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The slides are meant as visual support for the lecture. 
They are neither a documentation nor a script.

Please consider the environment before printing the slides.

Comments and feedback at n.meseth@hs-osnabrueck.de
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PROBLEMS

3BACK

%!0 - Problems%!

#


input output

%%computational_schema_blackbox%% 4

a model for solving problems



computationinput output

%%computational_schema_computation%% 5

a model for solving problems



computationinput output

%%computational_schema_computation%% 6

rules / instructions



 °C °F
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a simple rule



sort()[ 9, 5, 2, 1, 4, 7 ] [ 1, 2, 4, 5, 7, 9 ]

%%problem_example_addition%% 8

a set of instructions
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selection sort:

find the smallest element and move it to front. 

repeat for the rest of the elements.



next_move() (2, 2)

%%computational_schema_chess%% 10

…
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brute-force search:

evaluate all possible move sequences.

choose the move with the best value.
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… 19.678 more
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I. we can write rule-based programs to solve some 
problems



next_move() E2 → E4

%%computational_schema_chess%% 19



next_move() E2 → E4

%%computational_schema_chess%% 20

brute-force search ?



%%computational_schema_chess%% 21



%%computational_schema_chess%% 22



%%computational_schema_chess%% 23



%%computational_schema_chess%% 24

……



%%computational_schema_chess%% 25

……



%%computational_schema_chess%% 26

…

…

…

…



%%computational_schema_chess%% 27

…

…

…

…



%%computational_schema_chess%% 28

…

…

…

…

~ 10120 positions
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Image source: IBM Image source: IBM

~ 200 billion positions per second

6-8 steps lookahead

https://www.ibm.com/history/deep-blue
https://www.ibm.com/history/deep-blue
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I. we can write rule-based programs to solve some 
problems

II. some problems are too complex to be solved with rules 
alone



is_spam() "yes"
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is_spam() "yes"

%%problem_example_addition%% 33

ideas, anyone?



classify() "orange"
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🤔



35

Image source: Wikimedia

rule-based attempt:

count all orange pixels.

if orange-ratio > 0.3:
return "orange"

else 
return "no orange"

https://upload.wikimedia.org/wikipedia/commons/thumb/e/e3/Oranges_-_whole-halved-segment.jpg/800px-Oranges_-_whole-halved-segment.jpg
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Image source: Wikimedia Image source: Wikimedia

https://upload.wikimedia.org/wikipedia/commons/thumb/e/e3/Oranges_-_whole-halved-segment.jpg/800px-Oranges_-_whole-halved-segment.jpg
https://upload.wikimedia.org/wikipedia/commons/thumb/b/bb/Spalding_Basketball.jpg/800px-Spalding_Basketball.jpg
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https://teachablemachine.withgoogle.com/train/image

https://teachablemachine.withgoogle.com/train/image


recognize() 3
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rule-based attempt:

define a list of pixel 
positions for digit 3.

check each pixel and see 
if they match.
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life is messy



41
https://adamharley.com/nn_vis/cnn/3d.html

https://adamharley.com/nn_vis/cnn/3d.html


message answerchat()

%%computational_schema_chatgpt%% 42
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Weizenbaum, Joseph. “ELIZA—a Computer Program for the Study of Natural Language Communication 
between Man and Machine.” Communications of the ACM, vol. 9, no. 1, 1966, pp. 36–45, 
https://doi.org/10.1145/365153.365168.

https://doi.org/10.1145/365153.365168


prompt answer
ChatGPT

%%computational_schema_chatgpt%% 44
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I. we can write rule-based programs to solve some 
problems

II. some problems are too complex to be solved with rules 
alone

III. for some problems, we cannot define a suitable set of 
rules to solve it



LEARNING
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%!1 - Learning%!
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program outputinput
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program

rules

outputinput
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program

rules

outputinput

rules
input

output
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program

rules

outputinput

rules
input

output

training data
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program

rules

outputinput

rules
input

output

training data trained model
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program

rules

outputinput

rules
input

output

training data trained model

machine 
learning 

algorithm
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program

rules

outputinput

rules
input

output

rules for learning

training data

machine 
learning 

algorithm

trained model
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program
trained 
model

outputinput

rules
input

output

rules for learning

training data

machine 
learning 

algorithm
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program
trained 
model

outputinput

rules
input

output

rules for learning

training data

machine 
learning 

algorithm

prediction

inference



is_spam() "yes" / "no"

%%problem_example_addition%% 56
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naive bayes 
classifier prediction

naive bayes 
classifier

features

labels

rules for learning

training data

naive bayes
noyesno

new email
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spam no spam

total 25 75

"buy" 20 20/25 = 0.8 5   5/75 ≈ 0.066

"cheap" 15 15/25 = 0.6 10 10/75 ≈ 0.133 

"buy" & "cheap" 12 0.8 ✕ 0.6 = 0.48 ≈ 0.67 0.066 ✕ 0.133 ≈ 0,0089 

P(spam | buy & cheap) = 12 / (12 + 0.67) ≈ 0.947
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I. we can write rule-based programs to solve some 
problems

II. some problems are too complex to be solved with rules 
alone

III. for some problems, we cannot define a suitable set of 
rules to solve it

IV. for some problems, we can have a computer program 
learn the rules from data (machine learning) 



61Source: Ananthaswamy, Anil. Why Machines Learn: The Elegant Math behind Modern AI. Dutton, 2024.

x1 x2
y

4 2 8

1 2 5

0 5 10

2 1 4

3 2 ?



62Source: Ananthaswamy, Anil. Why Machines Learn: The Elegant Math behind Modern AI. Dutton, 2024.

x1 x2
y
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3 2 ?



63Source: Ananthaswamy, Anil. Why Machines Learn: The Elegant Math behind Modern AI. Dutton, 2024.

f(x1, x2)

which function produces the 
observed pattern?



64Source: Ananthaswamy, Anil. Why Machines Learn: The Elegant Math behind Modern AI. Dutton, 2024.

y = x1 + 2x2

in this case, it's easy to spot 
a potential candidate
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y = w1x1 + w2x2



66Image generated with Flux Pro by Black Forest Labs

what if it's not so easy?
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axon

axon 
terminals

dendrites

cell body
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y

b0

perceptron

x1

x2

xn
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g f
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multi-layered 
perceptron
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backpropagation
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is my password safe?


