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TWT SCIENCE & 
INNOVATION



TECHNICAL AND SCIENTIFIC TRANSFER

AI & Data, Simulation, Processes, Quantum Computing

Our Commitment: Best Performance at the Best Price

| WE TRANSFER KNOWLEDGE – INTO MARKET-READY TECHNOLOGIES |  

100%
Self-financed, very strong credit rating

independent – for over 25 years

300
Highly qualified professionals

from 17 nations – academic, 
interdisciplinary, excellent

100+
Partner organizations

from leading universities, global industry 
players, and our trusted partner in Greece

100+
Research Projects

innovative, application-oriented, and 
future-oriented 

40
Years as a technology pioneer

in technical and scientific transfer

20+
Professors

former TWT staff now in academia and 
research
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WE KNOW 

HOW.
T W T

MANAGEMENT: Dr. Dimitris Vartziotis, Dipl.-Ing. Frank Beutenmüller, Dr. Michael Keckeisen.



5

T W T

AI-Based (SW-)Development

with FORMALIS®

TRANSFORMATION: AI & DATA, SIMULATION, PROCESSES, QUANTUM
PIONEER PROJECTS: INNOVATION, SPEED, QUALITY, COST REDUCTION, COMPETITIVE ADVANTAGE

| WIR TRANSFERIEREN WISSEN – IN MARKTREIFE TECHNOLOGIEN |

AI-Based Resource Mgmt. 

with DELPHIS®

Trusted LLMs

with GSFT®

AI-Based Physics Simulation

with OPTIMALIS®

AI-Based Flying Fuel Cell

Trusted AI-Physics

with KANs

AI @ Test & Defect Mgmt.

with DETECTIS®

AI-Based Electric Power Net

with DYNAMIS® and BATSIS®

Engineer ‘s Digital Twin

with AI-Specialist®

AI-Based Interior Morphing

with MORPHIS®

AI-Based Patent Process

Enterprise AI-Orchestration 

& Cost Optimization

Best Performance for the Best Price              Top Experts Products                BCC                Financial Stability
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DIN ISO

BASED ON SCIENCE & OPERATIONAL EXCELLENCE

| WE TRANSFER KNOWLEDGE – INTO MARKET-READY TECHNOLOGIES | 
T W T

PARTNERING WITH LEADING INSTITUTIONS WORLDWIDE
and more 

partners 

worldwide

A global network of excellence

Connecting top minds to solve tomorrow’s mobility challenges.

2026

Formal methods enhanced AI-Agents – innovation through international partnerships and expert network.

Development projects with:

• Petrovic, N. et al.: GenAI for Automotive Software Development: 

From Requirements to Wheels, arXiv:2507.18223, 2025

• P. Vaudrevange et al., “Kolmogorov-Arnold Networks in Industrial 

Application of Truck Development,” in Stuttgart International 

Symposium on Automotive and Powertrain Technology 2026

• Shift2SdV (2025 - 2028), Modular Middleware & API Framework 

for automotive applications

• ReKonIK (2026 - 2029), Resiliente Kollaborationsstrukturen durch 

KI-generierte Modelle, 

Selected Publications & Publicly funded Research

From Tokens to Watt-hours: 
Analytical Energy Estimation 
for LLM Inference on Modern 
GPUs

National Technical University of 
Athens
Massachusetts Institute of 
Technology
Harvard University
TWT GmbH Science & Innovation

European Conference on Machine 
Learning and Principles and 
Practice of Knowledge Discovery 
in Databases - ECML PKDD
2026 7.-11.Sept, Neapel

https://eur04.safelinks.protection.outlook.com/?url=https%3A%2F%2Farxiv.org%2Fabs%2F2607.26571&data=05%7C02%7Colaf.fischbach%40twt-gmbh.de%7C26d55ed43eb5467352e608df1246fb70%7C2933bde1e07b4d088c2d2e3bde869af9%7C0%7C0%7C639249768331075725%7CUnknown%7CTWFpbGZsb3d8eyJFbXB0eU1hcGkiOnRydWUsIlYiOiIwLjAuMDAwMCIsIlAiOiJXaW4zMiIsIkFOIjoiTWFpbCIsIldUIjoyfQ%3D%3D%7C0%7C%7C%7C&sdata=rTXpnIaFBMuppx5objMOZisKTq%2Fyo7gYP7l1HU%2F%2F4Wg%3D&reserved=0


High number of talents 

from technical Universities

Silicon Valley of Greece

Mutual visits to promote 

collaboration

30+ years partnership

Easy accessibility

✓Ioannina, Greece · 

CEO: Dr. D. Vartziotis

✓IT & Digital Engineering · since 1994

✓Projects for TWT at · Premium automotive 

OEMs

✓European research activities

✓Approx. 60 employees

✓Certifications TISAX, 9001, 14001, 27001

✓Project languages · German and English
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| WE TRANSFER KNOWLEDGE – INTO MARKET-READY TECHNOLOGIES | 

YOUR ADVANTAGE – OUR REGIONAL PARTNER NIKI / 

COOPERATION PARTNER

T W T

Corfu

2.5h

3.5h

2.5h

Athens

Ioannina

Thessaloniki

Stuttgart

7.5h
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MOTIVATION
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| TWT @ GREENCODE RESEARCH PROJECT |

Goals TWT

T W T

Partners

TWT @ GREENCODE RESEARCH PROJECT

ITEA4, BMBF, GreenCode

‒ New methods for green coding in industrial applications 

and R&D 

‒ Exploring or setting energy standards

‒ Combining green coding with AI / SLM / LLM

a.o.
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JEVONS PARADOX - WHY EFFICIENCY IS NOT ENOUGH

| TWT @ GREENCODE RESEARCH PROJECT |

Microsoft PowerPoint (Microsoft 365)

What is the Jevons Paradox? Why it matters for AI?

Originally observed in the 19th 

century in relation to coal use: 

more efficient steam engines did 

not necessarily reduce coal 

consumption because they made 

coal-powered applications cheaper 

and more widespread.

Efficiency improvements can reduce the resources required 

per unit of activity, while simultaneously increasing total 

demand enough to offset — or even exceed — those 

savings. Sustainable computing cannot be evaluated 

only through efficiency; it must also account for 

scale, demand growth, and total system-level 

impacts.

• More efficient models: fewer Wh per 

inference

• Cheaper AI services: more users & 

more requests

• More capable systems:

larger models & longer contexts & new 

applications
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RESEARCH GAP- WE CANNOT MANAGE WHAT WE CANNOT MEASURE

| TWT @ GREENCODE RESEARCH PROJECT |

There is a disconnect between computational activity 
and its real-world environmental consequences.

Current limitations

• Energy use is rarely directly 

observable.

• Different AI models have very 

different computational 

characteristics.

• Data-center reporting is often 

highly aggregated.

• Environmental impacts depend 

strongly on location and time.

• Corporate sustainability claims do 

not always map to physical system 

impacts.

Computation

Energy use

Data center

Electricity grid

Carbon / Water / Air pollution / Health
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SUSTAINABLE COMPUTING

| TWT @ GREENCODE RESEARCH PROJECT |

Motivation: 

Connecting 

Software, AI and 

Resource Use

• Sustainable Software

• AI Inference & Energy Estimation

• Data Centers & Physical Infrastructure

• Life Cycle Assessment of Software Development
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SUSTAINABLE 
SOFTWARE



Sustainable Software

Can software itself be more sustainable?

Research question

Can AI-generated 

code be optimized not 

only for correctness, 

but also for 

computational 

efficiency?

Approach

Compare alternative 

implementations based on:

• execution time

• resource utilization

• energy-related 

performance

Finding

Functionally equivalent 

code can have 

substantially different 

computational costs.

Sustainability begins before the hardware is even selected.

LLM4Code Workshop, ICSE, 2024

https://doi.org/10.48550/arXiv.2403.03344

T W T

https://doi.org/10.48550/arXiv.2403.03344
https://doi.org/10.48550/arXiv.2403.03344
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EXISTING TOOLS OVERVIEW

| TWT @ GREENCODE RESEARCH PROJECT |
T W T
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AI INFERENCE & 
ENERGY ESTIMATION
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THE CONTINUOUS COST OF AUTOREGRESSIVE GENERATION

| MOTIVATION |

Growing AI-assisted development

– AI programming and vibe coding market projected

to grow from $4.7B to $12.3B by 2027 [Taskade,

2026]

– ~30% of new code at Google and Microsoft is AI-

generated [Second talent, 2026]

– 25% of YC W25 startups have codebases that are

~95% AI-generated [Fawzy et al., 2026]

Lifetime energy footprint

– Depends on generated tokens, sequence length,

model size, hardware configuration and batching

Deployment impact

– Applies equally to on-premise/small-to-medium
GPU deployments

https://www.taskade.com/blog/vibe-coding-money
https://www.taskade.com/blog/vibe-coding-money
https://www.taskade.com/blog/vibe-coding-money
https://www.taskade.com/blog/vibe-coding-money
https://www.taskade.com/blog/vibe-coding-money
https://www.secondtalent.com/resources/how-much-software-written-by-ai/
https://www.secondtalent.com/resources/how-much-software-written-by-ai/
https://www.secondtalent.com/resources/how-much-software-written-by-ai/
https://www.secondtalent.com/resources/how-much-software-written-by-ai/
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THE HARDWARE TELEMETRY BOTTLENECK

| PROBLEM & GAP |

Hardware telemetry & power instrumentation [A. Lacoste et al., L. Lannelongue et al.]
– Direct access to GPU telemetry or power sensors

Coarse-grained carbon-accounting tools (SPROUT) [B. Li et al.]
– High-level reporting, no request- or token-level estimates

Transformer scaling-law & GPU benchmarks [J. Kaplan et al., J. Hoffmann et al., O. Antepara et al.]
– Basis for analytical FLOP & hardware-energy modeling, no request-level estimates

Our approach: An analytically structured, empirically calibrated GPU-level methodology without runtime 

measurement.

The problem: Direct energy measurement is hardware-bound and non-portable.



AI Inference & Energy Estimation

How much energy does an AI inference require?

A token represents a piece of text, not a fixed amount of energy.

GreenAI Workshop, ECML-PKDD, 2026

https://doi.org/10.48550/arXiv.2607.26571

Research question

Energy measurement is 

hardware-bound. How can 

we measure it?

Approach

We estimate how AI 

workloads translate into 

energy use by considering:

• the amount of 

computation required 

• the number of input and 

output tokens 

• the size of the model 

• the length of the context

Finding

A hardware-aware 

analytical model that 

estimates inference energy 

without requiring direct 

power measurements for 

every workload.

T W T

https://doi.org/10.48550/arXiv.2607.26571
https://doi.org/10.48550/arXiv.2607.26571
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WORKLOAD ANALYSIS – TOKEN DISTRIBUTION

| AI INFERENCE & ENERGY ESTIMATION |

Standard energy models that only measure output or input tokens miss over 90% of the actual 

workload; modeling KV-cache memory reads is essential for accurate energy estimation.
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Feature — building new functionality that didn't exist before

Understand — reading/exploring code to answer a question, no changes made

Bugfix — fixing broken or incorrect existing behavior

Init — initial project setup or onboarding (e.g. /init-generated CLAUDE.md, first-time environment setup)

Docs — writing or updating documentation, comments, or docstrings

Review — reviewing existing code or a diff for correctness/quality, no new feature work

Design — planning architecture or approach before writing code

Integration — connecting separate systems or components together

Test — writing, fixing, or running tests

Refactor — restructuring existing code without changing what it does

EMISSIONS OF DIFFERENT SOFTWARE ENGINEERING TASKS

| AI INFERENCE & ENERGY ESTIMATION |

Heavyweight Tasks: Refactoring & Testing 
– Reconstructing complex legacy code requires

heavy context window & multi-step reasoning

High Frequency vs. Low Footprint
– Feature and Understand prompt are the most

frequent, but they emit very little carbon per

prompt

47x Impact Disparity & Optimization Target
– A simple refactor prompt consumes as much

as 47 Feature prompts
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THE HYBRID FRAMEWORK: EXTENDS ECOLOGITS WITH OUR ANALYTICAL 
METHODOLOGY

| AI INFERENCE & ENERGY ESTIMATION |

EcoLogits [Samuel Rincé et al.]
– An open-source tool from CodeCarbon (python library /

web calculator / API for estimating the environmental

footprint of generative-AI inference)

– Output tokens-only model assumption

Agentic Memory Load 
– Over 94% of token volume consists of KV-cache

memory reads

– Output generation accounts for less than 1% of total

GPU data movement

Hybrid Framework
– Replaces output-token regression with an analytical

hardware model [Vartziotis et al.]

– Applies the infrastructure parameters used by the

EcoLogits tool (Datacenter PUE, Grid Carbon Intensity,

embodied emissions)

https://ecologits.ai/latest/
https://ecologits.ai/latest/
https://ecologits.ai/latest/
https://arxiv.org/pdf/2607.26571
https://arxiv.org/pdf/2607.26571
https://arxiv.org/pdf/2607.26571
https://arxiv.org/pdf/2607.26571
https://arxiv.org/pdf/2607.26571
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LIFE CYCLE 
ASSESSMENT
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LIFE CYCLE ASSESSMENT (LCA) IN GREENCODE

| ACTIVE RESEARCH PROJECT GREENCODE |

LCA

environmental 

impact across a 

product's full life 

cycle. 

Software's carbon footprint 

isn't obvious. It lives in the 

servers it runs on, the 

laptops it's built with, and 

the AI tools queried during 

development.

Our goal: produce a single 

GWP-100 score (kg CO₂-eq) for 

a real software product, 

combining electricity, hardware, 

cloud services, and waste into 

one comparable number.
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LCA ANALYSIS PIPELINE

| CUSTOM LIFE-CYCLE INVENTORY AND AUTOMATED IMPACT ASSESSMENT FOR SOFTWARE SYSTEMS |

Our Contribution

Custom LCI Dataset

34 process flows mapped across all five ISO 14040 life-cycle stages, built specifically for 

software systems.

Data-Quality Review

Every flow assessed and tagged: verified, pending review, excluded, or flagged for 

methodological uncertainty.

Automated Assessment Pipeline

Python scripts import our dataset into Brightway2, apply GWP-100 characterization, 

and generate stage-level results.

Example: our LCI dataset (excerpt)

Process Flow Amount Unit

Application Execution Production runtime electricity 10,464 kWh

Development Environment Developer laptop electricity 15.12 kWh

Hardware Infrastructure Embodied server hardware 0.1 kg CO2e

Our Results : 

Emissions Grouped by Stage  / Emissions grouped by Flow

Emissions Grouped by Stage

3,155 kg CO2e

Use Stage dominates the footprint

(90.7% of total)

total GWP-100 per functional unit
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Kotsopoulos, S. (2024). Carbon Footprint Evaluation Of Code Generation Through Llm As A Service. In 2024 Stuttgart 

International Symposium On Automotive And Engine Technology (Pp. 230–241). Springer. Https://Doi.Org/10.1007/978-3-658-
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6. Vartziotis, T., Dellatolas, I., Dasoulas, G., Schmidt, M., Schneider, F., Hoffmann, T., Kotsopoulos, S., & Keckeisen, M. (2024). Learn To 

Code Sustainably: An Empirical Study On Llm-based Green Code Generation. In Proceedings Of The 1st International Workshop 
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| TWT.INNOVATION |

LIST OF PUBLICATIONS
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DEMONSTRATOR
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ΤWT DEMONSTRATOR- GREENLOOP

GREENLOOP – HOW IT WORKS

A closed loop on the developer's machine:

1. Runs on-premises, so your code never 

leaves your infrastructure

2. Every change must behave exactly like the 

original

3. Energy is measured before and after, 

including the cost of the AI
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OUTCOME

| GREENLOOP | 
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DEMONSTRATOR OUTCOME + INFERENCE COST

| GREENLOOP | 
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laura.casella@twt-gmbh.de

Dr. Laura Casella

tina.vartziotis@twt-gmbh.de

Tina Vartziotis

mailto:laura.casella@twt-gmbh.de
mailto:laura.casella@twt-gmbh.de
mailto:laura.casella@twt-gmbh.de
mailto:tina.vartziotis@twt-gmbh.de
mailto:tina.vartziotis@twt-gmbh.de
mailto:tina.vartziotis@twt-gmbh.de
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