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More sources for one energy

Energy diversification and technological neutrality guide our strategic
choices on our path to decarbonization.

®

More sources for one energy
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Eni: report on the purchase of Eni and the Ministry of Eni: report on the purchase of Plenitude and Marelli sign
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Calculating the environmental footprint of Al at
Google

https://cloud.google.com/blog/products/infrastructure/measuring-the-environmental-impact-of-ai-inference ?hl=en
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“Energy and Policy Considerations for Deep Learning in NLP”

Consumption COze (Ibs) E. Strubell, A. Ganesh, A. McCallum, 2019, arxiv:1906.02243
Air travel, 1 passenger, NY <+ SF 1984
Human life, avg, 1 year 11,023
American life, avg, 1 year 36,156
Car, avg incl. fuel, 1 lifetime 126,000 o XTImO FYE (TN ABEFEP
Training one model (GPU) A :7 7( - 7 'ﬁk’r”};‘ 'Ii %) ?ﬁﬁ"ﬂ‘ ~N *
NLP pipeline (parsing, SRL) 39 EE 2
w/ tuning & experimentation 78,468 * %/_ ‘i l—] 7D ]i HE 7 w_l‘—é:%f\i
Transformer (big) 192
w/ neural architecture search 626,155 7 X T Z") ~ % T % Z")
Table 1: Estimated CO5 emissions from training com- ° T ;i" ) [/ ’\% - 5%’ ﬁ O) < Z :F) %‘ Z\- 7'; B

mon NLP models, compared to familiar consumption. '

: o 7))L T) ZLABRNLE
Common carbon footprint benchmarks

in Ibs of CO2 equivalent

Roundtrip flight b/w NY and SF (1

passenger) | 1254
Human life (avg. 1 year) I 11,023
American life (avg. 1 year) .36,156 2019E(6ﬂ£ﬁ”')®1 —C%%’);&(‘li

US car including fuel (avg. 1 lifetime) 126,000
Transformer (213M parameters) w/ neural
architecture search 626,155
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On the Dangers of Stochastic Parrots: Can Language Models Be Too Big?
E. Bender, T. Gebru, A. McMillan-Major, S. Shmitchell
http://faculty.washington.edu/ebender/papers/Stochastic_Parrots.pdf

ABSTRACT

The past 3 years of work in NLP have been characterized by the
development and deployment of ever larger language models, es-
pecially for English. BERT, its variants, GPT-2/3, and others, most
recently Switch-C, have pushed the boundaries of the possible both
through architectural innovations and through sheer size. Using
these pretrained models and the methodology of fine-tuning them
for specific tasks, researchers have extended the state of the art
on a wide array of tasks as measured by leaderboards on specific
benchmarks for English. In this paper, we take a step back and ask:
How big is too big? What are the possible risks associated with this
technology and what paths are available for mitigating those risks?
We provide recommendations including weighing the environmen-
tal and financial costs first, investing resources into curating and
carefully documenting datasets rather than ingesting everything on
the web, carrying out pre-development exercises evaluating how
the planned approach fits into research and development goals and
supports stakeholder values, and encouraging research directions
beyond ever larger language models.
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Encoding bias: Google vs Gebru

4 UNFATHOMABLE TRAINING DATA

The size of data available on the web has enabled deep learning
models to achieve high accuracy on specific benchmarks in NLP
and computer vision applications. However, in both application
areas, the training data has been shown to have problematic charac-
teristics [18, 38, 42, 47, 61] resulting in models that encode stereo-
typical and derogatory associations along gender, race, ethnicity,
and disability status [11, 12, 69, 69, 132, 132, 157]. In this section,
we discuss how large, uncurated, Internet-based datasets encode
the dominant/hegemonic view, which further harms people at the
margins, and recommend significant resource allocation towards
dataset curation and documentation practices.

4.1 Size Doesn’t Guarantee Diversity

The Internet is a large and diverse virtual space, and accordingly, it
is easy to imagine that very large datasets, such as Common Crawl
(“petabytes of data collected over 8 years of web crawling”,!! a
filtered version of which is included in the GPT-3 training data) must
therefore be broadly representative of the ways in which different
people view the world. However, on closer examination, we find that
there are several factors which narrow Internet participation, the
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Gebru 3 Section 4 DFEED:

GPT-2 ETILDRL—=2%F T—2(30) [FReddithM 5 &2 TET-, RIT(Q019)DAE
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GPT2D ML —=25 F7—42% 272,000 LDM{EFETEHRINZ2—RX | ZEH
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“hegemonic views that are harmful to marginalized populations™
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THE RADICALIZATION RISKS OF GPT-3 AND ADVANCED
NEURAL LANGUAGE MODELS

Kris McGuffie Alex Newhouse
Center on Terrorism, Extremism, and Counterterrorism  Center on Terrorism, Extremism, and Counterterrorism
Middlebury Institute of International Studies Middlebury Institute of International Studies
kmcguffie@middlebury.edu anewhouse@middlebury.edu

September 9, 2020

1 Executive Summary

In 2020, OpenAl developed GPT-3, a neural language model that is capable of sophisticated natural language generation
and completion of tasks like classification, question-answering, and summarization. While OpenAl has not open-
sourced the model’s code or pre-trained weights at the time of writing, it has built an API to experiment with the model’s
capacity. The Center on Terrorism, Extremism, and Counterterrorism (CTEC) evaluated the GPT-3 API for the risk
of weaponization by extremists who may attempt to use GPT-3 or hypothetical unregulated models to amplify their
ideologies and recruit to their communities. Our methods included:

1. using prompts adapted from right-wing extremist narratives and topics to evaluate ideological consistency,
accuracy, and credibility, and
2. evaluating the efficacy of the model’s output in contributing to online radicalization into violent extremism.
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