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What is ML and why is it How is ML currently being

useful for jets? used for jet measurements? Ongoing challenges

Highlighting the future along the way!

This is a brief and biased overview! Many great
conferences and workshops dedicated to this
topic! For example, check out ML4jets!
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What is Machine Learning?

ML is a subset of artificial intelligence (Al) in which algorithms can be used to
Imitate human learning, I.e. gradually improving accuracy over time.

Supervised Learning Unsupervised Learning Relnforcement Learnlng

(Aigorithm learns froma '\ { Algorithm finds structure AIQO”thm learns in 2
\labeled set of “true values”./ | the data without knowing | | reward based system to

. /  \actions. J

Driven by the Task Driven by the Data Driven by the Reward
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Different algorithms for different problems!
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(Shallow or Deep) Neural
Networks
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Convolutional Neural
Networks (CNNSs)
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' fake?

Generative Adversarial
Networks (GANSs)
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Neural Networks

Flow of information happens between nodes.

Hidden Layer(s)

Connections between nodes have weights which
reflect the relative importance of different features.

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

Input Layer Output Layer
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Different algorithms for different problems!
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(Shallow or Deep) Neural

Networks — Great for
making predictions!
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Convolutional Neural
Networks (CNNSs)
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Convolutional Neural Networks (CNNs)

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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Different algorithms for different problems!

~» Generative Network

!

Generated Sample “Real” Sample

TR

/

N/ ¥ — Vetwor \ /
’ —— Network
’ ' < 1 Discriminative Network ~ ':
— Update :
T l Network
e L E-Binary Classification:, _ _ _!
1 Is the sample real or 1t
: fake? :
(Shallow or Deep) Neural Convolutional Neural | |
Networks — Great for Networks (CNNs) — Great Generative Adversarial
, o | _ Networks (GANS)
making predictions! for image processing!
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Generative Adversarial Networks (GANS)

Two networks compete with one another in - -» Generative Network
a game. l

Generated Sample “Real” Sample

Update Network\ /
<

Discriminative Network

The generative network seeks to fool the
discriminative network.

The discriminative network seeks to find
the real sample from the generated
samples.

Indirect training — generative network never

o | Update Network
sees the true distribution! l

. Binary Classification: Is
E the sample real or fake?

Hannah Bossi RHIC/AGS Users’ Meeting 6



Different algorithms for different problems!
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(Shallow or Deep) Neural

Networks — Great for
making predictions!
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Convolutional Neural

Networks (CNNs) — Great
for image processing!
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~» Generative Network

!

Generated Sample “Real” Sample

Update
Network

Discriminative Network

Update E
Network :

........ ' Binary Classification: :
1 Is the sample real or 1t
' fake?

Generative Adversarial

Networks (GANs) —

powertful tool for
generating samples!
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ML and HEP

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

Conventional approach: Use a series of boolean decisions motivated by physics or

experimental constraints to make a selection then perform a statistical analysis on selected
data.

Optimal decision difficult to derive from expert knowledge alone! Employ algorithms that
utilize multiple variables simultaneously — inspired countless ML applications! (Living Review)

Hannah Bossi (hannah.bossi@yale.edu) RHIC/AGS Users’ Meeting 14
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Limitations of ML

ML is not a magic fix!
—7 Put garbage in, get garbage out!

— ML cannot replace domain knowledge.

—® ML is not a causation tool. Don’t want to be finding cloudy
days when you should be
—® Model should be generalizable (i.e. should finding tanks!

perform well on unseen data).

Hannah Bossi (hannah.bossi@yale.edu) RHIC/AGS Users’ Meeting
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ML and Jets

Jets are experimentally and theoretically complex multi-dimensional objects sensitive to

many physics scales! — Talk today will be from the perspective of jets in heavy-ions (HIs)
where that is especially true!

N

Parton Shower Hadronization

—p (Good candidate for ML!
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Outline

4 How is ML currently being
\_used for jet measurements?

What is ML and why is it

useful for jets? Ongoing challenges
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Different representations of jets

— Optimal choice depends on the problem! (May be a combination of thesel)

Jets as Images Jets as a collection Jets as a single object

/ Advantage: powerful { Ex: declustering history, \ [ Ex: Jet mass, radial
; tools.qvalllable for mage | | ordering of constituent pr{ | moment, other jet
classification with ML! : shapes...
arXiv: 1150.05190
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ML background estimator

Use machine learning (ML) to correct the jet for the
large uncorrelated background in heavy-ion collisions!

HLICE

Conventional approach: Apply a minimum p.

requirement on the leading track of the jet, correct the
jet for the background with a pedestal subtraction.

ML approach: Use ML to construct the mapping between measured and corrected jet
without a leading track bias.

ML

R.Haake, C. Loizides Phys. Rev. C 99, 064904 (2019)
Hannah Bossi RHIC/AGS Users’ Meeting 11
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Process

Training (PYTHIA
fragmentation) Testing

Apply ML estimator to

Shallow neural network hybrid events not used

Train on “hybrid event”
created by embedding
PYTHIA jets into Pb-Pb

Background

In training.

Key is that this Do we get back the
background is realistic. signal we put In?

Hannah Bossi RHIC/AGS Users’ Meeting



Testing performance and potential bias

. —@ | earning on constituents
iIntroduces a bias towards PYTHIA
fragmentation!

Are we getting closer to the
“truth™?

)
8

TTALGE Perormancs

- PYTHIA + Pb-Pb |5, =5.02 TeV
— Full jets, anti-k+, ‘77 ‘< 0.3 —

I 40<p_ <120 GeVic

—® Modify PYTHIA jets to change the
fragmentation.

)
O

Standard Deviation (GeV/c

_ mArea Based, 0-10% ] o 40 T T

ST aML Based, 0-10% L} ALICE Simulation , Fractional 10%
- uArea Based, 30-50% 5 35 2(; < pﬁ'” < _12kO GeV/c, Mostly in cone

- oML B _50° - Lharged jets anti-kt Fractional 10%, 1

- ased, 30-50% g 3.0F R=04|ne«l <09—-R ¢ Mostly out of cone -

10— — — - Leading eight particles = BDMPS ]

~_ 25 - :

S 29 - .

= = :

O i

é) 1.5 . H:‘: :

of.eeteeeel s,

+¥ 3

0.5F + -

Jet Resolution Parameter R _ : ;

BDMPS- Motivated 0.0 —— Ty

Residual fluctuations

significantly reduced! Train on the modified toy model and apply to data:

measure bias.
Hannah Bossi RHIC/AGS Users’ Meeting 13
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lying ML to data

_ ALICE Preliminary Pb—Pb \'s,,, = 5.02 TeV, 0-10% _

Full Jets, anti-k; R = 0.4, | |<07 R

jet

: ML Estimator Trained on PYTHIA

e ML-Based
e | Area Based (p > 7 GeV/c)

T, lead
- Fractional Collinear

~~~~~ - BDMPS-Motivated
Fractional Large Angle

+

ML Fragmentation Bias Studies

|
IIIIIIIIIIIlIIIIIII*III

20 40 60 80 100 120 140

P - (GeV/c)

1 d2 ]VJI;E)Pb
N, event dp Tdy
. cent

Ran = d25PP

e <TAA> dPTJCZ’

——P ML extends measurements lower in

Pt With reduced systematic
uncertainties!

— Useful to go to low py for kinematic
overlap with RHIC!

—® Method is relatively robust to the
explored biases!

Future: Apply similar technigues to other variables such as jet substructure!

Hannah Bossi
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Heavy Flavor Tagging

arXiv: 1/12.0/158

HF Jets have....

displaced
e tracks charged |
lepton — |arge impact parameter of tracks
hea"’;'ef{a"our — displaced secondary vertices
el Conventional approach: Apply cuts on the properties
jet || of the displaced vertices.

ML approach: Use low-level jet parameters such as constituents, secondary vertices,
track impact parameters etc. Learn from simulation in a supervised approach.

Hannah Bossi (hannah.bossi@yale.edu) RHIC/AGS Users’ Meeting 15
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Heavy Flavor Tagging

Many ongoing experimental efforts showing nice improvement, focus on one CMS application
to data using a deep neural network!

——P |Lower the curve, the better the performance
—p Performance tends to improve with the size of training data

s =13 TeV -
L SR P zsi’szz?zzz?;;;‘;zsz.rz?szz?;;;fisz!szz.szz‘;;:;'szz?zzs:‘zsz!555?3sz?5zs‘:zsz‘zsz?szz?zzs?zsz!;;;?zsz._szz'szzs'zzz;‘z;?: CMS
3 peMoSimulation relmmey. e ) A - 1
9 | HeVentS ,..%.«.? .............. i = \ CMS Preliminary 41.9fb” (13 TeV, 2017)
a ... AK4jetS (p>3()GeV) ............... /’/,,' ....... il _ \.\\ \ \\ -
. \ ] =
% 107" == —2M jetS LUI'_) 14— DeepJet M '
= = | 30M jets - Ry Weighted average
T —1OOM jetS : G : : " — l )
B —— App“ed tO data! 1.2 | Fit = (stat @ syst)
—u IV O -
2| |--c é —_g’ N
10 i ;ggIZIIZIIZI?ZIIZZIZZIZIIZZIZZI:EZIIZIIZZIIZZI'/ZI{ZI?IZII;II/,;fIIEZIZZIETZIZIIZZIIZIIZIZZZZiZZIIIIIZIIZIIZ' III :.'..ZIZZIZZIZIIIZIIE’.IIZIZZSZZZZIIZII: 1 \}
o I T ™ R \
ZIZZIZZIZZIZZI?ZIIZIIIZIZIZIZZIIIL?II,II,'ZI'IIIIZI;L,Z'.‘? .................. ................ ................... ................ * ‘_‘\ B AR NN AN \‘ \ \\\1\\\\\
:1/,,’,,’ .... ................... N ................... ................ - 08 —_
10_3 :ZZZZIZZ2ZZZ%Z;Z’Z:ZZIZZZZ{I.’?:Z/IIZZZIIZIIZZZZIéiZZZZZZZZZZZZIZZZZZ%I"..ZZI".Z'..ZIZZEIZZIZZZZZZZIZZZZZZI%ZZZZZZIZZIZZZZZZIZZE’.ZZIZZZZZIZIIZZ: : 1 I I ] L1 1 l I ] l I I L1 1
e i e et st 1/t ettt s o 30 40 50 100 200 300
03 04 05 06 07 08 09 1 Jet p_[GeV]
b jet efficiency T

arxXiv: 1712.07158

uture: Extend to p-Pb and Pb—Pb data!
Hannah Bossi (hannah.bossi@yale.edu) RHIC/AGS Users’ Meeting 16
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OmniFold: Simultaneous Unfolding of All Observables

Purpose of Unfolding: Correct for detector effects and background fluctuations.

Conventional Approach: Use an unfolding procedure on a binned distribution and repeat
for each desired observable!

Detector-level

Pull

WY
%Q.

V
—
-
—
2
Step 1:
Rew 'hht Sim. to Data \V"cights
a | [ Detector-level MC
O
= @
2 | S
a

Particle-level

Step 2:

Reweight Gen.

—

—

Particle-level MC

<.

Push
Weights

OmniFold Q arXiv: 1911.09107

Hannah Bossi (hannah.bossi@yale.edu)

ML Approach: Use ML to calculate weighting
factors and unfold the phase space all at once,
before the choice of binning or observable!

Really beneficial to...

PP have an unbinned result!

—Ppp unfold with more dimensions which can
correct for more complex effects.

(Ex: Two jets with different
substructures acquire same mass.)

RHIC/AGS Users’ Meeting

17


mailto:hannah.bossi@yale.edu
https://arxiv.org/abs/1911.09107

Applying OmniFold to Data

Two applications to data! ,l _Miguel Arratia, DIS
Anthony Badea, ICHEP | S— H1 preliminary -
0T 71— F e Q%> 150 GeV? 0
PRELIMINARY _r. | | ¥ - 0.2<y<0.7
5 107! a 107 pr >10GeV =
‘-03 Q kr,R=1.0
% 10~2 J,; ‘ '8
2 a 8. 102} .
O L, ; o - ¢ Data :
?;9 1073 ..]..+ ALEPH E.P.J. C (2004) ’: LR - — LOXNP
= ooz | o - o I
S == PYTHIA 6 Gen. | 1 " —L
2 - w+++ IBU In(1 — T) + stat. l! . TR
10~° i : | FF UniFold In(1 - T) + stat. == unbinned IBU .
—————————F— : *g ST —
| . i E
] 8 0; | !
—4 —2 a 107 10°
ALEPH Omnifold Thrust In(1 - T)) jet [GeV]
ALEPH Archived Data (Thrust) H1 Archived Data (Jet pr)

Future: This is just the beginning! Hopefully many more applications to data!

Hannah Bossi (hannah.bossi@yale.edu) RHIC/AGS Users’ Meeting
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Quark vs. Gluon Jets with ML

How to tell quark jets from gluon jets 4—— Long-standing effort starting around 1991!

Jon Pumplin

Department o Phyics and Assonomy, Mickgon St Uniersi, B Lnsns, Minian 43521 === Quiark and gluon jets have different color
factors and substructure!

P \\/e will focus on an effort in HI collisions! Quark Jets Gluon Jets

Y. Chien, R. Elayavalli: 1803.3589 C 4/3 C., =3
JEWEL PbPb (0 —20%) 2.76 [TeV] Quark Jets JEWEL PbPb (0 —20%) 2.76 [TeV] Gluon Jets f

1.00 - 102 1.00 - 102
y+Jet Events, anti-k; R=0.4 Jets w/ Recoils E y+Jet Events, anti-k; R=0.4 Jets w/ Recoils E
0754 P§>100,pr" >50 [GeVic] GridSub i 0754 PF>100,pr" >50 [GeV/c] GridSub i
An, Ag = 0.08) i An, Ag = 0.08) i

50 - 10! 0.50 - 10!

0.25 4 0.25 -
0

—Pp Use jet images with deep CNNs
(DCNNs) to discriminate g/g.

— Train using jet images in JEWEL!
(Supervised Learning)

Hannah Bossi (hannah.bossi@yale.edu) RHIC/AGS Users’ Meeting 19
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Quark vs. Gluon Jets with ML
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| | | | |

Physics Variables (no Pixel-Mult) (auc = 0.19)
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—— Physics Variables (auc = 0.18)

—— DCNN - Jet Image (auc = 0.17)
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JEWEL+PYTHIA PbPb 0-20% w/ recoils 2.76 TeV

Y. Chien, R. Elayavalli: 1803.3589

Physics Variables (no Pixel-Mult) (auc = 0.25)

I
Particle Jet
—— Physics Variables (auc = 0.23)

—— DCNN - Jet Image (auc = 0.25)
—— TD: T1 (auc = 0.25)

TD: T1+T2 (auc = 0.24)
TD: T1+T2+T3 (auc = 0.24)

y +Jet B

rvents, @

inti-k; R

=0.4 Jet

) [GeV/c
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]
|

In|¥-jet < 1.5, Ady, jer > 2% 11/3

-
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.
.
”
5
A
A
/'

Pb-Pb

0.3

0.4 0.5 0.6 0.7

Quark Efficiency

0.8

1.0

| —p Lower the curve, the

better the performance.

—P All methods explored
tend to perform
consistently,
indicating that they
may be picking up on
similar features.

—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!

Hannah Bossi (hannah.bossi@yale.edu)
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Deep Learning Jet Modifications

Use supervised learning on jet images with a CNN to perform

the regression task of predicting the energy loss ratio in HI

collisions (hybrid model).

Average of normalized
jet image, 0.25<y;, <0.50

Average of normalized
jet image, 0.85<yjn <1

0.4

0.3

0.2

S

g

e

<

o 0.1

E

5 0.0 B T

T —0.1+

©

Y 0.2

e

T 0.3 ‘

—0.40 . .
-0.4 =02 0.0 0.2 0.4 -0.4 =02 0.0 0.2 0.4 -

Translated Pseudorapidity n Translated Pseudorapidity n
quenched unquenched

Y. Du, D. Pablos, K. Tywoniuk: 2101.07797

True xjn versus predicted xjx

1.0
0.9 - 0.40
08 0.35
£
p 0.30
- 0.7
Q 0.25
[® 0.6
- - 0.20
g
a 0.5 - 0.15
0.4 - 0.10
- 0.05
0.3
0.00

0.3 0.4 0.5 0.6 0.7 0.8 0.9 1.0
True th

Shows good performance!

Very useful to separate and study quenched vs. unquenched jets as well as extracting the

initial energy of the jet.

Future: Apply these methods to different models & variables, improve performance.

Hannah Bossi (hannah.bossi@yale.edu)
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ML for Underlying Physics

Could we use ML to directly access some of these underlying physics mechanisms??

“Data”-based learning complements simulation-based inference. 4//
~Givenananswer |  ~Domain knowledge | \\
~ “White Box” ML ~ “Black Box” ML |
-~ Underlying physics | i ~ Answer

This is a long term effort! ———p | earning from data is difficult due to systematic
experimental biases.

—P Helpful in understanding uncertainties or shortcomings
of models!

Hannah Bossi (hannah.bossi@yale.edu) RHIC/AGS Users’ Meeting



mailto:hannah.bossi@yale.edu

PrOOf Of COncept Y. Lai, D. Neill, M. Ploskon, F. Ringer: 2012.065.82

—Pp Extract info from the network in white-box ML.
This is done by splitting the GAN into two components.

1) Time independent learns the z, @

Pk

(P1,-- - Pn+1)

Pn+1

2) Time dependent learns the @

— \Was able to reproduce AP splitting function.

Future: Can we use ML to learn physics from data”?
Hannah Bossi (hannah.bossi@yale.edu) RHIC/AGS Users’ Meeting
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<~ | —— GAN split 1 ¢ PSsplit |
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= —— GAN split 3 } PSsplit3
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2 -
m L
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o
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Outline

What is ML and why is it How Is ML currently being

useful for jets? used for jet measurements? \ Ongoing challenges
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Ongoing Challenges

. How can we construct
How do we quantify

more Interpretable
models?

l

Many future and ongoing efforts to address these challenges!

uncertainty?

Hannah Bossi (hannah.bossi@yale.edu) RHIC/AGS Users’ Meeting

Do we need to
standardize ML

applications across
experiments?
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Summary and Conclusions

Machine learning is a great tool for both understanding jet physics and making jet
measurements, especially in heavy-ions!

Despite many great developments, still ongoing challenges — especially for applying ML
to data! _sa

Coming years are an exciting time for ML + jets — lots of uncharted phase space and
opportunities to get involved!
Hannah Bossi (hannah.bossi@yale.edu) RHIC/AGS Users’ Meeting
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Interested in ML? Here’s where to start!

— Resource guide available

Resources Hub For Machine Learning HERE)

Here is a collection of resources that I've found helpful in order to learn about machine learning
and explore its applications for jet measurements! Feel free to distribute this guide to anyone who

may be able to benefit from it! If there are any resources that you would like to see included in
this list, email me at hannah.bossi@yale.edu and | will happily add them! Enjoy! ~ Hannah —E’ InCI Udes resources userI
Resources to Learn About ML in General In |earn I ng about M L In
Overview Websites
S general and also about ML
Resources to Learn About ML Applications in Jet Physics for Jet phyS|CS )

Overview Websites
Papers

Conferences/Meetings

Thanks!!

Hannah Bossi (hannah.bossi@yale.edu) RHIC/AGS Users’ Meeting 26
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Technical Detalls of the ML

Regression task where the regression target is the detector level jet pr.

Here we are prioritizing a simple model!
Training sample 10%, testing sample 90%.

Implemented in scikit-learn. Default parameters used unless otherwise specified.

Shallow Neural Network Linear Regression Random Forest

Shallow, 3 layers with Normalization set to  Ensemble ot 30 decision trees.
[1 OO, 100, 50] nodes true by default. Maximum number of

ADAM optimizer, stochastic features set to 15.

gradient descent algorithm.

Nodes/neurons activated by a
Rel.U activation function.
Hannah Bossi Hard Probes 2020



Features for training

Ask ourselves two questions

How important is the feature to
the model? — Feature Scores

Higher the feature score, more
often variable is used in training.

How correlated is the feature
with other features?

Iteratively remove unimportant or highly correlated features!

R.Haake, C. Loizides Phys. Rev. C 99, 064904 (2019)

Feature Score | Feature | Score
Jet py (no corr.) 0.1355 | Piconst | 0.0012
Jet mass 0.0007 | pfconse | 0.0039
Jet Area 0.0005 | p7const | 0-0015
Jet p; (area based corr.) | 0.7876 | Pt .onse | 0-0011
LeSub 0.0004 | p7.onst | 0.0009
Radial moment 0.0005 | PP onse | 0.0009
Momentum dispersion 0.0007 | Pfconst | 0.0008
Number of constituents 0.0008 | pfconst | 0-0007
Mean of constituent pys | 0.0585 | pt.onse | 0-0006
Median of Constituent pys | 0.0023 | pilonee | 0.0007

Hannah Bossi
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Toy model studies

We study a toy model with three different ways to alter
constituents of the jet, changing the fragmentation.

Use prior knowledge of behavior at intermediate p to create a
variation in the fragmentation!

Hannah Bossi RHIC/AGS Users’ Meeting



Modification to the fragmentation function

Leading 8 particles Inclusive particles
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Toy model modifications indeed modify the fragmentation, some modifications are more
extreme than others.

8 leading particles are what we chose to train on.
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Intro to Random Forest

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). ‘

...
...
....
....
!

at®
at®
st
“““
s?®
a®
“

.

.\:‘\'h '\:‘R Output of the random forest is a
combination of the output of each of
f.( \.é \. f< é\‘. f \.é \. the decision trees.

b,
b,
by
N
....
b,
b,
b,

“““““““““ In training, the algorithm sets up
Output the rules of each decision tree.
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Intro to Linear Regression

Linear regression predicts the value of a dependent
variable based on a given independent variable
(feature x1 with a given weight w1).

y =b+ wx,
The example at the right is a simplified view In reality we
have multiple features each having a separate weight. P (Gevro)
y = b -+ Wlxl -+ WzXz -+ W3X3 .....

Training determines the optimal weight for each feature.
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Fragmentation bias

Learning on constituents introduces a fragmentation bias.

D5
. ATLAS v *'| <2.1 anti-k, R=0.4 jets
N
QQ 2; ] 126 < pI' < 158 GeV, |5y, = 2.76 TeV -
- @ 126 < pf' < 158GeV, |s,,,=5.02TeV -
g We learn on a PYTHIA fragmentation.
11 We know that fragmentation in heavy-ion collisions
: IS modified by the presence of the medium.
. Pb+Pb, 0-10% |
i WO e S We want to investigate how this impacts the
10 10 21 final result we get with ML!

Phys. Rev. C 98, 024908 (2018)

Hannah Bossi RHIC/AGS Users’ Meeting


https://arxiv.org/pdf/1805.05424.pdf

Deep Learning Jet Modifications

Ex: Groomed jet radius
+—>

arxXiv:2101.0/7797

Initial Energy Selection

.......................................

+—> : i
Final Energy Selection
3.0 e e
' Inclusive in predicted xj;, . |
_ Predicted xf,<0.90 mam ]
2.51 Predicted x/,>0.90 mwm T

g
o
————

Small Rg (Collimated) Large Rg (wide)

Unguenched jets != jets in vacuum
— selection bias!

o

—_—
S
T

0.5F T
' PbPb Jet pr > 200 GeV

vvvvvvvvvvvvvvvvvvvvvvvvvvvvvvvvvvvvvv

Inclusive in predicted xj, . |
Predicted x},<0.90 . |
Predicted x/,>0.90 ]

PbPb Jet pr > 100 GeV

Jets that fa” |nt0 the “unquenChed o.;b"é.bé“d.ib"6.'1'5“6.'26"6.'25"6.'36“6.55"d.:(:)b"6.'0'5"6.'1??2?;'2:;;?\;.125"6.'36“6.5'5'“
class” tend to be narrower than N "
average Jet population in vacuum. ML is a cool tool to begin to think about selection

biases and its impact on how we see quenching!

Future: Apply these methods to different models & variables, improve performance.
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