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Recap

Gender Swapping for Coreference Resolution
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swap The surgeon could n't operate on their patient: it was their son!
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The surgeon could n't operate on her patient: it was her son!

Rudinger et al, 2018



https://www.aclweb.org/anthology/N18-2002.pdf

Recap

e Debiasing Word Embedding by Gender Attribute Separation
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The Use of Pre-trained NLP Encoders

Pre-trained Encoders Are Widely Used in NLP

o Transfer information from a related domain
o Boost performance on a small data set
o Trained through a proxy task

Pre-trained NLP Encoders
o ELMO (Peters et al 2018)
o BERT (Devlin et al, 2018)
o XLNet (Yang et al, 2019)

Can Pre-trained Encoders Be Biased?

Text Proxy Task
Encoder /
Decoder

Prediction



https://arxiv.org/abs/1802.05365
https://arxiv.org/abs/1810.04805
https://arxiv.org/abs/1906.08237

Adversarial Learning

adv(z)

Predicting y

T Reconstruct a l

Elazar et al, 2018



https://www.aclweb.org/anthology/D18-1002/

Twitter Prediction Problem

e Twitter Sentiment & Mention Detection
e Protected Attributes

M.P,

o Race
o Gender we | e L G
o Age
° Leakage_ _ balanced unbalanced
o Predict protected attributes
Balanced Unbalanced
Data Task Protected Attribute | Task Acc  Leakage | Task Acc Leakage
DIAL Sentiment  Race 67.4 64.5 79.5 73.5
Mention Race 81.2 71.5 86.0 73.8
PAN16 Mention Gender i 60.1 76.8 64.0
Age 74.7 59.4 115 5951

Elazar et al, 2018



https://www.aclweb.org/anthology/D18-1002/

Main Task and Adversary Accuracies

Adversarial Training
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https://www.aclweb.org/anthology/D18-1002/

Beefing Up the Adversary

e Increase the Capacity of the Adversary

o Model Capacity
o Weight on Loss
o Ensemble

DiAL PAN16

Method Parameter | Sentiment Race A Mention Gender A | Mention Age A

No Adversary Baseline - 67.4 14.5 - 71.5 10.1 - 74.7 9.4 -
Standard Adversary (300/1.0/1) 64.7 6.0 5.0 75.6 8.5 8.0 72.5 7.3 6.9
Adv-Capacity 500 64.1 6.7 52 73.8 8.1 6.7 714 43 4.1
1000 63.4 7.1 49 752 8.9 7.0 71.6 6.3 4.0
2000 65.2 8.1 6.9 76.1 6.7 6.4 71.9 60 5.7
5000 63.9 6.2 3.7 74.5 5.6 1.6 73.0 102 9.6
8000 65.0 7.1 4.8 75.7 54 42 71.9 98 7.3
A 0.5 63.9 6.8 6.2 75.6 7.8 6.8 73.1 48 34
1.5 64.9 7.4 54 75.6 4.9 2.4 72.5 6.8 5.8
2.0 64.2 7.3 59 76.0 -7.2 6.7 72.1 8.5 7.7
3.0 65.8 10.2 10.1 73.7 6.4 6.1 72.5 6.3 52
5.0 50.0 - - 73.6 6.5 5.7 69.0 32 29
Ensemble 2, 62.4 7.4 54 74.8 6.4 5.0 72.8 88 83
3 66.5 6.5 5.0 753 4.9 3.1 721 6.7 6.0
5 63.8 4.8 2.6 74.3 4.1 3.0 70.1 57 54

A - the difference between the attacker score and the corresponding adversary’s accuracy

Elazar et al, 2018
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Outline

Counterfactual Fairness

Counterfactual Face Attribution

Gender Equalized Image Captioning
Adversarial Removal of Gender Features



Counterfactual Explanation

2’ = argmin Af(2') —y)? + d(z, )

counterfactual example X desired outcome distance function

Increase \ while | f(z/) — y/| > ¢

f

X! > Y’

R/
Change to
AX=?| | desired
f outcome

X > Y

ICan remain as black boxI Grath et al, 2018



https://arxiv.org/pdf/1811.05245.pdf

Counterfactual Explanations

If instead you had the following values, your application
would have been approved:

@ Sorry, your loan application has been rejected.

* MSinceOldestTradeOpen: 161
* NumSatisfactoryTrades: 36 . I

* NetFractionInstallBurden: 38
Net Fraction MSince Oldest Num Bank 2

. NumRevo[vingTradesWBa[ance; 4 Install Burden Trade Open  Natl Trades W
High Utilization

* NumBank2NatlTradesWHighUtilization: 2 @ Input Value

Num Revolving

. Increase By . Decrease By

—

Num
Satisfactory
Trades

Grath et al, 2018



https://arxiv.org/pdf/1811.05245.pdf

Counterfactual Fairness

X A=1 Y
X A Y A=2
=3
Real Examples Counterfactual Examples

PYpeo(U)=y|X=2,A=a)=PYacaU)=y| X =2,A=a)

Real Examples Counterfactual Examples

Kusner et al, 2017



https://papers.nips.cc/paper/6995-counterfactual-fairness.pdf

Causal View of Counterfactual Fairness

U

7

le—]

X

Real Examples

A=a

Y

PYpcoa ) =y|X=2,A=0a)=PVpaceU)=y| X =z,A=0)

Real Examples

Counterfactual Examples

Kusner et al, 2017



https://papers.nips.cc/paper/6995-counterfactual-fairness.pdf

Causal View of Counterfactual Fairness

U
W \
X A=a Y X A—a' Y
Real Examples Counterfactual Examples

PYpcoa ) =y|X=2,A=0a)=PVpaceU)=y| X =z,A=0)

Real Examples Counterfactual Examples

Kusner et al, 2017



https://papers.nips.cc/paper/6995-counterfactual-fairness.pdf

Red Car Problem

e Develop a Fair Algorithm to Determine Insurance Premium

color of the car

no accident  future accidents

red

other

Group 1 Group 2 Group 2

P(y =acc|A=1)=0.2 P(y=acc|A=2)=0.2 P(y=acc|A=3)=0.2

Kusner et al, 2017



https://papers.nips.cc/paper/6995-counterfactual-fairness.pdf

Causal Perspective of the Red Car Problem

Driving
Drive Red Accident
Cars Rates

O Observed Variables P(¥aca V) =y| X =5,4=0) = P(Yaca(lU)=y| X =7, A=q)
(O Latent (Unobserved) Variables Kusner et al, 2017



https://papers.nips.cc/paper/6995-counterfactual-fairness.pdf

Fairness Criteria

Individual Treatment Group Treatment
Fairness Through Unawareness Demographic Parity
Excludes Sensitive Information A from the predictor p(f/ —1A=1)= P(Y = 1|4 = 0)
Individual Fairness Equal Opportunity/Odds
P(Y=1A=0,Y=1)=P(Y =1A=1,Y =1)
M (z:) ~ M (x;)|d(zs, 25) = 0 PV =1A=0,Y)=P¥ =1/A=1,Y)

Counterfactual Fairness

PVpeo ) =y|X=2,A=0a)=PYacaU)=y|X=2,4A=0)

P(f’m_a OU)=y|X=2,A=a) =P(}7A<_a/(U) =y|X=z,A=a)



Outline

Counterfactual Fairness

Counterfactual Face Attribution

Gender Equalized Image Captioning
Adversarial Removal of Gender Features



Counterfactual Face Attribution

e Evaluate the Counterfactual Fairness of Face Recognition Systems

HH# P(Smile | x)

Did classifier
|:|H—> P(Smile | x)
CNN

output change?
PYpeoa(U)=y|X=2,A=0a)=PYaeaU)=y|X =z,A=a)

Manipulate facial hair

x’




CelebA Dataset

Eyeglasses

Bangs

Oval Face

Liu et al, 2015



https://arxiv.org/abs/1411.7766

Model Architecture

z~p(z) z = E(x)
z X
D(z)
y =f(x)
real?
_ . L smile?
f(x) - smile classifier D(z) - discriminator

G(z) - generator E (x) - encoder Denton et al, 2019



https://arxiv.org/pdf/1906.06439.pdf

Latent Code Attribution

Latent codes corresponding

latent code z to images with attribute a

Attribute vector
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to images without attribute a




Latent Code Manipulation
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Denton et al, 2019



https://arxiv.org/pdf/1906.06439.pdf

Counterfactual Fairness Assessment

A—a'
z z
z=E(x) x~ G(z)
X X'
y=f(x) y'=f(x')
changed?
smile? < > smile?

PYpca U =y|X=2,A=0)=PVpeaU)=y| X =2,A=a)

Denton et al, 2019



https://arxiv.org/pdf/1906.06439.pdf

Sensitivity

Bl - 1z

A<a A—a'

S51(d) = Eonp(n /(G2 + d)) = F(G(2))]

f(x) - smile classifier

G(z) - generator P(YA<—a (U) — | X =@, A= a) = P(?Aea’(U) = | X =5 A= a,)

D(z) - discriminator




Sensitivity Results
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Directional Sensitivity

Sy (d) = Eenp(z)y(a(z))=0 1IY(G(2 + d))! = y(G(2))]

from "not smiling" to "smiling"

Sy 0(d) = Eonplayiyctz)=1 L[y(G(z + d))! = y(G(2))]

from "smiling" to "not smiling"

S1(d) = Eonp(x) [f(G(z + d)) — F(G(2))]



Sensitivity Results

CelebA attribute defining do | S;7°(da) | Sy ' (da)
Young 7.0% 2.6%
5_.0_-Clock_Shadow 11.8% 2.2%
Goatee 12.4% 0.9%
No_Beard 0.8% 11.8%
Heavy_Makeup 1.6% 12.4%
Wearing_Lipstick 1.7% 16.3%
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Counterfactual Fairness

Counterfactual Face Attribution

Gender Equalized Image Captioning
Adversarial Removal of Gender Features



The Equalizer Model

Right for the Right Right for the Wrong Right for the Right
Reasons Reasons Reasons

Wrong

Baseline: Our Model: Baseline: Our Model:
A man sitting at a desk with A woman sitting in front of a A man holding a tennis A man holding a tennis
a laptop computer. laptop computer. racquet on a tennis court. racquet on a tennis court.

Burns et al, 2019



https://arxiv.org/pdf/1803.09797.pdf

The Basic Idea

Original
Image

Annotated
Gender
Neutral
Image

I

Il

man

<EOS>

<EOS>

Caption Correctness
Loss

Confident Loss

Caption Correctness
Loss

.

( : b
Appearance Confusion

Loss

7

Burns et al, 2019



https://arxiv.org/pdf/1803.09797.pdf

The Equalizer Model

L =al"% +BLAC + pLom

NN

Cross Entropy Loss Appearance Confusing Confidence Loss on
1 X T Loss on the gender the original image
E9E N Z Zlog(p(wt|w0;t_1, I)) neutral image
n=0 t=0

Burns et al, 2019



https://arxiv.org/pdf/1803.09797.pdf

Appearance Confusing Objective

1 N
AC _ N z:: ; wg € Gy U gm)C(’JJt,I,)

C(ws, I') =] Y p(s = gulwo—1,I') — Y p(is = gm|wo:e—1,1")|
9w€EGw 9m€EGm

Push Toward Extremes

p(W: = guw|wo:t—1,1") < > (W = gm|wo:t—1,1")

Gw - set of words for woman
G " set of words for man
m

Burns et al, 2019



https://arxiv.org/pdf/1803.09797.pdf

Confidence Objective

N T
[Com — %Z S (Mw € Gu) FW (i, T) + 1(wr € Gon) FM (i, T))

n=0 t=0

> gmeGn P(UWt = gm|woit—1, 1)

FW {afiy, T} = .
W d) (Zgwegwp(wtZgw|w0:t—1,1))+6

Gw - set of words for woman
Gm - set of words for man

Burns et al, 2019



https://arxiv.org/pdf/1803.09797.pdf

Results

MSCOCO-Bias

MSCOCO-Balanced

Model Error  Ratio A| Error Ratio A
Baseline-FT 12.83 0.15/19.30 0.51
Balanced 12.85 0.14|18.30 0.47
UpWeight 13.56 0.08(16.30 0.35
Equalizer w/o ACL | 7.57 0.04|10.10 0.26
Equalizer w/o Conf | 9.62 0.09]13.90 0.40
Equalizer 7.02 -0.03| 8.10 0.13

Baseline-FT - basic LSTM attention model (Xu et al. 2015)
Balanced - resampled dataset to have balanced gender ratio

UpWeight - reweighting

A- change to the gender ratio compared to the dataset

Burns et al, 2019



https://arxiv.org/abs/1502.03044
https://arxiv.org/pdf/1803.09797.pdf

Results

Baseline-FT UpWeight Equalizer w/o ACL Equalizer

A man walking a dog on a A man and a dog are inthe A man riding a snowboard A person walking a dog on
leash. Snow. down a snow covered slope. a leash.

A woman walking downa A woman walking down a A man walking down a A man walking down a
street holding an umbrella.  street holding an umbrella. street holding an umbrella.  street holding an umbrella.

A man standing in a A man standing in a A man standing in a A man standing in a
kitchen preparing food. kitchen preparing food. kitchen preparing food. kitchen preparing food.
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Adversarial Removal of Gender Features

Wang et al, 2019



https://arxiv.org/pdf/1811.08489.pdf

Model Architecture

x
‘ Feature
M Mask
Gender
4 Removed L= Bl — & + Lo(pred(h(:)), yi) — Me(c(h(E:)), g:)
! Sample .

i = M(z;) @ x;
A
h Representation
/\ Reconstruction Loss Task Loss Adversarial Loss

Y g

Task Predictions Gender Predictions

Wang et al, 2019



https://arxiv.org/pdf/1811.08489.pdf

Evaluate Sensitive Information Leakage

e Train an attacker f(y) that reverse engineer the gender information

DATASET LEAKAGE @ F1

Randomly Perturb Predict Gender

It( :ki)flz True Labels It(\?-i:at from Labels
Data Resamplin
e — ) pling
cabinet cabinet V'y . 1/0& < #(m,y)/#(w,y) < o
window hammer

Mo(@) = 5 Dy ep L0 ==

MODEL LEAKAGE @ F1

g ot e PESme Bias Amplification
N ,‘: fork A A == A a)— A a
_’_'vase _' M( ) D( )

@ hair drier

oven

A(@) = Z(Y wep T (Yisa) == g5)] Wang et al, 2019


https://arxiv.org/pdf/1811.08489.pdf

Accuracy and Bias Results
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Bias Amplification in COCO Bias Amplification in imSitu
— — randomization @ original blackout-face = ®m blur-sgem blackout-segm ® blackout-box
a=3 A a=2 A =1 ¢ adv @ image ¢ adv @ conv4 ¢ adv @ conv5
original - no debiasing mask blackout-face - black out using a face detector
random - adding random noise blur-sgem - black out using ground truth segmentation

blackout-box - blackout using bounding boxes

Wang et al, 2019



https://arxiv.org/pdf/1811.08489.pdf

Qualitative Results

COCO Results imSitu Results

Wang et al, 2019



https://arxiv.org/pdf/1811.08489.pdf

Summary

Fair Machine Learning

(@)

Prevents ML models from biasing toward specific groups when allocating favorable outcomes

Group Treatments of Fairness

(@)

(@)

Demographic Parity
Equalized Odds/Opportunity

Individual Treatments of Fairness

(@)

(@)

@)

Fairness Through Awareness Individual Fairness
Individual Fairness
Counterfactual Fairness

Fair ML Techniques

(@)

(@)

(@)

Pre-processing Methods: Resampling, Reweighting, Optimized-preprocessing
In-processing Methods: Regularization, Adversarial Learning
Post-processing Methods: Learning to Defer



Summary

e Fair NLP Methods

o Debiasing Word Embeddings
o Data Augmentation
m  Gender Swapping
o Fair Representation for Pre-trained Encoders

e Fair Visual Representations
o Counterfactual Face Attribution
o Gender Equalized Image Captioning
o Adversarial Removal of Gender Features
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Next Lecture

Mit-term Project Presentations



