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of more than 100,000 processors from over 1/0 computing centers in 36
countries, producing a massive distributed computing infrastructure that
provides

more than 8000 _
physicists around the g s N ~1/Ucomputing
world with near g8 P <« 5N Centers
real-time access i A s A S ~36 countries
to LHC data, S LA e 950K cores
S e = - 100 million

Needles in a haystack %l gigabytes

In ATLAS, up to July 4, 2012:
A million billion collisions
4.2 billion events analyzed
240,000 Higgs particles produced
~350 diphoton Higgs events detected
~8 four-lepton Higgs events detected

Lessons learned in managmg securing and linking up on this global scale
hﬁme driven innovation in computing grids all over the world. Grids

being used in the fight against disease; climate change, air pollution, etc (*Ik
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ParticleNet

Background efficiency
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E antik R=1.5jets
F p, >300 GeV, i <2.4

~5x better

; H—bb rejection
- .'x‘..
Ei & H— cc tagging
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B l V#jet rejection ----- H—>ct vs. H—bb
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Signal efficiency

ParticleNet tagger for H—cc tagging

>2x improvement in final sensitivity
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Top quark tagging benchmark (~2M jets) [SciPost Phys. 7 (2019) 014]

LorentzNet

v YSIBRE(CHEIR
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Feature input:

Message:

Feature update:

Coordinate update:

Coordinate input: ~ x° Lorentz 4-vector

B0 Lorentz scalar

ml; = e (Wb, B, w(l2t = 2b1%), w((ah,21)) )

Scalars

=l e Y gulmd) 2}

JE[N]

B =B+ gn(hl, S wiml))
JEN]

Accuracy AUC Rejso Rejzg0
P-CNN 0930 09803 201+4 759 £ 24
PEN — 09819 247+£3 888 £ 17
ParticleNet 0940 09858 3977 161593
JEDI-net (w/ ) 0) 0930  0.9807 — 774.6
PCT 0940 09855 392+£7  1533%101
LGN 0.929 0.964 — 435+ 95
PCN — 09845 364+9 1642 + 93
LorentzNet 0942 09868 498+18 2195+173
ParT 0940 09858 413+16 1602 +81
ParticleNet-f.t. 0942 09866 487+9 17714+ 80
ParT-f.t. 0.944 09877 691+15 2766+130

Performance when trained on a fraction of the top-tagging dataset

Trainin l/ep 1l/ep
Fractio;gl Model Accuracy | AUC (es /= 05) | (es /= 0.3)
0.5% ParticleNet 0.913 0.9687 77T+ 4 199 + 14

LorentzNet 0.929 0.9793 | 176 =14 | 562 + 72
1% ParticleNet 0.919 0.9734 103+ 5 287 +£19

LorentzNet 0.932 0.9812 | 209+5 697 + 58
5% ParticleNet 0.931 0.9807 195+ 4 609 £ 35

LorentzNet 0.937 0.9839 | 293 +12 | 1108 =84




Foundation models
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A foundation model is any model that is trained on broad data (generally
using self-supervision at scale) that can be adapted (e.g., fine-tuned) to a
wide range of downstream tasks ; current examples include BERT [Devlin et

al. 2019], GPT-3 [Brown et al. 2020], and CLIP [Radford et al. 2021].
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Model Size (in billions of parameters)

Introduction
Emergence and homogenization

Social impact and the foundation models ecosystem

The future of foundation models
Overview of this report
Capabilities
Language
Vision
Robotics
Reasoning and search
Interaction
Philosophy of understanding
Applications
Healthcare and biomedicine
Law
Education
Technology
Modeling
Training
Adaptation
Evaluation
Systems
Data
Security and privacy
Robustness to distribution shifts
Al safety and alignment
Theory
Interpretability
Society
Inequity and fairness
Misuse
Environment
Legality
Economics
Ethics of scale
Conclusion
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On the Opportunities and Risks of
Foundation Models
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Omar Khattab Pang Wei Koh Mark Krass Ranjay Krishna Rohith Kuditipudi
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Xiang LisaLi XuechenLi TengyuMa Ali Malik Christopher D. Manning
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Michael Zhang Tianyi Zhang Xikun Zhang Yuhui Zhang Lucia Zheng Kaitlyn Zhou
Percy Liang*'

Center for Research on Foundation Models (CRFM)
Stanford Institute for Human-Centered Artificial Intelligence (HAI)
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Al is undergoing a paradigm shift with the rise of models (e.g., BERT, DALL-E, GPT-3) trained on broad
data (generally using self-supervision at scale) that can be adapted to a wide range of downstream tasks.
We call these models foundation models to underscore their critically central yet incomplete character.
This report provides a thorough account of the opportunities and risks of foundation models, ranging
from their capabilities (e.g., language, vision, robotic manipulation, reasoning, human interaction) and
technical principles (e.g., model architectures, training procedures, data, systems, security, evaluation,
theory) to their applications (e.g., law, healthcare, education) and societal impact (e.g., inequity, misuse,
economic and environmental impact, legal and ethical considerations). Though foundation models are
based on standard deep learning and transfer learning, their scale results in new emergent capabilities,
and their effectiveness across so many tasks incentivizes homogenization. Homogenization provides
powerful leverage but demands caution, as the defects of the foundation model are inherited by all the
adapted models downstream. Despite the impending widespread deployment of foundation models,
we currently lack a clear understanding of how they work, when they fail, and what they are even
capable of due to their emergent properties. To tackle these questions, we believe much of the critical
research on foundation models will require deep interdisciplinary collaboration commensurate with
their fundamentally sociotechnical nature. 10
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chatGPT/GPT-4 inspired FRNES&IT.

( ChatGPT/GPT-4 like detector design, R&D and search for new physics )
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Widely used also in

= Space science and astrophysics
= Medical physics, nuclear medicine

= Radiation protection

= Accelerator physics

= Pest control, food irradiation

= Humanitarian projects, security

= etc.
i = Technology. transfer to industry, hospitals..
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( ChatGPT/GPT-4 like detector design, R&D and search for new physics )

H - yy VBF candidate event

Collimator.

CATLAS
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Interaction network

WX~ S - - 1] All of these can be combined -
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Interactions |

Embedding)

into Large Model in the future!
1 ey o
b All classes H—bb H-—scc H-gg
Accuracy AUC Rejsoe,  Rejsgy,  Rejsoo
! PFN 0.772 0.9714 2924 841 75
E P-CNN 0.809 0.9789 4890 1276 88
ParticleNet 0.844 0.9849 7634 2475 104
ParT 0.861 0.9877 10638 4149 123
| - True positive ParT (plain) 0.849 0.9859 9569 2911 112
W True Negative
0.02 WM False Positive
False Negative

Comput.Softw.Big,Sci. 5, 26 (2021)
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ChatGPT inspired #3547
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kickoff meeting of IHEP ML Innovation group

Tuesday Oct 11, 2022, 2:00 PM — 4:00 PM Asia/Shanghai
Q@ 202 (HEFL)
Description Zoom : 536 870 8448
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Weekly Meeting of IHEP ML Innovation group
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W-tagger (@ ATLAS
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> BRTATLASSLS, SThiE T constituent-basedFEIW/Z tagger,
ﬁﬁ-f&; j‘] ﬁﬁ,%-—_r{, 1’Eﬂ1§ FH E’]tagger Constituent-Based W-boson Tagging with the

ATLAS Detector
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é gi % * 'c,\ o The ATLAS Collaboration

The identification of boosted hadronic decays of W boson is important for various ATLAS physics
analyses. This note presents the performance of constituent-based W jet tagg s using large
radius jets reconstructed from Unified Flow Objects (UFO ) in simulated collisions at /s = 13
TeV. Four taggers which consider the full kinematic information of the jet constituents are tested.

, A Transformer-based tagger is found to perform the best, with a factor f f ur improvement in
V4 background rejection over the baseline tagger on the ful ll kinematic range. The dependence of
each tagger’s performance on physics modeling is also presented.
g . NE Iﬂ%ﬁ ATLAS jet taggerﬂ
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Reproduction of this article or parts of it is allowed as specified in the CC-BY-4.0 license.
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Background rejection
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