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How much mathematical modeling is in AI?
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Linear Regression
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Linear Regression

sum of minimal distances
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Linear Regression

sum of y-distances
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Linear Regression

sum of squared y-distances
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Take-Home Message

DS/ML/AI are 
mathematical 

modeling 
challenges

Mathematical 
modeling belongs 
into Mathematics 

teaching

AI belongs into 
the Mathematics 

curriculum in 
schools

∧ ⟹
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AI is a Hype

Joe Davison, https://towardsdatascience.com Roman Orac, https://romanorac.medium.com/
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Known in the public:

ChatGPT à everybody is talking about it

DALL-E/Midjourney à everybody should be talking about it more

Scientific breakthroughs

AlphaFold à protein folding

Natural language translation used for biological “languages”

FourCastNet à weather forecast 
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AI is real
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How much Mathematics is in AI?

https://online.stanford.edu/courses/cs229-machine-learning
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How much Mathematics is in AI?

https://people.eecs.berkeley.edu/~jrs/189/
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How much Mathematics is in AI?

https://people.eecs.berkeley.edu/~jrs/189/
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Existing learning material:
Support Vector Machines
Word prediction
K-Nearest Neighbors, k-Means
Latent factor models
Statistical evaluation
Inverse problems
Optimization

In preparation:
Neural networks as concatenations 
of elementary functions
Data cleaning
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Mathematics of AI is accessible

How to actually do it à Sarah
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Linear Regression

sum of squared y-distances
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The reasons for using the least 
squares functional are 
mathematical: Optimization &  
Statistics

Modeling is the process of 
translating a real-world problem 
with a certain purpose into a 
mathematically treatable 
problem/description; it is a subtle 
interplay of what is necessary to 
address a problem, and what is 
mathematically doable

17.05.202315

Mathematical Modeling belongs into Mathematics
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Mathematical Modeling belongs into Mathematics

The reasons for using the least 
squares functional are 
mathematical: Optimization &  
Statistics

Modeling is the process of 
translating a real-world problem 
with a certain purpose into a 
mathematically treatable 
problem/description; it is a subtle 
interplay of what is necessary to 
address a problem, and what is 
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Substitute mechanical task of 
computing on paper by computer 
use

Modeling requires active, creative 
use of Mathematics

Mathematical modeling (also AI 
and DS) are inherently 
interdisciplinary 

17.05.202317

Mathematics Education needs to be adapted
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DS/ML/AI are 
mathematical 

modeling 
challenges

Mathematical 
modeling belongs 
into Mathematics 

teaching

AI belongs into 
the Mathematics 

curriculum in 
schools

∧ ⟹

Quod Erat Demonstrandum

It can be done!

à Sarah∧
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Part II – It can be done!



Education Lab CAMMP

Computational And Mathematical Modeling Program

Goal

Allows students to solve

authentic, real and relevant problems

with the help of mathematical modeling and computers.

teaching and learning material

modeling activities for students and teachers

AI and also non AI related topics
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Teaching formats

pre-structured activities on problems related to everyday life

modeling / project days or lesson series

goal: teach mathematical background of selected AI method

) sophisticated models

open activities on current problems of companies / institutes

modeling / project weeks

goal: allow maximum creativity when modeling (data-intensive)

problems ) (possibly) simpler models

Challenge: Balance guidance vs. mathematical creativity
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Our AI workshops
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Example: Recommender systems

Netflix Prize

task: improve Netflix recommendation system by at least 10 %

main prize: 1,000,000 $

winner: Team BellKor’s Pragmatic Chaos (2009)

Netflix published a huge dataset in October 2006

The problem, some learning material and experiences with students

(pre-structured and open activities)
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Example: Recommender systems

Dataset of the Netflix Prize

17,770 movies �

480,189 user �

100,480,507 ratings (from 1 to 5) �����
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Task: Predict ratings in the best possible way!
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From research into high-schools I

R =

0
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Basic idea:

Model hidden movie features & user preferences
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From research into high-schools I
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�1 = Batman Returns

�2 = SpongeBob

�3 = Simpson

�4 = Lord of the Rings

�5 = Miss Congeniality

�6 = Fast and Furious

M =
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A = Action, C = Comedy
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The mathematical model
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5 = 1 · 1 + 1 · 4

2 = 2 · 0 + 2 · 1
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The mathematical model
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Matrix factorization R ⇡ U · M
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Computing a factorization

R =

 

�1 �2

�1 r11 r12

�2 r21 r22

!

U =

✓

E1 E2

�1 u11 u12

�2 u21 u22

◆

and M =

✓

�1 �2

E1 m11 m12

E2 m21 m22

◆

Find entries of U and M, s.t. the error
⇣

r11 � (u11 · m11 + u12 · m21)
⌘2

+
⇣

r12 � (u11 · m12 + u12 · m22)
⌘2

+ ...+

is minimized (Optimization as black or white box).
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Validation
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Digital tool: Jupyter Notebook

no programming skills, direct feedback, staggered tips, additional material, no

installation of software
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Netflix Prize & open modeling activities

Framework:

starting point: smaller training and test dataset

digital tool: non pre-strucutred Jupyter Notebook (CoCalc / Colab)

Approach of the students:

similarities between users via mean rating deviation

predictions based on k most similar users

approach is actually in use: Neighborhood Method
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From research into high-schools II

~n1 =

⇣
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Similarity measures

euclidean distance k~n1 � ~n2k

cosine similarity
~n1·~n2

k~n1k·k~n2k

Pearson correlation

...

Predicted rating of user u for movie j:

(weighted) mean rating of k most similar user

(Sawar et al. 2001; Rantzau 2021; Oldenburg 2021; Schönbrodt 2022)
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Experiences with high-school students

> 200 students from grade 10 (age 15-16) in modeling days / series

of lessons

15 students in open modeling projects

diverse ideas, lively discussions, great interest in topic / AI

What did you learn from participating in the workshop?

„That mathematics is more important than I initially assumed.“

„That math is included in everyday things like even Netflix.“

„I got an interesting insight into how to predict further data from

large amounts of data.“
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AI in math high-school education

Possible!? Reasonable!? Necessary!?

authentic insight into AI methods is possible

connection to school mathematical contents (vectors, scalar product,

euclidean distance, functions, lines, planes, ...)

variety of suitable real problems

relevance, accessibility, availability of data

data-intensive problems allow for mathematically rich modeling

activities
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Challenges & Outlook

comprehensive

teacher education

modern digital tools

in teacher education

programming in

math education!?
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Thank you!

Time for discussions.

Access to online learning material? �

Suggestions or discussions? �
sarah.schoenbrodt@kit.edu
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AI workshops and teacher trainings

Topics: Word predictions, image

classification, Netflix Prize, ...

Focus: Mathematical modeling,

problem-oriented

www.cammp.online

Topics: AI & medicine, AI & arts, AI

& economy, AI & ...

Focus: various applications, ethical

discussions, history and algorithms

of AI / ML

www.ki-macht-schule.de
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