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“A human being should be able to change a diaper, plan an invasion,
butcher a hog, conn a ship, design a building, write a sonnet,
balance accounts, build a wall, set a bone, comfort the dying,

take orders, give orders, cooperate, act alone, solve equations,
analyze a new problem, pitch manure, program a computer,
cook a tasty meal, fight efficiently, die gallantly.
Specialization is for insects.”

Defining (artificial) intelligence

Source: wikipedia

Robert A. Heinlein, SciFi Author, 1907 - 1988
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THE NOBEL PRIZE THE NOBEL PRIZE
IN PHYSICS 2024 IN CHEMISTRY 2024

stateof.ai 2023

John J. Hopfield Geoffrey E. Hir

“for foundational discoveries and inventions
that enable machine learning
with artificial neural networks”

Hassabis

“for computational “for protein structure prediction”
protein design”

THE ROYAL SWEDISH ACADEMY OF SCIENCE

OpenClaw
Artificial Neuron ELIZA chatbot R Image Classification Transformer Agentic Al

1943 1966 @ 20111 20117 2026

Paper by Turing Deep Blue Alpha Go
1950 1997 2016
Computing Machines and Intelligence Kasparov World Champion




JOANNEUM, )))‘
What Is Al? A Functional View ESEARC ! )) /

DIGITAL
- Predict ‘L/

PREDICT

They learn patterns in data and forecast what is likely to happen
(e.qg., energy demand, machine behavior, price curves, etc)

- Optimize 'H'T

OPTIMIZE

They find the best settings, actions, or schedules under constraints
(e.q., reducing peaks, balancing loads, improving parameters, etc)

- Detect

DETECT

They identify anomalies, defects, or inefficiencies in real time
(e.g., abnormal machine states, wear, unstable combustion, etc)

Together, these capabilities let Al improve energy efficiency, stability, and throughput.
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Vehicle Management in a modular production

context using Deep-Q -Learning
L. Pouget, T. Hasenbichler, J. Auer, K. Lichtenegger, A. Windisch,
[arXiv:2205.03294]

Source: https://lwww.automotivemanufacturingsolutions.com/robotics/agvs-find-their-way/35016.article
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Personalized marketing und product recommendations

- Identification of customer interests and preference

Enables personalized marketing and product recommendation
e.g. ~35% of purchases on Amazon come from product recommendations

- Data sources for personalization algorithms @/

Current shopping cart contents

Customer / customer group purchase history ‘

Customer “likes” / “dislikes” on social media Similar Recommendation
Customers Engine

f) Recommend Products

based onsimilar
customer
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Source: Ivan llin, https://pub.towardsai.net/advanced-rag-techniques-an-illustrated-overview-04d193d8fec6
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Deploying RAG*) Model for local knowledge management for quantum computing

*) RAG: Retrieval Augmented Generation

Scientific work Automatic Adding additional Extended Local RAGxplain
with formulas Detection Service Descriptions PDF Document  Chat Service
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VinoMon

Automated Monitoring of Grapevine Diseases Using 5G and Al

Stakeholders

®  Winegrower
@ Cooperatives and associations (Genossenschaften)

® Chamber of Agriculture, authorities (Lander)

Objectives

®  Automated vineyard and vine-row aerial surveying
using 5G

® Al based detection of vine rows and grapewine
deseases (FD, Stolbur, Esca)

| GIS with locations of deseased vines

Flavescence Dorée (FD)
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- Al creates value by predicting, optimizing, or detecting

- Energy efficiency improves as a side effect of better decisions

- Benefits often come from reducing waste (time, material, scrap, idle states)
- Improvements do not require new hardware: only data and process access

- Al works best when applied to a specific, well-defined use case
O

()

IL/ 'H'T Energy efficiency emerges naturally when processes are optimized through Al

PREDICT OPTIMIZE  DETECT
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Traning a heural network:

- provide training input

- forward pass

- compute loss function (compare)
- compute gradient, update parameters

- get prediction
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Number of parameters from 10 thousands to millions

Traning a heural network:

- provide training input

- forward pass

- compute loss function (compare)
- compute gradient, update parameters

- get prediction



The modern era: Transformer

Output
Probabilities
Linear
( )
Add & Norm
Feed
Forward
e 1 \ | Add & Norm ;
el £ NB T Multi-Head
Feed Attention
Forward D ) Nx
]
Nix Add & Norm
f->| Add & Norm | Masked
Multi-Head Multi-Head
Attention Attention
1t L
\_ J . _/)
Positional D ¢ Positional
Encoding Encoding
Input Output
Embedding Embedding
Inputs Outputs

(shifted right)

Source: ,Attention is all you need* arXiv:1706.03762

Number of parameters in hundreds of billions to trillions
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Output
Probabilities
Linear
-
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Feed
Forward
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Create an image with huge piles of books. There
should be a lectern, on which an open book rests.

The floor is strewn with papers that have text
printed on them, a candle illuminates the room. The

scene has an atmosphere of warmth.
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Output
Probabilities . :
Imagine reading
a long story.
Linear
- N A Transformer is like
' Add & Norm '4-\
Feod a clever helper

Forward

’_1:4'45 who ...
R Add &.Norm

||
Pl i Multi-Head

Feed Attention

Forward Nx
—
Nix Add & Norm
f—>| Add & Norm | Masked
Multi-Head Multi-Head
Attention Attention
tr L
— J U — )
Positional D ¢ Positional
Encoding Encoding
Input Output
Embedding Embedding
Inputs Outputs

(shifted right)

Source: ,Attention is all you need* arXiv:1706.03762



The modern era: Transformer

Output
Probabilities Imagine reading
a big story.
L' . .
= A Transformer is like
((AgggRom)
—= a clever helper
Forward Wh 0
e 1 R I Add &.Norm l:
> Add & Norm } Multi-Head
Feed Attention
Forward S N 10.30  helps |
N L Add & Norm 0.20 listens
> Add & Norm } Masked
Multi-Head Multi-Head 0.12° understands
Attention Attention 0.10 learns
——T ) ( = 0.07 remembers
POSI’[Ional _9 POS|t|Ona| 0.06 thil’lks
Encoding ¢ Encoding 0.05 explains
Input Output .
Embedding Embedding 0.04 gUIdGS
1 1 0.03 highlights
Inputs Outputs 0.02 reads
(shifted right) 001 talks

Source: ,Attention is all you need* arXiv:1706.03762
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Output . .
Probabilties Imagine reading
a long story.
Linear . .
p \ A Transformer is like
| Add & Norm '4-\
Food a clever helper
Forward
’_tﬁ who helpsD
e | \ Add &.Norm
—+{LAddi& Nom ) Multi-Head
Feed Attention _ _
Fon/s{ard ) Nx 0.40 you
—
(Add & Norm : 0.15 to
Nx | —(CAdd & Norm ) T
Mult-Head Multi-Head 0.12 understand
Attention Attention .
T , — 0.10 organize
\ /N / 0.07 find
Positional Positional
Encoding -9 & Encoding O . 05 COIlIleCt
Input Output
Embe;ding Embuedging 0 ' 04 grasp
1 1 0.03 identify
Inputs ( h(?tutdpujtsht) 0.02 distinguish
shifted rig
0.01 focus
Source: ,Attention is all you need* arXiv:1706.03762 B 00]— hlghhght




Output

Probabilities

Linear

The modern era: Transformer

)
| Add & Norm |<-\\

) ) Nx
I Add & Norm :

Feed
Forward
e I \ I Add & Norm l:
Al o Multi-Head
Feed Attention
Forward
_k

Nx
f—>| Add & Norm | ochon
Multi-Head Multi-Head
Attention Attention
tr L
— J U — )
Positional D ¢ Positional
Encoding Encoding
Input Output
Embedding Embedding
Inputs Outputs

(shifted right)

Source: ,Attention is all you need* arXiv:1706.03762

Imagine reading

a long story.

A Transformer is like

a clever helper

who helps you see

which words matter most
and how they fit together,
making the whole story

easy to understand!
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- Identify one clear source of resource waste

(e.qg., energy peaks, idle phases, rework, poor quality, etc)

- Start with a small, contained use case
(e.g., one machine, one process, one production step, etc)

- Leverage existing data
(e.g., machine states, sensor signals, cycle times, energy meters, etc)

- Set a simple, measurable target
(e.g., reduce waste, shorten cycles, lower energy per part, etc)

- Run a short pilot
(e.qg., 8-12 weeks, minimal risk, fast insight)

- Scale step-by-step once value is demonstrated

IL/ 'H'T Al delivers the best impact when it reduces waste in a targeted and measurable way.

PREDICT OPTIMIZE  DETECT
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Key Takeaways

- Al improves predictability, stability and process quality
- Energy efficiency emerges naturally by reducing waste
- Many benefits can be achieved without new hardware

- The fastest value comes from small, focused use cases

- A short pilot (8-12 weeks) is usually enough to show measurable impact



Thank you for your attention!

Andreas Windisch
Head of Research Group Intelligent Vision Applications

JOANNEUM RESEARCH Forschungsgesellschaft mbH
DIGITAL - Institut for Digital Technologies

Steyrergasse 17
8010 Graz

Tel. +43 316 876-5208
andreas.windisch@joanneum.at

www.joanneum.at/digital
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