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Disclaimer

Not to teach what is machine learning (ML)
Try to show examples of ML used in experimental particle physics
Focus on collider physics

More material from CMS experiment in this talk
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Understanding ChatGPT

4 Default (GPT-3.5) gy

=g what is chatgpt

ChatGPT is a language model developed by OpenAl. It's part of the GPT
(Generative Pre-trained Transformer) series of models, which are designed to

understand and generate human-like text based on the input they receive.

ChatGPT is specifically fine-tuned for conversational interactions and is capable

of engaging in dialogue, answering questions, providing explanations, and

generating coherent and contextually relevant responses.
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E Learnable weights . Learnable weights .

Input Layer Hidden Layer Output Layer ® y(h) =1 / (1 + e-X) Or y(h) — tanh(h)

Diagram from Cohen, Freytsis, Ostdiek, 2017
o YIZRMPL N 2% 188 T 2 B Il AR (e =%
IJ) > B g A R A ) 224
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.‘ Xavi Schelling
@xschelling

“Garbage in, garbage out” (GIGO) is where flawed, or nonsense input
data produces nonsense output or ‘garbage’. #MachinelLearning
#ComputerScience #DataScience #bias

THIS 1S YOUR MACHINE LEARNING SYSTET?
: | YUP! YU POUR THE DATA INTO THIS BIG
Gurbage [N PILE OF LINEAR ALGEBRA, THEN COLLECT
THE ANSLIERS ON THE OTHER SIDE.
Garba ge OUT HAT I THE ANGLERS ARE \JRONG? )
‘\ JUST STIR THE PILE UNTIL

THEY START LOOKING RIGHT.

T912:39-2018F1H21H
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https://www.geeksforgeeks.org/underfitting-and-overfitting-in-machine-learning/
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Convolutional Neural Network

,/@—)@u: 0.7
—>» Dog: 0.1

0|00
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Real Image Represented in the form of Image represented in the
black and white pixels form of a matrix of numbers

As you can see from the above diagram, only those values are lit that have a value of 1.

reference
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https://www.simplilearn.com/tutorials/deep-learning-tutorial/convolutional-neural-network
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1 CMS Simulation (13 TeV)
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Jet Particle Cloud
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Phys. Rev. D 101, 056019 (2020) 14
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Best limit on XS(VH,H—cc) to-date, 14 X SM
Phys. Rev. Lett. 131 (2023) 061801
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* Generative neural network (GAN)
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SRl R, NPy A ElZk, H T4
TYEVIN Geneates

)ﬂz,\ A 18 E SR

Rl = )1 g A P TR oy
DA ek, TN
. .N .‘»-r‘ = “Q ,F‘}. t'.g [
o ’ A i i

. '] s o
LA P
il \ : Q‘-t". B -
B & Tl L
‘\\' - N »v
“\ .

Photograph

7A

SE A

HE R e o 2%

Real Data Samples

ble

Discriminator S

ondition

s it correct?

> Generator

122 ) 485 2H

Latent random v

Monet Van Gogh Cezanne

16




HE R e o 2%

=
Q
i '\: 1

ell energy [GeV]
[N
o

C
-

Q
(=2

0.006

0.004

0.002

Cell energy [GeV]

Electron

> 10 —MC
-2 m =
g 10 5]
= >
< = 10,
G 10 TR
o 2 6=118°
O D
1S 10 O 0% |
0O 10 20 30 40 _, 50
- Y
Neutral pion
0.03f
;o 008F 2 F _Me
> 0.008¢ :
O, %0.02:—
$0.006F S5 L
(<)) - GCJ
S : o 0.01f
— 0.004¢ T :
<)) C C =
3 S E_=400 GeV

Neutral pion

The showers generated by GAN present accuracy within 10% of Monte Carlo for
a diverse range of physics features, with three orders of magnitude speedup

arXiv:2109.07338
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Number of events

Number of events
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Rediscover top quark from real data
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Business email
Facebook

Google search
Youtube

Kaiser permanente / i .
LHC stored data (*) -4 gl High Level Trigger:
LHC Li-filtered (*) Latency 0(100) ms
LHC produced (*) v

Data from WIRED 2013

100 10000
PB/year

Taken from this talk
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https://indico.cern.ch/event/1223711/attachments/2562341/4416719/CERNDS_fastml.pdf
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HE EEEEN

Business email
Facebook
Google search
Youtube

Kaiser permanente . : _
LHC stored data (*) 4| High Level Trigger:

LHC LI-filtered (*) Latency 0(100) ms
LHC produced (*) -

Data from WIRED 2013
| g Level 1tr|gger S S RNESE
100 10000 %o Al slpetector:-b: &8 Latency 0[1] s
PB/year ) | 40 MHz

~Pb/s

?‘Z/ﬂ ]Eﬁ%%‘;’j‘ iilj%i—'??g Hﬂ‘ EI/J f{; i fI Taken from this talk



https://indico.cern.ch/event/1223711/attachments/2562341/4416719/CERNDS_fastml.pdf
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o HEja % 4 kLa-trigger (hardware based) fiiHigh level trigger (HLT, software based)
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Processing boards currently under development for the Phase-2 Level-1 Trigger upgrade project. These prototypes feature large Xilinx FPGAs hosting the trigger
algorithms and more than 100 Input/Output high-speed optical links (28 Gb/s) for receiving/transmitting the data. From left to right: Serenity, X20 and APx

boards.

Credits: Michalis Bachtis
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Artificial Intelligence Tool Predicts Life Expectancy in
Heart Failure Patients

Algorithm developed by physicists and cardiologists achieved 88 percent success rate

November 13, 2019 By:

Michelle Brubaker
When Avi Yagil, PhD, Distinguished Professor of Physics at University of California San
Diego flew home from Europe in 2012, he thought he had caught a cold from his travels. Share This:

When a “collection of pills” did not improve his symptoms, his wife encouraged him to see

a doctor. @ @ @

Further tests revealed something far more life-
threatening to Yagil than the common cold. “A
chest X-Ray showed my lungs were flooded with
fluid, and a subsequent echocardiogram found |
had damage to my heart.”

Yagil was diagnosed with heart failure. “UC San
Diego Health cardiologists tried to manage my
condition with medication, but all systems were

failing as my heart struggled to keep me alive."

In June 2016, Yagil received a heart transplant. “I

Avi Yagil, PhD, Distinguished Professor of
Physics at University of California San

consider June 17 my second birthday."

Diego, back to his hobbies after a heart
transplant. While Yagil recovered from surgery, he began

thinking about how he could improve the process

for patients like him.

“In my day job, | use machine learning to understand a vast amount of information and
measurements of particles and how they interact,” he said. “The human body is even
more complex, but the medical profession isn't utilizing the technologies that are needed
to capture the multi-dimensional correlations between the measurements, such as lab
tests and vital signs, and the outcomes. We hypothesized that such methodology and

techniques could contribute to improving the prognosis and treatment of heart patients Link tO Web

with heart failure.”
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MARKER-HF™ Calculator

Enter values to calculate the MARKER-HF™ score based on Improving risk prediction in heart failure using machine learning Eric

D. Adler et al,, published in European Journal of Heart Failure

Diastolic pressure (mm Hg): g | (20-120)
Creatinine (mg/dL): - (0-25)
Blood Urea Nitrogen (mg/dL): . (0-160)
Hemoglobin (g/dL): (2-20)
White Blood Cell Count (103uL): s | (0-40)
Platelets (103uL): A | (0-1500)
Albumin (g/dL): - (0-6)
(10-30)

Red Blood Cell Distribution Width
(%):

<)

Calculate MARKER-HF Clear fields

UCSan Diego

Altman Clinical and Translational
Research Institute

Copyright © 2020 Eric Adler, University of California San Diego

Results:

Marker-HF™:

One-year Survival Probability (i.e., 1-Mortality):

90-day Survival Probability (i.e., 1-Mortality):

-0.085
0.81
091

The values of Survival Probability (i.e., 1-Mortality) are calculated from the value of MARKER-HF and the red curves shown

1-Mortality (1 year)

04 06
MARKER-HF

1-Mortality (90 days)

o | R 7 06
MARKER-HF



https://today.ucsd.edu/story/artificial-intelligence-tool-predicts-life-expectancy-in-heart-failure-patients
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14, machine learning is not god
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Backup

e Useful materials or links

 https:/iml-wg.github.io/HEPML-LivingReview/

* https:/jduarte.physics.ucsd.edu/capstone-particle-physics-domain/README.html

 https:/cms.cern/news/real-time-analysis-cms-level-1-trigger

* https:/indico.in2p3.fr/event/20424/contributions/g2502/attachments/62853/86263/
IWAPP_Feb2021.pdf

 https:/indico.cern.ch/event/1223711/attachments/2562341/441671¢G
CERNDS_fastml.pdf
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https://iml-wg.github.io/HEPML-LivingReview/
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https://indico.in2p3.fr/event/20424/contributions/92502/attachments/62853/86263/IWAPP_Feb2021.pdf
https://indico.cern.ch/event/1223711/attachments/2562341/4416719/CERNDS_fastml.pdf
https://indico.cern.ch/event/1223711/attachments/2562341/4416719/CERNDS_fastml.pdf

