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1. Recap: Causal Inference in a Nutshell




1. Recap: Causal Inference in a Nutshell ﬂglasso
attner
Summary Institut

Traditional statistics, machine learning, etc.
= About associations
= Model the distribution of the data
» Predict given observations

Causal Inference
= About causation

= Model the mechanism that generates the data E;gff:nﬂ":;ﬁgﬁfns

in Enterprise Computing

= Predict results of interventions
Hagedorn, Huegle,

Perscheid
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1. Recap: Causal Inference in a Nutshell Hasso
attner
Concept Institut
Traditional Statistical Paradigm of Structural
Inference Paradigm Causal Models
Inference Inference Causal Inference

Theory and Applications
in Enterprise Computing

Hagedorn, Huegle,

E.g., what is the sailors’ E.g., what is the sailors’ Perscheid
probability of recovery when probability of recovery if
we see a treatment with lemons? we do treat them with lemons? Slide 5

Q(P) = P(recovery|lemons) Q(G) = P(recovery|do(lemons))



1. Recap: Causal Inference in a Nutshell

Inference Procedure

o
N~

v —
Observational o

Data

Background
Knowledge

Causal Structure:
"What are the causal
relationships in the
system?”

Association:

"What is a certain
probability if we find the
system how it is?”

Intervention:

"What is a certain
probability if we
manipulate the system?”

Counterfactuals:
"What if the system would
have been different?”

Data Causal Structure Learning

Opportunities
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2. Causal Inference in Applications



2. Causal Inference in Applications
Research Insights - Topics

Hasso
Plattner
Institut

Data-Driven Causal Inference

Probabilistic Inference
Concepts and Methods Hardware-Acceleration B
al Az = X2 7
Research Objectives: Research Objectives: P ——

* Improvement of flexibility of CSL to * Improvement of performance of P&l do(Xy = x,),do(X; = x2))
address real-world settings, e.g., CSL through parallel execution on Plldo(X: =) g
entropy-based CI tests multi-core CPUs or GPUs -

Functional Systems

* Improvement of applicability to * Improvement of scalability of GPU- filaxs) = e+ Bxz +y
real-world setting, e.g., through the accelerated CSL, e.g., executing on e = 4
implementation of an evaluation multiple GPUs or overcoming on-chip
pipeline memory limits Causal Inference

Theory and Applications
in Enterprise Computing
Transfer to application and validation

: : S : Hagedorn, Huegle,
together with cooperation partner, e.g., case studies in real-world setting

Perscheid

Evaluation Pipeline for Causal Structure Learning Slide 8




2. Causal Inference in Applications
Research Insights - Genetics

"“"What are the principal structural properties of genetic control programs
of the cell’s biological processes?”

TCGA-THCA: Immunoglobulin-Cluster

TCGA-GBM: TP53 proto-oncogenes

[ ]
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eWile

Probabilistic Inference
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2. Causal Inference in Applications
Research Insights — Automotive Manufacturing (I/1I)
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Probabilistic Inference

"“"What are critical causal relationships between failures and quality

deviations within a body shop assembly line?

H Produktionsmonitor Fr. 22.01.16 - 07:27:00 " > a8 P(Xg‘ T = iy i = Xz)
P(X,| X, = x) p
e ()
E=)
= Causal Inference
- = = wl = P(X;] do(X; = x,),do(Xz = x,))
3
@ Order PIN: 3020161031438 Standard Engine Panoramic Roof Left-Hand Drive Roof Railing No Air Suspension No Satellite Radio P(X4| dO(Xz — Xz)) 7
5 Variant ID: 10000017
varr] (Gm) 0338
g AllGroups L i 2 Body y1 Body y2  BodyAssembly3  Attachments Finish Functional Systems
(G} Z Attachments - Y
filex2) = e + By +y
| 'g E2 5 folxz,xs) = 7
-1
B H
- ; L
oG onsmen Causal Inference
o N R
&= Theory and Applications
o ; N N
: L et | in Enterprise Computing
H ] 15 30 45 0 15 30 45 0 15 30 a5 0 15 30 a5 q
22 January 7:24 AM 22 January 7:25 AM 22 January 7:26 AM 22 January 7:27 AM 22 Ja H a g ed 0 rn / H u eg |e’
P Perscheid
— Dischargo after Atiachmerts
18%
oy ~ Slide 10
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2. Causal Inference in Applications
Research Insights — Automotive Manufacturing (II/II)

"Given the knowledge about critical causal relationships what is the

probability of failures and quality deviation in the current situation?

H Produktionsmonitor

Fr. 22.01.16 - 07:27:00

&= g ()
4573
. &1 Order PIN: 3020161031438
= Variant ID: 10000017
:
= ;l AllGroups L
o
[ z Attachments
‘
= = e | |E= g
g 3
ki 2
- L
-
T
|
A = 15 30
22 January 7:24 AM
—

toading process faded
[Boting nct Okey|
T—

45

0 15

22 January 7:25 AM

30

Panoramic Roof Left-Hand Drive: Roof Railing No Air Suspension No Satellite Radio
Alarm Probability v
y1  Body y2 BodyA
i FinInlineMeasurement 29%
Calculation Running
@ Discharge after Attachments 18%
@ Att 7081Base Position Not 6%
QOkay
- i Att3_Schranktemperatur 3%
_ & Fin Movement active 1%

Previous 1 2 Next

45 0 15 3(
22 January,

Discharge after Attachments
18%

Att Conveyance Technique Discharge > ARG 3 Fault in Lt
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P(X3| do(Xy = x4),do(X; = x3))
P(X,| do(X; = x;)) 7

Functional Systems
f1(x1,%2) = ™1 + fx; +y
fals,xs) = 7
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2. Causal Inference in Applications Hasso
Research Insights - Mechanical Engineering (I/III) [attnel

Causal Relationships

eWile

“"How are configurations of a printing press and manual adjustments

causally related to the quality of the printing output and stopper events?” p

Probabilistic Inference

P(X3| Xy = x1, X, = x3)
P(X4| X, = x2) -
e O
Confabreoe X o Causal Inference
Print_GFC.0x200 X DY TV — v N AnflY — +» 3
- [ ) P(X3] do(X; = x,),do(X; = x5)
Config_GFC.Ox2! X o) . P(X,| do(X, = x2)
P(X,| do(X; = x;) 7
Print_GFC.0x200 X O
Config_GFC.0x2! X O
Print_GFC.0x20C X
Config_GFC.0x2! X O O
Print_GFC.0x20C X o
Print_GFC.0x200 X o O . O o
e s ' Causal Inference
B Theory and Applications
Config_GFC.0x2! X - - -
Pl @- in Enterprise Computing
Config_GFC.0x2! X
O -
contg GreoR | X Ot Hagedorn, Huegle,
comtacrcoon x| L Perscheid
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2. Causal Inference in Applications Hasso
Research Insights - Mechanical Engineering (II/1II) [attnel

Causal Relationships

O‘O‘)O

“"What are the observed distribution characteristics of printing output and

stopper events given a specific configuration of a printing press?” p

Probabilistic Inference
P(X3| X, =x1,X; = x3)
P(X4| X =x;)

4

onfig GFC.0:2 e
ConfieGRE0e . [ Causal Inference
Frint GFC.0:200 % a > P(X5| do(X; = x;),do(X; = x5))
Config GFC0:2 X o " e} P(X,| do(X, = x,)) 7
Print_GFC.0x20C X O O O
Config_GFC.OR2! X - Functional Systems
Print_GFC.0x20C X fi(xy,x3) =™t + Bx, +y
ConfieGre0e X o I_ f2 (3, 34) = -
onfia . " 7
Print_GFC.0x20C X O
Print_GFC.0x200 X @l a“ S
Cota o | X Causal Inference

: Theory and Applications
Config_GFC.0x2 X - - -

B in Enterprise Computing
Config_GFC.0x2! X O
contg GreoR | X O Hagedorn, Huegle,
Confin GFC00 x o - - Perscheid
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2. Causal Inference in Applications Hasso
Research Insights - Mechanical Engineering (III/III) [attnel

Causal Relationships

Q.O.ID

"“"What is the direct causal effect of an intervention on printing press’

configuration to the quality of the printing output?” p

Probabilistic Inference
P27 = 2,05 = o)
P(X4| X5 = x5)

4
Config_GFC.0x2! X (@

. [ Causal Inference
Print_GFC.0x200 X a = P(X3| do(X; = x,),do(X; = x3))
Config_GFC.0x2! X o O O P(X4I dG(XZ _ 12)) ’
Print_GFC.0x200 X

o (6]

Config_GFC.Ox2! X O -

o Functional Systems
Print_GFC.0x200 X I Fi(enxs) = e 4 B, +y
Config_GFC.0x2! X (@) —iec fo(x3,x,) =

o - 4

Print_GFC.0x20C X O
Print_GFC.0x200 X O | Py -
cotadmoa o Cont At st Causal Inference

- v gt Theory and Applications
Config_GFC.0x2! X - - -

B in Enterprise Computing
Config_GFC.0x2! X O
contg GreoR | X O : Hagedorn, Huegle,
Confis GEC.000 x O- - - Perscheid
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2. Causal Inference in Applications
Lecture Scenario - Overview

A Cooling House

» Step by step causal inference walkthrough given the simple example of a cooling house

= Solutions to ubiquitous questions of causal inference in application scenarios:

1.

i AW

What are the causal relationships between the variables our system?
How to derive these causal relationships from observational data?
What are causal effects in our system?

How to estimate the effect of interventions?

What are omnipresent challenges of causal inference in application scenarios?

Variables Defining our Energy System

V, Utilization of the cooling house " 7_ D L
Sun's intensity " intensity

capacity outside the

Temperature outside the building Thermal @Tempemm

Thermal capacity of the cooling house

building

Heat IOSS Heat i;t Energy _
loss consumption

Energy consumption
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2. Causal Inference in Applications
Lecture Scenario — Jupyter Notebook
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(0}

Files

Commands Running

Cell Tools

Tabs.

File Edit View Run Kemel Tabs Settings Help

=+ : c

# > CI-TAEC_2020 > Lecture_Exercises I
Name - Last Modified
B3 Pictures aday ago i
[N 20200428 _Causal_Infer... a day ago

« W] 20200429_Introduction... a day ago
[A] 20200506_Causal_Grap... a day ago
"] 20200513_Conditional._... 3 days ago
[A 20200520_Constraint-8... 3 days ago
[A 20200526_Do-Calculus... 3 days ago

B 20200506_Caus X | Ei 20200429 Rtxt X | [®] 20200428_Caus X | [® 20200429 Intrc X
X B B » m C Markdownv R O

Causal Inference - Theory and Applications in Enterprise Computing

In our lecture CI-TAEC 2020, we look at the mathematical concepts that build the basis of causal inference.

Causal Inference in a Nutshell - A Cooling House Scenario

In this book, the i duced pts are applied with the intention to derive causal relationships from an observational dataset and to
demonstrate the usage the do-operator for the causal effect estimation. In order to give you an overview of the procedure, this notebook

provides you with a step by step walkthrough given the simple example of a cooling house.

Causal Inference

Table of Contents Theory and Applications
1. Application Scenario in Enterprise computing
A. Description
B. Data Generating Model Hagedorn, Huegle,
2. Causal Graphical Models .
3. Conditional Independence Testing Pe rsc h el d

A. The Multivariate Normal Case
B. Conditional Independence Testing in the Cooling House Example
C. Conditional Independence Testing for Categorical Data v Sl | d e 1 6
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2. Jupyter Lab
Access Information
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Plattner
Institut

System
* Link was provided via email

Access
» Login via LDAP (standard HPI credentials)

Exercises (Wednesdays)

1. We copy currently relevant notebooks
including exercises into your own user space

2. Adapt and work on the exercises in your own
notebooks

3. Together, we discuss challenges, ideas and
solution proposals

4. A solution is provided in your Jupyter Lab file
system afterwards

O

Cell Tools Commands Running Files

Tabs

File Edit Wiew FRun Kernel Tabs Settings Help
+ -

# > CI-TAEC_2020 » Lecture_Exercises

Name -

M1 Pictures

W] 20200428 _Causal_Inference in_a Nutshellipynb

« [W] 20200429_Introduction_to_R.ipynb

[W] 20200506_Causal_Graphical_Models.ipynb
(W] 20200513_Conditional_Independence_Testing.ipynb
[A] 20200520_Constraint-Based_Causal_Structure_Learning.ipynb

("] 20200526_Do-Calculus_of_Intervention.ipynb Causal Inference

Theory and Applications
in Enterprise Computing

Hagedorn, Huegle,
Perscheid
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2. Jupyter Lab
RStudio
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Replicated RStudio Environment
» Take the opportunity to strengthen your R programing skills in your own environment

Let us know if you require new packages or if anything does not work, as intended

: File Edit View Run Kernel Tabs Settings Help

; : o [arammxlEsmx]amm et B row - T

> CI-TAEC_2020 » RStudio_Interface - [1] "Mean of X:" -
. . # -0.0496400514349365

Name Last Modified # Your Own RStudio Interface

# Density Plot of a Standard Normal Distributed Variables

| Files

« [ RStudioManual.ipynb 3 minutes ago

1

2

3

4

— 5
|_R fsudoconsoer ___acarago [l
T

8

Running

# Printing =1
print('Hello World')

# Statistics
11 X <~ rnorm(1668, mean=0, sd=1) e
12 8

Commands
=
5]

14 print('Mean of X:')
15 mean(X)

6 | Causal Inference
T * Plotting Theory and Applications

18 plot(density(X), main = "Density Plot of a Standard Normal o

Distributed Variables") in Enterprise Computing

Density
2

Cell Tools

Tabs
=
©

N
5]
0.

21- ' . ‘ : Hagedorn, Huegle,
23 * N ’ ’ ! Pe r'SChEId

24 N =1000 Bandwidth = 0.2161 |

@ b Slide 19




2. Jupyter Lab
Introduction to R

What is R?

» Free Software under the terms of GNU General Public License

= R provides a wide variety of statistical and graphical techniques, see CRAN

Table of Contents
» Getting Started

= The Basics

= Exercises

= Further Reading

Cell Tools Commands Running Files ().

Tabs

File Edit View Run Kemnel Tabs Settings Help

+ b 4 c
# > CI-TAEC_2020 > RStudio_lnterface
Name - Last Modified

« A RStudioManual.ipynb 44 minutes ago

R RStudioConsoleR 33 minutes ago

B 20200506_ X | B 20200429_f X | [W 20200428« X | M RStudioMa X | B4 RStudioCor X | [A] 20200429_| X

8 + X

D B » m C Markdownv

Causal Inference - Theory and
Applications in Enterprise Computing

In our lecture CI-TAEC 2020, we look at the mathematical concepts that build the
basis of causal inference.

—"

RRTEIEE) o

111

Introduction to R

In this notebook, we provide a short introduction to R as it is the programming
language in the data science community and incorporates an extensive selection
of packages in the context of causal inference.

R O
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https://cran.r-project.org/web/packages/available_packages_by_name.html
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Thank you
for your attention!




