGO DEMOGRAFICO EN DATASETS

Representational bias

Data proportion

White -
Latino /
Hispanic

Middle
Eastern
Black -
East
Asian
Indian -
Southeast
Asian

Figure 3: Apparent race
distribution in FER+.
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DATASET BIAS, AN EXAMPLE

MEDIDA DE SESGO DEMOGRAFICO EN DATASETS

Data proportion

Representational bias
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Figure 3: Apparent race
distribution in FER+.

Southeast |

Asian

Train dataset proportion

>
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&
v

Figure 4: Apparent per-label
gender distribution in FER+
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DATAS ET B IAS' AN EXAM PLE MEDIDA DE SESGO DEMOGRAFICO EN DATASETS

Representational bias Stereotypical bias
0.7
0.6 4
0.6 4
Zos
505 £
g 0.4 § 041
? 03 g 03+
=02 E 0.2
0.1 ;
0.1 4 M Female
0.0 T T T T T T T M Male
£ qf 38 0§ oz & i W N N
= EE gé = s A Eé—’ @""W @v& \@“& y &Q"@z & yf & x@-‘?@
Figure 3: Apparent race Figure 4: Apparent per-label
distribution in FER+. gender distribution in FER+
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MEASURED BIAS

MEDIDA DE SESGO DEMOGRAFICO EN DATASETS

Laboratory ITW-M [TW-I

9 —ENS | 7.067 +0.932 5.551 £ 0.990 3.334 £ 0.286
:t;:’o 1 —SEl | 0.409 + 0.200 0.437 £ 0.154 0.211 £0.024
oc | 0.075 £ 0.063 0.084 £ 0.031 0.104 £ 0.027
7—ENS | 5.168 +0.634 5.070 £ 0.080 3.724 £ 0.321

E 1—SEl | 0.384 +0.151 0.663 £+ 0.021 0.393 £ 0.050
oc | 0.092 £ 0.083 0.058 £0.018 0.063 £ 0.018

_ 2—ENS | 0.139£0.280 0.074 £ 0.055 0.005 £ 0.005
é 1 —SEl | 0.039 = 0.052 0.055 £ 0.041 0.004 £ 0.004
U ¢c | 0.067 £ 0.090 0.199 £ 0.062 0.167 £ 0.018

Figure 5: Average representational bias (ENS), evenness (SEI) and
stereotypical bias (¢¢) of Lab, ITW-M and ITW-I datasets.
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LOCAL STE REOTYPICAL B IAS MEDIDA DE SESGO DEMOGRAFICO EN DATASETS
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Figure 6: Local stereotypical bias (Ducher’s Z) for some ITW-I
datasets.
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- Dataset bias metrics still lack interpretability.
- Issues of comparability and range disparities.
- Lack of clear meaning.

- Most datasets lack demographic information.

- There is no way to study the evolution and changes in bias
across datasets.
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MOTIVATION

ANALISIS DE POBLACIONES

- Dataset bias metrics still lack interpretability.
- Issues of comparability and range disparities.
- Lack of clear meaning.

- Most datasets lack demographic information.
- Especially modern ITW datasets.

- There is no way to study the evolution and changes in bias
across datasets.
Do equally biased dataset represent the same
populations?
- Analogous problems in archaeology™ and ecology?®?".

W, s. Robinson. “A Method for Chronologically Ordering Archaeological Deposits”. In: American Antiquity 16.4
(1951), pp. 293-301.

20M. v. Wilson and A. Shmida. “Measuring Beta Diversity with Presence-Absence Data”. In: Journal of Ecology 72.3
(1984), pp. 1055-1064. JSTOR: 2259551.

2IC. Ricotta and J. Podani. “On Some Properties of the Bray-Curtis Dissimilarity and Their Ecological Meaning”. In:
Ecological Complexity 31 (2017), pp. 201-205.
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RESU LTS: CLUSTE RING I ANALISIS DE POBLACIONES

03 06 07 - LIS CsE AT

Race

Figure 7: DSAP based comparison of datasets (age, gender and race
axis).
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RESULTS: CLUSTERING Il ANALISIS DE POBLACIONES
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METHODO LOGY TRANSFERENCIA DE SESGO A MODELOS
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Figure 9: Summary of the methodology
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BIAS INDUCTION

TRANSFERENCIA DE SESGO A MODELOS

Original

Gender  Female Male % F
angry 6,962 17,803 28.11%
disgust 1,733 2,054 45.76%
fear 3,17 3,222 49.17%
happy 79,797 54,241 59.53%
neutral 33,708 40,858 45.21%
sad 1,175 14,156 44.12%
surprise 6,439 7,588  45.90%
Total 142,931 139,922 50.53%
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neutral 33,708 33,708 50%
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Representational bias

Gender Female Male % F
angry 6,962 0 100%
disgust 1,733 0 100%
fear 3,117 0 100%
happy 54,241 0 100%
neutral 33,708 0 100%
sad 1,175 0 100%
surprise 6,439 0 100%
Total 117,375 0 100%
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Gender Female Male % F
angry 6,962 0 100%
disgust 1,733 0 100%
fear 3,117 0 100%
happy 54,241 0 100%
neutral 33,708 0 100%
sad 1,175 0 100%
surprise 6,439 0 100%
Total 117,375 0 100%

Stereotypical bias

Gender Female  Male % F
angry 0 6,962 0%
disgust 866 866 50%
fear 1,558 1,558 50%
happy 27,120 27,120  50%
neutral 16,854 16,854  50%
sad 5,587 5,587 50%
surprise 3,219 3,219 50%
Total 55,204 62,166 47.4%
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BIAS I N D U CTI O N TRANSFERENCIA DE SESGO A MODELOS

Representational bias

Gandar  Comala  Mal o/ l

Gender  Female Male % F

angry 1,392 5,570 | 20%
disgust 347 1,386 | 20%
fear 623 2,494 | 20%
_— happy 10,848 43,393  20%
Orlglnal Balanced neutral 6,742 26,966 = 20%
g
Gender  Female Male % F Gendermiencle fEl %F sad 2,235 8,940 20:?
surprise 1,288 5,151 20!
angry 6,962 17,803 28.11% angry 6,962 6,962 50% P ’ 2
disgust 1,733 2,054 45.76% disgust 1,733 1,733 50% L] Total 23,475 93,900 20%
fear 37 3,22 49.17% fear 3,17 3,17 50%
happy 79,797 54,241 59.53% (——| happy 54,241 54,241 50% . .
neutral 33,708 40,858 45.21% neutral 33,708 33,708 50% Stereotyplcal bias
sad 11,175 14,156  44.12% sad 1,175 1,175 50% ]
surprise 6,439 7,588  45.90% 0,
P ) surprise 6,439 6,439 50% Gender Female  Male % F
Total 142,931 139,922 50.53%
Total 117,375 117,375 50% anary 1392 5.570  20%
disgust 866 866  50%
fear 1,558 1,558 50%

happy 27,120 27,120 50%
neutral 16,854 16,854  50%
sad 5,587 5,587 50%
surprise 3,219 3,219 50%

L{ Total 55,596 60,774 47.7%
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MARCO EXPERIMENTAL

TRANSFERENCIA DE SESGO A MODELOS

- Dataset original: Affectnet??.
- Modelos: ResNet50% y ViT-Base?”.

- Configuraciones de sesgo: 1 representacional, 7
estereotipicas.
Proportions: [0%,10%, ..., 100%)].

2 Mollahosseini, Behzad Hasani, and Mohammad H. Mahoor. “AffectNet: A Database for Facial Expression,
Valence, and Arousal Computing in the Wild". In: IEEE Trans. on Affective Computing 101 (2019), pp. 18-31. arXiv:
1708.03985.

ZKaiming He et al. Deep Residual Learning for Image Recognition. 2015. arXiv: 1512.03385 [cs].

Z4plexey Dosovitskiy et al. An Image Is Worth 16x16 Words: Transformers for Image Recognition at Scale. 2021. arxiv:
2010.11929 [cs].
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RESULTS ON PROPAGATION TRANSFERENCIA DE SESGO A MODELOS
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Figure 10: Recall difference (female recall minus male recall).
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GENERAL CONCLUSIONS | CONCLUSIONES

- Los nuevos datasets ITW-I han cambiado de perfil de
sesgo. Predomina el sesgo estereotipico.

- Los datasets ITW-I tienden a ser extremadamente
homogéneos.

- Los modelos entrenados son mucho mas sensibles a
sesgo estereotipico.
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