ANATOMY OF "JET CLASSIFICATION
USING DEEP LEARNING"

Mihoko Nojiri (KEK & KIPMU )

partly on work in collabration with Sung Hak Lim(Rutgers U)
Amon Furuichi( Nagoya U. and KEK) in preparation



This talk

Introduction History of jet physics (Triumph of QCD)
Jet and Deep Learning (QCD theory = ML)

(My) Skepticism and ANATOMY( ML meets soft physics)

Toward Improved event simulations




JET PHYSICS FOR BSM

LHC: boosted Higgs, boosted top for

* heavy resonance search

« SMEFT (high PT higgs boson, W, and Z distribution will be affected. )

boosted objects look like a jet.
distinguish it from QCD jets
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JET AND HEAVY OBJECT SEARCH
(BUTTERWORTH ET AL 2008)

—

subjets

20 1.2 A,
N i ktyp)R_g : partiCIGS

2p
d;p = kti )

e

Make a cut on the cluster sequence backward ( Butterworth et al 2008 )




SEEDLESS IRC SAFE VARIABLES

* n-subjettiness (2010 Thaler Tilburg )

minimize the distance to N axes

1 :
= — Z pr; Min {Rfi,Rgi, - .,Rfiﬁ} '
PTJ 1€Jet

* Energy Flow Polynomial(Komiske et al 1712.07124)
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BEEL =S Sty 7e i) 0.7

A Iy k,leG

ex EFP 5 > Z Al pet e = (= yj)z (@5 ¢j)]ﬂ 5
L]

« linear in z; = E;/E; for all particle involved « IRC safe
(stable against soft and infrared divergence of QCD)




JET AND DEEP LEARNING




Deep learning and classifier @(x, ... )

Multilayer perceptron(MLP)

optimization L(y, 7))

model parameter : Wjj, b; (gradient flow)

jet image or particles Xj S ) N

+ further arch /‘\

High level X2 'M
inputs ‘\',‘
i T s Xa 3
xD = pwWx™ 4 p)

I ? ] I

(p: activation function
source of non linearity

High "Representative power"

boosted jet

y = (1,0)
>y
QCD
y=(0,1) £
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QUICK TOUR OF JET CLASSIFICATION MODELS

A. Use Motivated (safe) input

B « Use Most Fancy DL network at Time (many choices)

CNN(2017 Kasieczka et al)—=Particle Net (Graph NN ) (2019)
—Particle Transformer(Graph and Attention) (2022)

Large GAP between A & B —origin of the difference?




“low level"

* e.g. calorimeter-cluster particle-flow

inpu

objects observables “constituent-based

tagging”

e Graph NN (ParticleNet) improve

background rejection significantly

t improve classification

rejection efficiency plot

s 107
.
)

. ATLAS Simulation Preiim nary
10°~— VS =13 TeV. Pythiad
anti-k, 7=1.0 U=Q £D jelz

108 =2, pr3» 350 GcV, |0/ < 2.0, m> 40 Gov

10*—
103 —
10%—

10"

ParticleNet
PFN ]
DONN

hiIDNN —]
EFN
RecNals50

ML beats theory? R oy
All classes H—b H-—scc H—qgg H—4 H—{lvgy t—bgd t
Accuracy  AUC  Rejso  Rejsoy,  Rejso  Rejspq Rejgge, Rejs09, R
PFN 0.772 0.9714 2924 841 75 198 265 797
P-CNN 0.809 0.9789 4890 1276 88 474 947 2907
ParticleNet 0.844 0.9849 7634 24775 104 954 3339 10526
ParT 0.861 0.9877 10638 4149 123 1864 5479 32787
ParT (plain) 0.849 0.9859 9569 2011 112 1185 3868 17699

We cannot ignore such large gain.

Qu et al 2022.03772



TYPE A :ENERGY FLOW NETWORK (IRC SAFE )
(1810.05165 KOMISKE, METODIEY, THALER )

Deepset (permutation invariant, work for any number of constituents )

add over all constituents (work with any M)
Manifestly IRC safe set up

M We learn this!
O({p1,-.-,pm}t) =F (Z Zﬂ’(ﬁi)) :

i=1 Weight by energy

Particles Observable

Rl Zj Ejor z; = pT,i/ Zj iy

Limited to the correlation relative to leading jet / L

" —

IRC unsafe / 5

M

Energy/Particle Flow Network

2=l

PEFN: F (




TYPE B: CNN AND GRAPHES

/ CNN \ / GNN>> CNN

Convolved Dynamic Graph-CNN

Convolutions Feature Layers

Max-Pooling

W— WZ event \/

Repeat

Particle Net

» Transfer image by KxK filter = cutoff Input: vertex ( particle information) N
(pooling ) to find correlation. edge (two point correlation ) N2

Calculate edge variables of nearby 7 vertex
Performance: CNN> EFN —update vertex and edge-> use this to select

next 7 pairs

Demerit "point by point" fluctuation

near the boundary of the jets. Particle Transformar
j Attention Network, Aggregation

\ P-MHA(Q, K, V) = SoftMax(QKT/\/@ +U)V,
s : 2
(Now it is independent to QCD etc) \ U: interaction N but J
deep set like




SKEPTICISM AND ANATOMY




The Algorithm respect jet clustering

2004.03540 PRL 124 222002
LUND JET PLANE ( )

DREYER, SALAM, SOYEZ (1807.04758)

More reliable jet structure variable

L hard

Non-pert , collinear  hard and wide
collinear

(z', R")
subjets (kT, z, AR)

IN(R/AR)

particles jet

(a) Schematic representation of the LJP.

emission

2y

< emission core

AR
LundNet(2012.08526 Dreyer and Qu )




The Algorithm respect jet clustering

LUND JET PLANE
DREYER, SALAM, SOYEZ (1807.04758)

(2004.03540 PRL 124 222002)

More reliable jet structure variable

performance v. resilience
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Figure 8. Performance —%— versus resilience to non-perturbative effects.
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HW jet mistag rate
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EVENT GENERATOR DEPENDENCE
IN PARTICLE TRANSFORMER

Furuichi Nojiri Lim

Sampel
500GeV <PT<600 GeV 150GeV <mJ<200GeV

pixellated jet image Ay, A¢p = (0.1,0.1) no track information

NQCD — O.35M - NtOp = 1M

PYTHIA event Simulation Herwig 7 simulation

PYTHIA 8.266 default tune Herwig 7.1.3

from O to 2 GeV

HW jet mistag rate

no cut Off —— hw7.ParTO(AUC=0.903)
| —— hw7.ParT0.5(AUC=0.903)
—— py8.ParTO(AUC=0.965) —— hw7.ParT0.7(AUC=0.902)
—— py8.ParT0.5(AUC=0.954) — hw7.ParT1(AUC=0.901)
—— py8.ParT0.7(AUC=0.941) i — hw7.ParT2(AUC=0.898)
—— py8.ParT1(AUC=0.928) —— hw7.ParT10(AUC=0.875)
—— py8.ParT2(AUC=0.911) ] —— hw7.ParT50(AUC=0.765)
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PY jet tagging efficiency PY jet tagging efficiency

(Probably the tune is a bit old)
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EVENT GENERATOR DEPENDENCE
IN PARTICLE TRANSFORMER

Furuichi Nojiri Lim
Sampel

500GeV <PT<600 GeV 150GeV <mJ<200GeV
pixellated jet image An, A¢p = (0.1,0.1) no track information

NQCD — 035M - NtOp = 1M
PYTHIA event simulation
PYTHIA 8.266 default tune

Herwig 7 simulation
Herwig 7.1.3

__—

/7
—n

m O to 2 Ge

—— hw7.ParTO(AUC=0.903)

cut o!ff

— py8.ParT0 =0.965)
—— py8.ParT0.5(AUC=0.954)

— py8.ParT1(AUC=0.928)
—— py8.ParT2(AUC=0.911)
| | |

—— hw7.ParT0.5(AUC=0.903) |

—— py8.ParT0.7(AUC=0.941) |

—— hw7.ParT0.7(AUC=0.902)
— hw7.ParT1(AUC=0.901)
—— hw7.ParT2(AUC=0.898) |

—— hw7.ParT10(AUC=0.875)
—— hw7.ParT50(AUC=0.765)
! ! !

0.4 0.6 0.8 1.0 . . 0.4 0.6 0.8 1.0
PY jet tagging efficiency PY jet tagging efficiency

(Probably the tune is a bit old)



PT DISTRIBUTION OF JET CONSTITUENTS

2.0 A

1.8 A

1.6 A

difference is in
low pT region

1.2 A

1.0 A

0.8 A

0.6 A

—— Herwig QCD

——=- Herwig ttbar
pythia QCD
pythia ttbar

Furuichi, Nojiri, Lim in preparation




SOFT PARTICLES SYSTEMATICS

Graph NNs are eager to learn the soft particle correlation if it is relevant
to classification.

—>Event Generator have to be modeled carefully toward low PT regions

"SOFT PHYSICS MEETS ML "

* top vs QCD

Emission from top quark may be smaller

Energy of decay product is small £, < E,

* hadronization modeling (ad hok model) @

* string model (PYTHIA)

* cluster model (HERWIG Sherpa)

String model Cluster model




HOW TO HANDLE DATA-MC DIFFERENCE

* Description of Low energy particle is empirical so we want to
tune it by the data.

disagreement

in soft particles

Existing simulated (REAL)Data
Event generator data

(PYTHIA, HERWIG) detector
simulation

ldeal Simulation
in agreement with
data

better understanding
of multiparton interaction and

underlying events
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HOW TO HANDLE DATA-MC DIFFERENCE

* Description of Low energy particle is empirical so we want to
tune it by the data.

disagreement

in soft particles

Existing simulated (REAL)Data
Event generator data

(PYTHIA, HERWIG) detector
simulation

classifier
y = O(x)

weight fori-th Yi

i —
events 1 -y |deal Simulation

in agreement with
data

better understanding
of multiparton interaction and

underlying events



SOFT PARTICLES GEOMETRY IN JET CLASSIFICATION

(FURUICHI, LIM, MN, IN PREPARATION )

* We have constructed a simple NN

of following features represent IRC safe[”
GNN

feature (ideally )
« "SOFT IMPUTS" and "IRC SAFE S

for all MC
INPUTS" are separated before ey
the first feature extraction.

2 hidden layers
* A "complete" bases of

aggregated input of #soft

particles & geometry CONCATENATE
* No need of complicated

network. just MLP

We test event reweighting PYTHIA 2 hidden layers
(DATA) vs HERWIG (MC)




QUANTIFYING QCD SIMULATION DIFFERENCES

IRC safe inputs (two point energy PCI)DIIIEII;'EEIEIII\EIISCEYBI(E:YC?R';ELLYT‘{E))N

correlation) + constituent pt distribution AND SOFT PARTICLE GEOMETRY

10° E

[

o
o
|

SOFT geometry
+constituent pt + IRC
safe inputs

[

o
N
|

=

o
&
|

Particle Transformer

0]
]
©
-
(@)
©
—
2
S
.
2
I

Particle Transformer(ParT)(AUC=0.896)
Random Guess

MF + constituent pt + S2(AUC=0.883)
gain using ParT(AUC=0.580)
constituent pt + S2(AUC=0.815)

[

9
I
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0.4 0.6 0.8
PY jet tagging efficiency




SOFT INPUTS: MINKOWSKI FUNCTIONAL

Nojiri Lim

gL circle at every hit resulting image S
jet Image

Minkowski Functionals

*x ok Ll Bt Area A(R)

Boundary Length L(R)
‘A*' * ‘A* * Euler Characteristic E(R)

A(R), L(R), E(R) is the base of all function F with F(SU §") = F(S) + F(S") — F(SN S
and translation and rotation invariant

All point distribution information
can be encoded here

Application in other field

Statistical Physics (liquid crystal)
Astrophysics




SOFT INPUTS 2. MINKOWSKI FUNCTIONAL

circle at every hit resulting image S oML HT | 0 oo

jet image

Minkowski Functionals

* * * * Area A(R)

Boundary Length L(R)
‘A*' * ‘A* * Euler Characteristic E(R)

Euler characteristic E(R)
Several threshold (0.5GeV, 1 GeV, 2GeV, 4GeV)

aggregation of local information (Deepset)
Full geometry information up to rot/trans

number of particle, distance between
particles, global effect such as
color coherence...




QUANTIFYING QCD SIMULATION DIFFERENCES

IRC safe inputs (two point energy PCI)DIIIEII;'EEIEIII\EIISCEYBI(E:YC?R';ELLYT‘{E))N

correlation) + constituent pt distribution AND SOFT PARTICLE GEOMETRY

10° E

[

o
o
|

MF(no cut, 2GeV, 4GeV)
+constituent pt + IRC
safe inputs geometry is
important!
" Particle Transformer
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N
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Particle Transformer(ParT)(AUC=0.896)
Random Guess

MF + constituent pt + S2(AUC=0.883)
gain using ParT(AUC=0.580)
constituent pt + S2(AUC=0.815)
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REWEIGHTING USING THE CLASSIFIERS

Output of classifier trained by Pythia events

® py8.ParTO (3.153)
® py8.ParTO/MF (1.261)
® py8.ParTO/MFno05 s2mfl (2.037)

'—l
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1

—
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ol
C
Q
Q
S
.
Q

0

9
.’
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e

0.4 0.6
classifier output

reweight Herwig event

IR fe + tit tpT
S salogs Sconsttisgr B by (IRC safe+MF+constituent pT )




SUMMARY

* A part of improvement of DL comes from the soft particle information
* Maybe there is more "unknown gods". GNN learns "everything"!

* We show the majority of soft particle effects can be parametrized by

relatively simple aggregated inputs ("Minkowski Functionals") and
simple MLP

* These inputs maybe used to
» analyze experimental data,

* reweight simulated events to improve the agreement between
simulation and data in ML

* GAN soft particles ?

to improve the "Event generators in the era of ML"




EXPERIMENTAL INTRO AT ML 4JET
BY PETAR MAKSIMOVIC (JOHNS HOPKINS)

QCD modeling for the future

* With a better QCD modeling, we could:

e Train ML algorithms

~ better data/MC _ " Mt
agreement Ee UL e e

— Mminimize signal
efficiency systematics

* Decorrelate taggers
- well-behaved background shapes - better bkg estimates
- If there’s a BSM excesses, it would be “easier” to see

* Estimate efficiencies of tagging jets with exotic substructure
(see above)

* In general, experimentalist’s life would become a lot easier

Certainly not easy --Maybe need "wish list" for soft QCD and ML
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Physics Machine Learning

Precise Prediction,

_ . Innovation that can change
Mathematical description

society

Machine Learning Physics

discovery of new phenomena, new rule

Approach to fundamental Problem in Physics
by integrating machine learning and theoretical methods

29



STEALING

BIHAR AO1 AO2 AO3
Hashimoto Tomiya Nojiri Otsuki
Kyoto Osaka Int' Tech KEK Sophia
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3 ATLAS+ 2 Belle
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BACK UP'S




GRAPH NEURAL NETWORK (GNN}

» ParticleNet, treat nearby two point particle correlations directly

Scaled Dot-Product Attention

NN using
vertex ( particle information)
edge (two point correlation )

t

Mathul
f 4

SoftMax

as input.

t

Mask {opt.)

¢

Calculate edge variables of nearby 7 pairs

Scale

—update vertex and edge-> use this to select next 7 pairs

{

Mathdul

| * ]
1902.08570 Qu and Goukos "Jet Tagging via Particle Clouds" ) Q

t

K

Particle Transformer

product of particles info

P-MHA(Q, K, V) = SoftMax(QK ™ /\/d, + U)V,

two point correlation of all particle

Edge information R e mont s 7 S of

kr = min(pr,q, prp)A,

z = min(pr,q, pr,p)/ (P10 + PT.b),
m? = (E, + Ep)? — ||pa + Poll?,

Now the idea of "distance" is controlled by the samples, not by theory.




GRAPH NEURAL NETWORK (GNN}

» ParticleNet, treat nearby two point particle correlations directly

NN using
vertex ( particle information)

§ A EdgeConv Block
edge (two point correlation ) k=7,C=(32, 32, 32)

as input.

Y Y

EdgeConv Block
k=7, C = (64, 64, 64)

-~

Global Average Pooling

Calculate edge variables of nearby 7 pairs
—update vertex and edge-> use this to select next 7 pairs

1902.08570 Qu and Goukos "Jet Tagging via Particle Clouds" )

\ 4

Fully Connected
128, ReLU, Dropout = 0.1

product of particles info !

Fully Connected
2

P-MHA(Q, K, V) = SoftMax(QK" /+/d;, + U)V, ) !

Softmax
& J

(b) ParticleNet-Lite

Particle Transformer

Edge information R e mont s 7 S of

. pair
kr = min(pr.q, prp) A,
A= min(pT,a,pT,b)/(pT,a = pT,b)a

m® = (Eq + Ep)* — ||Pa + Pol|%,

Now the idea of "distance" is controlled by the samples, not by theory nor geometry.




Measurement of the Lund plane
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IRC SAFE PART: TWO POINT ENERGY CORRELATION
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IS THIS GAIN REAL ¢

performance v. resilience
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Figure 8. Performance —£— versus resilience to non-perturbative effects.
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