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Millions of black people affected by
racial bias in health-care algorithms

Study reveals rampant racism in decision-making
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Feed Forward Neural Networks
Classification of Tabular Data
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Data Science Pipeline
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Data is Dirty
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pre-processing training data analysis

inconsistent data

incorrect data

incomplete data

inaccurate data



n . - TECHNOLOGY &he New York Eimes
Pre-Processing is Fragile

For Big-Data Scientists, Janitor

Work’ Is Key Hurdle to Insights

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, before it can be explored for useful nuggets.

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.”

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

pre-processing
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.
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- accidentally duplicated data

" wrongly converted data

"accidentally (un)used data



Accuracy Is Meaningless

THIS 1S YOUR MACHINE LEARNING SYSTEM?

YUP! YOU POUR THE DATA INTO THIS BIG
PILE OF LINEAR ALGEBRA, THEN COLLECT
THE ANSWERS ON THE OTHER SIDE.

WHAT IF THE ANSWERS ARE |LJRONG? )
' JUST STIR THE PILE UNTIL

training data analysis

Geoffrey Hinton o

@geoffreyhinton

Suppose you have cancer and you have to choose between a
black box Al surgeon that cannot explain how it works but has a
90% cure rate and a human surgeon with an 80% cure rate. Do
you want the Al surgeon to be illegal?
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Inscrutability
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pre-processing training data analysis

MIT Technology Review =(

Artificial Intelligence / Machine Learning

The Dark Secret at the Heart of Al

No one really knows how the most advanced algorithms do what they do. That
could be aproblem.

by Will Knight Apr 11,2017
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Static Analysis by Abstract Interpretation
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ABSTRACT INTERPRETATION : A UNIFIED LATTICE MODEL FOR STATIC ANALYSIS
OF PROGRAMS BY CONSTRUCTION OR APPROXIMATIOM OF FIXPOINTS

. - *
Patrick Cousot*and Radhia Cousot”

Laboratoire d'finformactique, U.S.M.G., BP. 53
38041 Grenoble cedex, France

1. Introduction Abstract prayram propertics are modeled by a com-
plate semilattice, BirkhofE[61}, Elementary pro-—
gram constructs ate locally interpreted by order
preserving [unctions which are used to associate

a system of recursive equations with a program. The
program global properties are thea defined as one
of the extreme fixpoints of that system, Tarski[55]
The abstraction process is defined in sectiom 6. It
is shown that the pgogram prooerties obtained by
an abstract interpretation o¢f a program are consis-
tent with those obtained by a more refimed inter-—
pretation of that program. In particular, an ab-
stract interpretation may be shown ro he consistent
with the formal semantics of the language. Levels
of abstraction are formalized by showing that con-—
sistent abstract inrterpretations form a laltice
(section 7). Section 8 sives a constructive defi-

A program denotes computations in some universe af
abjects. Abstract interpretation of programs con-
sisks in using that denctaticn to describe comnu-
tations in another universe of abstract objects,
so that the results of abstract executien give
some informations on the actual cowputations. An
intuitive example (which we borrow from Sintzoff
[72]) is the rule of signs. The text =1515%17
may be understoed to demote computatioas om Lhe
abstract universa {(+), (=)}, (£}} where the se-—
mantics of arithmetic operators is delined by the
yule of signs. The abstract execution =15t5#* §7
=> =(+) = (+) => (=)« {+) ==> (=), proves Lhat
-15153 % 17 is A negative number. Abstract Loterpre-
taLion is concerned by a particular underlying

strncture of Lhe usval universe of computations
(the sign, in our example). It gives a summary of
some Facets of the actual executions of a program.
Tn general this summary is siwmple to obtain but
inaccurate (e.z. -1515+ 17 => —(+) + (+} ==

nition of abstract properties of orograms based on
constructive definitions of fixpoints. It shows
that various c¢lassical algorithms surh as Kildall
(73], Wembreitl75] compute pragram propcrlLies as
limits of finige Xleeue[52]'s sequences. Sectiun

N N

Radhia Cousot

{ Patrick Cousot
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Static Analysis Recipe

practical tools
targeting specific programs

algorithmic approaches

to decide program properties

mathematical models
of the program behavior
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Static Analysis Recipe

practical tools
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Feed-Forward Neural Networks -
with RelLU Activations
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Toy Example

-0.45

x01 = input()
x02 = input()

x11l =-0.31 * x01 + 0.99 * x02 + (-0.63)
x12 = -1.25 * x01 + (-0.64) * x02 + 1.88

x11 =0if x11 < 0 else x11
x12 = 0if x12 < 0 else x12

x21 =0.40 * x11 + 1.21 * x12 + 0.00
x22 = 0.64 * x11 + 0.69 * x12 + (-0.39)

x21 =0 if x21 < 0 else x21
x22 = 0 if x22 < 0 else x22

x31 =0.26 * x21 + 0.33 * x22 + 0.45
x32 = 1.42 * x21 + 0.40 * x22 + (-0.45)

if x31 > x32:
print(‘credit approved’)
elif x32 < x31:
print(‘credit denied’)

16



Trace Semantics

x01 = input()
x02 = input()

x11 = -0.31 * x01 + 0.99 * x02 + (-0.63)
x12 = -1.25 * x01 + (-0.64) * x02 + 1.88

x11 =0if x11 < 0 else x11
x12 = 0if x12 < 0 else x12

x21 =040 *x11 + 1.21 * x12 + 0.00
x22 = 0.64 * x11 + 0.69 * x12 + (-0.39)

x21 =0 if x21 < 0 else x21
x22 = 0 if x22 < 0 else x22

x31 =0.26 *x21 + 0.33 * x22 + 0.45
x32 = 1.42 * x21 + 0.40 * x22 + (-0.45)

if x31 > x32:
print(‘credit approved’)
elif x32 < x31;
print(‘credit denied’)

P
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Causal Fairness

the classification is independent from the sensitive inputs
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Outcome Semantics

PZFK(:)HP]].QFK
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Dependency Semantics

Sounds and Complete Causal Fairness Certification
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Abstract Semantics
Sounds and-Cemplete Causal Fairness Certification .
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Causal Fairness Analysis

practical tools
targeting specific programs

algorithmic approaches
to decide program properties

mathematical models
of the program behavior
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Naive Backward Analysis




Naive Backward Analysis




Toy Example

Naive Backward Analysis

x01 = float(input())
x02 = float(input())

x11 =-0.31 * x01 + 0.99 * x02 + (-0.63)
x12 = -1.25 * x01 + (-0.64) * x02 + 1.88

x11 =0if x11 < 0 else x11
x12 = 0 if x12 < 0 else x12

x21 =040 *x11 + 1.21 * x12 + 0.00
x22 = 0.64 * x11 + 0.69 * x12 + (-0.39)

x21 =0 if x21 < 0 else x21
x22 = 0 if x22 < 0 else x22

x31 = 0.26 * x21 +O.bg*x22 + 0.45 ‘

x32 =142 * x21 + 0.40 * x22 + (-0.45)

if x31 >*%32:
print(‘credit approved’)

elif x32 < x31:

print(‘credit denied’)

-0.45

too many disjunctions!
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practical tools
targeting specific programs

algorithmic approaches
to decide program properties

mathematical models
of the program behavior

25



Parallel Semantics
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practical tools
targeting specific programs

algorithmic approaches

to decide program properties

mathematical models
of the program behavior

27



Forward and Backward Analysis
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Forward and Backward Analysis
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Forward and Backward Analysis
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Forward and Backward Analysis
A Better Solution
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Forward and Backward Analysis
A Better Solution
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Forward and Backward Analysis
A Better Solution
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Forward and Backward Analysis
A Better Solution
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Toy Example

Activation Pattern-Based Analysis

= 0.25

-0.45

x02

0
0 1 x01

x01 = float(input())
x02 = float(input())

x11 =-0.31 * x01 + 0.99 * x02 + (-0.63)
x12 = -1.25 * x01 + (-0.64) * x02 + 1.88

x11 =0if x11 < 0 else x11
x12 = 0if x12 < 0 else x12

x21 =040 *x11 + 1.21 * x12 + 0.00
x22 = 0.64 * x11 + 0.69 * x12 + (-0.39)

x21 =0 if x21 < 0 else x21
x22 = 0 if x22 < 0 else x22

x31 =0.26 * x21 + 0.33 * x22 + 0.45
x32 = 1.42 * x21 + 0.40 * x22 + (-0.45)

if x31 > x32:
print(‘credit approved’)
elif x32 < x31:
print(‘credit denied’)

30



Toy Example

Activation Pattern-Based Analysis

= 0.25

0.40
x11 x21
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&
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-0.45

x02

0
0 1 x01

x01 = float(input())
x02 = float(input())

x11 =-0.31 * x01 + 0.99 * x02 + (-0.63)
x12 = -1.25 * x01 + (-0.64) * x02 + 1.88

x11 =0if x11 < 0 else x11
x12 = 0if x12 < 0 else x12

x21 =040 *x11 + 1.21 * x12 + 0.00
x22 = 0.64 * x11 + 0.69 * x12 + (-0.39)

x21 =0 if x21 < 0 else x21
x22 = 0 if x22 < 0 else x22

x31 =0.26 * x21 + 0.33 * x22 + 0.45
x32 = 1.42 * x21 + 0.40 * x22 + (-0.45)

if x31 > x32:
print(‘credit approved’)
elif x32 < x31;
print(‘credit denied’)

30



Toy Example

Activation Pattern-Based Analysis
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x01 = float(input())
x02 = float(input())

x11 =-0.31 * x01 + 0.99 * x02 + (-0.63)
x12 = -1.25 * x01 + (-0.64) * x02 + 1.88

x11 =0if x11 < 0 else x11
x12 = 0if x12 < 0 else x12

x21 =040 *x11 + 1.21 * x12 + 0.00
x22 = 0.64 * x11 + 0.69 * x12 + (-0.39)

x21 =0 if x21 < 0 else x21
x22 = 0 if x22 < 0 else x22

x31 =0.26 * x21 + 0.33 * x22 + 0.45
x32 = 1.42 * x21 + 0.40 * x22 + (-0.45)

if x31 > x32:
print(‘credit approved’)
elif x32 < x31:
print(‘credit denied’)
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Toy Example

Activation Pattern-Based Analysis

= 0.25

-0.45

x02

0
0 0.5 0.5 1 X01

x01 = float(input())
x02 = float(input())

x11 =-0.31 * x01 + 0.99 * x02 + (-0.63)
x12 = -1.25 * x01 + (-0.64) * x02 + 1.88

x11 =0if x11 < 0 else x11
x12 = 0if x12 < 0 else x12

x21 =040 *x11 + 1.21 * x12 + 0.00
x22 = 0.64 * x11 + 0.69 * x12 + (-0.39)

x21 =0 if x21 < 0 else x21
x22 = 0 if x22 < 0 else x22

x31 =0.26 * x21 + 0.33 * x22 + 0.45
x32 = 1.42 * x21 + 0.40 * x22 + (-0.45)

if x31 > x32:
print(‘credit approved’)
elif x32 < x31:
print(‘credit denied’)
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Toy Example

Activation Pattern-Based Analysis

= 0.25

-0.45

0 0.5 0.5 1 X01

x01 = float(input())
x02 = float(input())

x11 =-0.31 * x01 + 0.99 * x02 + (-0.63)
x12 = -1.25 * x01 + (-0.64) * x02 + 1.88

x11 =0if x11 < 0 else x11
x12 = 0if x12 < 0 else x12

x21 =040 *x11 + 1.21 * x12 + 0.00
x22 = 0.64 * x11 + 0.69 * x12 + (-0.39)

x21 =0 if x21 < 0 else x21
x22 = 0 if x22 < 0 else x22

x31 =0.26 * x21 + 0.33 * x22 + 0.45
x32 = 1.42 * x21 + 0.40 * x22 + (-0.45)

if x31 > x32:
print(‘credit approved’)
elif x32 < x31:
print(‘credit denied’)

30



Toy Example

Activation Pattern-Based Analysis
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x01 = float(input())
x02 = float(input())

x11 =-0.31 * x01 + 0.99 * x02 + (-0.63)
x12 = -1.25 * x01 + (-0.64) * x02 + 1.88

x11 =0if x11 < 0 else x11
x12 = 0if x12 < 0 else x12

x21 =040 *x11 + 1.21 * x12 + 0.00
x22 = 0.64 * x11 + 0.69 * x12 + (-0.39)

x21 =0 if x21 < 0 else x21
x22 = 0 if x22 < 0 else x22

x31 =0.26 * x21 + 0.33 * x22 + 0.45
x32 = 1.42 * x21 + 0.40 * x22 + (-0.45)

if x31 > x32:
print(‘credit approved’)
elif x32 < x31:
print(‘credit denied’)

30



Toy Example

Activation Pattern-Based Analysis

= 0.25

-0.45

11

0 05 05075 o751 X01

x01 = float(input())
x02 = float(input())

x11 =-0.31 * x01 + 0.99 * X02+(063)
x12 = -1.25 * x01 + (-0.64) * x02 + 1.88

x11 =0if x11 < 0 else x11
x12 = 0if x12 < 0 else x12

x21 =040 *x11 + 1.21 * x12 + 0.00
x22 = 0.64 * x11 + 0.69 * x12 + (-0.39)

x21 =0 if x21 < 0 else x21
x22 = 0 if x22 < 0 else x22

x31 =0.26 * x21 + 0.33 * x22 + 0.45
x32 = 1.42 * x21 + 0.40 * x22 + (-0.45)

if x31 > x32:
print(‘credit approved’)
elif x32 < x31:
print(‘credit denied’)
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Toy Example

Activation Pattern-Based Analysis
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x01 = float(input())
x02 = float(input())

x11 =-0.31 * x01 + 0.99 * x02 + (-0.63)
x12 = -1.25 * x01 + (-0.64) * x02 + 1.88

x11 =0if x11 < 0 else x11
x12 = 0if x12 < 0 else x12

x21 =040 *x11 + 1.21 * x12 + 0.00
x22 = 0.64 * x11 + 0.69 * x12 + (-0.39)

x21 =0 if x21 < 0 else x21
x22 = 0 if x22 < 0 else x22

x31 =0.26 * x21 + 0.33 * x22 + 0.45
x32 = 1.42 * x21 + 0.40 * x22 + (-0.45)

if x31 > x32:
print(‘credit approved’)
elif x32 < x31:
print(‘credit denied’)
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Toy Example

Activation Pattern-Based Analysis
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x01 = float(input())
x02 = float(input())

x11 =-0.31 * x01 + 0.99 * x02 + (-0.63)
x12 = -1.25 * x01 + (-0.64) * x02 + 1.88

x11 =0if x11 < 0 else x11
x12 = 0if x12 < 0 else x12

x21 =040 *x11 + 1.21 * x12 + 0.00
x22 = 0.64 * x11 + 0.69 * x12 + (-0.39)

x21 =0 if x21 < 0 else x21
x22 = 0 if x22 < 0 else x22

x31 =0.26 * x21 + 0.33 * x22 + 0.45
x32 = 1.42 * x21 + 0.40 * x22 + (-0.45)

if x31 > x32:
print(‘credit approved’)
elif x32 < x31:
print(‘credit denied’)
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Toy Example

Activation Pattern-Based Analysis
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0 0.5 0.50.75 0751X01

x01 = float(input())
x02 = float(input())

x11 =-0.31 * x01 + 0.99 * X02+(063)
x12 = -1.25 * x01 + (-0.64) * x02 + 1.88

x11 =0if x11 < 0 else x11
x12 = 0if x12 < 0 else x12

x21 =040 *x11 + 1.21 * x12 + 0.00
x22 = 0.64 * x11 + 0.69 * x12 + (-0.39)

x21 =0 if x21 < 0 else x21
x22 = 0 if x22 < 0 else x22

x31 =0.26 * x21 + 0.33 * x22 + 0.45
x32 = 1.42 * x21 + 0.40 * x22 + (-0.45)

if x31 > x32:
print(‘credit approved’)
elif x32 < x31;
print(‘credit denied’)
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Toy Example

Activation Pattern-Based Analysis
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x01 = float(input())
x02 = float(input())

x11 =-0.31 * x01 + 0.99 * x02 + (-0.63)
x12 = -1.25 * x01 + (-0.64) * x02 + 1.88

x11 =0if x11 < 0 else x11
x12 = 0if x12 < 0 else x12

x21 =040 *x11 + 1.21 * x12 + 0.00
x22 = 0.64 * x11 + 0.69 * x12 + (-0.39)

x21 =0 if x21 < 0 else x21
x22 = 0 if x22 < 0 else x22

x31 =0.26 * x21 + 0.33 * x22 + 0.45
x32 = 1.42 * x21 + 0.40 * x22 + (-0.45)

if x31 > x32:
print(‘credit approved’)
elif x32 < x31:
print(‘credit denied’)
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Toy Example

Activation Pattern-Based Analysis
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x01 = float(input())
x02 = float(input())

x11 =-0.31 * x01 + 0.99 * x02 + (-0.63)
x12 = -1.25 * x01 + (-0.64) * x02 + 1.88

x11 =0if x11 < 0 else x11
x12 = 0if x12 < 0 else x12

x21 =040 *x11 + 1.21 * x12 + 0.00
x22 = 0.64 * x11 + 0.69 * x12 + (-0.39)

x21 =0 if x21 < 0 else x21
x22 = 0 if x22 < 0 else x22

x31 =0.26 * x21 + 0.33 * x22 + 0.45
x32 = 1.42 * x21 + 0.40 * x22 + (-0.45)

if x31 > x32:
print(‘credit approved’)
elif x32 < x31:
print(‘credit denied’)
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Toy Example

Activation Pattern-Based Analysis

-0.45

x02

1
- w o
x01

0 0.5 05075 0.751

x01 = float(input())
x02 = float(input())

x11 =-0.31 * x01 + 0.99 * x02 + (-0.63)
x12 = -1.25 * x01 + (-0.64) * x02 + 1.88

x11 =0if x11 < 0else x11
x12 = 0 if x12 < 0 else x12

x21 =040 *x11 + 1.21 * x12 + 0.00
x22 = 0.64 * x11 + 0.69 * x12 + (-0.39)

x21 =0 if x21 < 0 else x21
x22 = 0 if x22 < 0 else x22

x31 =0.26 * x21 + 0.33 * x22 + 0.45
x32 = 1.42 * x21 + 0.40 * x22 + (-0.45)

if x31 > x32:
print(‘credit approved’)
elif x32 < x31;
print(‘credit denied’)
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Scalability-vs-Precision Tradeoff
Japanese Credit Screening Dataset

P

)

17 inputs

4HL*5N

2 classes
86% accuracy

® BOXES A SYMBOLIC * DEEPPOLY
L U
INPUT |C] |F| TIME INPUT  |C] |F| TIME INPUT  |C| TIME

4 15.28% 37 0 0 8s 58.33% 79 8 20 1m 26s 69.79% 115 10 39 3m 18s

0.5 6 17.01% 39 6 6 51s 69.10% 129 | 22 61 5m 41s 80.56% 104 | 23 51 7m 53s
8 51.39% 90 28 85 12m 2s 82.64% 88 31 67 12m 35s 91.32% 84 27 56 19m 33s

10 | 79.86% 89 34 89 34m 15s 93.06% 98 40 83 42m 32s 96.88% 83 29 58 43m 39s

4 59.09% 1115 20 415 54m 32s 95.94% 884 | 39 484 54m 31s 98.26% 540 65 293 14m 29s

0.25 6 83.77% 1404 79 944 37m 19s 98.68% 634 | 66 376 23m 31s 99.70% 322 79 205 13m 25s
8 96.07% 869 140 761 1h 7m 29s 99.72% 310 | 67 247 | 1h 3m 33s 99.98% 247 69 177 22m 52s

10 | 99.54% 409 93 403 1h 35m 20s | 99.98% 195 | 52 176 | 1h2m 13s | 100.00% 111 47 87 34m 56s

4 97.13% 12449 | 200 9519 | 3h 33m 48s | 99.99% 1101 | 60 685 47m 46s 99.99% 768 | 81 415 19m 1s

0.125 6 99.83% 5919 | 276 4460 3h 23m 100.00% 988 | 77 606 26m 47s 100.00% 489 80 298 16m 54s
8 99.98% 1926 | 203 1568 | 2h 14m 25s | 100.00% 404 | 73 309 46m 31s 100.00% 175 57 129 20m 11s

10 | 100.00% 428 95 427 1h 39m 31s | 100.00% 151 | 53 141 57m 32s 100.00% 80 39 62 28m 33s
4 | 100.00% 19299 | 295 15446 | 6h 13m 24s | 100.00% 1397 | 60 885 40m 5s 100.00% 766 | 87 425 | 16m 41s

0 6 | 100.00% 4843 | 280 3679 2h 24m7s | 100.00% 763 | 66 446 35m 24s 100.00% 401 81 242 32m 29s
8 | 100.00% 1919 | 208 1567 2h 9m 59s | 100.00% 404 | 73 309 45m 48s 100.00% 193 | 68 144 24m 16s

10 | 100.00% 486 102 475 1h41m 3s | 100.00% 217 | 55 192 | 1h2m 11s | 100.00% 121 50 91 30m 53s

32



Seeded Bias
German Credit Dataset (L = 0)

)

D™

17 inputs
4HL*5N
2 classes
71% accuracy

17 inputs
4HL*5N
2 classes
65% accuracy

DEEPPOLY
CREDIT FAIR DATA BIASED DATA
U | Bras |[C] |F| TIME U | Bras |C] |F| TIME
8 0.33% 170 21 25 3m 40s 8 0.79% 260 | 42 53 5m 42s
6 0.17% 211 | 10 10 4m 5s 4 0.31% 218 9 20 1m 6s
2 0.09% 176 4 5 14s 12 0.82% 271 53 61 18m 18s
< 1000 7 0.15% 212 9 9 1m 31s 4 0.42% 242 | 21 28 1m 36s
o 3 0.23% 217 8 15 32s 10 0.95% 260 | 42 67 3m 2s
12 0.30% 213 17 23 5m 45s 2 0.41% 226 | 20 26 1m 56s
6 0.20% 193 | 11 11 52s 3 0.48% 228 | 19 34 39s
5 0.16% 193 9 10 10s 1 0.09% 206 5 5 51s
MIN 0.09% 10s 0.09% 39s
MEDIAN 0.19% 1m 12s 0.45% 1m 46s
MAX 0.33% 5m 45s 0.95% 18m 18s
10 | 12.08% 321 | 8 150 10m 30s 11 | 27.59% 498 | 234 333 1h 16m 41s
11 | 7.43% 329 | 75 125 22m 33s 7 | 30.77% 394 | 70 228 6m 34s
2 2.21% 217 15 16 39s 7 | 33.17% 435 | 185 327 | 6h 51m 50s
> 1000 10 | 4.29% 239 | 24 33 4m 4s 6 | 16.45% 448 | 162 260 18m 25s
4 9.73% 268 | 29 87 4m 0s 13 | 30.17% 418 | 141 332 43m 12s
14 | 14.96% 403 | 116 231 1h9m45s | 5 | 17.24% 460 | 91 217 12m 53s
7 5.83% 313 | 92 115 4m 17s 8 19.23% 363 | 79 189 7m 24s
9 4.61% 264 | 50 74 5m 38s 2 4.52% 331 45 95 4m 44s
MIN 2.21% 39s 4.52% 4m 44s
MEDIAN 6.63% 4m 58s 23.41% 15m 39s
MAX 14.96% 1h 9m 45s 31.17% 6h 51m 50s
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Bias Queries
ProPublica COMPAS Dataset (L = 0)

DEEPPOLY
QUERY FAIR DATA BIASED DATA
U | Bias |C| |F| TIME U | Bias |C| |F| TIME
10 | 0.23% 71 18 20 1h 11m 43s 10 | 0.83% 43 15 33 2h 5m 5s
10 | 0.75% 33 14 16 10m 33s 10 | 6.48% 63 25 34 8m 46s
10 | 0.22% 34 17 22 52m 29s 10 | 1.15% 33 10 14 11m 58s
AGE < 25 10 | 0.24% 118 | 28 29 42m 2s 10 0.42% 31 13 30 10m 51s
RACE BIAS? 10 | 0.31% 117 | 49 54 1h Om 2s 10 | 0.12% 37 11 16 18m 18s
10 | 0.33% 59 18 21 53m 29s 10 | 2.27% 33 16 24 1h 4m 35s
10 | 1.19% 39 17 23 9m 39s 10 | 3.41% 133 | 92 102 33m 43s
10 | 2.12% 33 17 31 5m 18s 10 | 0.18% 33 12 17 14m 58s
MIN 0.22% 5m 18s 0.12% 8m 46s
MEDIAN 0.32% 47m 16s 0.99% 16m 38s
MAX 2.12% 1h 11m 43s 6.48% 2h 5m 5s
10 | 3.86% 242 | 96 180 2h 30m 23s 10 | 5.22% 204 | 65 180 3h 25m 21s
10 | 8.84% 100 | 45 77 19m 47s 10 | 12.38% 387 | 152 318 40m 49s
10 | 8.14% 204 | 47 143 28m 12s 10 | 7.10% 181 | 63 142 20m 51s
MALE 10 | 2.70% 563 | 168 232 1h 49m 9s 10 6.90% 96 23 95 1h 21m 37s
AGE BIAS? 10 | 4.65% 545 | 280 415 1h 33m 36s 10 | 6.14% 157 | 62 110 27m 43s
10 | 5.77% 217 | 68 154 1h 35m 25s 10 | 8.10% 345 | 61 284 47m 9s
10 | 7.76% 252 | 62 226 23m 10s 10 | 6.78% 251 | 141 223 50m 13s
10 | 8.70% 267 | 90 266 53m 26s 10 | 12.88% 257 | 124 228 47m 46s
MIN 2.70% 19m 47s 5.22% 20m 51s
MEDIAN 6.77% 1h 13m 31s 7.00% 47m 28s
MAX 8.84% 2h 20m 23s 12.88% 3h 25m 21s
11 | 2.18% 106 | 21 53 2h 32m 44s 11 2.92% 86 26 69 2h 26m 20s
7 | 3.66% 105 | 38 55 18m 26s 11 | 6.95% 108 | 33 71 15m 29s
11 | 2.73% 100 | 32 57 39m 5s 14 | 4.43% 69 12 51 1h 47m 5s
CAUCASIAN 17 | 2.19% 101 | 28 57 16h 19m 14s 7 3.40% 83 21 82 20m 1s
PRIORS BIAS? | 19 | 3.17% 86 30 53 52h 10m 2s 13 | 3.09% 96 24 58 1h 8m 4s
11 | 2.45% 94 26 52 2h 18m 42s 14 | 5.79% 99 45 87 1h 51m 2s
15 | 3.94% 87 29 52 2h 39m 18s 17 | 5.10% 110 | 73 94 17h 48m 22s
15 | 5.36% 90 35 89 3h 41m 16s 14 | 3.99% 97 38 65 1h 21m 8s
MIN 2.18% 18m 26s 2.92% 15m 29s
MEDIAN 2.95% 2h 36m 1s 4.21% 1h 34m 7s
MAX 5.36% 52h 10m 2s 6.95% 17h 48m 22s

19 inputs
4HL*5N
3 classes
55% | 56% accuracy
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Scalability wrt Neural Network Size

Adult Census Dataset (L = 0.5)

- — — 23 inputs 23 inputs 23 inputs 23 inputs 23 inputs
A \ S 2HL*5N 4HL*3N 4HL*5N 4HL*10N 9HL*5N
O 2 classes 2 classes 2 classes 2 classes 2 classes
M U BOXES SYMBOLIC DEEPPOLY
M| iNpUT  |C| |F| TIME INPUT  |C| |F| TIME iNpUT  |C| |F| TIME
4 88.26% 1482 | 77 1136 33m 55s 95.14% 1132 | 65 686 19m 5s 93.99% 1894 77 992 29m 55s
10 6 99.51% 769 | 51 723 1h 10m 25s | 99.93% 578 47 447 39m 8s 99.83% 1620 54 1042 1h 24m 24s
0D 8 100.00% 152 19 143 | 3h47m 23s | 100.00% 174 18 146 1h 51m 2s 100.00% 1170 26 824 8h 2m 27s
10 100.00% 1 1 55m 58s 100.00% 1 1 1 56m 8s 100.00% 1 1 1 56m 43s
4 49.83% 719 9 329 13m 43s 72.29% 1177 | 11 559 24m 9s 60.52% 1498 14 423 10m 32s
12 6 72.74% 1197 | 15 929 2h 6m 49s 98.54% 333 7 195 20m 46s 66.46% 1653 17 594 15m 44s
A A X 8 98.68% 342 9 284 | 1h46m43s | 98.78% 323 9 190 1h 27m 18s 70.87% 1764 18 724 2h 19m 11s
10 99.06% 313 260 1h 21m 47s 99.06% 307 182 1h 13m 55s 80.76% 1639 18 1007 3h 22m 11s
4 38.92% 1044 | 18 39 2m 6s 51.01% 933 31 92 15m 28s 49.62% 1081 34 79 3m 2s
20 6 46.22% 1123 | 62 255 20m 51s 61.60% 916 67 405 44m 40s 59.20% 1335 90 356 22m 13s
O e @ 8 64.24% 1111 | 96 792 | 2h24m 51s | 74.27% 1125 | 78 780 3h 26m 20s 69.69% 1574 127 652 5h 6m 7s
10 85.90% 1390 | 71 1339 >13h 89.27% 1435 | 60 1157 >13h 76.25% 1711 148 839 4h 36m 23s
4 0.35% 10 0 0 1m 39s 34.62% 768 1 1 6m 56s 26.39% 648 2 3 10m 11s
40 6 0.35% 10 0 0 1m 38s 34.76% 817 4 5 43m 53s 26.74% 592 8 10 1h 23m 11s
ON< 8 0.42% 12 1 2 14m 37s 35.56% 840 21 28 2h 48m 15s 27.74% 686 32 42 2h 43m 2s
10 0.80% 23 10 13 1h 48m 43s 37.19% 880 50 75 11h 32m 21s | 30.56% 699 83 121 >13h
4 1.74% 50 0 1m 38s 41.98% 891 14 49 10m 14s 36.60% 805 6 8 2m 47s
45 6 2.50% 72 3 22 4m 35s 45.00% 822 32 143 45m 42s 38.06% 847 25 50 5m 7s
O @ * 8 9.83% 282 25 234 25m 30s 47.78% 651 46 229 1h 14m 5s 42.53% 975 74 180 25m 1s
10 18.68% 522 | 33 488 1h 51m 24s 49.62% 714 51 294 3h 23m 20s 48.68% 1087 110 373 1h 58m 34s
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Scalability wrt Queried Input Space Size
Adult Census Dataset (L =0.25, U =0.1 * IMI)

M| UERY BOXES SYMBOLIC DEEPPOLY
< INPUT |C] |F| TIME INPUT |C| |F| TIME INPUT |C] |F| TIME
1B 99.931% 99.961% 99.957%
11 0 0 3m 5s 17 0 0 3m 2s 10 0 0 2m 36s
0.009% 0.009% 0.009% 0.009%
E 99.583% 99.783% 99.753%
61 0 0 3m 6s 89 0 0 3m 10s 74 0 0 2m 44s
0.104% 0.104% 0.104% 0.104%
D 97.917% 99.258% 98.984%
151 0 0 2m 56s 297 0 0 3m 41s 477 0 0 2m 58s
%0 1.042% 1.020% 1.034% 1.031%
C 83.503% 95.482% 93.225%
506 2 3 2h 1m 885 25 34 >13h 1145 23 33 12h 57m 37s
8.333% 6.958% 7.956% 7.768%
B 25.634% 76.563% 63.906%
5516 7 11 1h 28m 6s 4917 123 182 >13h 7139 | 117 152 >13h
50% 12.817% 38.281% 31.953%
A 0.052% 61.385% 43.698%
12 0 0 25m 51s 5156 73 102 10h 25m 2s 4757 68 88 >13h
100% 0.052% 61.385% 43.698%
E 99.931% 99.944% 99.931%
6 0 0 3m 15s 9 0 0 3m 35s 6 0 0 3m 30s
0.009% 0.009% 0.009% 0.009%
E 99.583% 99.627% 99.583%
121 0 0 3m 39s 120 0 0 6m 34s 31 0 0 4m 22s
0.104% 0.104% 0.104% 0.104%
D 97.917% 98.247% 97.917%
151 0 0 6m 18s 597 0 0 21m 9s 301 0 0 9m 35s
1.042% 1.020% 1.024% 1.020%
320
C 83.333% 88.294% 83.342%
120 0 0 30m 37s 755 0 0 1h 36m 35s 483 0 0 52m 29s
8.333% 6.944% 7.358% 6.945%
B 25.000% 46.063% 25.074%
5744 0 0 2h 24m 36s 4676 0 0 7h 25m 57s 5762 4 4 >13h
50% 12.500% 23.032% 12.537%
A 0.000% 24.258% 0.017%
0 0 0 2h 54m 25s 2436 0 0 9h 41m 36s 4 0 0 5h 3m 33s
100% 0.000% 24.258% 0.017%
13 99.931% 99.948% 99.931%
11 0 0 7m 35s 10 0 0 24m 42s 6 0 0 7m 6s
0.009% 0.009% 0.009% 0.009%
E 99.583% 99.674% 99.583%
31 0 0 15m 49s 71 0 0 51m 52s 31 0 0 15m 14s
0.104% 0.104% 0.104% 0.104%
D 97.917% 98.668% 97.917%
151 0 0 1h 49s 557 0 0 3h 31m 45s 301 0 0 1h 3m 33s
1.042% 1.020% 1.028% 1.020%
1280
C 83.333% 83.333%
481 0 0 7h 11m 39s - - - — >13h 481 0 0 7h 12m 57s
8.333% 6.944% 6.944%
B
= = = = >13h = = = = >13h = = = = >13h
50%
A
- - - - >13h - - - - >13h - - - - >13h
100%
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