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Why is this lecture&program 
named “Data Science and 

Artificial Intelligence“?*
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*or: how to explain your parents, friends, etc. what you are studying at SIC



Buzzwords
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Data 
Science!

NoSQL!

Data Lake!Big Data!

AI!
ML!



Data Science will cure 
all of your problems!

laymen

quack



Data Science will cure 
all of your problems!

laymen

quackAI



The TV shop:
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laywoman

This model even has 
HyperRay++Rendering!

“TV expert“
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laywoman

500Hz rather than 
250Hz

“TV expert“
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laywoman

UltraHDMI!
“TV expert“
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The “Big Data“ shop:
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“TV  expert“
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“TV  expert“
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layman

“Big Data  expert“
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The leading NoSQL 
Data Lake solution in the 

cloud!

http://istock.com
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“Big Data  expert“

Blockchain-
enabled
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“Big Data  expert“

AI-ready
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“Big Data  expert“

built on the 
Lamda-

architecture

http://istock.com


©
 is

to
ck

.c
om

 J
ac

kF

layman

“Big Data  expert“

IoT
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“Big Data  expert“

IIoT

http://istock.com


©
 is

to
ck

.c
om

 J
ac

kF

layman

“Big Data  expert“

IdIoT
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Problem: 
ambiguous communication

22



23

Big Data!

symbol

large data

4Vs

NSA

Spark

MapReduce

NoSQL

meaning
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Big Data!

symbol

He said: 
“Big Data“

symbol

large data

4Vs

NSA

Spark

MapReduce

NoSQL

meaning
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Big Data!

symbol

He said: 
“Big Data“

symbol

large data

4Vs

NSA

Spark

MapReduce

NoSQL

meaning
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translated to:large data MapReduce





clear communication:
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relational 
algebra

symbol

relational 
algebra, 

i.e. π, σ, ⨝, …

meaning
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symbol

He said: 
“relational algebra“

symbolmeaning

relational 
algebra

relational 
algebra, 

i.e. π, σ, ⨝, …
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translated to:relational 
algebra

relational 
algebra
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AI!

deep learning

symbolic AI

planning

robots

logics

machine learning

NLP

statistical learning

computer vision

knowledge representation

deductive databases

symbol meaning
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„Company 
X wants to solve 
problem Z using 

an AI.“

circuit

electronics

computer science

symbol meaning
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AI   
Computer 
Sciencetranslated to:



The buzzword bullshit landscape
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predicate 
pushdown

relational 
algebra

relational 
model

data layout

cost-based 
optimization

NoSQL

Big Data

AI

large data

MapReduce

Hadoop

Data Science

Deep Learning

# meanings

1 ∞manyfew

cloud

ML



advice: only use non-ambigous 
terms in communication
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Buzzwords as a Rorschach test

AI! ML!

= Buzzword
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Figure 1: Only a small fraction of real-world ML systems is composed of the ML code, as shown
by the small black box in the middle. The required surrounding infrastructure is vast and complex.

Static Analysis of Data Dependencies. In traditional code, compilers and build systems perform
static analysis of dependency graphs. Tools for static analysis of data dependencies are far less
common, but are essential for error checking, tracking down consumers, and enforcing migration
and updates. One such tool is the automated feature management system described in [12], which
enables data sources and features to be annotated. Automated checks can then be run to ensure that
all dependencies have the appropriate annotations, and dependency trees can be fully resolved. This
kind of tooling can make migration and deletion much safer in practice.

4 Feedback Loops

One of the key features of live ML systems is that they often end up influencing their own behavior
if they update over time. This leads to a form of analysis debt, in which it is difficult to predict the
behavior of a given model before it is released. These feedback loops can take different forms, but
they are all more difficult to detect and address if they occur gradually over time, as may be the case
when models are updated infrequently.

Direct Feedback Loops. A model may directly influence the selection of its own future training
data. It is common practice to use standard supervised algorithms, although the theoretically correct
solution would be to use bandit algorithms. The problem here is that bandit algorithms (such as
contextual bandits [9]) do not necessarily scale well to the size of action spaces typically required for
real-world problems. It is possible to mitigate these effects by using some amount of randomization
[3], or by isolating certain parts of data from being influenced by a given model.

Hidden Feedback Loops. Direct feedback loops are costly to analyze, but at least they pose a
statistical challenge that ML researchers may find natural to investigate [3]. A more difficult case is
hidden feedback loops, in which two systems influence each other indirectly through the world.

One example of this may be if two systems independently determine facets of a web page, such as
one selecting products to show and another selecting related reviews. Improving one system may
lead to changes in behavior in the other, as users begin clicking more or less on the other components
in reaction to the changes. Note that these hidden loops may exist between completely disjoint
systems. Consider the case of two stock-market prediction models from two different investment
companies. Improvements (or, more scarily, bugs) in one may influence the bidding and buying
behavior of the other.

5 ML-System Anti-Patterns

It may be surprising to the academic community to know that only a tiny fraction of the code in
many ML systems is actually devoted to learning or prediction – see Figure 1. In the language of
Lin and Ryaboy, much of the remainder may be described as “plumbing” [11].

It is unfortunately common for systems that incorporate machine learning methods to end up with
high-debt design patterns. In this section, we examine several system-design anti-patterns [4] that
can surface in machine learning systems and which should be avoided or refactored where possible.
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[Sculley et al. Hidden Technical Debt in Machine Learning Systems, NIPS 2015, Figure 1]

Can you spot the AI?
it’s here!



OK, if buzzwords do not 
help, what is DSAI about?
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Solution:

40

Define DSAI by typical 
Applications and/or methods 
in that space.



DSAI Applications:
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[DL example: Go]

42
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Production Planning

http://istock.com
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[DL example: style transfer]
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Style Transfer
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Style 
Transfer



[DL example: style transfer]
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Deep Dream



Traffic Sign Recognition Benchmark

[Traffic Sign Recognition with Multi-Scale Convolutional Networks, Pierre Sermanet and Yann LeCun] 
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Text to Image

[Han Zhang et al, https://arxiv.org/abs/1612.03242]
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https://arxiv.org/abs/1612.03242
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Interpreter



https://en.wikipedia.org/wiki/Self-driving_car#/media/File:Waymo_Chrysler_Pacifica_in_Los_Altos,_2017.jpg 51

Self-Driving Cars
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 Truck drivers
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 Taxi drivers
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Package deliverers



Cars as 
selective 
crowd-

sourcers
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Software 1.0      vs      Software 1.2

Progam code Progam code

ML

“Software 2.0“: https://medium.com/@karpathy/software-2-0-a64152b37c35



Software 1.0      vs      Software 1.4

Progam code Progam code

ML

ML

ML

ML



Software 1.0      vs      Software 1.7

Progam code Progam code

ML

ML ML

ML

ML



Software 1.0      vs      Software 2.0

Progam code Progam code

ML

ML

ML

ML

ML

ML



Scientific Data



Scientific Data
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Banking
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Shopping
country-scale



Shopping
planet-scale



Shopping
galaxy-scale



Search



Content Delivery
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“traditional“ 
Computer Science

Data Science 
& AI
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 Radiology



radiology

70



Backup

71

 Dermatologist

 Cardiologist

 Pathologist

 Laboratory physician 

 Surgeon
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medicine



73

physics
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Lightning Prediction 

[Schön Christian, Dittrich Jens, Müller Richard. The Error is the Feature: 
how to Forecast Lightning using a Model Prediction Error. SIGKDD 2019.]

http://istock.com
https://www.istockphoto.com/portfolio/guvendemir?mediatype=photography
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Seismology
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Seismology



The dark side:
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78

Automatic warfare



Social Scoring



Global Mass-Surveillance
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“traditional“ 
Computer Science

“traditional“ 
Sciences

Data Science 
& AI
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Elements of 
Machine Learning3 Mathematik für 

Informatiker 3
Theoretische 

Informatik
Algorithmen und 
Datenstrukturen 

DSAI Projektseminar

BSc Beispielstudienplan

2 Statistics 
LAB

Mathematik für 
Informatiker 2 Programmieren 2 Anwendungsfach

4 Big Data 
Engineering AnwendungsfachVertiefungVertiefung

5 VertiefungVertiefung Vertiefung Vertiefung

6 BachelorarbeitBachelorarbeit Vertiefung

1 Einführung Data Science 
and Artificial Intelligence

Mathematik für 
Informatiker 1 Programmieren 1 Ringvor

lesung



Anwendungsfächer im Bachelor
(a)	 Computerlinguistik 

(b)	 Materialwissenschaften

(c)	 Psychologie

(d)	 Physik

(e)	 Chemie

(f) 	 Quantum Engineering

(g)	 Human- und Molekularbiologie

(h)	 Jura

(i) 	 Systems Engineering

(j) 	 Sportwissenschaften

(k)	 Kunstliche Intelligenz (sic!), mit HBK

(l) 	 Medizin/Lebenswissenschaften

(m)	 …
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geplant

bereits möglich

Wann müssen Sie sich 
entscheiden? 
 
frühstens im Herbst 
2022!


