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Strubell et al. (2019): Energy and Policy Considerations for Deep Learning in NLP

https://arxiv.org/abs/1906.02243
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1. Pre Deep Learning Era (1952-2010)
2. Deep Learning Era (2010-2022)
3. Large-Scale Era (2015-2022)

1Sevilla et al. (2022): Compute Trends Across Three Eras of Machine Learning

https://arxiv.org/pdf/2202.05924.pdf


Maskinlæring og beregningsressurser

Tre epoker innen maskinlæring1:
1. Pre Deep Learning Era (1952-2010)

2. Deep Learning Era (2010-2022)
3. Large-Scale Era (2015-2022)

1Sevilla et al. (2022): Compute Trends Across Three Eras of Machine Learning

https://arxiv.org/pdf/2202.05924.pdf


Maskinlæring og beregningsressurser

Tre epoker innen maskinlæring1:
1. Pre Deep Learning Era (1952-2010)
2. Deep Learning Era (2010-2022)

3. Large-Scale Era (2015-2022)

1Sevilla et al. (2022): Compute Trends Across Three Eras of Machine Learning

https://arxiv.org/pdf/2202.05924.pdf


Maskinlæring og beregningsressurser

Tre epoker innen maskinlæring1:
1. Pre Deep Learning Era (1952-2010)
2. Deep Learning Era (2010-2022)
3. Large-Scale Era (2015-2022)

1Sevilla et al. (2022): Compute Trends Across Three Eras of Machine Learning

https://arxiv.org/pdf/2202.05924.pdf


Maskinlæring og beregningsressurser

Utviklingen av størrelsen på maskinlæringsmodeller2
2Sevilla et al. (2022): Compute Trends Across Three Eras of Machine Learning

https://arxiv.org/pdf/2202.05924.pdf
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Utviklingen av størrelsen på store språkmodeller
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“Rød” KI vs “grønn” KI

Red AI stems from the AI community’s focus on accuracy while paying little at-
tention to efficiency. It leads to a surprisingly large carbon footprint [. . . ]4.

4Schwartz et al. (2020): Green AI

https://arxiv.org/abs/1907.10597


“Rød” KI vs “grønn” KI

Green AI treats efficiency as a primary evaluation criterion alongside accuracy.
Efficiency entails minimizing data storage, floating point operations, energy con-
sumption, and carbon emissions.5

5Schwartz et al. (2020): Green AI

https://arxiv.org/abs/1907.10597
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• Belyser muligheter for optimalisering

Ulemper:

• Indirekte mål på klimaavtrykk
• Tar ikke hensyn til variasjon i maskinvare
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• Muliggjør “benchmarking” og sammenligning

• Belyser muligheter for optimalisering

Ulemper:
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Kategori 2: Klimaavtrykk

Fordeler:
• Direkte mål
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Ulike indikatorer belyser ulike ting

Luccioni et al. (2022): Estimating the Carbon Footprint of BLOOM, a 176B Parameter LanguageModel

https://arxiv.org/abs/2211.02001
https://arxiv.org/abs/2211.02001


Hvordan måle?

Verktøy for måling av indikatorer for grønn KI



Eksempel: CodeCarbon

CodeCarbon skjermdump



Hva kan vi bruke målingene til?

• Bevisstgjøring og ansvarliggjøring

— Belyse kostnadene ved bruk av ML-modeller

• Sammenligning mellom ulike modeller

— Etablere referansemålinger

• Balansere ytelse med bærekraft

— Kombinere indikatorer for ytelse og klimaavtrykk
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• Bevisstgjøring og ansvarliggjøring
— Belyse kostnadene ved bruk av ML-modeller

• Sammenligning mellom ulike modeller
— Etablere referansemålinger
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Eksempel: Energy-precision ratio

Energy-precision ratio (M)6:
M = Errorα × EPI

• Error: Feilrate

• EPI: Energy consumption per data item classified
• α: Koeffisient for å vektlegge ytelse foran effektivitet

6Lenherr et al. (2021): New universal sustainability metrics to assess edge intelligence

https://www.sciencedirect.com/science/article/pii/S2210537921000718?ref=pdf_download&fr=RR-2&rr=808962b88d450b51
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Eksempel: Green AI Quotient

Green AI Quotient: Assessing Greenness of AI-based software and the way forward7
7Sikand et al. (ASE 2023): Green AI Quotient : Assessing Greenness of AI-based software and the wayforward

https://conf.researchr.org/details/ase-2023/ase-2023-industry-showcase-papers/4/Green-AI-Quotient-Assessing-Greenness-of-AI-based-software-and-the-way-forward
https://conf.researchr.org/details/ase-2023/ase-2023-industry-showcase-papers/4/Green-AI-Quotient-Assessing-Greenness-of-AI-based-software-and-the-way-forward


Eksempel: Green AI Quotient

Metode for Green AI Quotient



Eksempel: Green AI Quotient

Skjermdump fra Green AI Quotient



Eksempel: d2m – et verktøy for grønn og ansvarlig
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• Vi må balansere ren ytelse medklimaavtrykket
• Hele livssyklusen til et KI-system må tasi betraktning
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Technology for abetter society
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