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» First electronic computers developed with the purpose of
performing computations that were difficult and time-
consuming for humans to perform accurately.

[Electronic Numerical Integrator and Computer, 1945]

» Later push for computers to replicate computations
humans are naturally good at, i.e. pattern recognition,
but on larger datasets.

As a result, created algorithms that imitate how humans learn, i.e. learning from
examples in a way that improves over time — machine learning
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» Fundamental building blocks of machine learning directly mimic the brain!

NEURON

Neurons — Nodes

Synapses — Weighted couplings

SYNAPSE
’-‘

@)

Learning — training
&

STRONGER

-Connections between some neurons
(synapses) become stronger and others

weaker as we learn.
R
[D.O Hebb, “The organization of behavior”, 1949]

.....

[Press release Nobel Prize in Physics 2024]
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- Hopfield network: binary nodes (s; = 0/1), information
read in/read out from all nodes.

[Press release Nobel Prize in Physics 2024]
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Collections of nodes give rise to computational collective behavior. - artificial neural networks

- Hopfield network: binary nodes (s; = 0/1), information
read in/read out from all nodes.

* Boltzmann machine: Nodes are subdivided into visible
nodes and hidden nodes.

[Press release Nobel Prize in Physics 2024]
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John J. Hopfield Geoffrey E. Hinton

“for foundational discoveries and inventions
that enable machine learning
with artificial neural networks”

THE ROYAL SWEDISH ACADEMY OF SCIENCES

John Hopfield Geoffrey Hinton
(Hopfield Network) (Boltzmann Machine)

[Press release Nobel Prize in Physics 2024]
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ML AND PHYSICS

Goal of measurements: To extract relevant physics information from available data!

CN/\S CMS Experiment at LHC, CERN

- | Data recorded: Sun Nov 14 19:31:39 2010 CEST

— S\ Run/Event: 151076 / 1328520
l |~ Lumi section: 249

|Jet 1, pt: 70.0 GeV

Quark-Gluon Plasma (QGP)

[CMS observes jet quenching]

Historical approach: (1) make selection using a series of boolean decisions motivated by
physics/experimental constraints (2) perform a statistical analysis on selected data.

What do we do when decision becomes difficult to derive from expert-knowledge alone?
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» Increase in computing power and
collection of large datasets at modern
facilities have lead to increased use of ML
for physics.
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[HEPML -Living Review]

In the coming decades, ML will help usher high energy physics into it’s next
era! (More on this later)
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*Focus on new items since QM 2023 or items being presented at QM 2025
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[HEPML-Living Review]

PHYSICS?

REGRESSION
CLASSIFICATION
REVIEWS
EXPERIMENTAL
RESULTS SIMULATICN
BASED
UNCERTAINTY INFERENCE
QUANTIFICATICON

Radius of circle = # of papers/4

* Note in this scheme papers are allowed to count in more than one category.
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ML IN HEAVYY

» Subset ML applications for heavy-ion collisions has some additional challenges.

» Higher particle
multiplicities, higher
degree of complexity.

» Large variance in
simulations of heavy-
lon collisions causes
high dependence on
sample used In
training.
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[HEPML-Living Review]

ML

HEAVYY

_ SIMULATION * Investigate paper
EXPERIMENTAL BASED subset within HEP that
RESULTS INFERENCE  specifically relates to
Hls or is a technique
RECRESSION readily employed in His.
CLASSIFICATION  Similar distribution

betwee_n the different

REVIEWS cS>l\J/ke):§|F|).ICS as HEP

UNCERTAINTY
QUANTIFICATICON

Radius of circle = 4 X # of papers

* Note experimental results include those performed with TMVA
* Note in this scheme papers are allowed to count in more than one category.
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@ ML cannot replace domain knowledge.

ML Is not a causation tool.

ML is not a magic fix!

Garbage In Garbage Out

{l
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» Large amount of experimental applications of machine learning rely on signal vs.
background classification.

CLASSIFICATICN

Decision trees are commonly used for signal classification
*Each IS a classification rule that splits the data into

/ \ two or more parts.

» |[n training you determine the proper rules that
maximizes the information gain and minimize entropy

/' N/ \ E(x) = Y — p(x)logy(p(x))
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CLASSIFICATICN

*Boosted decision trees are used when multiple weaker learners are combined
IN a series where each additional component seeks to minimize error of

previous one.

Residuals/ Residuals/
Wrong @ Wrong o
.\‘ Samples - \‘0 Samples p - \“/0\
nput—p @ 0 0 —p ®@ ® —» Output

4\.4\.4\.4\ T OOOO T DAL

Yann Coadou, arXiv: 2206.09645
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Goal: identify jets initiated by a heavy-quark

Conventional approach: Apply cuts to select jets with displaced
decay vertices and large impact parameter tracks.

ML approach: Learn from low-level features in a supervised approach using BDT or a GNN

CLASSIFICATICN

CMS-PAS-HIN-24-005

CMS Simulation Preliminary PYTHIA8 CP5 (pp 5.02 TeV)
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ENABLES IMPRCVED MEASUREMENT OF THE B-JET
CROSS SECTICN IN ALICEN

S 10f N LI AL B L L L B B L B
)
2 - ALICE Performance ®
1 310° PYTHIAS, pp (s =13.6 TeV o
S5 - b-jets (from charged particles) ®
oE 10°E - anti-ky, R=04,ln  1<05 | 7
o MG closure test ch jet A graph is composed of A jet is composed of
© 102 - nodes connected by edges. tracks connected by vertices.
—— (Detector-level)
4 —4— Performance-corrected
1 i .é‘ 1 .O.:. | I 1 ] 1 I 1 1 1 I 1 1 1 -
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R ML METHOD SHOWS IMPROVED HF JET

SPHE}RIIX
TAGGING EFFICIENCY OVER TRADITIONAL
APPROACH!
-Use “long short-term memory (LTSM)”
network that allows important information 100 , ,
: SsPHENIX Simulations
to be retained over IOng Sequences. PYTHIA8 + GEANT4
’\3 80“p+p spv = 200 GeVs :x
- _ o no pile-up, c¢-jet, b-jet Mat '/
- Training variables: > 60- &
» Jet varlat?les | S . BETTER
 Jet constitutent variables kS wt=>5 x
- Event variables 5o, 0 w=1o %
. . wt=15 .
QUARK MATTER 2025 wt=20 0
0 T T T T
Z. XU 0 20 40 60 80 100
POSTER Accuracy (%)
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REGRESSION
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‘Differential measurements of jets are key to understanding jet quenching!

- These often involve pushing to large R and/or low p+, where background
contribution is difficult to subtract.

i 18 [GeV]

By now many methods in which ML can be used to :: @ATLAS
solve this problem! We will discuss one. 3
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[PRC 99, 064904 (2019)] ALICE, [PLB 849 (2024) 138412]

7=

*CNN for regression of energy loss fraction 4 S
[JHEP 03 (2021) 206] ENABLED LARGE R a3

- Interpretable Deep NN JET MEASUREMENT  [ATLAS, PRL 105, 252303 (2010)]

[Phys.Rev.C 108 (2023) 2, L021901] AT ALICE!
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REGRESSION

JET PT RECONSTRUCTION

-Use generative Al (unpaired image-to-image translation, cycleGANSs) to subtract
jet background in an unsupervised way. [UVCGAN: arxiv:2203.02557]
» Composed of two generator-discriminator pairs w/ cyclic closure (i.e.

A—- B—->A~A)
» One to translate from domain A — B

« One to translate from domain B — A
DCMAIN A DOMAIN B
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[ ]
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PYTHIA ~f T A
PYTHIA + HIJING
n

4
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4
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QUARK MATTER 2025
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SIMULATICON

BASED
INFERENCE
Detector-level Particle-level Goal Of unfOIding: COrreCt measured
distributions for smearing.
_ Data
;‘S
S )@ Conventional Approach: Apply unfolding
procedure on a binned distribution and repeat
S . for each observable.
Step 1: Step 2:
, s ‘7 ML-based Approach: Use ML to calculate
2 Simuation | —y | (Generation weighting factors and unfold the phase space
£ — =z |4 all at once, before the choice of binning or
. - observable! " "
QUARK MATTER 2025
[PRL 124, 182001 (2020)] T. PANI
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SIMULATICON
» Tested for the first time on simulation in a HI environment (PYTHIA/HERWIG INEERENCE

+ thermal background), similar or better performance to Bayesian unfolding in
3D.

* No explicit background subtraction, built into MultiFold-HI!

0.008 | Measured | ' hardest jet in pp@5.20TeV | 0.10 o 3 C
| | " Rak,=0.4,|n| <2.8 1l | — | | ) S
= " e 10.6 10 f ok = 04101 106 7 106 = =
5 0-000 MultiFold-HI 7D || | o ol | 3 0-08 | 5
8 + O ] % 8- . 9‘ : S
3 10.4 = _| 10.4 = 0.06 loa & ¢
5 0.004 _ S 6] | < | ,
3 - . z | = 0.04fF |
2‘1’ 0002 i 02 i 02 q>) '02
= | 1! < 0.02 : | © 5
0.000 =i L 21 0.0 Of {F—=10.0 0.00 |- |l g © 2
Sg 2 - Sg 2 - Sg ey -
g§ 1.0¢F b e g§ 1.0;%;;'—:; g§ 1.0¢ .::.._.:"_
8“0'8. 1 ] 8“0’82_ _- — 8“082_ —h ]
200 400 600 800 F T 00 01 02 03 04 FT 0 20 40 60 F T
pr [GeV] Og kr.q [GeV]

|A. Falcao, A. Tackas, to appear on arXiv]
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MULTIFOLD ENABLES MULTI-DIFFERENTIAL

STAR Prefminay 1] o-20% MEASUREMENTS OF JET SUBSTRUCTURE IN
”p ¥ | 40-80% AU+AU.
AA\DAQA
\§:¢:ﬁ 25
" AUHAU Sy, = 200 GeV \‘\\\\\\ TREATMENT OF SIMULATION DEPENDENCE SHOWN
20<p < 45 GeV/c ‘\\

FOR THE FERST TIME!]

anti-k. jets R=04
[Phys. Rev. D 102, 076004]

Inl<1OR

Am>04
p____>2.0GeV/c \
NC’OnSt. Z 2
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N
| | | | | | | | | | | | | | | l | |

U)_

ystematic uncertainties assumed uncorrelated

—
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QUARK MATTER 2025
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WHAT IS ML AND

WHY IS IT USEFUL (/
FOR PHYSICS
ANALYSIS?

CURRENTLY

BEING USED AS
AN ANALYSIS FUTURE HOLD?

TECHNIQUE? )
G

*Focus on new items since QM 2023 or items presented at QM 2025

N Y% | ' I BBl Massachusetts
)= Hannah Bossi (hannah.bossi@cern.ch) ML Analysis Techniques I I Institute of y .

Technolog


mailto:hannah.bossi@yale.edu

Brookhaveng - pHENIX SPHENIX
RELATIVISTIC HEAVY ION COLLIDER  ELECTR

=3 i =23 { TAY
Ly Gy | vy

Very large volumes of will be taken and analyzed in the decades to come - new tools wili
be increasingly important!
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Contact: Karen McNulty Walsh, (631) 344-8350, or Peter Genzer, (631) 344-3174 £ in;

Brookhaven's Computing Center Reaches 300 Petabytes of
Stored Data

Largest compilation of nuclear and particle physics data in the U.S,, all easily accessible — with plans for
much more

SPHE

“RHIC’s newest detector, sSPHENIX, with a readout rate of 15,000 events per second, is projected to more than double the data we

have now,” said Chou.

» Total expected output from sPHENIX ~565 Petabytes

DRAMATIC IMPROVEMENTS IN READOUT RATES MAKING SPHENIX
A LARGE FRACTICN OF TOTAL DATA STCRED!I
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SAME TRENDS TRUE AT THE LHC!

U

My, , , , , BBl Massachusetts
£ = Hannah Bossi (hannah.bossi@cern.ch) ML Analysis Techniques I“" Institute of nﬂhﬁﬁ@q

Technolog


mailto:hannah.bossi@yale.edu

EVENT FILTERIN

» Data volume is increasing at a fast rate, need
solutions for limited computing resources.

» |f we took all raw data, would easily exceed
storage capabillities.

— — —
o - o
—i — —h
(&) ~ 0

Streaming data rate [B/s]
=)

A3D3 institute

[https://a3d3.ai/]

FPGA/ASIC

HARDER

1 PBlyr
1 TB/yr

CPU/GPU

LHC HLT

10" | HC 1T [DUNE l
10°}-
ZTF
O
IceCube °Netﬂ|x 4K UHD
I | I
1078 1076 104 102 100 102 104 10°

Latency requirement [s]
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EVENT FILTERIN

» Data volume is increasing at a fast rate, need
solutions for limited computing resources.

» |[f we took all raw data, would easily exceed
storage capabillities.

» Perform fast selection/rejection of data with ML
integrated into the firmware (FPGAS)

» Use high level synthesis packages ex: his4ml

CMS L1 Trigger [CMS-TDR-021] sPHENIX HF Trigger [JINST 19 CO20606]
ATLAS Fake Track Rejection in Event Filter [ATLAS-TDR-029-ADD-1]

LHCDb track reconstruction for HLT system [See website here]

|I—
QUARK MATTER 2025

SEE MY
POSTER

S~ Hannah Bossi (hannah.bossi@cern.ch)

Streaming data rate [B/s]

A3D3 institute [https://a3d3.ai/
| | | | | |
_ FPGA/ASIC 1 PBAyT ~
1 TB/yr
HARDER ¢
CPU/GPU
LHC HLT

100 o LT -
10°|-
7TF
Neuro ° EASEER

107} °

IceCube °Netﬂ|x 4K UHD

| | |
10-8 10 10~4 1072 100 102 104 106
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https://iopscience.iop.org/article/10.1088/1748-0221/19/02/C02066
https://sse-ml-lhcb.gitlab.io/

 Full event simulations are highly complex and can be prohibitively computationally

expensive (especially in HIs)
» EX: using denoising diffusion probabilistic model (DDPM) and Generative Adversarial

(

) to generate heavy-ion events in sSPHENIX designed to mimic HIJING

All Towers All Towers
10 pm—m—mr————m— 7
All towers  Centrality 0-10% All towers Centrality 40-50% .
102 P @ Method Time per event
ook A HIJING + GEANT4 40 mins
l DDPM 1.34s
|
|
o HIJING+G4 '1 0.42 ms
== GAN ) |]
— DDPM | 'I,xl |Il|'| ' . .
. NN [P TP L ._l'l".L.; . QUARK MATTER 2025
— N7 A - Tradeoff between time and
accuracy! Y. GO
1000 1500 100 200 300 400
= EP"® [GeV] = EY™ [GeV] [Phys. Rev. C 110, 034912 (2024)]
R . . . . assachusetts
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https://journals.aps.org/prc/abstract/10.1103/PhysRevC.110.034912

- Can also take components of simulation that are computationally expensive and replace

MLHAD

time/energy

that with machine learning.

Use ML to
evaluate the
collision kernel

(If Needed) Block 4: Detector sim

U
lllll
V2

® §
O

O
S 0. ) /a I
e % 0 |
O e

MPI R

block'3: . I

hadronizatien

7, 00
”1 r,,‘
0, -

’ \
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Qv 2o
Y0

\
\“‘

[https://uchep.qitlab.io/mlhad-docs/]

ML Analysis Techniques

H Bl Massachusetts
Institute of
Technolog

scale //

O hard interaction

® resonance decays
B matching/merging
B FSR

® N ISR

QED
weak showers
M hard onium
(O multiparton interactions
[J beam remnants
B strings
primary hadrons
M secondary hadrons

M hadronic rescattering

@ meson
A baryon
WV antibaryon
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« Goal: learn data-driven

fragmentation function by
estimating likelihood ratios for
each string break.

» Use event weights derived from

base simulation in order to train
two neural nhetworks that are
used to predict string break
weights.

ABLE TO REPRODUCE
FRAGMENTATICON
FUNCTION FROM DATAI

C. BIERLICH
POSTER
by,

\g Hannah Bossi (hannah.bossi@cern.ch)
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HOW DO WE ASSIGN A SYSTEMATIC
UNCERTAINTY FOR THE ML?

DO WE NEED TO
HOW CAN WE MAKE ML-BASED STANDARDIZE ML
APPLICATIONS REPRODUCIBLE? APPLICATIONS ACROSS

EXPERIMENTS?
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SYSTEMATIC UNCERTAINTY FOR ML

» Just like any analysis technique, you need to study and quantify the bias on your results.
» Should correspond to a systematic uncertainty
» No standard way to do this for physics applications, but there has been progress!
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SYSTEMATIC UNCERTAINTY FOR ML

» Just like any analysis technique, you need to study and quantify the bias on your results.
» Should correspond to a systematic uncertainty

* No standard way to do this for physics applications, but there has been progress!
ALICE, [PLB 849 (2024) 138412]

Example case: jet p reconstruction s [T T T T T
n 1_2—ALICE Pb-Pb |s,, =5.02 TeV, 30-50% —
» Initial ALICE approach is to train on five different T romaration ity :
fragmentation models, taking difference in final result as T E
systematic uncertainty 0.8 .‘
0.6
0.4
i e | ML-Based Systematics w/o fragmentatior;
0.2 = Quarks Only == Fractional Collinear —
== Gluons Only Fractional Large Angle
 ==+Medium Response
O | I ] | | | | | | | ] | ] | | | | I

20 40 60 80 100 120
(GeV/c)

T ch jet
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SYSTEMATIC UNCERTAINTY FOR ML

» Just like any analysis technique, you need to study and quantify the bias on your results.
» Should correspond to a systematic uncertainty
» No standard way to do this for physics applications, but there has been progress!

. " . B Tr
If the bias is too large, traditional techniques or 3 09 E D A e O Ak Method
ity i 8% T E i NNy A NNy,
ML w/ reduced complexity is preferable. = o0sl M & Ny
0.7 ————0
0.6 = -
. . nl A ~ A == o
Example case: jet p; reconstruction 0.5 —
04
*Indications that corresponding systematic 038
uncertainty may be larger at lower p 15 20 25 30 35 40 45

P’ [GeV/c]

[arXiv:2412.15440 ]
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SYSTEMATIC UNCERTAINTY FOR ML

» Just like any analysis technique, you need to study and quantify the bias on your results.
» Should correspond to a systematic uncertainty
» No standard way to do this for physics applications, but there has been progress!

1.0 L L UL L L L L L L L L
o= - - LBT-only jet _
Example case: jet p reconstruction oo BT iawihinbie -
. . . . E 4+ Area-based E
» As simulations improve, so will our 0.8 £ + . Constituent Subtraction -
tregtment of the systematic uncertainties. 07 | D —+— E
* [raining on LBT model appears to better <o b *‘ ‘ -ll 4 E
reproduce results from traditional R Shmarst e : T
approaches than when trained on PYTHIA. ¢ :
» Applied to LBT + thermal background. 04 1 E
: Pb+Pb, 5.02 TeV, 0-10% ]
0-3 Z_ anti-k, il <1 =R, R=0.4 —I
0.2 :....I.l..l....ll...l...ll....l....l....I....I....I....I....-

30 40 50 60 70 80 90 100 110 120 130 140 150
[arXiv:2412.06466] Pt (GeV)

N2 : : , , I BBl Massachusetts
== Hannah Bossi (hannah.bossi@cern.ch) ML Analysis Techniques I I" Institute of e X

74 \
2N \\\‘

Technolog



mailto:hannah.bossi@yale.edu
https://arxiv.org/pdf/2412.06466

W Ta3 SR
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» We are taking more data and making more complex measurements than ever before!

» Machine learning has led to new physics insights and can be used throughout the whole
analysis pipeline!
- Many great examples at this conference!

Number of HEP-ML Papers by Year 2
As of 21.03.2025 ﬁ
350 -
0o | [HEPML-Living Review]

* WIll be crucial at future facilities such as
FAIR, HL-LHC, and the EIC!

'|' - Stay tuned for many interesting

N
w
(-

Number of Papers
N
o
o

150 -
100- || "
results in the future!!
50 A
0 1 T T T T T 7T 7T/ SR
O - N M < N O ™SO0 OO " N M < N OSSN O OO - N M < N
O O 0O OO0 00D oD oo o0 O ™t ™M A A A4 4 1 NN N N N N
O OO O O OO0 OO OO0 OO0 00D 0O 000000 O O O oo
N ON O ON O ON N N N NN N NN NN ON N N N NN N N N N
Year
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Thank you!!

Special thanks to Lee Barnby, Xuan
Li, Changwhan Choi, and the MIT
Heavy lon group for useful
discussions and feedback!

deep ai image editor ,' . .
) - ‘ a4 ' (114



https://deepai.org/machine-learning-model/image-editor

Backup

deep ai image editor /] *



https://deepai.org/machine-learning-model/image-editor

* One other solution is to reduce the data size, for AI.?»’D3/rr.stiIumI [https://a3d3.ai/

I I I
example, with auto-encoders. | FPGA/ASIC 1 PBlyr
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Input Data Encoded Data Reconstructed Data

L1TF

Neuro ° EASIER
107 ° ° .

SPHENIX TPC [arXiv:2310.15026] IceCube * Netflix 4K UHD

I I
CMS HGCAL upgrade [See talk at Fast ML 2022] 10® 10° 10* 102 10° 102 | 10% 10°
Latency requirement [s]

Image Credit: https://www.compthree.com/blog/autoencoder/

LHCDb trigger system [See website here
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WHAT /ML?

Artificial Intelligence: Programs with the ability to acquire and apply knowledge and skills.

Ex: Chatbots (humans give rules)

Machine Learning: computational algorithms that
imitate how humans learn, i.e. learning from
examples in a way that improves over time
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MACHINE LEARNING CAN BE USED THROUGHOUT
THE ANALYSIS PIPELINE}

' &5 /

EXPERIMENTS EVENT FILTERING RECONSTRUCTICON

SIMULATION

EVENT/ANALYSIS SELECTICONS

H Bl Massachusetts
I I Institute of
Technolog
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~ (Glven an answer
-~ “White Box” ML
.~ Underlying physics

» Learning from data is difficult due to systematic experimental biases.

» Helpful in understanding uncertainties or shortcomings of models!

Proof of concept identifying the AP splitting function exists [PLB 829 (2022) 137055

THIS IS A LONG TERM EFFORT!

§\\M/,/ 2
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LEA|

UNSUPERVISED LEARNING REINFORCEMENT LEARNING
Algorithm learns from a Algorithm finds structure in Algorithm learns in a reward
labeled set of “true values”. the data without knowing based system to determine

the desired outcome. a series of actions.

-y
Driven by the Task Driven by the Data Driven by the Reward
Analogy: Taking a test Analogy: Clustering Analogy: Dog training
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y . - + ‘1 : Yy . -
. - = 2, S - L. L
{ sas TR H :".  ; =33 KL
I e ~+ O B Bx . G
g W T

014{  PbPb,5.02TeV,0— 10% ]{ 3 pythia: pf">" - See offset (bias) in oOpt when ML is

anti — kr, |77jet| <0.6,R=04 ] LBT: pytFvthia)

I e e | trained in PYTHIA vs. LBT
2 0.08- H — e || * Grucial for applications in data to
=]
L

correct for this bias in an unfolding
procedure.

o * Apply same model on your data
and the response matrix.

1 LBT: pyHtED)

. yarea — based
1 LBT: p?
' LBT: pgonstituentSubtraction

HARD PROBES 2024

40
pr — p/'Tetpartic/e PTincone SEE R. Lﬂ
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Use supervised learning on jet images with a CNN to perform
the regression task of predicting the energy loss ratio in HI WHER 2021, 200 (2021)

True x;, versus predicted x;jx

. : 1.0
collisions (hybrid model).
0.9 - 0.40
Average of normalized Average of normalized
04 jet image, 0.25<y;, <0.50 jet image, 0.85<y;, <1 0.8 - 0.35
| Eh < 07 | 0.30
s > ol f E | - L 0.25
2 02 102 % D e L 0.6- ] ’ .20
g2 o1 1073 E a 054 _ | 1 | - 0.15
§ 0.0 ' 10-4 ! y ' - 0.10
< f 0.4 - : .
g -0.1 ‘ 10-5 03 - 0.05
4 —0.2 _ — . . . . . . 0.00
E 107 03 04 05 06 07 08 09 1.0
=03 True Xjh
TOAIleT 2 00 oo 0.4 0.4 0.2 0.0 0.2 0.4
Transited Pseudorapidiy " Translated Pseudorapidity n Shows good performance!
quenched unquenched

» Very useful to separate and study quenched vs. unguenched jets as well
as extracting the initial energy of the jet. (Ideal probe of selection bias!)
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Detector-level Detector-level E.g., Iteration 1, step 1:
_ Data Weights: yw(x) = po(x)/p1(x) Ok for 1D
§ Po (x) ~ . . (Andreassen and Nachman
£ ~f(x)/(1 = f(x)) pro 101, 091901 (2020))
where f(x) is a neural network and trained with the binary cross-
Step 1 > X entropy loss function

Dat < 4 . . . .

* > to distinguish jets
'_,‘-::j . 2 coming from data vs
= o — from

Unfolding - Reweighting histograms

Where does the machine - Classification = Neural network

learning part come in?

Slide from Yougi Song

W/
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» Extract splitting function from the network in white-box ML.

Done with a GAN split into two components.

-
(B1ye s opw) | -2 d i
BENRRlny Pn+1

2. Time dependent learns the @

Was able to reproduce AP splitting function.

)
e

== Hannah Bossi (hannah.bossi@cern.ch)
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GAN/PS

split
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P.. 200<Q<800GeV

GAN split 1 $ PSsplit ] :
—— GAN split 2 } PSsplit2 |
GAN split 3 ¢ PSsplit3 ?

GAN split 4 PS split 4 4'

}
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t  Split | {  Split3
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EVENT CLASSIFICATION

- Study the effectiveness of ML-based clssmers to
» |dentify the flavor of the jet

[JHEP 03 (2023) 085]

- Identify the underlying hard process of the Lo qvs. g jet __
collision ol Sk
E E 0.8 - 2 /,/
Ry . . | ’,,/'
» Additionally study the effectiveness of different o
" " " 06- 4 //,,
ways of representing information o
O .
* Particle Flow Networks (Hep 01 2019) 121] Z o0ad
‘f(p]" T ’pN ( Z q) pz > Pi = (Zi7 T s ¢i7 PID?’) D? 0o 4 /// Particle Fll_oewal\clj;?wgorjke(tw/ PID)
g ' ,// Energy Flow Network
— e Energy Flow Polynomials (DNN), d=7
= // et mass
_ 0.0 ﬁ” l l -~ l u
® 0.0 0.2 0.4 0.6 0.8 1.0
Energy Flow Polynomials uHer 04 2018) 013 alse s

False Positive Rate =

EFP. = Z . Z 2, Ziy H 0. i Total g
11 iy

(k,l)eE

Indications that ML-based methods will have an improved performance over
traditional teChniqUQS! See also event classification with large language models, [arXiv:2404.05752]
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[Eur. Phys. J.C 84 (2024) 7, 691]

» Use NN trained on a specific particle type to predict a certainty
value that is then compared to a pre-set threshold.

TRACK DATA
L  Decide threshold based on efficiency/purity tradeoff.

 Takes into account particles from different sub-detectors (here

NN TRAINED ECR TPC, TOF, TRD of ALICE) , robust against missing data.
A SPECEFEC Model Precision Recall Model Precision Recall Model Precision Recall

PART!CLE SPECﬂEs Standard 99.99 + 0.01 78.37 4 0.01 Standard 99.40 4+ 0.01 59.72 4+ 0.03 Standard 92.87 + 0.01 60.37 £ 0.05
Ensemble 97.47 + 0.25 99.46 + 0.21 Ensemble 97.16 £+ 0.46 93.74 + 0.30 Ensemble 91.18 + 02.00 82.72 + 01.42
Mean 97.31 4 0.07 99.52 + 0.07 Mean 97.85 £+ 0.41 03.34 4+ 0.32 Mean 90.83 £+ 01.71 82.32 4+ 0.96
Proposed 97.49 £+ 0.06 99.54 + 0.05 Proposed 97.80 £+ 0.44 93.86 + 0.27 Proposed 91.55 £ 0.71 83.68 & 0.82
Regression 97.33 4 0.06 99.49 &+ 0.07 Regression  97.38 £ 0.40 03.67 + 0.38 Regression 91.17 £+ 01.00 81.78 + 0.21

CERTAINTY VALUE -

Pion Proton Kaon
» When comparing the to the proposed method, proposed method has

better balance of precision (purity) and recall (efficiency)!

See also LHCb NN to identify calo hits [Int. J. Mod. Phys. A 30, 1530022 (2015)], ATLAS Electron PID w/ CNN [ATL-PHYS-PUB-2023-001]

CMS Deep NN to identify hadronic 7-lepton decays [JINST 17 (2022) PO/023]
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https://arxiv.org/abs/2401.01905
https://arxiv.org/abs/1412.6352
https://inspirehep.net/files/52692cb97d3af1d009cff48500b36e22
https://arxiv.org/abs/2201.08458

AT THE HL-LHC

-Data volume and reconstruction will also be a problem for the HL-LHC
*Reconstructing charged particle trajectory is computationally expensive - increases with
the power of the multiplicity.

Standard approach: Kalman Filter used to
locate hits in charged particle trajectory

charged particle
trajectory

ML-based approach: Use ML tools to speed
this up such as...

*Recurrent Neural Network [anxiv:2212.02348

« Convolutional neural network [see Here]

silicon strip sensors

silicon pixel sensors
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https://arxiv.org/abs/2212.02348
https://www.semanticscholar.org/paper/CNNs-on-FPGAs-for-Track-Reconstruction-Boser-Nielsen/c5c156922f7fd00155f0ffa37b046e716763d974
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Traditional Techniques
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- Boosted Decision Tree implemented in ROOT TMVA to optimize signal for A . baryon
production.

» Trained in a supervised manner with EvtGen
» 50% Increase in signal significance with ML!

: : , , I BBl Massachusetts
== Hannah Bossi (hannah.bossi@cern.ch) ML Analysis Techniques I I" Institute of e X

Technolog
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https://www.sciencedirect.com/science/article/pii/S0168900201000894?via=ihub
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JEWEL+PYTHIA PbPb 0-20% w/ recoils 2.76 TeV

' . -
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Y. Chlen R. Elayavalll 1803 3589

JEWEL+PYTHIA pp 2.76 TeV

1.0 1.0 .
Particle Jet Particle Jet —-’ Lower the C u rV e y the
—— Physics Variables (auc = 0.18) —— Physics Variables (auc = 0.23)
------ Physics Variables (no Pixel-Mult) (auc = 0.19) === Physics Variables (no Pixel-Mult) (auc = 0.25) bette 8 the pe [’f ormance.
0.8 —— DCNN - Jet Image (auc = 0.17) —— DCNN - Jet Image (auc = 0.25)
‘ST — TD: T1 (auc = 0.19) 081 TD.T1 (auc = 0.25)
TD: T1+T2 (auc = 0.17) TD: T1+T2 (auc = 0.24)
TD: T1+T2+T3 (auc = 0.17) TD: T1+T2+T3 (auc = 0.24)
206 y + Jet Events, anti-k; R=0.4 Jet 0.6 §V+Jet Events, anti-k; R=0.4 Jet _’ Al I methods eXp | Ored
:g pT > 100 [GeV/(] .g pT > 100 [GeV/c]
E p’ft > 50 [GeV/c] % pJT?t > 50 [GeV/c] tend tO perfOrm
@)
204t IHI-Y-EES 1.5, Ady jec>2% E J |VJet < 1.5, Ady, e > 2% 11/3 0
G 04 5 04— JalES LS Adyjer> 220 consistently,
/ indicating that they
0.2 4 | A : :
02— / ; may be picking up on
- PP Pb-Pb similar features.
0.0 | A 0.6 0 08 09 1.0 0.0 |
0.3 0. 0.5 ° 7 : : ' ' 03 04 05 06 07 08 0.9 1.0

Quark Efficiency Quark Efficiency

—P The performance worsens for Pb—Pb, due to the large UE.

Quark and gluon discrimination is a difficult and ongoing effort in HIs!

Future: Apply these methods to data in pp and Pb—PDb!
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CONVCOLUTICNAL
NEURAL
NETWORKS (CNN)

ARTIFICIAL
NEURAL
NETWORKS (ANN)

GENERATIVE
ADVERSARIAL
NETWORKS (GAN)

AUTOENCODERS

Wy
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Two networks compete with one another In - -» Generative Network

-
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e s o .
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a game.

|

Generated Sample “Real” Sample

The generative network seeks to fool the
discriminative network.

Update Network

Discriminative Network

Indirect training — generative network never

Update Network
sees the true distribution! l

. Binary Classification: Is
E the sample real or fake?
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I I Institute of
Technolog

. Hannah Bossi (hannah.bossi@cern.ch) ML Analysis Techniques


mailto:hannah.bossi@yale.edu

Random forests are composed of decision trees.

Decision trees are a set of rules organized in a tree
structure.

Each node is a rule which subdivides the dataset
into two or more parts (think 20 questions).

I
b,y
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s® "a
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ML Analysis Techniques

In training, the algorithm sets up
the rules of each decision tree.
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Hidden Layer(s)

Flow of information happens between nodes.

A weight is associated with each input to a given
node.

The output of each node is a function of the
weighted inputs. The output of a node |, Is
generally written something like

Input Layer Output Layer

In training we seek to learn the set of weights
=0 which minimize the total error of the network.

: : I B Bl Massachusetts
ML Analysis Techniques I I Institute of e .

Technolog


mailto:hannah.bossi@yale.edu

Input Layer Convolution Pooling Fully Connected Output
Layer Layer Layer Layer

Input image

—p Key component of a CNN is the convolution layer, which (with the /
help of a filter) will determine if a feature/pattern is present.

Filter
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Encoder Latent Decoder

Space
M

Simple task: NN architecture
trained to copy inputs to

outputs!
4
Encoder takes the input and dramatically / ‘{:flll/
reduces its complexity via a NN R
' A

W AN
N

Does not require labeled data as input! T T

Decoder takes the encoded data and
reconstructs outputs like the data.

Input Data Encoded Data Reconstructed Data

https://www.compthree.com/blog/autoencoder/
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Encoder Representation Decoder
(coding)
[ | >
(2) Unsupervised learning - | N -
| |
Sort items into classes here Encoder Representation Decoder
. .‘ (coding)

3) Anomaly detections: If you fail to reconstruct data in the decoding step you have an
anomaly!
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R DIFFERENT PROBLEMS!

!

Generated Sample “Real” Sample

Update
Network

Discriminative Network

DIFFERENT ALGORITHMS FO

\

Convolutional Neural
(Shallow or Deep) Neural Networks (CNNs)— Great for

Update :
Networks — Great for image prgcessing_l - _l_ - _I:Ie.twork E
making prediCtiOnS, ........ ! Binary Classification:, _ _ _!

1 Is the sample real or 1t

' fake? :

Generative Adversarial
Networks (GANs) —

Powerful tool for

Random Forest (Decision Trees) Linear Regression generating samples!
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