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SUSTAINABILITY
PROFITABLE DIGITAL

2003: Griindung der STRG.AT
TRANSFORMATION -

: Semantisches Content Framework
2006: Erste internationale Kunden
2008: spunQ3 - semantisches CMS (NN)
2009: Tageszeitungen in Osterreich
2014: STRG.matrix (Neural Network)
2016: FFG STRG.behave
2018: Forecasting Modelle
2021: FFG STRG.agents
2023: Risk Minimization
2024: Digital Control Center
2025: Causal #Al
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VERHALTENSOKONOMIE

Generierung und
Nutzung User-Daten in
einem geschlossenen
Eco-System.

Aktive Forschungs-
projekte / internationale
Kooperation mit
Universitaten & Partnern

Launch einer neuen
Generativen Software

Kl Lésung fur den DACH-
Markt.

SYNTHETIC DATA

Deep Reinforcement
Learning, um die
Simulation mit Virtual
Agents zu erméglichen.

IMPACT

Datenwissenschaften in
der Industrie.
Risk Minimization

\ Datenwissenschatft.
L Predictive Analytics.
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Predictive
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. -1:FSTRG. Strategien

Reactive Maintenance A

Preventive Maintenance
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Predictive Maintenance
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Wissen bei ,alten”
Kollegen

Hohe Komplexitat

Ausfallzeiten
verhindern

Wartungsintervalle
verlangern

Kausale
Zusammenhange
erkennen

Zeitpunkt

Stillstand zum
& schlechtesten

Historische Daten
nutzen

verlangern

Wartungsintervalle

|8

C
Q

™












2 .-1:3STRG. Workflow at a Glance
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I .-1:7STRG.

Sensor Data
Extruder

Collect Data

Temperature

Flow

Pressure )
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B .- TSTRG.

Bildgebende und
physische Verfahren

Farbwerte

spezifisches Gewicht =

Viskositat
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SynthetiSChe Daten ‘real’ camples =
&
Backpropagation 3
Trainingdata —» — 2
)
@ AVAE:
Discriminator, D /
y
&g Multilager neural |\
g % (s A network
Simulation s Generator, G \_ -2 g
?SJ = 3
s . Io: a0 Multilayer P B ; '2’
Reinforcement 2
L o . S neural network
. Learning o : g
g \o J Generatad ‘fake’ samples

Backpropagation

International Journal of Population Data Science




F

A -TASTRG. Forschun

—

.

Preprocess with
MATLAB

Ng von Frequenzen

rungen




Kombinatorik




Kombinatorik
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Holt Winters Verfahren




Long-Short-Term-Memory (LSTM))
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PREDICT THE FUTURE
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Retrieval-Augmented Generation
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DIGITAL TWINS

CAUSAL #Al






£ 1:@sTRa. Digital Twin - WTF

Digitale Abbildung der gesamten Anlage A

Darstellung verschiedener Szenarien
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Simulation mit veranderbaren Attributen
) B




Ice cream vs Shark Attacks

Client Explanation: What is Causal Modeling?

Iee Cream Sales v Shark Attachs

Causal modelling is a powerful Al approach
that helps us uncover true cause-and-effect
relationshipe, as opposed to just measured
correlalions, between atlributes in a calegory.

Practically speaking, this is what ultimately
Informs our understanding of the role of
social and environmental causes in driving
brand choice, and therefore helping build aur
understanding of the value in the brand
pursuing socis! cause marketing.




TASTRG.

Causal Ladder

Counterfactuals
“What if?”
Structural Causal Models (SCMs)

The holy grail of causality

Interventions
RCTs, AB/Tests,
do-algebra on observational data

Causal Inference for
cohorts by intzrventions
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Correlations
e Basc Statstics
¢ Machina Learnirg

“Spaghetti on the wall algorithms”




Bringing Causal Al and Gen Al Together

Creation _ Consumptio
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. -1:3sTRG. Was wir tun kdnnen

Datenzugriff, Normalisierung und Verarbeitung A

Conditions erarbeiten und Modelle trainieren

. . , &)
Simulations-Modelle entwickeln
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¥ . -1 - TASTRG. DANKE FUR IHRE AUFMERKSAMKEIT

WIR WISSEN. KOMPLEXE LOSUNGEN
ERFORDERN AUSFUHRLICHE BERATUNG.

WWW.STRG.AT

Jurgen Schmidt
Founder & CEO

- STRG.AT
.! juergen.schmidt@strg.at
[ El +43 699 1 7777 165
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