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Al Today

Widespread impact of models that generate text,
Large Language Models (LLMSs), evident in recent
years.

With a user-friendly, human like interface, we see
large effects in workforce, education, daily lives,
which are sparking probing discussions about
benefits and drawbacks of Al in society
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NVIDIA.

Single entity with access to massive
amounts data

Resources (money, computational capacity,
human power)

User-focused interface




A brief history of machine
learning In nuclear science
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A brief history of machine
learning In nuclear science
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Recent history Al/ML in B

nuclear science

Bespoke models for specific tasks/experiments/detectors
Local progress more than global progress until very recently.
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Automated Beam Tuning =

Operational Accelerator Tuning via Model-Coupled Optics and Bayesian Steering
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Foundation Models for Analysis

TPCpp-10M: Simulated proton-proton collisions in a Time
Projection Chamber for AI Foundation Models
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FMA4NPP: A Scaling Foundation Model for Nuclear and Particle Physics
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Foundation Models for Analysis =

Sparse Methods for Vector Embeddings of TPC Data
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Roadmap for ML in Nuclear Science .

2020 Al for Nuclear Physics workshop
Community Identified Needs and Commonalities:

e Workforce development
o educational activities
o community: centralized, value interdisciplinary work
o collaboration with ML community

’/———) ; ..-“1.: > 5 o ; | ' > . f'f!-ﬁ:— . 4 g PR W [ i T - NS e )
J effe rso n La b Group photo from the workshop Al for Nuclear Physics held at Thomas Jefferson National Accel-
,-)_,..-—-’ erator Facility on March 4-6, 2020. 2 3



Roadmap for ML in Nuclear Science i

2020 Al for Nuclear Physics workshop
Community Identified Needs and Commonalities:

e Workforce development
o educational activities
o community: centralized, value interdisciplinary work
o collaboration with ML community

Uncertainty quantification

appropriate use of industry-standard tools

problem-specific tools

comprehensive data management

adequate computational resources

/‘-——) S SO £ s A bt SR e e e if o
J eff rSO n La b Group photo from the workshop Al for Nuclear Physics held at Thomas Jefferson Nauonal Accel-
,,)__,..—‘ erator Facility on March 4-6, 2020. 2 3



A brief history of machine ==
learning In nuclear science

NUCLEAR THEORY
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Mot and Dermse
Noutear Matter
.0

g ARTIFICIAL INTELLIGENCE

Madsom MACHINE LEARNING

e

Atomwt Nucleowns

¢ Fstimations and causations

o

e b wd o

NUCLEAR DATA

e Databases DISCOVERY
e Data Mining

e Visualization

APPLICATIONS

NUCLEAR EXPERIMENT REVIEWS OF MODERN PHYSICS
e Methods

Nuceh » the Covron Recent Accepted Authors Referees Search Press About Editorial Team N
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ACCELERATOR SCIENCE Colloquium: Machine learning in nuclear physics
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Orginos, Alan Poon, Xin-Nian Wang, Alexander Scheinker, Michael S. Smith, and Long-Gang Pang 9[ O
Rev. Mod. Phys. 94, 031003 ~ Published 8 September 2022
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A brief history of machine ==
learning In nuclear science
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management within an emerging heterogeneous
infrastructure of resources that connects facilities
and academic institutions to decentralized storage
architectures and federated and industrial comput-
ing clusters. Delivering developer productivity and
performance portability in this web of computing
resources will require composing nuclear workflows
from existing workloads and data deployed across
multiple organizations.

10.4 ARTIFICIAL INTELLIGENCE AND MACHINE
LEARNING

The ongoing revolution in the field of Al/ML has sig-
nificantly influenced the nuclear physics community
For example, EIC could be one of the first large-scale
collider-based programs in which Al/ML is integrated
from the start. This development is hardly surprising
because the nuclear physics community has been an
early adopter of other innovative computer technol-
ogies and has frequently led their development. ML
techniques are already standard in several branches
of experimental and theoretical nuclear physics. Re-
cent developments include the following:

« Automation and/or optimizaticn of the
operation of accelerators and detector systems,
including development and validation of virtual
diagnostics, improvement to beam sources
and injector performance, data-driven system
maintenance, automated learning for operator
support, and anomaly detection and mitigation.

* Improved Monte Carlo calculations for lattice
QCD and new approaches to solve the Monte
Cario sign-problem by ML-assisted contour
deformation. These examples demonstrate Al/
ML accelerating progress in nuclear theory

« Systematic improvement of variational nuclear
wave functions. The simple wave functions used
in variational Monte Carlo, which are based on
insight gained throughout many decades, are
now being substituted with parametrizations
using neural networks and their automatic
optimization. These techniques have the promise
to automate the process of discovery.

* Improved expenmental design and real-time
tuning, including improving experiments by
intelligently combining disparate data sources
such as accelerator parameters, experimental
controls, and detector data. Al/ML enables
intelligent decisions about data reduction and
storage and can improve the physics content by
using data compression, sophisticated triggers
(both software- and hardware-based), continuous
data quality control and calibration, task-based

high-performance local computing, distributed
bulk data processing at supercomputer centers,
and online analytical processing.

* Improving simulation and analysis, including (1)
improving sensitivity to allow more information
to be extracted from datasets, decreasing
uncertainty in results and increasing discovery
potential; (2) decreasing simulation and analysis
time to save costs and allow for a higher volume
of scientific output by accelerating the feedback
loop between experiment, analysis, and theory.

These developments highlight the significant
amount of recent exploratory research and suggest
a near-term increase by orders of magnitude in the
use of AI/ML methods. Nuclear physics offers rich,
complex data sets, ideally suited for Al/ML methods.
It also provides rigorous, well-controlled contexts in
which Al/ML successes and failures can be clearly
distinguished. It is an ideal piace to explore issues of
interpretability and/or alignment that are much more
difficult 1o approach in less contained datasets and
pursued less vigorously by private enterprise.

The rapid growth in the field also poses some chal-
lenges to the field of nuclear physics. One of the
lessons learned in the last decade is that AI/ML
techniques become useful only at scale, when com-
putational resources are substantial. Reaching this
scale poses a challenge for individual researchers,
especially those not connected to collaborations
and/or experiments with significant computer re-
sources. Furthermore, the application of AI/ML
methods to different aspects of nuclear researchis a
high-payoff, low-yield enterprise. As such, we require
a funding model that can provide timely resources,
is not risk adverse, and embraces innovation. Mech-
anisms to foster communication between research-
ers within the nuclear physics and Al/ML communi-
ties should also be developed. Retention should be
an important part of any Al/ML strategy for nuclear
physics, because private-sector opportunities create
a challenge to keep people with Al/ML expertise in
nuclear physics.

10.5 QUANTUM INFORMATION, QUANTUM
COMPUTING, AND QUANTUM SENSING

DOE, NSF, NIST, and other funding agencies are
substantially investing in basic research for QIST
and its applications. This investment has greatly
benefited research at the interface of nuclear phys-
ics and QIST, has yielded importamt advances and
benchmarking for future research, and is growing
interdisciplinary collaborations.
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Emerging Communities
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Community data and models

~ Hugging Face

Create Assistants in HuggingChat

The Al community

building the future.
Les Houches guide to reusable ML models in LHC analyses

The platform where the machine learning community
collaborates on models, datasets, and applications.

2 . ) . . s .
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Model Card

e Model Details. Basic information about the model.
- Person or organization developing model
- Model date
- Model version
- Model type
- Information about training algorithms, parameters, fair- :
ness constraints or other applied approaches, and features Model Cards for Model Reporting
-qumm&gnmmw&nmuh&men
- ﬁ‘:},‘;" s Margaret Mitchell, Simone Wu, Andrew Zaldivar, Parker Barnes, Lucy Vasserman, Ben

~ Where to send questions or comments about the model Hutchinson, Elena Spitzer, Inioluwa Deborah Raji, Timnit Gebru

"‘““"“'t"“' Usk cases Maak weere @vidoned iy de: {mmitchellai,simonewu,andrewzaldivar,parkerbarnes, lucyvasserman,benhutch, espitzer, tgebruj@google.com
N Pn'm ary fobendid uecs deborah.raji@mail.utoronto.ca

- Primary intended users

- Out-of-scope use cases

Factors. Factors could include demographic or phenotypic
groups, environmental conditions, technical attributes, or
others listed in Section 4.3.

- Relevant factors

- Evaluation factors

Metrics. Metrics should be chosen to reflect potential real-
world impacts of the model.

- Model performance measures

- Decision thresholds

- Variation approaches

Evaluation Data. Details on the dataset(s) used for the
quantitative analyses in the card.

- Datasets

- Motivation

- Preprocessing

Training Data. May not be possible to provide in practice.
When possible, this section should mirror Evaluation Data.
If such detail is not possible, minimal allowable information
should be provided here, such as details of the distribution
over various factors in the training datasets.

* Quantitative Analyses

- Unitary results

- Intersectional results

openai/gpt-3 @

GPT-3: Language Models are Few-Shot Learners

A4 QR 21 w16k ¥ 2k
Contributors Used by Stars Forks

gpt-3/model-card.md at master - openai/gpt-3

GPT-3: Language Models are Few-Shot Learners. Contribute to openai/gpt-3
development by creating an account on GitHub.

O GitHub

« Ethical Considerations
¢ Caveats and Recommendations



https://github.com/openai/gpt-3/blob/master/model-card.md

Roadmap for ML in Nuclear Science i

2020 Al for Nuclear Physics workshop
Community Identified Needs and Commonalities:

e Workforce development
o educational activities
o community: centralized, value interdisciplinary work
o collaboration with ML community

Uncertainty quantification

appropriate use of industry-standard tools

problem-specific tools

comprehensive data management

adequate computational resources

/‘-——) S SO £ s A bt SR e e e if o
J eff rSO n La b Group photo from the workshop Al for Nuclear Physics held at Thomas Jefferson Nauonal Accel-
,,)__,..—‘ erator Facility on March 4-6, 2020. 3 4
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