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DOE and Lab Planning Efforts
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https://www.anl.gov/ai-for-science-report

The 2022 workshops recognized
This trend and organized differently
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Senate Energy and Natural Resources
Hearing on DOE and Al
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NNSA report on Al for Nucledeterence



\ Application of Atrtificial Intelligence Methods and Technologies to Nuclear Security Missio

== Areas:the demonstration and application of Al to the Nuclear Security Enterprise and high
é, consequence applications will be accomplished by partnering with key stakeholders in thq

weapons design, production, and analysis community.

ARTIFICIAL INTELLIGENCE FOR Foundational R_’&D in Machine Learning Method§ aer T-echnolagieas Fie?/elopment of-ML
tools andtechniques that enable successful application in sparse or limited data environm
where model accuracy constraints are likely to be much tighter than in industry or acade
2023 addition, the methods that will be developed will need to scale to the substantial data

NUCLEAR DETERRENCE STRATEGY

environment associated with the simulation of complexclear physics phenomena.

Scalable and Performant Data Infrastructurte availability of rich, curated data sets will bg
critical to the useof ML within ASC. Investment will be required to create a secure hardwa
and software infrastructure thatonnects users across the design and production agencies
the Nuclear Security Enterprise. Ensuringeéngironment is scalable into the future and

. provides sufficient performance to prevent model training anfierence from becoming a

) 3 bottleneck will be an essential component to a successful execution of this strategy.

0 Enabling the DateDriven Workforce of the Futur¥ | { / Q& Y2 &G A YLI2 NI
: workforce of laboratory technical staff who provide expertise in a wide variety of technical
areas, including physicsngineering, mathematics, and advanced computing. ASC will invd
training and developing a pipeline of additional staff to engage across projects and activiti
with the goal of providing data analytics and complex d#taen modeling. Attracting and
retaining the best workforce will likewise mean demonstrating that ASC is performing eutt
SR3IS NBaSINODK Ay !'L YS{iK2Ra |yR | LIJ &Ay
will collaborate with industry, academia, and other U.S. agencies to leverage existing
NVYSE knowledge, experienced staff, and best practices.

Image credit: DALL-E Machine Learning Generated Image




DOE Labs reinforce Al for Energy



' 19 HJYH O

Key Findings for Establishing the Cross-cutting Aspects of Al Supremacy Needed to Ensure Success
iN ENergy MiSSION ATBaS .....ccccuuriiimiirioimmisaniesssssnissss s s sns sesssssssas s sm s srssas s as s s s s s aeas s anaam bmsSamsnea £nan s s nmnsasssnsnnssansannsns D
HIGR-CONSEQUENCE ..... ..ottt ee e e e et e aeee et beaseeaaa e staeeaeesanbesseae s s snnteaeean sansaesee s nbansnsesansnnnsanseessnnsen 5

ADVANCED RESEARCH NS 7 / UFGENCY ..ottt et e s st o2 12t h e e ettt e 6
DIRECTIONS ON . B 7 Complexity

AI Fo R 4T ;.‘" > 071, NUCIEAT ENEIQY -...eoneeeeeceeeeeneeeecemecescee e s e ssassenssssenesessesnseasesnsemssensasnsesssesssnsnsasssassesenssnsssnsnsssnsnsesesesesssasssnssensnessesnsese B
4 \ // 1.1 Grand Chall@Nges....... .o et e e e e s e oo s o sa e e e ssesem o mnm e mnem e emeenne e 8
E N E RG I /. 1.2  Advances in the NexXt DECAUE ...........eeei i r et e e e et e e ee e aeeeassae e e e e e eessnn s nansnnnrans 1

1.3  Accelerating Development....... ... e et e s e e e e e e e eesnee e e e e s nn e eraneaeerane e eanns 13

Report on Winter 2023 Workshops : 0 i# 1.4 Expected Outcomes

T 0 (T = g o= T USROS 15
Claus Daniel

Argonne National Laboratory st 02, POWET Gl w..evveeeeeeeeeeseseeesseesesseessesseessssssssssesssssesseseesssessessesesesseseassssssssssesesesessssesnssssssssssssssssesssesssssssssasssssenseees 18

W71/ = 2.1 GrANA CRAIBNGES. ... eeoeeereeeeeeeeeeeeeeeseeeeeeeeeeee e seseees e eeseeseeeseseeseseese e e seseesesesesesseseesseeseeesseeesesesesseneesseeseeesssenes 18
2.2 Advances in the NeXt DECATE ... et te e e e e et et e e ee s st asee e s baeeeeeseebsnsene e annsnnnans 19
, / 2.3  Accelerating DevelopmeEnt....... ... .o e et ae et e eesaae e e e s nn e steaeeraneeeeans 21
Kirsten Laurin-Kovitz / ‘ 2.4 EXPECIEU OUICOMES ...ooneeeeeeieeeeeeee ettt ettt e et et eee e e ee e se e e et sesese s eemssemseessssmsnsseemsemsessssmsnssennsensensessnnens 24
Argonne NationalLaborator}/ | ’ ’ 25 References ....................................................................................................................................................... 25

Jess C. Gehin
Idaho National Laboratory

Bryan Morreale ; ] = 03. Carbon MANAGEMENL........c..ceurureucecuscssessesesscessssesesseasassesstsesssasssstsebss s ssssseseesasas st sesss s bastsessesssssssstsesssssssstsssssassssseces 20
National Energy Technology Laboratory / R et 3.1 Grand CRallENGES. . .....ooo ittt e e e e et ae e s bt ee e eesaaseeeeeaebansantean s aaehaeee et e e neaseaeea e nneaeaaeeanes 26

Ay , 3.2 Advances in the Next Decade ... e s 29
Rick Stevens /) , / 3.3 Accelerating DeVIOPIMENL..........cc.ooiieieieeie ettt te et e et et et et ese e beeaeeebeeseeess e beess e stensee s snsesnsaebesnsaessansen srens 31
Argonne National Laboratory 1/ ' 3.4 EXPECIEU OULCOMES ....ooeoeoeeeieeecteeeeeet et eeete et ettt e eeeaeeeaeseetee e e eteseseas et eeas e e et esebeas et anserassseressssesansenesasnnseeesens 32

William Tumas BT T == (= =T o Tt 32

National Renewable Energy Laboratory Z 04. ENEIQY SEOTAQE.....ueucuerireesissressssssesssssssssssssiessssssessesssessssssssssssssassessssssessssssesssssssstesssssssesssassessssssessssssssssssssessessssenses 34

o 4.1 Grand ChallENgES........ ..ot ee e et e e e e e et a bt e ee e abeseaeesaesasaeeaesbansasssan s ssaseeeesenssnsenseannsnneans 34

// . g 4.2 AdVANCES iN the NEXE DECATE ...t eee e eee e ee e een e eeee e eeee e e ee s meneeereemnen 36
ol i 3 4.3  Accelerating DevelopmeEnt........ ..o e e e e e rn e sran e nraes 39
N = (o T=To1 (=T @ 0 o] 4T USSR 42
L I (=) (T =T g o= USSP 42

05. Energy Materials ... sis s s sr s sn s s s s s s s e an s man s an s nn nm e e s s e anan s ansransnnannnsnnnen s 00
LT I €1 o o I =11 =T o = USRS 44
52 Advances in the NeXt DECAUE ........c..ooi it et ae e n et e e 46
5.3 Accelerating DevelOopmEnt....... ...t e e e et eee s e e e e e e e e ee e e e e eneeae e e e e senneenn 47
LT S S5 4o T=T o (=Ta IO T (oo g T USSR 49
55 References

(mENERGY (R)ENERGY |sicne IN April 2024




5h9 32Sa LlzoofAO 6Ai0K



Mawt'SCSP Al Expo DOE Anno

Driving the news: The department announced the Frontiers in Artificial Intelligence for
Science, Security and Technology (FASST) initiative at the Al Expo for National
Competitiveness in Washington.

e 'Imagine we had a basic science Al foundational model like ChatGPT for English — but it

speaks physics and chemistry,” Deputy Energy Secretary David Turk said in announcing the
initiative.

e Combine that "with the world-class laboratory test facilities we have at [DOE] labs and you
will get a sense of the incredible potential here,” he said, adding it is already happening with
fusion ignition research at Lawrence Livermore National Lab.

Why it matters: The DOE has world-class supercomputing, a powerful scientific infrastructure
and experience working with dual-use technologies that position it to power Al advances for
science and national security.

e 'ltis arguably the most important Al initiative yet from the Biden administration”
considering the ambition, scale, funding and focus squarely on Al, says Divyansh Kaushik, a
VP at Beacon Global Strategies who focuses on critical and emerging tech.

e 'The president's budget request for $455 million is a starting point but it remains to be seen
what DOE can do with that amount of money and they certainly will need a lot more if you
compare to private sector investments,” Kaushik says, adding it will arguably require tens of

U.S. DEPARTMENT OF billions of dollars over five years.

(%)ENERGY ~ /




Schumer and Co. ask for $32B/yr
for non-defense Al research and development



Driving U.S.
Innovation in
Artificial Intelligence

A ROADMAP FOR ARTIFICIAL INTELLIGENCE POLICY
IN THE UNITED STATES SENATE

The Bipartisan Senate
Al Working Group

Majority Leader Chuck Schumer
Senator Mike Rounds

Senator Martin Heinrich
Senator Todd Young

May 14th SENATE ROADMAP



Manchin and Murkowski introduce
DOE Al Act: $12B over five years



The Department of Energy Al Act:

Authorizes the Frontiers in Artificial Intelligence for Science, Security,
and Technology (FASST) initiative at DOE. Establishes a network of Al
research clusters built on DOE's existing ecosystem of computing
capabilities and research facilities at National Labs. & days ago

JOEMANCHIN ABOUT  NEwsroOM  HELPFROMJOE  CONTACTJOE Q | newsiertersionwe | P @ ©

JULY 10, 2024

MANCHIN, MURKOWSKI INTRODUCE BIPARTISAN LEGISLATION TO ADVANCE
DEPARTMENT OF ENERGY Al RESEARCH FOR SCIENCE, SECURITY, AND
TECHNOLOGY

Washington, DC — Today, U.S. Senator Joe Manchin (I-WV), Chairman of the U.S. Senate Energy and Natural Resources Committee, and
Senator Lisa Murkowski (R-AK) introduced the bipartisan Department of Energy Al Act to advance American leadership in artificial intelligence

(Al) by harnessing the existing National Laboratory infrastructure and workforce at the Department of Energy (DOE).

“As Al technology takes the world by storm, the United States needs to meet the moment quickly and effectively before our adversaries do. The
DOE and its network of National Laboratories are ready and able to bring our nation to the next level of scientific discovery and global
competitiveness through the innovation of safe and responsible Al,” said Chairman Manchin. “This bipartisan legislation will leverage the
agency’s existing world-class laboratory test facilities, scientific workforce, and advanced computing resources to strengthen our country’s Al
capabilities to remain the superpower of the world in energy, national security, and economic competitiveness. Deploying our existing lab
infrastructure and scientific expertise for Al instead of starting from scratch will also safeguard taxpayer dollars and allow for us to move
quickly. As Chairman of the Senate Energy and Natural Resources Committee, | am proud to work with my friend, Senator Murkowski, on this
crucial legislation and | encourage my colleagues on both sides of the aisle to support this initiative to further unlock the groundbreaking

potential of Al”



DOE office of critical and emerging technologie:
announce FASST
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Frogt ers in Artificial Inr.eﬂlgénce for Séience,

Securityand Technology (FASST)

. Office of Critical and Emergmg Technologies

Office of Critical and Emerging Technologies »

Frontiers in Artificial Intelligence for Science, Security and Technology (FASST)

Artificial intelligence (Al) is transforming how we innovate, grow our economy, and protect our nation. However,
certain strategic areas of the US government’s artificial intelligence capabilities currently lag industry while
foreign adversaries are investing in Al at scale. If U.S. government leadership is not rapidly established in this
sector, the nation risks falling behind in the development of safe and trustworthy Al for national security, energy,

and scientific discovery, and thereby compromising our ability to address pressing national and global challenges.



Frontiers in Artificial Intelligence for Science, Security and Technology
(FASST)

The proposed Frontiers in Al for Science, Security, and Technology (FASST) initiative leverages DOE’s enabling

infrastructure to deliver key assets for the national interest:

* Advance National Security. The development of Al models for national security applications, such as threat
detection and strategic deterrence is crucial to maintaining America’s defensive posture.

* Attract and build a talented workforce. FASST is the most ambitious Al initiative of its kind. This mission will
attract, train, and retain top scientific talent for a leading capability deployed in the public interest.

* Harness Al for Scientific Discovery. FASST will develop Al tools that will dramatically reduce the time to
discovery and extend the nation’s competitive edge in technological innovation.

* Address Energy Challenges. FASST will unlock new clean energy sources, optimize energy production, and
improve grid resilience, and build tomorrow’s advanced energy economy. America needs low-cost energy to
support economic growth and FASST can help us meet this challenge.

» Develop technical expertise necessary for Al governance. FASST will provide insight and independent

expertise to quickly inform and validate standards and regulations for a responsible and safe Al industry.
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Trend 1s towards fewer more universal models:
Increasing emergence and homogenization

Machine Learning §; @) S
Deep Foundation Models " ;

Learning N "
Emergence of... “how” Features Functionalities
Homogenization of... learning algorithms architectures  models
¢ >

Fig. 1. The story of Al has been one of increasing emergence and homogenization. With the introduction of
machine learning, how a task is performed emerges (is inferred automatically) from examples; with deep
learning, the high-level features used for prediction emerge; and with foundation models, even advanced
functionalities such as in-context learning emerge. At the same time, machine learning homogenizes learning
algorithms (e.g., logistic regression), deep learning homogenizes model architectures (e.g., Convolutional
Neural Networks), and foundation models homogenizes the model itself (e.g., GPT-3).
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Attention Is All You Need

Key Transformer Paper

1706.03762v5 [cs.CL] 6 Dec 2017

dV

re

Ashish Vaswani* Noam Shazeer* Niki Parmar* Jakob Uszkoreit*
Google Brain Google Brain Google Research Google Research
avaswani@google.com mnoam@google.com nikip@google.com usz@google.com

Llion Jones™ Aidan N. Gomez* | FLukasz Kaiser*
Google Research University of Toronto Google Brain
1lion@google.com aidan@cs.toronto.edu lukaszkaiser@google.com

Illia Polosukhin* *
illia.polosukhin@gmail .com

Abstract

The dominant sequence transduction models are based on complex recurrent or
convolutional neural networks that include an encoder and a decoder. The best
performing models also connect the encoder and decoder through an attention
mechanism. We propose a new simple network architecture, the Transformer,
based solely on attention mechanisms, dispensing with recurrence and convolutions
entirely. Experiments on two machine translation tasks show these models to
be superior in quality while being more parallelizable and requiring significantly
less time to train. Our model achieves 28.4 BLEU on the WMT 2014 English-
to-German translation task, improving over the existing best results, including
ensembles, by over 2 BLEU. On the WMT 2014 English-to-French translation task,
our model establishes a new single-model state-of-the-art BLEU score of 41.8 after
training for 3.5 days on eight GPUs, a small fraction of the training costs of the
best models from the literature. We show that the Transformer generalizes well to
other tasks by applying it successfully to English constituency parsing both with
large and limited training data.



The Platonic Representation Hypothesis

Neural networks, trained with different objectives
on different data and modalities, are converging to a
shared statistical model of reality in their representa-
tion spaces.

to

Figure 1. The Platonic Representation Hypothesis: Images (X))
and text (YY) are projections of a common underlying reality (£).
We conjecture that representation learning algorithms will con-
verge on a shared representation of Z, and scaling model size, as
well as data and task diversity, drives this convergence.
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The Platonic Representation Hypothesis

Minyoung Huh*! Brian Cheung*! Tongzhou Wang"*' Phillip Isola "'

Abstract

We argue that representations in Al models, par-
ticularly deep networks, are converging. First, we
survey many examples of convergence in the lit-
erature: over time and across multiple domains,
the ways by which different neural networks rep-
resent data are becoming more aligned. Next, we
demonstrate convergence across data modalities:
as vision models and language models get larger,
they measure distance between datapoints in a
more and more alike way. We hypothesize that
this convergence is driving toward a shared sta-
tistical model of reality, akin to Plato’s concept
of an ideal reality. We term such a representation
the platonic representation and discuss several
possible selective pressures toward it. Finally,
we discuss the implications of these trends, their
limitations, and counterexamples to our analysis.
Project Page: phillipi.github.io/prh
Code: github.com/minyoungg/platonic-rep

1. Introduction

Al systems are rapidly evolving into highly multifunctional
entities. For example, whereas in the past we had special-
purpose solutions for different language processing tasks
(e.g., sentiment analysis, parsing, dialogue), modern large
language models (LLMs) are competent at all these tasks us-
ing a single set of weights (Srivastava et al., 2022). Unified
systems are also being built across data modalities: instead
of using a different architecture for processing images ver-
sus text, recent models, such as GPT4-V (Achiam et al,,
2023), Gemini (Anil et al., 2023), and LLaVA (Liu et al.,
2023), handle both modalities with a combined architecture.
More and more systems are built off of general-purpose
pretrained backbones, sometimes called foundation mod-
els (Bommasani et al., 2021), that support a large range
of tasks, including robotics (Driess et al., 2023; Brohan
et al.,, 2023), bioinformatics (Ma et al., 2024), and health-

“Equal contribution 'MIT. Correspondence to: Minyoung Huh
<minhuh@mit.edu>.

Proceedings of the 41°* International Conference on Machine
Learning, Vienna, Austria. PMLR 235, 2024. Copyright 2024 by
the author(s).

The Platonic Representation Hypothesis

Neural networks, trained with different objectives
on different data and modalities, are converging to a
shared statistical model of reality in their representa-
tion spaces.

Figure 1. The Platonic Representation Hypothesis: Images (X)
and text (Y") are projections of a common underlying reality (Z).
‘We conjecture that representation learning algorithms will con-
verge on a shared representation of Z, and scaling model size, as
well as data and task diversity, drives this convergence.

care (Steinberg et al., 2021). In short, Al systems are becom-
ing increasingly homogeneous in both their architectures
and their capabilities.

This paper explores one aspect of this trend: representational
convergence. We argue that there is a growing similarity
in how datapoints are represented in different neural net-
work models. This similarity spans across different model
architectures, training objectives, and even data modalities.

What has led to this convergence? Will it continue? And
ultimately, where does it end?

Our central hypothesis, stated above in Figure 1, is that there
is indeed an endpoint to this convergence and a principle
that drives it: different models are all trying to arrive at a
representation of reality, meaning a representation of the




LLMs and Foundation Models



Foundation Models 0 What are they?
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Foundation Models for Science 0 Opportunities

A FMs can summarize and distill knowledgeextract information
from million of papers into compact computing representatmn N o
PPI networks, materials compositions, code kernels, biological WJmS::uS?s;‘ir:p:;,z:z;’u;*:g;':;.';:f..:;',z::::::::i':::tt:‘:::s.ww
function, etc. e

* Ins of New Media and C icati ScoulNaliunalL‘ lL k-ro, Gwz , Seoul
08826pr| of Korea

A FMs can synthesize combine information from multiple e P s

sources; generate small programs for specific tagksuantum ==
computing programs using QISkit & Cirg, derivations for applied it b ot o
physics, code for visualization and animation, etc. g;@;;;:f“;;:;:,;:fj'if,-:;z ia*;j i :;M“{,,f :'m,,m:g_f

A FMs can generate plans, solve logic probleams write ety e e it e o e o i
experimental pro_tocols for robots powering seh‘drlw_ng labs, _ v onsisiaboieesinimmingia
generate strategies for problem solving, and planning for testing e e

recently.

h y p Ot h e S e S We are a collaborative group of experi: 1 and th ical hers in physical sciences and

engineering. Generative Pre-trained Transformer (GPT-4), released on March 14, 2023, is a large
language model (LLM) significantly bigger than its predecessor GPT-3 released in 2020 (already

A FMs can generate hypotheses to be tested and perhaps o U e, G4 o et oo
webpages, academic papers from various disciplines, discussion forums, etc., up to September
2021. After experimenting with GPT-4 in our own research domains in materials chemistry,

eventually new theories for exploratior a full-time shared i s oo ve oGP g, ety .

and interesting to talk to. In other words, not unlike a college professor or a colleague.

scientific assistant that learns from across all of science is s gy s, i3

hypotheses™ is (a) whether after a conversation, some experienced practitioner of a field can feel

possible 1

hypotheses?

After experimenting with GR in our own research domains in materials chemistry, physics and quantum
information, we find that ChatGPX'is knowledgeable, frequently wrong, and interesting to talk to. In other

f"'@% words, not unlike a college professor or a colleague. https://arxiv.org/pdf/2304.12208.pdf
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FOUNDATION MODEL

Data

'

Text I I
r‘\
_\{/Images

Speech/\/\/\f\} ‘ 1y Training

" Structured
“  Data

—_—

3D Signals ﬁ

—_

Foundation
Model

e

NG

~

[

Xz
YI"

pr—
~o

0

Adaptation '

Vi
W

&

v
LA\
-_

8

N/
e
% "
)

Tasks

Question 9
Answering r,'
’ Sentiment
. Analysis

=

Information v)
Extraction \

Image

Captioning ", o
S
==

Object
av 8 ‘ Recognition

Instruction
Following . >

-
.

.
.

Fig. 2. A foundation model can centralize the information from all the data from various modalities. This
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Building Large Language Models (e.g. ChatGF

A Pretraining
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Model

125M 12 12 768 6.0e—4 0.5M
350M 24 16 1024 3.0e—4 0.5M
1.3B 24 32 2048 2.0e—4 IM
2.7B 32 32 2560 1.6e—4 IM
6.7B 32 32 4096 1.2e—4 2M
13B 40 40 5120 1.0e—4 4M
30B 48 56 7168 1.0e—4 4M
175B 96 96 12288 1.2¢—4 2M

#L  #H  dmodel LR Batch

Table 1: Model architecture details. We report the
and the embedding size (dmedqe1). We also report the

ber of tokens (Batch).
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~4M GPU hours 2 example models

50,257 vocabulary size
GPT-3 2048 context length

(2020) | 175B parameters

Trained on 300B tokens

Model Name Nparams Nayers dmndt'l Nheads dhvud Batch Size Lcaming Rate

GPT-3 Small 125M 768 64 0.5M 6.0 x 1074
GPT-3 Medium 350M 1024 64 0.5M 3.0x 104
GPT-3 Large 760M 1536 96 0.5M 2.5x 1074
GPT-3 XL 1.3B 2048 128 2.0x 1074
GPT-3 2.7B 2.7B 2560 z 80 1.6 x 10~4
GPT-3 6.7B 6.7B 2 4096 : 128 1.2x 1074
GPT-3 13B 13.0B 5140 128 1.0 x 10~4
GPT-3 175B or “GPT-3” 175.0B 96 12288 128 3! 0.6 x 1074

able 2.1: Sizes, architectures, and learning hyper-parameters (batch size in tokens and learning rate) of the models
hich we trained. All models were trained for a total of 300 billion tokens.

~1 M GPU hours

32,000 vocabulary size
LLaMA 2048 context length

(2023) 65B parameters

Trained on 1-1.4T tokens

params dimension nheads n layers learningrate batch size n tokens

6.7B 4096 32 32 3.0e~4 4M 1.0T
13.0B 5120 40 40 3.0e~4 4M 1.0T
32.5B 6656 52 60 1.5¢~4 4M 14T
65.2B 8192 64 80 1.5¢~4 4M 1.4T

Table 2: Model sizes, architectures, and optimization hyper-parameters.

Training: (rough order of magnitude to have in mind)

- O(1,000 - 10,000) V100 GPUs
*  O(1) month of training
- O(1-10) $M

Training for 65B model:

* 2,048 A100 GPUs
« 21 days of training
« $5M

[Language Models are Few-Shot Learners, OpenAl 2020]
[LLaMA: Open and Efficient Foundation Language Models, Meta Al 2023]
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