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Part of  The Real-World AI Issue

ikhail Arroyo had made it out of the coma, but he was still frail
when his mother, Carmen, tried to move him in with her. The
months had been taxing: Mikhail was severely injured in a

devastating fall in 2015. He had spent time in the hospital, and by 2016
was in a nursing home where his mother visited him daily, waiting until

M

AUTOMATED BACKGROUND CHECKS ARE
DECIDING WHO’S FIT FOR A HOME
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Can AI Be a Fair Judge in Court?Estonia Thinks So
Estonia plans to use an artificial intelligence program to decide some

small-claims cases, part of a push to make government services
smarter.
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Deep Neural Network Compression for Aircraft

Collision Avoidance Systems

Kyle D. Julian1 and Mykel J. Kochenderfer2 and Michael P. Owen3

Abstract—One approach to designing decision making logic for

an aircraft collision avoidance system frames the problem as a

Markov decision process and optimizes the system using dynamic

programming. The resulting collision avoidance strategy can be

represented as a numeric table. This methodology has been used

in the development of the Airborne Collision Avoidance System X

(ACAS X) family of collision avoidance systems for manned and

unmanned aircraft, but the high dimensionality of the state space

leads to very large tables. To improve storage efficiency, a deep

neural network is used to approximate the table. With the use of

an asymmetric loss function and a gradient descent algorithm, the

parameters for this network can be trained to provide accurate

estimates of table values while preserving the relative preferences

of the possible advisories for each state. By training multiple

networks to represent subtables, the network also decreases the

required runtime for computing the collision avoidance advisory.

Simulation studies show that the network improves the safety

and efficiency of the collision avoidance system. Because only the

network parameters need to be stored, the required storage space

is reduced by a factor of 1000, enabling the collision avoidance

system to operate using current avionics systems.

I. INTRODUCTION

Decades of research have explored a variety of approaches

to designing decision making logic for aircraft collision

avoidance systems for both manned and unmanned aircraft

[1]. Recent work on formulating the problem of collision

avoidance as a partially observable Markov decision process

(POMDP) has led to the development of the Airborne Collision

Avoidance System X (ACAS X) family of collision avoidance

systems [2], [3], [4]. The version for manned aircraft, ACAS

Xa, is expected to become the next international standard for

large commercial transport and cargo aircraft. The variant for

unmanned aircraft, ACAS Xu, uses dynamic programming to

determine horizontal or vertical resolution advisories in order

to avoid collisions while minimizing disruptive alerts. ACAS

Xu was successfully flight tested in 2014 using NASA’s Ikhana

aircraft [5].
The dynamic programming process for creating the ACAS

Xu horizontal decision making logic results in a large numeric

lookup table that contains scores associated with different

maneuvers from millions of different discrete states. The

table is extremely large, requiring hundreds of gigabytes of
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floating point storage. A simple technique to reduce the size

of the score table is to downsample the table after dynamic

programming. To minimize the degradation in decision quality,

states are removed in areas where the variation between values

in the table are smooth. The downsampling reduces the size

of the table by a factor of 180 from that produced by dynamic

programming. For the rest of this paper, the downsampled

ACAS Xu horizontal table is referred to as the baseline,

original table.
Even after downsampling, the current table requires over

2GB of floating point storage, too large for certified avionics

systems [6]. Although modern hardware can handle 2GB of

storage, the certification process for aircraft computer hard-

ware is expensive and time-consuming, so a solution capable

of running on legacy hardware is desired [7]. While there is

no formal limit for floating point storage on legacy avionics, a

representation occupying less than 120MB would be sufficient.

For an earlier version of ACAS Xa, block compression was

introduced to take advantage of the fact that, for many discrete

states, the scores for the available actions are identical [8]. One

critical contribution of that work was the observation that the

table could be stored in IEEE half-precision with no apprecia-

ble loss of performance. Block compression was adequate for

the ACAS Xa tables that limit advisories to vertical maneuvers,

but the ACAS Xu tables for horizontal maneuvers are much

larger. Recent work explored a new algorithm that exploits the

score table’s natural symmetry to remove redundancy within

the table [9]. However, results showed that this compression

algorithm could not achieve sufficient reduction in storage

before compromising performance.

Discretized score tables like this can be represented as

Gaussian processes [10] or kd-trees [11]. Decision trees offer

a way to compress the table by organizing the data into a tree

structure to remove table redundancy. In addition a decision

tree can increase compression by simplifying areas of the table

with low variance, although this will result in a lossy compres-

sion. Decision trees are a popular machine learning algorithm

and have been applied to numerous problems including land

cover classification and energy consumption prediction [12],

[13].
Other approaches to compressing the table seek to find a

robust nonlinear function approximation that represents the

table. Linear regression is popular for smaller datasets, but

this approach does not generalize well for large datasets with

many more examples than features. Support Vector Machines

(SVM) are also a popular regression algorithm. By storing

only the supporting vectors found by the algorithm, less data

would need to be stored, effectively compressing the dataset.
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An applicant being interviewed on their phone

By  Charles Hymas 
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rtificial intelligence (AI) and facial expression technology is being used

for the first time in job interviews in the UK to identify the best

candidates.

Unilever, the consumer goods giant, is among companies using AI

technology to analyse the language, tone and facial expressions of candidates

when they are asked a set of identical job questions which they film on their

mobile phone or laptop.
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4 ways to check for skin cancer
with your smartphone

B Y  A M A N D A  C A P R I T T O |  S E P T E M B E R  1 6 ,  2 0 1 9  1 0 : 5 7  A M  P D T

Your phone can help you recognize suspicious moles and
marks, but you should still see a dermatologist or doctor.

1

Early detection of skin cancer could be the difference between a simple mole
removal or several rounds of chemotherapy. 
SkinVision

No matter what time of year, or what the weather is outdoors,
your skin can still get damaged by UV rays. The scary part of all
that time in the sun is that it can lead to skin cancer, which
accounts for more diagnoses each year than all other cancers.
The good news is that early detection could be the difference
between a simple mole removal or malignant cancer that spreads
to other parts of the body. 

A handful of smartphone apps and devices claim to aid early
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ON A SPRING AFTERNOON IN 2014, Brisha Borden was running late to pick up her god-
sister from school when she spotted an unlocked kid’s blue Hu!y bicycle and a silver
Razor scooter. Borden and a friend grabbed the bike and scooter and tried to ride them
down the street in the Fort Lauderdale suburb of Coral Springs.

Just as the 18-year-old girls were realizing they were too big for the tiny conveyances —
which belonged to a 6-year-old boy — a woman came running after them saying, “That’s
my kid’s stu!.” Borden and her friend immediately dropped the bike and scooter and
walked away.

But it was too late — a neighbor who witnessed the heist had already called the police.
Borden and her friend were arrested and charged with burglary and petty theft for the
items, which were valued at a total of $80.

Machine Bias
There’s software used across the country to predict future criminals. And it’s biased

against blacks.

by Julia Angwin, Je! Larson, Surya Mattu and Lauren Kirchner, ProPublica
May 23, 2016

ProPublica DonateShare on Facebook Share on Twitter Comment
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 2IBM’s Watson supercomputer recommended ‘unsafe and incorrect’

cancer treatments, internal documents show
By Casey Ross3 @caseymross4 and Ike Swetlitz

July 25, 2018

Alex Hogan/STAT

nternal IBM documents show that its Watson supercomputer often spit out

erroneous cancer treatment advice and that company medical specialists and

customers identified “multiple examples of unsafe and incorrect treatment

recommendations” as IBM was promoting the product to hospitals and physicians

around the world.
The documents — slide decks presented last summer by IBM Watson Health’s

deputy chief health officer — largely blame the problems on the training of
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Amazon scraps secret AI recruiting tool that

showed bias against women

Jeffrey Dastin

8  M I N  R E A D

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

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

The team had been building computer programs since 2014 to review job applicants’

resumes with the aim of mechanizing the search for top talent, five people familiar with

the effort told Reuters.

Automation has been key to Amazon’s e-commerce dominance, be it inside warehouses

or driving pricing decisions. The company’s experimental hiring tool used artificial

intelligence to give job candidates scores ranging from one to five stars - much like

shoppers rate products on Amazon, some of the people said.

“Everyone wanted this holy grail,” one of the people said. “They literally wanted it to be

an engine where I’m going to give you 100 resumes, it will spit out the top five, and

we’ll hire those.”
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When Government Rules

by Software, Citizens Are

Left in the Dark
Agencies decline to release information about algorithms

used for criminal justice, social welfare, and education.

In July, San

Francisco Superior

Court Judge Sharon

Reardon

considered

BEN BOURS
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A self-driving Uber ran a red
light last December, contrary to

company claimsInternal documents reveal that the car was at fault

By Andrew Liptak @AndrewLiptak  Feb 25, 2017, 11:08am EST

TRANSPORTATION UBER RIDE-SHARING

8

Last December, a self-driving Uber was caught on camera running a red light in

San Francisco, shortly after the vehicles began testing on the roads. While Uber

claimed at the time that a driver was at fault, a report from The New York Times
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How Target Figured Out A Teen
Girl Was Pregnant Before Her
Father Did

Tech

Welcome to The Not-So Private Parts where technology & privacy collide

Kashmir Hill Former Staff

This article is more than 2 years old.

Every time you go shopping, you share
intimate details about your consumption
patterns with retailers. And many of those
retailers are studying those details to figure
out what you like, what you need, and which
coupons are most likely to make you happy.
Target , for example, has figured
out how to data-mine its way into your
womb, to figure out whether you have a baby
on the way long before you need to start
buying diapers.

Charles Duhigg outlines in the New York
Times how Target tries to hook parents-to-be at that crucial moment before
they turn into rampant -- and loyal -- buyers of all things pastel, plastic, and
miniature. He talked to Target statistician Andrew Pole -- before Target freaked

Target has got you in its aim

TGT +0%
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incorrect data
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incomplete data

inaccurate data
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By Steve Lohr

Aug. 17, 2014

Technology revolutions come in measured, sometimes foot-dragging steps. The lab science and marketing

enthusiasm tend to underestimate the bottlenecks to progress that must be overcome with hard work and

practical engineering.

The field known as “big data” offers a contemporary case study. The catchphrase stands for the modern

abundance of digital data from many sources — the web, sensors, smartphones and corporate databases — that

can be mined with clever software for discoveries and insights. Its promise is smarter, data-driven decision-

making in every field. That is why data scientist is the economy’s hot new job.

Yet far too much handcrafted work — what data scientists call “data wrangling,” “data munging” and “data

janitor work” — is still required. Data scientists, according to interviews and expert estimates, spend from 50

percent to 80 percent of their time mired in this more mundane labor of collecting and preparing unruly digital

data, before it can be explored for useful nuggets.

“Data wrangling is a huge — and surprisingly so — part of the job,” said Monica Rogati, vice president for data

science at Jawbone, whose sensor-filled wristband and software track activity, sleep and food consumption, and

suggest dietary and health tips based on the numbers. “It’s something that is not appreciated by data civilians. At

times, it feels like everything we do.”

Several start-ups are trying to break through these big data bottlenecks by developing software to automate the

gathering, cleaning and organizing of disparate data, which is plentiful but messy. The modern Wild West of data

needs to be tamed somewhat so it can be recognized and exploited by a computer program.

“It’s an absolute myth that you can send an algorithm over raw data and have insights pop up,” said Jeffrey Heer,

a professor of computer science at the University of Washington and a co-founder of Trifacta, a start-up based in

San Francisco.

Unlock more free articles.
Create an account or log in

Timothy Weaver, the chief information officer of Del Monte Foods, calls the predicament of data wrangling big

data’s “iceberg” issue, meaning attention is focused on the result that is seen rather than all the unseen toil

beneath. But it is a problem born of opportunity. Increasingly, there are many more sources of data to tap that can

deliver clues about a company’s business, Mr. Weaver said.

For Big-Data Scientists, ‘Janitor

Work’ Is Key Hurdle to Insights

TECHNOLOGY

accidentally duplicated data

mislabeled data

wrongly converted data

accidentally (un)used data

Pre-Processing is Fragile
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Artificial Intelligence / Machine Learning

The Dark Secret at the Heart of AI
No one really knows how the most advanced algorithms do what they do. That
could be a problem.

by Will Knight Apr 11, 2017

01/10/2019, 17)36Twitter Publish

Page 2 of 2https://publish.twitter.com/?query=https%3A%2F%2Ftwitter.com%2FJanelleCShane%2Fstatus%2F969239712190746624&widget=Tweet

Janelle Shane
@JanelleCShane

Does anyone have a picture of sheep in a really unusual place? 
It's for pranking a neural net.

3,676 5:55 PM - Mar 1, 2018

1,773 people are talking about this

© 2019 Twitter, Inc About Help Terms Privacy Cookies Blog Advertise Businesses Media Developers
TweetDeck Partners
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" &&"
" "% %

#$$ #

"" & &

Causal Fairness
FK

<latexit sha1_base64="ULiSn88lDKSpwS1DYm3HrWHFNc4="></latexit>



F
<latexit sha1_base64="E3M+Qwxp+HxEVYkPjDZQOw30wUM="></latexit>

12

the program outcome is independent from the sensitive inputs
FK

def
= {JP K 2 P (⌃+1) | 8i 2 K : unusedi(JP K)}

<latexit sha1_base64="ZmFrHI+NA1IT2eXtaF5C5g/u10g="></latexit>

#$$ #
" "% %

" "& &

any possible outcome is possible from any sensitive value

" &&"
" "% %

#$$ #

"" & &

Causal Fairness is Not a Trace Property
FK

<latexit sha1_base64="ULiSn88lDKSpwS1DYm3HrWHFNc4="></latexit>



Causal Fairness

F
<latexit sha1_base64="E3M+Qwxp+HxEVYkPjDZQOw30wUM="></latexit>

JP K
<latexit sha1_base64="dZXjr7y/ZlhL1M8DZq2nwxg3j14="></latexit>

13

Sound Causal Fairness Validation
JP K\

<latexit sha1_base64="HDhyYGHLMfIWCmJ4V4CP6IbE1bM="></latexit>

JP K\ ✓ T ) JP K ✓ T
<latexit sha1_base64="m9t1ylaHWQAhWPeK4rsSCfxWbtQ="></latexit>

JP K\ 2 FK 6) JP K 2 FK
<latexit sha1_base64="zvADJ3dB2vGAj6XwT7BEEOxCQ9E="></latexit>

" "" " " "

Trace Properties

T
<latexit sha1_base64="F0zSEy/2pGaxb85tj+WPikIFpSc="></latexit>

JP K\
<latexit sha1_base64="HDhyYGHLMfIWCmJ4V4CP6IbE1bM="></latexit>

JP K\
<latexit sha1_base64="HDhyYGHLMfIWCmJ4V4CP6IbE1bM="></latexit>

" "" "" "

JP K
<latexit sha1_base64="dZXjr7y/ZlhL1M8DZq2nwxg3j14="></latexit>



⇤•<latexit sha1_base64="gHG40E4nsZMO6WM5MOzoL4bY6lA="></latexit>

14

Outcome Abstraction
↵•<latexit sha1_base64="cWxim3spCKSDGMzcksatlEQJzw0="></latexit>

⇤
<latexit sha1_base64="U/eyxyLZNiqYxYfBxQZVWs9LQgg="></latexit>

↵•<latexit sha1_base64="cWxim3spCKSDGMzcksatlEQJzw0="></latexit>

⇤•<latexit sha1_base64="jnlwhIdyom1HvsDayM3NnYPjDzU="></latexit>

partition executions based on their outcome



Outcome Semantics

15

JP K•
<latexit sha1_base64="a05EJGCw2AVqTleBfD5D2yjvxVw="></latexit>

⇤• = lfpv· ⇥•

⇥•(S)
def
= {⌦o | o 2 O} [· {⌧ ; T | T 2 S}

<latexit sha1_base64="FMlDOmN2ZBiOV45BwAIWOh4Lx4k="></latexit>

⇤•<latexit sha1_base64="gHG40E4nsZMO6WM5MOzoL4bY6lA="></latexit>



⇤•<latexit sha1_base64="gHG40E4nsZMO6WM5MOzoL4bY6lA="></latexit>

16

Sound and Complete Causal Fairness Validation

⇤
<latexit sha1_base64="U/eyxyLZNiqYxYfBxQZVWs9LQgg="></latexit>

P |= FK , JP K 2 FK
<latexit sha1_base64="r1mAS74FzqRucQaHKaWWAHxRmF0="></latexit>

↵•<latexit sha1_base64="cWxim3spCKSDGMzcksatlEQJzw0="></latexit>

⇤•<latexit sha1_base64="jnlwhIdyom1HvsDayM3NnYPjDzU="></latexit>

P |= FK , JP K• ✓ FK
<latexit sha1_base64="Qi9+QjEChJtGsxOo/0mD7fpFm10="></latexit>

, 8S1, S2 2 JP K• :
S1[0]|K \ S2[0]|K = ;

<latexit sha1_base64="lqDWXerJ2bOIGwrzorqaTELH6/c="></latexit>

" "& &

" &&"

"" & &

JP K•
<latexit sha1_base64="a05EJGCw2AVqTleBfD5D2yjvxVw="></latexit>



⇤•<latexit sha1_base64="gHG40E4nsZMO6WM5MOzoL4bY6lA="></latexit>

17

Dependency Abstraction
↵ <latexit sha1_base64="A3Uaw2rWzZ5f3JTdmDCIMxgd3xQ="></latexit>

↵ <latexit sha1_base64="A3Uaw2rWzZ5f3JTdmDCIMxgd3xQ="></latexit>

⇤ <latexit sha1_base64="tljsD5XlqSoErgDL8dSuxoXvHlI="></latexit>

⇤ <latexit sha1_base64="WC1tExUKCHi6hopiQkJ3nSNZA24="></latexit>

forget intermediate states



⇤+
 <latexit sha1_base64="+rhmN8lYJsxe+l6hbavCxuwDTFY="></latexit>

18

Angelic Abstraction
↵+

<latexit sha1_base64="QDAg+Imv9oFvsVyp5v9+12xyNf4="></latexit>

⇤
<latexit sha1_base64="U/eyxyLZNiqYxYfBxQZVWs9LQgg="></latexit>

⇤•<latexit sha1_base64="gHG40E4nsZMO6WM5MOzoL4bY6lA="></latexit>

⇤ <latexit sha1_base64="tljsD5XlqSoErgDL8dSuxoXvHlI="></latexit>

↵+
<latexit sha1_base64="QDAg+Imv9oFvsVyp5v9+12xyNf4="></latexit>

↵+
<latexit sha1_base64="QDAg+Imv9oFvsVyp5v9+12xyNf4="></latexit>

↵+
<latexit sha1_base64="QDAg+Imv9oFvsVyp5v9+12xyNf4="></latexit>

⇤+
<latexit sha1_base64="O2eVE+5QM6IJGL9zL68u5kLtnPg="></latexit>

⇤+
•<latexit sha1_base64="5j4jMQqARd0AI4aoIO96VR8qHXk="></latexit>

⇤+
 <latexit sha1_base64="phEz/an0/EWykyz//Rf14jakYqA="></latexit>

forget infinite executions

data analysis



Angelic Dependency Semantics

19

⇤+
 = lfpv·{;} ⇥+

 

⇥+
 (S)

def
= {⌦o ⇥ ⌦o | o 2 O} [· {⌧ �R | R 2 S}

<latexit sha1_base64="D07DKKFnTKddLgv0IVLitee5G3Y="></latexit>

JP K+ 
<latexit sha1_base64="I8AaxtsM6UAlmTxo0LfkdFYPc2c="></latexit>

⇤+
 <latexit sha1_base64="+rhmN8lYJsxe+l6hbavCxuwDTFY="></latexit>



⇤+
<latexit sha1_base64="kNG+3zkdJb4CUEHtql5bnYKICGk="></latexit>

↵+
<latexit sha1_base64="QDAg+Imv9oFvsVyp5v9+12xyNf4="></latexit>

↵+
<latexit sha1_base64="QDAg+Imv9oFvsVyp5v9+12xyNf4="></latexit>

↵+
<latexit sha1_base64="QDAg+Imv9oFvsVyp5v9+12xyNf4="></latexit>

⇤+
•<latexit sha1_base64="5j4jMQqARd0AI4aoIO96VR8qHXk="></latexit>

⇤+
 <latexit sha1_base64="phEz/an0/EWykyz//Rf14jakYqA="></latexit>

↵ <latexit sha1_base64="A3Uaw2rWzZ5f3JTdmDCIMxgd3xQ="></latexit> ⇤ <latexit sha1_base64="/5Sh4i0wdoxGuuItsO4uLVyPqHg="></latexit>

↵ <latexit sha1_base64="A3Uaw2rWzZ5f3JTdmDCIMxgd3xQ="></latexit>

⇤+
 <latexit sha1_base64="+rhmN8lYJsxe+l6hbavCxuwDTFY="></latexit>

⇤
<latexit sha1_base64="U/eyxyLZNiqYxYfBxQZVWs9LQgg="></latexit>

⇤•<latexit sha1_base64="gHG40E4nsZMO6WM5MOzoL4bY6lA="></latexit>

⇤+
 <latexit sha1_base64="phEz/an0/EWykyz//Rf14jakYqA="></latexit>

P |= FK

, �+
 (JP K+ ) ✓ FK

, 8S1, S2 2 JP K+ :

S1[0]|K \ S2[0]|K = ;
<latexit sha1_base64="bBipiBhN41GQxWC1bNaV58yYz30="></latexit>

Sound and Complete Causal Fairness Validation
JP K+ 

<latexit sha1_base64="I8AaxtsM6UAlmTxo0LfkdFYPc2c="></latexit>

P |= FK , JP K• ✓ FK
<latexit sha1_base64="kzeppwK3llfwWrEXVovuvGmiUpU="></latexit>

, 8S1, S2 2 JP K• :
S1[0]|K \ S2[0]|K = ;

<latexit sha1_base64="jSYcAVGD9ob1kCqSeV2Ok6ERuxw="></latexit>

20



F
<latexit sha1_base64="E3M+Qwxp+HxEVYkPjDZQOw30wUM="></latexit>

$$
&&

#$$ #
&&

#$$ #

Sound Causal Fairness Validation

8S1, S2 2 JP K\ :
(S1[!] 6= S2[!] )
S1[0]|K \ S2[0]|K = ;)

,
<latexit sha1_base64="CdM02jzzHieS/rt6fWVY7Mit1v4="></latexit>

�+
 (JP K\) ✓ FK ) �+

 (JP K+ ) ✓ FK ) P |= FK
<latexit sha1_base64="ByGOqL2t9ljfpMsO4RvCAB3/UGY="></latexit>

$$

JP K\
<latexit sha1_base64="HDhyYGHLMfIWCmJ4V4CP6IbE1bM="></latexit>

&&
#$$ #

JP K+ 
<latexit sha1_base64="I8AaxtsM6UAlmTxo0LfkdFYPc2c="></latexit>

JP K\
<latexit sha1_base64="HDhyYGHLMfIWCmJ4V4CP6IbE1bM="></latexit>

21



F
<latexit sha1_base64="E3M+Qwxp+HxEVYkPjDZQOw30wUM="></latexit>

$$
&&

#$$ #
&&

#$$ #

Sound Causal Fairness Validation

8S1, S2 2 JP K\ :
(S1[!] 6= S2[!] )
S1[0]|K \ S2[0]|K = ;)

,
<latexit sha1_base64="CdM02jzzHieS/rt6fWVY7Mit1v4="></latexit>

�+
 (JP K\) ✓ FK ) �+

 (JP K+ ) ✓ FK ) P |= FK
<latexit sha1_base64="ByGOqL2t9ljfpMsO4RvCAB3/UGY="></latexit>

$$

JP K\
<latexit sha1_base64="HDhyYGHLMfIWCmJ4V4CP6IbE1bM="></latexit>

&&
#$$ #

JP K+ 
<latexit sha1_base64="I8AaxtsM6UAlmTxo0LfkdFYPc2c="></latexit>

JP K\
<latexit sha1_base64="HDhyYGHLMfIWCmJ4V4CP6IbE1bM="></latexit>

partition with respect to non-sensitive inputs

21



22

Parallel Semantics and Validation
LP M+ 

<latexit sha1_base64="7oPgof4y6UmpC8oHPCuedgsOWGg="></latexit>

⇤
<latexit sha1_base64="31X92jljLPESsa31w5UfGM65rrI="></latexit>

⇤•<latexit sha1_base64="WSUKosuosjPJWGPKf7KMbkEqhuw="></latexit>

⇤ <latexit sha1_base64="Lp64eO5At0iaM+qgTaCvhorKnbc="></latexit>

⇤+
<latexit sha1_base64="HzGkjutbQr9gPrRO/E6PwNKAOLY="></latexit>

⇤+
•<latexit sha1_base64="0jp1CuY5EiSRLsEKA6xTss88aqo="></latexit>

⇤+
 <latexit sha1_base64="FuLCw/nD5H2GMoYUT8SeT8j6KG4="></latexit>

P |= FK

, �+
 (JP K+ ) ✓ FK

, 8S1, S2 2 JP K+ :

S1[0]|K \ S2[0]|K = ;
<latexit sha1_base64="9pc2ynTP2y7LAD1W104zDOGd6z0="></latexit>

P |= FK

, �+
 (LP M+ ) ✓ FK

, 8S1, S2 2 LP M+ :

(S1[!] 6= S2[!] )
S1[0]|K \ S2[0]|K = ;)

<latexit sha1_base64="SSSHjll0AsDA5EYjWsgCXvOMSbo="></latexit>

( 8S1, S2 2 LP M\ : (S1[!] 6= S2[!]

) S1[0]|K \ S2[0]|K = ;)
<latexit sha1_base64="oTQ/uJtBRWpfe187zxvyoqzY3b4="></latexit>

LP M\
<latexit sha1_base64="xdqvK4aRdi72h0wKYdmdI9U5b2s="></latexit>

⇤
<latexit sha1_base64="31X92jljLPESsa31w5UfGM65rrI="></latexit>

⇤•<latexit sha1_base64="WSUKosuosjPJWGPKf7KMbkEqhuw="></latexit>

⇤ <latexit sha1_base64="Lp64eO5At0iaM+qgTaCvhorKnbc="></latexit>

⇤+
<latexit sha1_base64="HzGkjutbQr9gPrRO/E6PwNKAOLY="></latexit>

⇤+
•<latexit sha1_base64="0jp1CuY5EiSRLsEKA6xTss88aqo="></latexit>

⇤+
 <latexit sha1_base64="FuLCw/nD5H2GMoYUT8SeT8j6KG4="></latexit>

⇧<latexit sha1_base64="zqfQEdmK4SI3FTRYfWz+DF8KlKw="></latexit>

⇧•<latexit sha1_base64="K2qYzUhgG/dkhkzeQfd1SaxUvG8="></latexit>

⇧ <latexit sha1_base64="9Jh+QckvGjoZsd5n4m/stjnS83E="></latexit>

⇧+
<latexit sha1_base64="he8vYvmlsMIdw1H77OWwKALxvJU="></latexit>

⇧+
•<latexit sha1_base64="cxXGLMYGOIuMZ51AMNW25WLWxB8="></latexit>

⇧+
 <latexit sha1_base64="Ovz+BkKzKeSa5f1vlGfNmD2aUME="></latexit>



23

Causal Fairness Analysis

mathematical models  
of the program behavior

algorithmic approaches  
to decide program properties

practical tools  
targeting specific programs

⇤
<latexit sha1_base64="31X92jljLPESsa31w5UfGM65rrI="></latexit>

⇤•<latexit sha1_base64="WSUKosuosjPJWGPKf7KMbkEqhuw="></latexit>

⇤ <latexit sha1_base64="Lp64eO5At0iaM+qgTaCvhorKnbc="></latexit>

⇤+
<latexit sha1_base64="HzGkjutbQr9gPrRO/E6PwNKAOLY="></latexit>

⇤+
•<latexit sha1_base64="0jp1CuY5EiSRLsEKA6xTss88aqo="></latexit>

⇤+
 <latexit sha1_base64="FuLCw/nD5H2GMoYUT8SeT8j6KG4="></latexit>

⇧<latexit sha1_base64="zqfQEdmK4SI3FTRYfWz+DF8KlKw="></latexit>

⇧•<latexit sha1_base64="K2qYzUhgG/dkhkzeQfd1SaxUvG8="></latexit>

⇧ <latexit sha1_base64="9Jh+QckvGjoZsd5n4m/stjnS83E="></latexit>

⇧+
<latexit sha1_base64="he8vYvmlsMIdw1H77OWwKALxvJU="></latexit>

⇧+
•<latexit sha1_base64="cxXGLMYGOIuMZ51AMNW25WLWxB8="></latexit>

⇧+
 <latexit sha1_base64="Ovz+BkKzKeSa5f1vlGfNmD2aUME="></latexit>



24

input layer hidden layers output layer

Feed-Forward Neural Networks

xi,j = f

 
X

k

wi�1
j,k ⇥ xi�1,k + bi,j

!

<latexit sha1_base64="l3t7ZUUaSdO6ykybEu3u9rlF/Xg="></latexit>

xi,j = f

 
X

k

wi�1
j,k ⇥ xi�1,k + bi,j

!

<latexit sha1_base64="+tPJm4FL7YfEHfX8LfZHZMvthwY="></latexit>



24

input layer hidden layers output layer

Feed-Forward Neural Networks

xi,j = f

 
X

k

wi�1
j,k ⇥ xi�1,k + bi,j

!

<latexit sha1_base64="l3t7ZUUaSdO6ykybEu3u9rlF/Xg="></latexit>

xi,j = max

 
X

k

wi�1
j,k ⇥ xi�1,k + bi,j , 0

!

<latexit sha1_base64="4Zy1mljMAPLmnLOnM7BU36IJDNs="></latexit>

xi,j = f

 
X

k

wi�1
j,k ⇥ xi�1,k + bi,j

!

<latexit sha1_base64="+tPJm4FL7YfEHfX8LfZHZMvthwY="></latexit>

xi,j = max

 
X

k

wi�1
j,k ⇥ xi�1,k + bi,j , 0

!

<latexit sha1_base64="pW7KKm8jLWDyt+vQj2xqAHE3IY8="></latexit>



24

input layer hidden layers output layer

Feed-Forward Neural Networks

xi,j = f

 
X

k

wi�1
j,k ⇥ xi�1,k + bi,j

!

<latexit sha1_base64="l3t7ZUUaSdO6ykybEu3u9rlF/Xg="></latexit>

xi,j = max

 
X

k

wi�1
j,k ⇥ xi�1,k + bi,j , 0

!

<latexit sha1_base64="4Zy1mljMAPLmnLOnM7BU36IJDNs="></latexit>

F
<latexit sha1_base64="E3M+Qwxp+HxEVYkPjDZQOw30wUM="></latexit>|=

<latexit sha1_base64="ojchYAcPd+kblYmm6pjHCzhgHwI="></latexit>

xi,j = f

 
X

k

wi�1
j,k ⇥ xi�1,k + bi,j

!

<latexit sha1_base64="+tPJm4FL7YfEHfX8LfZHZMvthwY="></latexit>

xi,j = max

 
X

k

wi�1
j,k ⇥ xi�1,k + bi,j , 0

!

<latexit sha1_base64="pW7KKm8jLWDyt+vQj2xqAHE3IY8="></latexit>
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Naïve Backward Analysis

F
<latexit sha1_base64="E3M+Qwxp+HxEVYkPjDZQOw30wUM="></latexit>

$$
&&

#$$ #

&&
#$$ #

21

Sound Causal Fairness Validation

$$

JP K\
<latexit sha1_base64="HDhyYGHLMfIWCmJ4V4CP6IbE1bM="></latexit>

&&
#$$ #

JP K+ 
<latexit sha1_base64="I8AaxtsM6UAlmTxo0LfkdFYPc2c="></latexit>

JP K\
<latexit sha1_base64="HDhyYGHLMfIWCmJ4V4CP6IbE1bM="></latexit>

8S1, S2 2 JP K\ :
(S1[!] 6= S2[!] )
S1[0]|K \ S2[0]|K = ;)

,
<latexit sha1_base64="CdM02jzzHieS/rt6fWVY7Mit1v4="></latexit>

�+
 (JP K\) ✓ FK ) �+

 (JP K+ ) ✓ FK ) P |= FK
<latexit sha1_base64="ByGOqL2t9ljfpMsO4RvCAB3/UGY="></latexit>



25

Naïve Backward Analysis

F
<latexit sha1_base64="E3M+Qwxp+HxEVYkPjDZQOw30wUM="></latexit>

$$
&&

#$$ #

&&
#$$ #

21

Sound Causal Fairness Validation

$$

JP K\
<latexit sha1_base64="HDhyYGHLMfIWCmJ4V4CP6IbE1bM="></latexit>

&&
#$$ #

JP K+ 
<latexit sha1_base64="I8AaxtsM6UAlmTxo0LfkdFYPc2c="></latexit>

JP K\
<latexit sha1_base64="HDhyYGHLMfIWCmJ4V4CP6IbE1bM="></latexit>

8S1, S2 2 JP K\ :
(S1[!] 6= S2[!] )
S1[0]|K \ S2[0]|K = ;)

,
<latexit sha1_base64="CdM02jzzHieS/rt6fWVY7Mit1v4="></latexit>

�+
 (JP K\) ✓ FK ) �+

 (JP K+ ) ✓ FK ) P |= FK
<latexit sha1_base64="ByGOqL2t9ljfpMsO4RvCAB3/UGY="></latexit>



25

Naïve Backward Analysis

F
<latexit sha1_base64="E3M+Qwxp+HxEVYkPjDZQOw30wUM="></latexit>

$$
&&

#$$ #

&&
#$$ #

21

Sound Causal Fairness Validation

$$

JP K\
<latexit sha1_base64="HDhyYGHLMfIWCmJ4V4CP6IbE1bM="></latexit>

&&
#$$ #

JP K+ 
<latexit sha1_base64="I8AaxtsM6UAlmTxo0LfkdFYPc2c="></latexit>

JP K\
<latexit sha1_base64="HDhyYGHLMfIWCmJ4V4CP6IbE1bM="></latexit>

8S1, S2 2 JP K\ :
(S1[!] 6= S2[!] )
S1[0]|K \ S2[0]|K = ;)

,
<latexit sha1_base64="CdM02jzzHieS/rt6fWVY7Mit1v4="></latexit>

�+
 (JP K\) ✓ FK ) �+

 (JP K+ ) ✓ FK ) P |= FK
<latexit sha1_base64="ByGOqL2t9ljfpMsO4RvCAB3/UGY="></latexit>

xi,j = max

 
X

k

wi�1
j,k ⇥ xi�1,k + bi,j , 0

!

<latexit sha1_base64="pW7KKm8jLWDyt+vQj2xqAHE3IY8="></latexit>

too many disjunctions!



Forward and Backward Analysis

26



Forward and Backward Analysis

26
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Forward and Backward Analysis
A Better Solution
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Forward and Backward Analysis
A Better Solution



27

Forward and Backward Analysis
A Better Solution



27

Forward and Backward Analysis
A Better Solution



28

Implementation

mathematical models  
of the program behavior

algorithmic approaches  
to decide program properties

practical tools  
targeting specific programs

https://github.com/caterinaurban/Libra

⇤
<latexit sha1_base64="31X92jljLPESsa31w5UfGM65rrI="></latexit>

⇤•<latexit sha1_base64="WSUKosuosjPJWGPKf7KMbkEqhuw="></latexit>

⇤ <latexit sha1_base64="Lp64eO5At0iaM+qgTaCvhorKnbc="></latexit>

⇤+
<latexit sha1_base64="HzGkjutbQr9gPrRO/E6PwNKAOLY="></latexit>

⇤+
•<latexit sha1_base64="0jp1CuY5EiSRLsEKA6xTss88aqo="></latexit>

⇤+
 <latexit sha1_base64="FuLCw/nD5H2GMoYUT8SeT8j6KG4="></latexit>

⇧<latexit sha1_base64="zqfQEdmK4SI3FTRYfWz+DF8KlKw="></latexit>

⇧•<latexit sha1_base64="K2qYzUhgG/dkhkzeQfd1SaxUvG8="></latexit>

⇧ <latexit sha1_base64="9Jh+QckvGjoZsd5n4m/stjnS83E="></latexit>

⇧+
<latexit sha1_base64="he8vYvmlsMIdw1H77OWwKALxvJU="></latexit>

⇧+
•<latexit sha1_base64="cxXGLMYGOIuMZ51AMNW25WLWxB8="></latexit>

⇧+
 <latexit sha1_base64="Ovz+BkKzKeSa5f1vlGfNmD2aUME="></latexit>

https://github.com/caterinaurban/Libra
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nosym sym

p d precise bias time precise bias time

0.5

3 50,00% 0,47% 0h 10m 65,74% 1,59% 0h 5m

5 88,89% 4,18% 1h 47m 93,29% 4,41% 0h 24m

7 98,38% 5,48% 6h 50m 99,31% 5,74% 1h 7m

9 100,00% 6,48% 7h 11m 100,00% 6,48% 5h 27m

0.25

3 89,35% 3,46% 0h 46m 94,33% 4,31% 0h 6m

5 99,59% 5,31% 2h 0m 99,71% 5,75% 0h 14m

7 100,00% 5,48% 8h 3m 100,00% 5,74% 1h 8m

9 100,00% 6,48% 7h 10m 100,00% 6,48% 5h 20m

0.125

3 98,84% 4,43% 0h 28m 99,45% 4,88% 0h 8m

5 99,99% 5,35% 1h 52m 99,99% 5,78% 0h 14m

7 100,00% 6,20% 7h 57m 100,00% 5,74% 1h 6m

9 100,00% 6,71% 8h 43m 100,00% 6,48% 5h 25m
100s

1000s

10000s
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mathematical models  
of the program behavior

algorithmic approaches  
to decide program properties

practical tools  
targeting specific programs

QUESTIO
NS?
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⇤
<latexit sha1_base64="31X92jljLPESsa31w5UfGM65rrI="></latexit>

⇤•<latexit sha1_base64="WSUKosuosjPJWGPKf7KMbkEqhuw="></latexit>

⇤ <latexit sha1_base64="Lp64eO5At0iaM+qgTaCvhorKnbc="></latexit>

⇤+
<latexit sha1_base64="HzGkjutbQr9gPrRO/E6PwNKAOLY="></latexit>

⇤+
•<latexit sha1_base64="0jp1CuY5EiSRLsEKA6xTss88aqo="></latexit>

⇤+
 <latexit sha1_base64="FuLCw/nD5H2GMoYUT8SeT8j6KG4="></latexit>

⇧<latexit sha1_base64="zqfQEdmK4SI3FTRYfWz+DF8KlKw="></latexit>

⇧•<latexit sha1_base64="K2qYzUhgG/dkhkzeQfd1SaxUvG8="></latexit>

⇧ <latexit sha1_base64="9Jh+QckvGjoZsd5n4m/stjnS83E="></latexit>

⇧+
<latexit sha1_base64="he8vYvmlsMIdw1H77OWwKALxvJU="></latexit>

⇧+
•<latexit sha1_base64="cxXGLMYGOIuMZ51AMNW25WLWxB8="></latexit>

⇧+
 <latexit sha1_base64="Ovz+BkKzKeSa5f1vlGfNmD2aUME="></latexit>

https://github.com/caterinaurban/Libra

