Ca' Foscari

UNIVERSITY OF  University
Dresden GOTHENBURG of Venice

‘ Technische
‘ Universitat

Faculty of Business and Economics | Business Information Systems

EUTOPIA Summer School: Al in Business and Healthcare
Lecture #2: Al Fundamentals

352
INTELLIGENT

August 24, 2026 | Patrick Zschech | Intelligent Systems and Services NG AT BN B E T E &



Motivation: Al is everywhere right now
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Content of this lecture

« Al brings together a diverse set of computational approaches that enable machines to
perform tasks typically associated with human intelligence, such as
perception, reasoning, prediction, and decision-making.

« This lecture introduces the major paradigms of Al and explains the core ideas behind
them, as well as their respective strengths and limitations.

 Participants will gain a conceptual understanding of how Al capabilities have evolved
and how the characteristics of different paradigms influence when and how they can
be applied in practice.
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The four Al paradigms

From manually defined rules to autonomy

Rule-Based Machine Learning . : o S

Automation & Deep Learning Generative Al Saptie
'i /.o * ‘ 'l' ‘ |
- . <

Learning from data to
predict, classify, or

Acting autonomously to

Generating novel content A : 5
achieve goals in dynamic

@ Primary Executing predefined

i workflows an ript SR im )
Function orkflows and scripts optimize outcomes (text, image, code) e
_uu Core Symbolic reasoning through Machine learning, deep Generative pre-trained . Tool Iearnin'g, large action
@_ Technology/ inference engines learning, NLP, computer vision transformer (GPT), foundation and reasoning models,
Advancement models, LLMs multi-agent collaboration
Knowledge Hard-coded rules Predefined (ML) or learned (DL) Learned patterns from Dynamically inferred by interacting
Source by experts features and criteria large-scale data with enterprise systems
oo Human Fully manual setup Data labeling, feature Prompt engineering, fine-tuning, Prompt & context engineering,
M\ Involvement and rule definition engineering, model training and human-in-the-loop agent & workflow orchestration,
and evaluation validation oversight
(‘ ) Adaptivit Operates only within g:l:‘se:gfiisr:\;og:ta; :t but Produces outputs conditioned Perceives, reasons, and acts based
- et/ predefined parameters v ararags on prompts and training context on evolving environmental states
Enterprise Limited:and static Predefined enterprise Ability to call functions and Autonomous discovery and
Integration workflows processes and API-based connect to enterprise data coordination across enterprise
9 integration (RAG) tools, APls, and agents
7°) Example Invoice processing, Spam filter, credit scoring, Marketing content generation, Sales agents, customer
&V Applications compliance checks image recognition coding, document drafting Zz?;ig:gents, operations
Q Rules & determinism i -—— Learning from data ——mm———————————. Autonomy & reasoning -}

Adapted from Li MM, Reinhard P, Leimeister |M (2026) Agentic Al. Business & Information Systems Engineering 1-14. https://doi.org/10.1007/s12599-026-01009-w
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1) Symbolic Al and rule-based automation

2) (Shallow) machine learning

3) Neural networks and deep learning

AR R R

)
4) Foundation models and generative Al
)

5) Tool learning and agentic Al
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Symbolic Al and rule-based automation

IF temperature > 38.5°C

AND white blood cell count > 12,000/mm?3
AND CRP elevated

THEN consider bacterial infection

General scheme of a rule-based expert system

Query | User
Interface
Advice
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Shell K"%";'f:ge
l'_______________"_____"___';
| Knowledge | ..
Base Editor |, | T
N
\\ I\\\
«—p| INf€rence ‘_1_,\" J General Facts
Engine 2%
1\
oy g
| Explanation | | [3 Questions
« "l (to ask)
System :
7 : 3
I ot o s e o et O M - o) @
J Case-Specific
. B Facts
https://www.youtube.com/watch?v=LyicSw3N9Co
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An early platform for
expert systems (1984)

https://en.wikipedia.org/wiki/Expert_system
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1) Symbolic Al and rule-based automation

2) (Shallow) machine learning

3) Neural networks and deep learning

4) Foundation models and generative Al

AR R R

5) Tool learning and agentic Al
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Rule-based Al vs. machine learning

Symbolic Al i Machine Learning

Rule-Based Systems 1 | Data-Driven Systems

IF-THEN RULES
IF Fever AND Cough
THEN Possible Flu

B Pattern Recognition from Datd— =
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Machine learning - different types of learning
Supervised vs. unsupervised vs. reinforcement learning

{THESE_Look | .
UKE GROVES/  (DOES TH\S WORK?,

f

g

supervised unsupervised reinforcement
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Machine learning - different types of learning
Supervised vs. unsupervised vs. reinforcement learning

Supervised learning:
— Principle: The algorithm is given training data which contains examples of input variables / features (= X) along with

their corresponding output variables / target (= y) as the “correct answer” and the goal is to learn a function that
maps inputs to outputs.

Examples: Classification models, regression models

Unsupervised learning:

— Principle: No labels (i.e., target values) are given to the algorithm, leaving it on its own to find structure in the input
data (= X). Unsupervised learning can be a goal by itself (discovering hidden patterns) or a means towards a supervised
approach (feature learning).

— Examples: Cluster analysis, dimensionality reduction, density estimation

Reinforcement learning:

— Principle: “(...) problem of finding suitable actions to take in a given situation in order to maximize a reward. Here the
learning algorithm is not given examples of optimal outputs, in contrast to supervised learning, but must instead
discover them by a process of trial and error. Typically, there is a sequence of states and actions in which the learning
algorithm is interacting with its environment.”

— Example: Trading agents, gaming
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Machine learning with tabular data
Features (X) and targets (y) are organized in tables with columns and rows

Tabular Data

Columns

— Tabular data refers to data that is organized

i i tar (3
heart attack

— high (65) low (50) male yes
— The rows represent observations ::EE Egg; :23 g;; :Z:z z:z :z
(data points / samples). high (60) medium (63) male yes no
high (58) high (77) female no no
high (60) high (81) female yes yes
— The columns represent attributes for Rows -  high(63)  high (85) male yes yes
those observations (variables / features). high (65)  high (89) female no yes
low (25) medium (63) male yes no
low (30) medium (70) female yes yes
low (20) medium (70) male yes no
low (30) high (77) female no yes
low (20) high (77) male no no
— low (25) high (85) male yes yes
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Machine learning with tabular data

A simple regression example for house price prediction

General model structure:
y=a+ bXx

Application-specific model:
price = a + bXxsquare feet

Specific model with trained weights:

price = 50,000 + 300xsquare feet

Calculation example:
200,000 = 50,000 + 300x500
200,000 = 50,000 + 150,000

EUTOPIA Summer School: Al in Business and Healthcare
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Square feet (=X) Actual price (=y) Predicted price (=y)
(blue points) (green line)
500 210,000 200,000
800 290,000 290,000
1200 410,000 410,000
1800 600,000 590,000
2000 670,000 650,000

y 4

price (S)

M Fit a line through the data

Slide 12
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Tabular data vs. images vs. text

CTUD

Tabulr Dat

Patient / Customer Info

Name: John Doe

Age: 45
Income: $75,000

Diabetes: Yes

Cancer Cell Images

Feature Extraction / Encoding

Reviews / Blogs

Tnis product is amazing!
Five stars!

=y P

| had a great experience
with this service.

—

Top 10 Tips for r

Healthy Living 't
- ——

—

Feature Matrix

Income Diabetes

) 4

Pixel Grid (HxW x C)
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Token Vectors

service

health
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Examples of fascinating applications
Some examples of supervised learning tasks

Features / input (= x) Target / output (=y) Application

Voice recording Transcript Speech recognition
Historical market data Future market data Trading bots
Photograph Caption Image tagging

Drug chemical properties Treatment efficacy Pharma R&D

Store transaction details Is the transaction fraudulent? Fraud detection

Recipe ingredients Customer reviews Food recommendations
Purchase histories Future purchase behavior Customer retention

Car locations and speed Traffic flow Traffic lights

Faces Names Face recognition

EUTOPIA Summer School: Al in Business and Healthcare .
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The universe of
machine learning

CTUD

DBSCAN

Decision Trees

Classification

Fuzzy C-Means Logistic Regression

Euclat
Linear Regression

Apriori ( Pattern search - ;
olynomia
FP-Growth Regression

Ridge/Lasso
Regression

DIMENSION REDUCTION
(generalization
teSNE LDA CLASSICAL
SVD
PCA LSA LEARNING

Rondom Forest

ENSEMBLE
METHODS

MACHINE

REINFORCEMENT

LEARNING LEARNING
Geretic Q-Learning N\ xGBoost
Algorithm o \gsa o .
eep Q-Network AdaBoost LightGBM
A3C (baw) CatBoost

NEURAL
NETS AND
DEEP LEARNING

Convolutional

Perceptrons
(MLP)

seg2seq

Recurrent
Neural Networks
(RNN)

LSM
Generative
Adversarial Networks
{GAN)

LST
M GRU

EUTOPIA Summer School: Al in Business and Healthcare )
Lecture #2: AI Fundamentals Slide 15

Patrick Zschech | Intelligent Systems and Services

Bl
INTELLIGENT

INFORMATION SYSTEMS



Broad variety of machine learning models

From simple to complex models

Predictive
Performance

| A

Neural networks

A

Tree ensembles

A

SVM

A

Decision tree

A

Linear/logistic regression

[

Model Interpretabilit;}
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Linear regression (LR): y=a+ bx

price = a + bXsquare feet

Y 4 Fita line through the data

price ($)

X
\

square feet (sq.ft.) g*q
R

. s.
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Broad variety of machine learning models

From simple to complex models

Predictive
Performance

| A

Neural networks

A

Tree ensembles

A

SVM

A

Decision tree

A

Linear/logistic regression

[

Model Interpretability;
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Input layer

Artificial neural network

Hidden layers i Output layer
h, h, h, :

https://images.app.goo.gl/|JGUGvIUAbcY7henZ6

(0]
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1) Symbolic Al and rule-based automation
2) (Shallow) machine learning

3) Neural networks and deep learning

4) Foundation models and generative Al

AR R R

5) Tool learning and agentic Al
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Al Xty

L’ A ¥y f - ] . '1' 4
od
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Artificial neural networks (ANNSs)
The general structure

Input layer : Hidden layers . Output layer

Input 1 o W \v/ .
y{éﬁ%ﬂ“\“\
PW(

DOLKD ,
. (XXX “'
DE X :

h, § 0

Output 1
Input 2

Output n

Input n
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Artificial neural networks (ANNSs)
Mathematics of a single neuron

Inputs
Weights

Net input Activation
funtion

funtion
output

https://www.linkedin.com/feed/update/urn:li:activity:7004139140158009344?utm _source=share&utm medium=member android
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Artificial neural networks (ANNSs)
The neural network zoo

Input Cell N e U ra l N e tw O r k S Deep Feed Forward (DFF) Deep Convolutional Network (DCN) Deconvolutional Network (ON)  Deep Convolutional Inverse Graphics Network (DCIGN)

© 8ackfed Input Cell — 4 v 9
X 0 T e ®
& Noisy Input Cell Perceptron (P) Feed Forward (FF)  Radial Basis Network (RBF) > 0 < §®>Q< : o,
@ Hidden Cell & o, 4 - / . »-><; va
>. ¥, e @ . €
. Probablistic Hidden Cell = @ ‘- . >< : . *X. A /Q
@ soiking Hidden Cell _ o -
Recurrenl eurNetwork iy Long/ Sh Ter Metmory 0.5TV GatEd‘Recu ent Unit (GRU) Generative Adversarial Network (GAN) Liquid State Machine (LSM) Extreme Learning Machine (ELM) Echo State Network (ESN)
@ Cepsulecell i .. o -
AN AN NN g
AR ' fan ' - ' “VY, ' @ ;
Output Cell AV, AV AW avs AV A $.9.9. .9
& 0 o 8y 0 T8 X RYVAYAYAYRY AN
\nl.\--l.\ } \u/.\--l.\ (@] NS\ S\ X L5
@ Match input Output Cell - 3 2 \',.\',.\',.\',.\" -
o g
. Recurrent Cell Auto Encoder (AE) Variational AE (VAE) Denoising AE (DAE) Sparse AE (SAE)
. Memory Cell P’ } Deep Residual Network (DRN) Differentiable Neural Computer (ONC) Neural Turing Machine (NTM)
@ Goted Memory cell & o Y. 9, 9 -
{ ) Kemel & = . v\\‘ .
© Convolution or Pool =
Capsule Network (CN)

Markov Chain (MC) Hopfield Network (HN) Boltzmann Machine (BM)  Restricted BM (RBM) Deep Belief Network (DBN) -

" ‘I' ‘\' ‘l' \' ‘l'
o e s

https://doi.org/10.3390/proceedings47010009
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Flexibility of neural networks for different learning tasks
Application examples

(Deep) supervised learning

Output
object identity)

3rd hidden layer
(object parts)

2nd hidden layer
(corners and
contours)

1st hidden layer
(edges)

Visible layer

(input pixels)

Lecture #2: AI Fundamentals

(Deep) unsupervised learning

Orniginal ) ' - Learmned

mushroom representation

EUTOPIA Summer School: Al in Business and Healthcare
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(Deep) reinforcement learning

".' Google DeepMind

Challenge Match

1 Reward r
Agent policy
DNN o)
state Take action a Environment
s

parameter 6

Observe state s
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A playful demonstration example
https://playground.tensorflow.org/

b | Epoch Learning rate Activation
»>
000,115 3 ~  Tanh

DATA FEATURES £ =

Which properties do
you want to feed in?

Which dataset do
you want to use?

+ -

2 neurons

Regularization Regqularization rate Problem type
None v 0 - Classification v
2 HIDDEN LAYERS QUTPUT
Test loss 0.000
S = Training loss 0.000
2 neurons

Ratio of training to
test data: 50%

e

Noise: 0

Batch size: 24

— e

REGENERATE

CTUD

i S - |
‘"*’%u“"' e .
— o oy I -
e e i "
{ "

EUTOPIA Summer School: Al in Business and Healthcare
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+ \‘

‘,' * The outputs are
This Is the output mixed w
from one neuron weights. show
Hi fo see it by the thickness of
targer the lines

Colors shows

== -
data, neuron and Ix !

weight values

[] Showtestdata [] Discretize output

2.
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https://playground.tensorflow.org/

A playful demonstration example
https://playground.tensorflow.org/

s Epoch Learning rate Activation Regularization Regularization rate
>l
000,598 0.03 +  Tanh - None - 0
DATA FEATURES + — 3 HIDDEN LAYERS OUTPUT

Which dataset do
you want to use?

Which properties do
you want to feed in?

Test loss 0.040

+ - + - + -

8 neurons

8 neurons 8 neurons

Ratio of training to
test data: 70%

—e 0
Noise: 0 "
o :
Batch size: 10 o
—@ 2
REGENERATE sin(X,)

Colors shows

data, neuron and

sin(X,)

weight values.

< The outputs are
This is the output mixed with varying
from one neuron. weights, shown
Hover to see it by the thigkness of
larger. the lines.

EUTOPIA Summer School: Al in Business and Healthcare
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CTUD

Training loss 0.025

(O U
« Sle,

[J show test data

Problem type

Classification v

[OJ Discretize output
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https://playground.tensorflow.org/

The superpower of deep neural networks
Deep learning = automated feature learning

Output
(object identity)

3rd hidden layer
(object parts)

2nd hidden layer
(corners and
contours)

1st hidden layer
(edges)

Visible layer
(input pixels)

Goodfellow et al. (2016)
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Deep learning = learning of increasingly complex patterns

CTUD

Low-Level
Featu re

Mid-Level
Featu re

EUTOPIA Summer School: Al in Business and Healthcare
Lecture #2: Al Fundamentals
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High-Level
—
Feature

Slide 27

Trainable
Classifier

Zeiler & Fergus (2013)
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Before the era of deep learning, developers defined patterns manually

Hand-crafted features / patterns

_- Edge Features
H Line Features

E Four-rectangle Features

Important Features for Face Detection

https://towardsdatascience.com/the-intuition-behind-facial-detection-the-viola-jones-algorithm-29d9106b6999

EUTOPIA Summer School: Al in Business and Healthcare .
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The power of increasingly large deep learning models
Puppy or muffin?

VISION ERROR RATE

30%
Algorithms

25

20

15

10

Humans

2000 20m 2012 2013 2014 20015 2016

Brynjolfsson, E. and Mcafee A. "The business of artificial intelligence." Harvard business review 7.1 (2017): 1-2.
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A computer vision model that reads players’ faces to flag likely bluffs

AL = T e R

DATIA L RLIDE |300/500 500 (BBA)
VLo

L. 164,200 pa- 26400

5 ?

e L.

\ )

Pos: body | ChipSpd:}
le: 0.00 | PotMotion:

r' ) B B 91%
. BET 51K i
KLIPER
4T =t

23K uAVls : . "‘ e I 2026 WSOP MAIN EVENT

POT 10 800

https://www.instagram.com/p/Dapvu1TgMX8/2img_index=1&igsh=eWdgbmZzdnRlazh1
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How do ChatGPT & Co. work?

But how does this work
with text data and
natural language processing?

For example, with ChatGPT?

EUTOPIA Summer School: Al in Business and Healthcare .
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How do ChatGPT & Co. work?

For a better understanding, we need to know two important concepts

1. Language modeling 2. Embeddings

01 02 f’f\»
| |
-4

What time It ? Queen

+AJohan
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ChatGPT & Co. are large language models (LLMs)

A language model estimates the probability of a word or a sequence of words given a
preceding sequence of words.

This also works for
whole sentences and

Binge ... on| - | and

Binge . - PO IS 1 Ell"l.d [4|-';AH'_E even paragraphs (e.g.,
Binge drinking may ... be|have | cause
Binge drinking may not ... be|lead | cause

Binge drinking may not necessarily kill ... you|the |2

Binge drinking may not necessarily kill ... even |injure | kil

Binge drinking may not necessarily kill or ... kill | prevent | cause

Binge drinking may not necessarily kill or even ... your|the|a

Binge drinking may not necessarily kill or even damage brain ... cells | functions | tissue
Binge drinking may not necessarily kill or even damage brain cells, ... some |it| the

https://doi.org/10.1098/rs0s.211837
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https://doi.org/10.1098/rsos.211837

How can ChatGPT & Co. understand and process natural language?

To a machine, all words actually look the same, because it doesn’t really understand their meaning.

Conversion into a numerical form Representation of individual

Original text (for mathematical operations) Y;?\T;?c;pvic?r:aeﬁf?nra?ac;?)
a arrived| married | by I
T1:"A woman arrived by car.” 1! 1 0 1 0 1|
T2:“A man arrived by car.” » 2(1] o0 1 1 o |11 ﬁ
T3: “A man married a woman.” 312 1 ! 0 ! 010

(simple counting of words)

So, how can we extract the meaning of words and/or phrases in a machine-accessible way?
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The solution is to create so-called “word embeddings”

- Words are represented by vectors
(= “word embeddings”)

- Words with similar semantics are close to each
other (similarity is mathematically measurable)

- This makes it rather simple to transfer learnings
from one word to a similar word (e.g., if algorithms
—_ know that a man can arrive by car, they can easily
learn that a woman can also arrive by car)

- Length of the vector representation is usually
/ much smaller than the length of the total
vocabulary

EUTOPIA Summer School: Al in Business and Healthcare .

b9
o TU D Lecture #2: Al Fundamentals Slide 35 ’tiNTELLlGENT
Patrick Zschech | Intelligent Systems and Services

SSSSSSSSSSSSSSSSSS



The solution is to create so-called “word embeddings”

- Words are represented by vectors
(= “word embeddings”)

- Words with similar semantics are close to each
other (similarity is mathematically measurable)

- This makes it rather simple to transfer learnings
from one word to a similar word (e.g., if algorithms
know that a man can arrive by car, they can easily
learn that a woman can also arrive by car)

- Length of the vector representation is usually
much smaller than the length of the total
vocabulary
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Some examples of word embeddings

&
(2 X )y
0 R N N
© & & & L& N &
S & & & ¢ 7 ,
touses
cat —»| 0.6 [09 [0.1 |04 |-0.7]-0.3[-0.2| pimensionality ®
reduction of
i word
kitten —»| 0.5 | 08 [-0.1] 0.2 |-0.6|-0.5|—0.1| embeddings
from 7D to 2D
> cat
dog —|0.7 |-0.1{ 04 |03 [-0.4]|-0.1]-0.3 ® Litten
®
houses —|-0.8|-0.4|-0.5| 0.1 [-09]0.3 | 0.8 ®
dog
woman
man —| 0.6 [-0.2(08 |09 |-0.1|-09|-0.7( . ®
Dimensionality L
reduction of il
woman —| 0.7 |03 |09 |[-0.7| 0.1 |-05[|-04| __ Werd
embeddings ®
f 7D to 2D
rom 7D to D man queen
I'.
queen —| 08 [-0.1| 0.8 |-0.9] 0.8 |-0.5|-0.9 1
\ J \ J \ Ji J
Y Y , [ oo
Word Word embedding Dimensionality Visualization of word
reduction embeddings in 2D
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Benefits of word embeddings

/N

+AJoman

Que-en

a) Learns Analogy b) Similar Words have same angles

-
‘ Lecture #2: Al Fundamentals Slide 38 T ¢
LQTUD INTELLIGENT

Patrick Zschech | Intelligent Systems and Services INFORMATION SYSTEMS

EUTOPIA Summer School: Al in Business and Healthcare



Benefits of word embeddings
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TSNE 2

More advanced examples of embeddings

TSNE Visualization of Book Embeddings Genre
The Wnderful Wizard of Oz Crime novel
60
L .;» T
The Discontinuity Gu:dq L ¢ ; -t
x nti . ? Science fiction novel
. * A.Ilix\dverguﬁ‘sm mgﬁdalap
40
Fantasy novel
: b.;~
s . .
20 “?, ; 2 Children's novel
. %73
“s / Fantas
0 M b,
- 2% N ® ﬁ‘
& ® Historical novel
l'sﬁ 4 L *
“
a
-20 Y $" & Fiction
‘.n a0
Non-fiction
-40 -
-l 3 0 ia Britannica Novel
. ) F .
. .' 0?;:‘ :
-60 vi . X
" v Science fiction
-60 -40 =20 0 20 40 60

> TUD

TSNE 1
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Dim 2

s Multimodal Embeddings

“A cute cat”

“Best pet in the world”

“A cute puppy”

“A good boy”

“Funny cat meme” r
Dim 1
5
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Recap: Examples of fascinating applications
Some examples of supervised learning tasks

Features / input (= x) Target / output (=y) Application

Voice recording Transcript Speech recognition
Historical market data Future market data Trading bots
Photograph Caption Image tagging

Drug chemical properties Treatment efficacy Pharma R&D

Store transaction details Is the transaction fraudulent? Fraud detection

Recipe ingredients Customer reviews Food recommendations
Purchase histories Future purchase behavior Customer retention

Car locations and speed Traffic flow Traffic lights

Faces Names Face recognition

EUTOPIA Summer School: Al in Business and Healthcare .
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1) Symbolic Al and rule-based automation
2) (Shallow) machine learning

3) Neural networks and deep learning

4) Foundation models and generative Al

AR R R

5) Tool learning and agentic Al

od
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From traditional ML to (multi-modal) foundation models

Traditional ML Foundation models

Massive external data
Training Tasks

JA]

&k =
;/ .................. > . All .................. > (] 3_:7
# .................. > . Al wrerrsessssnnannns > (\3/ wx\ @

/) QzA

e

Prompting

> (’C/‘ Translation
N

@)

/] Classification
Prompting '
—_—

.................. (/) @ s Enterprise
@ """""""""""" . Al6 » (1/ proprietary data

P

Code Gen

https://medium.com/data-science-collective/what-are-foundation-models-and-why-should-data-scientists-care-c4a3aa7e9589
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Foundation models for generalist medical Al

Multimodal Data

CT
[ lung e Heart
aem T gHn
1 1 1 % b, v
_“cr " X-Ray : L_a Bl b
————— 1
Liver/Kidney/Spleen = (Pancreas/s h/ -

“\.

a

Multimodal self-supervised training

b

Applications

Medical domain knowledge Flexible interactions

8| &

- L

Q&A exchanges

Publications

Literature

Clinical
notes

Multimodal inputs
and outputs

Knowledge
graphs

Reasoning with multiple

knowledge sources

RO 3=

Dynamic task specification

g =

Chatbots for
patients

Interactive
note-taking

Augmented
procedures

Grounded
radiology reports

Text-to-protein
generation

Bedside decision
support

https://www.sciencedirect.com/science/

article/pii/S0933365725002003

CTUD
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Regulations: Application approval; validation; audits; community-based challenges; analyses of bi , fairness and diversity

Moor, M., Banerjee, O., Abad, Z.S.H. et al. Foundation models for generalist medical artificial intelligence.
Nature 616, 259-265 (2023). https://doi.org/10.1038/s41586-023-05881-4
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Generative Al
Use of foundation models to translate one data modality / representation into another

Al Could Change How Blind People See the World

Assistive technology services are integrating OpenAl's GPT-4, using artificial intelligence to help describe objects and people.

{

ILLUSTRATION: JACOUI VANLIEW: GETTY IMAGES

https://www.wired.com/story/ai-gpt4-could-change-how-blind-people-see-the-world/

od
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Generative Al
Challenges with biased data

Google Translate

Hungarian has no
gendered pronouns,
so Google Translate
had to make some
assumptions

Xa Text B Documents

HUNGARIAN - DETECTED POLISH

O szép. O okos. O olvas. O mosogat. 0 X
épit. O varr. O tanit. O f6z. O kutat. O
gyereket nevel. O zenél. O takarité. O
politikus. O sok pénzt keres. O

siiteményt sit. O professzor. O

asszisztens. |

oD
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ENGLISH POLISH PORTUGUESE v

She is beautiful. He is clever. He reads. ¥
She washes the dishes. He builds. She
sews. He teaches. She cooks. He's
researching. She is raising a child. He

plays music. She's a cleaner. Heis a
politician. He makes a lot of money. She

is baking a cake. He's a professor. She's

an assistant.
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Generative Al
Generating realistic images

neutral [~ Jgy Generated images

[ Bl k&fd‘ﬂiﬁ 4
Sk mmammm

Shorten, C., & Khoshgoftaar, T. M. (2019). A survey on Image Data Augmentation for Deep Learning. Journal of Big Data, 6(1), 60. https://doi.org/10.1186/s40537-019-0197-0
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Generative Al
Generating realistic images

CTUD

&« C (¢ & thispersondoesnotexist.com 2 * @ » O e g

Imagined by a GAN (generative adversarial network)
StyleGAN2 (Dec 2019) - Karras et al. and Nvidia
Don't panic. Learn how it works [1] {2] [3]

Code for training your own [original] [simple] [fight]
Art » Cats « Horses » Chemicals « Contact me
Another | Sponsor

https://thispersondoesnotexist.com/
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Generative Al

Generating realistic videos
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SEEDANCE 2.0 IS GETTING
RIDICULOUS. PEOPLE ARE .
NOW MAKING ABSOLUTELY Qs Qs @28 @
-~ INSANE VIDEOS WITH IT

~ w
'l' |‘ Kﬂw evolving.ai ¥ Gefolgt °°-

e €volving.ai & 1 Tag

@ This is getting out of control fast.

Seedance 2.0 is already being pushed to
create insane cinematic scenes, from
anime style live action crossovers to full
sci fi battles and meme concepts that
somehow look like real movies.

What used to take studios months is now
being done in days, sometimes hours, by
individual creators.

It is no longer just about prompts, as
people are combining reference images
and simple motion setups to guide very
specific shots that feel directed instead
of random.

You can see this across cinematic fight
scenes, FPS style gameplay, short films,

Gestern

https://www.instagram.com/p/DXE-Nw4jWVw/
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1

) Symbolic Al and rule-based automation
2) (Shallow) machine learning
)

3) Neural networks and deep learning

4) Foundation models and generative Al

AR R R

5) Tool learning and agentic Al

od
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Solving math tasks with ChatGPT v1 vs. v5

ChatGPT v1 (back then 2022) ChatGPT v5 era (today 2026)

" 241 - (-241) +1 241 - (-241) + 1
Fast answer

241 - (-241) + 11s equivalent to 241 + 241 + 1, which simplifies to 483 + 1. So
241 - (-241) + 1is equal to 484. 241 - (247) + 1

@ ChatGPT Instruments

483

Give feedback

Subtracting a negative is the same as adding:
241 — (-241) = 241 + 241 = 482, and then +1 gives 483.

0PIy -

Integrated tool use (!)
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Tool learning with foundation models

Please recommend
some books on
personal

finance

and (nvesting.

Please wake a
banana yogurt
for me.

e

Please drraw a
watercolor style
Eiffel Tower

painting. ;
2\.
»30

@

+Co0kiy, g Robot
—_—

Search

www.google.com

p Investhent

Reply

| would recommend.:

1. The good Investor
) 2. Simple Wealth

3. ...

Baok

L

Plan

1/ Slice the banana.
2/ Blend the banana
slices with yogurt.

@ Execute

. ¥

Use diffusion model Reply

Here is a watercolor
Eiffel Tower painting
generated by diffusion
model.

Prompt (Es'f.‘c( Tower, Wattrco{or)

Stable
Diffusion

QinY, Hu S, Lin'Y, et al (2024) Tool Learning with Foundation Models. ACM Computing Surveys 57:101:1-101:40. https://doi.org/10.1145/3704435

Lecture #2: AI Fundamentals

CTUD

EUTOPIA Summer School: Al in Business and Healthcare

Patrick Zschech | Intelligent Systems and Services

Bl
INTELLIGENT

INFORMATION SYSTEMS

Slide 52


https://doi.org/10.1145/3704435

Tool learning and exemplary tools

Tool learning is the process by
which an autonomous Al agent

learns to select, parameterize,

and execute external tools.

- Tool discovery and selection
- Parameter formulation

- Execution & feedback loop

Exemplary tools:

Lecture #2: AI Fundamentals

> TUD

[

|
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@ Information
Q Retrieval

G L W

Web Search  Bing Search  Wikipedia

News API ArXiv API

'h Communication &
- 4) Collaboration

M B

Gmail Outlook Slack
B o
Teams Discord

> Code Execution &
Terminals

=
p jupyter
P

Python Bash /Shell  Jupyter

@ 0

Sandbox REPL

EUTOPIA Summer School: Al in Business and Healthcare

(4 Knowledge &
&) Data Retrieval (RAG)

&3
"t:r’ &
Pinecone Weaviate FAISS

= g

Elasticsearch Vector DB
E Productivity &
Automation
Q
E‘ 0 @

Calendar  Task Manager Notion

g %6

Airtable Zapier

External Services
& APls

Weather Maps Finance
API API API

X &

Travel Sports
API API

Slide 53

[==] Computation &
tHJ Reasoning

@ B %

Python Calculator ~ Wolfram
Interpreter Alpha
alll X
Statistics Simulation

a File & Document
Processing

B & @

PDF Parser Excel

EI 5T
L J

Docx Reader Text Extractor

_—
= }
= loT & Devices

S e B

Smart Home  loT Sensor Camera

API Data Stream
@
==
GPS Robotics
Location Control

Data &
Databases

% O

SQL PostgreSQL  BigQuery

M dlr
'"“

SQLite Snowflake

Software Engineering
& DevOps

0 ¢ &

GitHub Git Docker

Q@ v

Jenkins GitLab

EER  Payments &

— Finance
8B P o
J11
Stripe PayPal Banking
API
Crypto Accounting
APl AP|
od
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What makes an Al agent an agent?
More than an LLM with tools

defines

First-Order
Agentic Al

———————————— @ Prompt Engineering
E:_}n Context Engineering

T T
f ;’ Function Calling . ( m\
Foundation Models Action Autonomy ; Enterprise
{/> Code Execution Systems | Saicailas
@) Large Language Models &=~ P
; @ Tool Learning APIs, Datab i
Learning Autonom s, Databases,
CZ%‘ Large Action Models 9 ‘ Y Web / Desktop Ul D Execution
' @ MCP (Model Context Protocol)
() Reasoning Strategies
&3 A2A (Agent-to-Agent Protocols)

- : ! = Other Al Agents
w6 50
@ | @ Short-Term Memory | A \
iy P (contextwindow). = 1k cimim mia = mm s ¢ X |
Situated B @ i
@ Long-Term Memory . Collaboration 94

Context
(persistent)

\

Second-Order
Agentic Al

Adapted from Li MM, Reinhard P, Leimeister JM (2026) Agentic Al. Business & Information Systems Engineering 1-14. https://doi.org/10.1007/s12599-026-01009-w
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From answering once to pursuing a goal
Agents use feedback to repeatedly decide what to do next

Traditional LLM Al agent

One request, one response Goal-directed loop with tools

' Goal Observe Reason & plan Use tools Act
Prompt Model Answer desired newstate [ ®] nextstep [ P] selecttool [®] execute action
Question or P  Generate next Text, image, outcome
instruction output code T |

Memory / feedback <

Tools the agent can use

Output is the endpoint.

The model answers, then the workflow stops. @ @ @ <[>

Email Web Data Code Telegram

The model is no longer just producing an output - it decides what to do next.
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Let’'s have a look at some examples

s EVOlving Al @

7. Agent Mode in the Gemini App

Agent Mode is a new feature in the Gemini app that lets
you state a goal, and Gemini will handle the steps to
achieve it. It can browse the web, gather information, and
interact with your Google apps to complete tasks

tyu evolving.ai & Gefolgt -

B et T T

miss:

1. Gemini Live. You can now turn on your
camera, point at anything, and talk to
Gemini about it in real time

2. Imagen 4. Google's best image model
yet

3. Veo 3. The first video model with
native sound generation

4. Deep Research

5. Project Astra. A JARVIS-like research
prototype exploring the capabilities of a
universal Al assistant

6. Google Flow. Al filmmaking tool for
creators

7. Agent Mode. A new feature in the
Gemini app that lets you state a goal,
and Gemini will handle the steps to
achieve it

8. Google Jules. Jules is an Al-powered
coding assistant that can read your code,
write tests, fix bugs, and update

Q mazo Qerz 36 G M

21. Mai 2025

https://www.instagram.com/p/D]6-swRCyiC?img_index=8
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Traditional automation or agentic Al?
Apartment search in high-demand cities

Traditional automation
HTML parsing, regex, platform filters

[@ Listing email

v

Parse HTML

¥

Regex + platform filters

¥

Check fixed criteria

D Telegram alert

Fast Cheap

Deterministic

Agentic Al

Interpretation, tool choice, adaptation

[@ Listing email

v

Interpret listing

¥

Decide fit to goal

¥

Select tools / ask for info

D Adapt to context

Flexible Handles ambiguity

Use agents where contextual reasoning, tool choice, and adaptation

add value - not where rules already solve the problem.
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The agentic enterprise: Al agents as a team
Define the outcome - let specialized agents coordinate the work

1) Set the goal

“Organize a one-day Al workshop for 50
students within a €2,000 budget.”

2) Assign multiple agents
- Program agent,

- venue agent,

- communications agent,
- catering agent,

- etc. ...

3) Approve & monitor
Review plans, budgets, risks, and progress.
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Example

DASHBOARD

ClaudeCoder corl

ClaudeCoder cha

uoue on PAP-129

o CMO cf It PAP-127

PAP-127

0 todo un PAP-127

ii ClaudeCoder checkea out PAP-129
<o Board cresiad PAP-129
& Board

M CMO changed status from (0 proaress La dane of 101
PAP-127

b CMO commented on PAP-127
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Paperclip turns a goal into coordinated agent work

(® make sure the dashboard blocks are always the... a0

O Create a live demo of the app for the website d... &m sun

@ when we have a "Live run® and can link to it, al.. 75m ag:
() Create a remotion demo video for the site

@ create an org~chart view that shows the orgre... 225 agn
@ on issues lists, for the assignees, don't have ab... 1d&un
® ui pass 0T CTO

® figure out labels

(® asana's uiis better

@) ensure that when the ceo hires agents, they pic... 1dago

https://paperclip.ing/
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The agentic enterprise
SAP Business Al

vJoule Work, AI Assnstants

and Platform &C |
b e i

2.
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Overreliance on Al

HAVE YOU FIGURED
OUT HOW Al WILL

IMPACT OUR
BUSINESS? WORKING There are many ways
\ ON IT. that Al can impact il

How will Al impact \

our business ?

TOM
FISH
BURNE

® marketoonist.com
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Thank you for your attention! ©

3 )

od
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