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Kl & Nachhaltigkeit ot

Kl fur Nachhaltigkeit

Anwendung von Machine Learning in

Bereichen, die die Ziele fur

nachhaltige Entwicklung (SDGs)
unterstutzen konnten

(z.B. Klimamodellierung,

Energiewende, Landwirtschaft)

Nachhaltige Gestaltung aller
Kl-Systeme entlang des
Lebenszyklus

Nachhaltigkeitskriterien fur alle KI-Systeme
(auch Finanzsektor, Marketing, Handel,
Industrie) zur Minimierung der sozialen,
okologischen und okonomischen Risiken, die
mit Technikentwicklung & -einsatz verbunden
sind
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Nachhaltigkeit als tibergreifende Perspektive

soziale Dimension \ ’ okologische

menschenwdirdige Dimension
Lebensb ed/n.g ungen, Okonomie Einhaltung der
gesellschatftlicher planetaren
Zusammenhalt und ’ \ Grenzen
Verwirklichungschancen

Okonomie: 6konomische Entscheidungen
mit Verantwortung fur das Gemeinwonhl
und Respekt fur planetare Grenzen
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Warum muss ML nachhaltiger werden? -
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Carbon Footprint of ML = 3
p CO,emissions | Percentage of
rocess (COzeq) total emissions
Embodied emissions 11.2 tonnes 22.2 %
Dynamic consumption | 24.69 tonnes 48.9 %
Idle consumption 14.6 tonnes 28.9 %
Total 50.5 tonnes 100.00%
Table 3: Breakdown of CO, emissions from different sources of the BLOOM model life cycle
Model Number of | Datacenter | Carbon intensity Power COzeq CO2eq
name parameters PUE of grid used consumption | emissions | emissions X PUE
GPT-3 175B 1.1 429 gCO,eq/kWh | 1,287 MWh | 502 tonnes 552 tonnes
Gopher 280B 1.08 330 gCO,eq/kWh | 1,066 MWh | 352 tonnes 380 tonnes
OPT 175B 1.09? 231gC0O5eq/kWh | 324 MWh | 70 tonnes 76.3 tonnes*
BLOOM 176B 1.2 57 gC0O2eq/kWh 433 MWh 25 tonnes 30 tonnes

Table 4: Comparison of carbon emissions between BLOOM and similar LLMs. Numbers in italics have been inferred
based on data provided in the papers describing the models.

Quelle: Luccioni, A. S., Viguier, S., & Ligozat, A. L. (2023). Estimating the carbon footprint of bloom, a

o 176b parameter language model. Journal of Machine Learning Research, 24(253), 1-15.



Energieverbrauch der Inferenz

inference energy (kWh)

task mean std

text classification 0.002 0.001
extractive QA 0.003 0.001
masked language modeling  0.003 0.001
token classification 0.004 0.002
image classification 0.007 0.001
object detection 0.038 0.02
text generation 0.047 0.03
summarization 0.049 0.01

image captioning 0.063 0.02
image generation 2.907 3.31

Table 2: Mean and standard deviation of energy per 1,000
queries for the ten tasks examined in our analysis.
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Quelle: Luccioni, S., Jernite, Y., & Strubell, E. (2024, June). Power hungry processing: Watts driving the
cost of Al deployment?. In The 2024 ACM Conference on Fairness, Accountability, and Transparency

(pp. 85-99).
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Wasserfullabdruck von ML o
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Quelle: Ren 2023, OECD.AI, Policy Observatory
https://oecd.ai/en/wonk/how-much-water-does-ai-consume
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Wasserfullabdruck ML

Table 1: Estimate of GPT-3's average operational water consumption footprint. “*” denotes data centers under
construction as of July 2023, and the PUE and WUE values for these data centers are based on Microsoft’s projection.

WUE Electricity Water | Water for Training (million L) | Water for Each Inference (mL) | # of Inferences
Location PUE (L/KWh) Intensity On-site | Off-site Total On-site | Off-site Total for 500ml
(L/kWh) Water Water Water Water Water Water Water

. . 0.550 . . i . . . . 29.6
Wyoming 1.125 0.230 2.574 0.296 3.727 4.023 0.920 11.583 12.503 40.0
Towa 1.160 0.190 3.104 0.245 4.634 4.879 0.760 14.403 15.163 33.0
Arizona 1.223 2.240 4.959 2.883 7.805 10.688 8.960 24.259 33.219 15.1
Washington 1.156 1.090 9.501 1.403 14.136 15.539 4.360 43.934 48.294 10.4
Virginia 1.144 0.170 2.385 0.219 3.511 3.730 0.680 10.913 11.593 43.1
Texas 1.307 1.820 1.287 2.342 2.165 4.507 7.280 6.729 14.009 35.7
Singapore 1.358 2.060 1.199 2.651 2.096 4.747 8.240 6.513 14.753 33.9
Ireland 1.197 0.030 1.476 0.039 2.274 2.313 0.120 7.069 7.189 69.6
Netherlands 1.158 0.080 3.445 0.103 5.134 5.237 0.320 15.956 16.276 30.7
Sweden 1172 0.160 6.019 0.206 9.079 9.284 0.640 28.216 28.856 17.3
Mexico* 1.120 0.056 5.300 0.072 7.639 7.711 0.224 23.742 23.966 20.9
Georgia* 1.120 0.060 2.309 0.077 3.328 3.406 0.240 10.345 10.585 47.2
Taiwan* 1.200 1.000 2177 1.287 3.362 4.649 4.000 10.448 14.448 34.6
Australia* 1.120 0.012 4.259 0.015 6.138 6.154 0.048 19.078 19.126 26.1
India* 1.430 0.000 3.445 0.000 6.340 6.340 0.000 19.704 19.704 25.4
Indonesia* 1.320 1.900 2.271 2.445 3.858 6.304 7.600 11.992 19.592 25.5
Denmark* 1.160 0.010 3.180 0.013 4.747 4.760 0.040 14.754 14.794 33.8
Finland* 1.120 0.010 4542 0.013 6.548 6.561 0.040 20.350 20.390 245

Quelle: Li, P, Yang, J., Islam, M. A., & Ren, S. (2023). Making ai less" thirsty": Uncovering and

addressing the secret water footprint of ai models. arXiv preprint arXiv:2304.03271.



Lebenszyklusbetrachtung: Hardware

Beispiel: Autunom fahrendes Auto
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Table 2. CAV Component Weight and Power Characteristics along with Materials/Manufacturing (Production) Burden and

Use Phase Burden in Terms of Both Energy and GHG Emissions

characteristic

model

weight (kg)
power (W)

production (M])

production
(kg CO,-eq)

use (MJ)

use (kg CO,-eq)

Quelle: Gawron, J. H., Keoleian, G. A., De Kleine, R. D., Wallington, T. J., & Kim, H. C. (2018).
Life cycle assessment of connected and automated vehicles: sensing and computing
subsystem and vehicle level effects. Environmental science & technology, 52(5), 3249-3256.
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Explainability & verifiability »
Options to information »

Bias & fairness detection»

Implementation of measures»

Possibilities of intervention »
Data quality »

Data protection & autonomy »
Usage autonomy »

Co-design»
Accessibility »

Team diversity »
Adaptability »

Kriterien zur Bewertung der
Nachhaltigkeitseffekte von ML

Transparency &

accountability
Nondiscrimination
& fairness

9 Technicalreliability
D@ & human supervision

ri.@
Inclusive and
participatory design

Cultural

sensitivity

Self-determination
& privacy

xS
S A

v
Code of conduct
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3

Complaint mechanism

Stakeholder &N
participation

L I

« |dentification & classification

« Stakeholder management L
Energy
consumption
i h)
« Contact persons Greenhouse @
) o gas emissions S
« Assigned responsibilities

« Liability provisions

Sustainability
potentials

3

Working conditions
& jobs n
E

Distribution effects
on target markets

-
Governance/ & in operation
cross-cutting @
| S
Social Identification Economical Ecological
criteria & classification criteria criteria
Indirect
resource (]Z
consumption
« Contact persons
Market diversi t¥ & <« Assigned responsibilities
innovation potential

« Liability provisions

« Evaluation & optimization
« Fairwages

« Evaluation & optimization
« Fairwages

« Consideration
«Recording

« Optimization

« Carbon footprint
« Carbon efficiency
« Carbon compensation

« Sustainable target function

« Sustainability criteria

« Promotion of sustainable consumption
«Reduction of resource consumption

« Effects on product quality

«Hardware manufacturing & acquisition

« Operation of data centers and hardware
«Recycling indicators

«Disposal scenarios

Quelle: Synthesis Report ,Taking (policy) action to enhance the sustainability of Al systems”



https://www.ioew.de/publikation/taking_policy_action_to_enhance_the_sustainability_of_ai_systems

Indikatoren fir dkologische Auswirkungen

(16) Embodied & shared 1) Certified hardware (energy & resource efficiency)
[EERUITES EETRTA e € 2) Certified data center (transparency, energy & resource efficiency)

hardware infrastructure
3) Efficiency metrics for data centers (e.g. Power-/Water-/Carbon
usage effectiveness)

4) Hardware recycling rate
5) Hardware reuse rate
6) Use of waste disposal scenarios for hardware

1) Energy consumption is considered during the system development
2) Models with lower complexity are favored during model selection
3) Pre-trained models and transfer learning are used

4) Parameters that capture the model efficiency are measured

5) Methods for model compression are used

6) Methods for efficient training of the models are applied

7) Measures are used to reduce the amount of data

(13) Energy consumption

Quelle: Rohde, F., Wagner, J., Meyer, A., Reinhard, P., Voss, M., Petschow, U., & Mollen, A. (2024). Broadening the
perspective for sustainable artificial intelligence: sustainability criteria and indicators for Artificial Intelligence systems.
Current Opinion in Environmental Sustainability, 66, 101411.,
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Ansatzpunkt fur Reduktion des
Energieverbrauchs

« Hyperparamter optimierung flr accuracy & energieeffizienz (dual-
objective optimisation)

« wichtigste Parameter: hidden layers, activation function,
position embedding type (Ludvigson 2022)

 Distilling Large Models: kleine Modelle lernen von grol3en Modellen

* (z.B. DistillBERT ist 40% kleiner (Anzahl der Parameter), 60%
schneller und sein Sprachverstandnis ist bei bei 97%)

« Tiny models
« Task specific models
« Komprimierung von Modellen (Pruning & Quantisierung)
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Ubergeordnete Ansatzpunkte e
y Dekarbonisisierung Open Al models
5 5 der digitalen (Sandberg, 2023
Infratsruktur (v.a. https://huggingface.com)
Energieversorgung)
Model Cards Nachhaltigkeitsfolgen-
(Mitchell et al. 2019) abschatzung
Verpflichtendes Reporting

auch fur
Umweltauswirkungen



https://huggingface.com/
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Al Act

« Standardisierte
Dokumentationsverfahren fur Energie-
und Ressourcennutzung von
Hochrisiko-KI-Systemen

« Freiwillige Codes of Conduct um die
Umweltauswirkungen zu erfassen und
ZU minimieren

 Generative Al Modelle (GPAI) mussen
Energieverbrauch messen/schatzen und
dokumentieren

Quelle: AlgorithmWatch 2024
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Existierende Tools

- Messen - Berechnung
“ CodeCarbon “ Green Algorithms
“ Eco2Al “ ML CO2 Impact
“ Cloud Carbon & Berechnungs Tools fur Kunden von

% Footprint grol3en Cloud-Anbietern

R/

% Carbontracker

C : =

’Q’ EXperI ment tensorflow tf

N 3 codecarbon Emission|

“ Impact Tacker _ S
mnist = tf.keras.da Offline shnad - &, .. = ¥

0:0 Tra Ca rbon (x_train, y_train), (x_test ’ = mni

x_train, x_test = x_train / x_test /

model = tf.keras.models.Sequential(

[

tf.keras. layers.Flatten(
tf.keras. layers.Dense(




SustAln Bewertungstool
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Das Tool zur Bewertung de
Nachhaltigkeit von KI
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Organisation

Was trifft auf Sie und Ihre Organisation zu? terforgerticn

© Wirentwickeln intern KI-Systeme fiir den Einsatzin unserer Organisation
(O Wirsetzen Kl inunserer Organisation ein, die wir extern entwickeln lassen oder einkaufen

© Wirsind eine Organisation, die Kl als Dienstleister fir Kund*innen entwickelt

® Speichern und spater fortfahren) m
.

https://sustain.algorithmwatch.org/bewertungstool
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Nachhal tige KI in der Praxis

Kinstliche Intell igenz:

S0 lisst g5 ]
ISSt sie syich nachh

Sustain Magazin #1: Nachhaltige Kl in der Praxis

Sustain Magazin #2:
Kl und ihre Folgen fur die Nachhaltigkeit

Sustain Magazin #3: Kl anders denken: Wie wir

selber entscheiden, mit welcher Kl wir leben wollen
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Availsble onine at www.sciencediact com
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Broadening the per ive for inable artificial
intelligence: sustainability criteria and indicators for
Artificial Intelligence systems

Friederike Rohde', Josephin Wagner', Andreas Meyer”,
Philipp Reinhard ', Marcus Voss*“, Ulrich Petschow ' and
Anne Mollen®®

e

frp——— ‘Current Opinlon in Environmantal Sustainabilty 2024, 66:121411

Rohde, F., Wagner, J., Meyer, A., Reinhard, P.,
Voss, M., Petschow, U., & Mollen, A. (2024).
Broadening the perspective for sustainable
artificial intelligence: sustainability criteria
and indicators for Artificial Intelligence
systems. Current Opinion in Environmental
Sustainability, 66, 101411...

Taking (policy)
actionto enhance
the sustainability
of Al systems

The SustAln Project:|Synthesis, Critical

Reflection and Policy Considerations

sustain

Rohde, F., Mollen, A., Meyer, A.,
Wagner, J., Marken, G., Frick, V.,
Schmelzle, F. & Engel, L. Taking
(policy) action to enhance the
sustainability of Al systems.



https://www.ioew.de/publikation/taking_policy_action_to_enhance_the_sustainability_of_ai_systems
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Danke fiir die Auf

F riederike.rohde@tu—berlin.de‘i : g

Gefordert durch:

% Bundesministerium
fur Umwelt, Naturschutz
und nukleare Sicherheit

0

ifemodiinesesdfiusses ALGORITHM [l DAI-Labor 1{0|W

des Deutschen Bundestages / WATCH TU Berlin




