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JET PHYSICS FOR BSM

* boosted Higgs, boosted top for Sezen Sekmen Aug 24 SUSY2021

i, High mass resonances

ttbar resonances.=p
RS gluions.  10°
Boosted tops, top-tagged jets.

* heavy resonance search 2 I
3 o ATLAS Preiminay | Cwmer | € Resonant HH —>4b. T E OMS Frases |
O 4qsL Profectionfom Run-2data [ 10 3 Heavy spin-2 KK gravitons. = Simulation Preliminary -
=4 E Vs=14TeV,3000f0" ---- Gy (20TeV)x5 5 . . o I
T 0k sgaregonatag a. esTevxs §  Boosted bb pairs, large R jets. ©
= 3L Scaling from dijet simulation -~ G (80TeV)x5 ~ - - - »

- SMEFT (high PT higgs boson, W, i

g 99 W, f :

]
(R R UL L R R R

and Z distribution will be

E ] noflnnnnllnnnaflonnallonan EE 10°% . . . L
07500 1000 1500 2000 2500 3000 3500 CMS-PAS-FTR-18-009 5 4 6
affected. ) Diet mass 6oV
[ ]
3 T ‘ T T T T ‘ T T T I T T T ‘ T T [ ‘ E L L | Y. T \.‘ T
o 10° ATLAS Simulation Prefiminary ... expected i j o @ 107 S
o]

{

%&?J diHiggs and Higgs self coupling

° ° 10° X
* boosted objects look like a —

g £ oy " HH is a flagship measurement at HL-LHC Coupling modifier: K
Jet(narrOW), Jet SuU bStrUCtu Fre |IS s  Measure trilinear H self coupling Aunn = mu2/2v  prAsAes

. —> constrain H potential shape, nature of EWSB. by B
° ° ° ° ° 107 3 . . _ | —

important to distinguish it from - sensitiveto BSM physics |
Sensitivity to HH requires HL-LHC: and combining all bBbE| |
QC D channels. Only ggH used. Expect 40 from ATLAS+CMS | oy
Most sensitive decay channels: bbyy and bbTtr. ~

bbzz(4) | !

ATLAS and CMS HL-LHC prospects 3ab' (14 TeV) ] " [
21 i SM HH significance: 40 — Combination combined 5 OI' -

* M Sk | 01 <m<2395% cy : - -

» systematic understanding of quark R 3 bt R ) - ol
. S . / e ATLAS CM
and gluon jets is important to - S
1 - bBVV(viv) HH — béww o) 2.1 1.
. HH — bbV'V (ilvw -0
estimate backgrounds. A
combined 35 2.
Combined

Ki 4.5




JET SUBSTRUCTURE

e Jet : Originally defined from highest PT object in the cluster (80's)

« KT algorithm (91) = general seedless jet algorithms (Cacciari Salam Soyez "fast
jet" (2006) )

* merging the pairs with the smallest distance dj one by one nd "update” jet constituents

= AT angle between the pair p=1, 0, -1 for
e e D 1.2p\ T ij
dzg =3 mln(kti 7ktj ) R2 ’ kT' CA, anti-kT

2p
diB = kti )

T—

« Jet substructure for heavy object search (2008
Butterworth et al ) going backward the cluster
sequence. Systematically finding cores expected
in heavy particle decays. subjets

* mass drop— soft drop particles

min(p:m 3 pT2) (
P> Zcut
PT1 + P12




SEEDLESS IRC SAFE VARIABLES

Cluster jet with large size R by anti-KT and see inside. core’

n-subjettiness (2010 Thaler Tilburg ) (minimize the distance @
to N axes. ) +grooming

Energy Flow Polynomial(Komiske et al 1712.07124)
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linear in E;, for the particle involved + IRC safe




BILDING CLASSIFIER

single event top 10,000 gcd 10,000

Signal Signal Background
|

I

work flow jet with pT=500~ 650GeV from 1902.09914

jet = [(High level variable z;)] = classifier ®(z;) cut based, BDT, DL

or jet constituent itself

( classifier : increase the prob. of signal and reduce the prob. of
background)




optimization L(y, 7))
(gradient flow)

jet image .
X1 boosted jet
+ further arch
y = (1,0)
X2 >y
Hl.gh level QCD
Inputs ) )
X3 { o v =g
o "
J» T EFP... P(W,x,+ b)
Rectified Linear Unit(ReLU)
High "Representative power" if PreLU(x) = xB()

#node #layers are large : activation function

source of non linearity 6




Top taggers

MACHINE LEARNING LANDSCAPE OF TOP TAGGERS (1902.09914)

ParticleNet WARNING thiS PIOt iS made

TreeNiN with
ResNeXt

PFN 1. detector simulation
CNN
NSub(8)
LBN
NSUb(6) 2. 550GeV<p;<650GeV
P-CNN
LoLa

EFN
nsub+m
EFP
TopoDNN
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3. no p; marginalization
(ML learn p; difference )
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JET AS IMAGE (CNN)

Convolved
Convolutions Feature Layers

Max-Pooling

W'—- W,/ event
>

Repeat

» Transfer image by NxN filter & some cutoff (pooling) —... to find
correlation.

* Performance: jet Image (Ecal hit) CNN, ResNet >BDT based on human
made variables

 Why a NN is better than the other? What kind of event is excluded
additionally? What is the key feature?




GRAPH NEURAL NETWORK (GNN})

+ ParticleNet, treat nearby two point particle correlations directly

NN using N

vertex ( particle information) \ \(‘\V

edge (two point correlation ) A

as input.

Calculate edge variables and update vertex

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

from 2007.13681 Shlomi, Battaglia Vilmant




TOP TAGGERS (SELECTED)

Solid, Image or particle
( general, may not be IRC safe)

ParticleNet
TreeNiN

ResNeXt (CNN)
PEFN
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WHAT IS THE ROLE OF OTHERS

soft,

Parton
showers

non-perturbative
IRC unsafe

IRC safe object: subjet, energy correlation( C-correlator) , theoretical prediction

IRC "sensitive" Objects: number of tracks, particles, soft emissions. Theoretically
difficult. MC modeling is bad (Pythia vs Herwig , Shepa... vs real data) Color

coherence etc.. Soft particle distribution also has parent information

s

Jet image contains both IRC safe and IRC unsafe obs.
and DL may use it without prejudges




ENERGY FLOW NETWORK (IRC SAFE )
(1810.05165 KOMISKE, METODIEYV, THALER )

Manifestly IRC safe set up

Particles

computationally cheaper because 1 point correlation
M

1=1

Deep set (permutation invariant)

Ciaet L Zj Ej or z; = pT,i/ Zj L

IRC unsafe
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MACHINE LEARNING LANDSCAPE OF TOP TAGGERS (1902.09914)
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NSub(8): 7's up to 8 {71 T ) e e
(correlate with IRC unsafe quantity)
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DO WE UNDERSTANDING JET PARAMETERS?

CMS PAS SMP-20-010
See also ATLAS JHEP 08 2019 033

IRC safe IRC unsafe
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LUND JET PLANE (2004. 03540 PRL 124 222002)

DREYER, SALAM, SOYEZ (1807.04758)

More reliable jet structure variable

subjets

particles

collinear

a) Schematic representation of the LJP.
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Figure 3: Representative horizontal and vertical slices through the LJP. Unfolded data are compared with particle-level
simulation from several MC generators. The uncertainty band includes all sources of systematic and statistical
uncertainty. The inset triangle illustrates which slice of the plane is depicted: (a) 0.67 < In(R/AR) < 1.00, (b)
1.80 < In(1/z) < 2.08, (¢) 3.33 < In(R/AR) < 3.67,and (d) 5.13 < In(1/z) < 5.41.

LundNet(2012.08526 Dreyer and Qu ) use Lunt jet plane
information and see large improvement from ParticleNet
with limited (or low) resilience to QCD and detector effect.

(by particle level simulation for the sample with p;>500GeV for top. no jet mass

cut and no p; marginalization )
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SOFT PARTICLE MORPHOLOGY

Sung Hak Lim and M.N. (2020, 2021)

counting soft particle & coherence. The increase number of constituents as pT
cut reduces. We are not interested in the individual hits but counts and spatial

distribution matters.

geometrical information = persistent analysis & Minkowski Functional

Persistent analysis for jet Minkowski Functional

points = union of circle with size R valuation
common in CMB analysis, material physics F(Bi U Bj) = F(Bi) + F(BJ') i F(Bi N Bj)

String theory invariance in translation and rotation g

1.5 atas e 1.5 [ , F(gBi)zF(Bi)
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IMAGE PROCESSING

Map from Nx N bits information to N integers

10
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up to 7/

*relative distance information are encoded (counting and geometry) *

*Active bins treated equally. Reduced statistical fluctuation (order 1 —>1/\/]Tf)
*MF has "Convolutional representation”: save CNN minimization cost

Other approaches "Jet Topology (Lingfeng Li et al 2006. 12446)"
Fractal based observables.. Davighi et al 1703.00914




Adding MF to standard networks

Higher performance(top)
pst = default,2,4,8 Faster training (> CNN)

AUC Ltrain /Nepoch
Nbatch = 20 Npaten = 200

— MF MF 0.9467 793 s / 564 epochs 954 s / 363 epochs
— RN RN 0.9038 288 s / 186 epochs 619 s / 214 epochs
M RNTME  0.9552 418 5 / 255 epochs 1057 5/ 283 epochs
—.- EFNAMF 'NN 0.9529 31020 s / 1483 epochs
— CNN CNN+MF 0.9547 12319 s / 530 epochs

CNN+MF EFN 0.8900 535 s / 120 epochs 723 s / 108 epochs

EFN+MF 0.9521 725 s / 149 epochs 813 s / 111 epochs

QCD jet rejection

Warning
detector simulation

500GeV < py; < 650GeV,
150GeV < m. < 200GeV

. . . - : 5
top jet tagging efficiency pr marginarized 1.5 X 10° samples
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TRAINING STABILITY

Correlation of the output of

same performance with smaller samples :
2 & the model with MF

RN(relation network) utilize aggegated 2-point energy
correlation.

EFN+MF

Top jets vs. QCD jets correlation of CNN

independent training

RN+MF
(2-point corr)

MF is efficient way to express

no cost on fining feature variables and soft particle distribution without using

. bin by bin information
the performance is same




CALIBRATION

Top like

pi > f RNg, o) nO)(4Ge
Classifier is sensitive to IRC unsafe quantity, eV e

T I T
1 pys

—+MC distribution have to be | Ciwr
tuned by the data B

ex Classifier trained by simulated
data find fake signal in real data

Event reweighing via MF

Multi-dim reweighting using
MaskedAutoagressiveFlow in
progress ( with Furuichi, Lim)

Reweighting to reprodice Pythia trained classifier regard
"correct” number of pixel some of Herwig QCD jet as “top”

GAN based approach abyBaldi et al
ArXiv 2012.11944

"How to GAN Higher jet resolution”




SUMMARY

LHC =»HL-LHC: access to high energy tail region. boosted object
IS more important.

DL allows us to utilize multi-correlation among jet variables. Event
reconstruction using QCD features (jet, rapidity gap etc)

Current success of LHC is based on deeper QCD understanding.

good interplay between QCD-EventSimulation-Experiment would
be important for jet physics

More and more interesting applications of DL => see Tilman's
talk.
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APPLICATION OF MF IN THE OTHER FIELD

Statistical Physics
Occupation V, Surface(S) -

nature of material
Mecke and Stoyan (2000

Porous micro emulsion  colloid

Mecke and Stoyan (2000)

» Astrophysics : star and galaxy distribution,
simulation studly,

* non-Gaussinaity of CMB, weak lensing..

Powerful to quantitatively describe point distribution
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FIG. 1: Top left panel: example of a simulated 12-square-degree convergence map in the fiducial cosmology, with intrinsic

° ° ellipticity noise from source galavies and Oc = 1 arcmin Gaussian smoothing. A source galavy density of nga = 15/arcmin®

Krat o Chvl I 1 1 09 6 3 34 P rOVI n g COS m O I O g y at redshift z; = 2 was assumed. Other three panels: the excursion sets above three different convergence thresholds k, i.e. all

. pizels with values above (below) the threshold are black (white). The threshold values are & = 0.0 (top right), & = 0.02 (bottom

left), and k = 0.07 (bottom right). The Minkowski Functionals Vo, Vi, and Vo measure the area, boundary length, and Euler
characteristic (or genus), respectively, of the black regions as a function of threshold.

with Weak Lensing Minkowski Functinals




MF: PYTHIA VS HERWIG DUET

_ Na(§)
qu Na(i)

fa(i)

Ny: number of herwig sample in a bin
Np : number of pythia sample in a bin

D=[{(PY)-f(HW)]/[{(PY)+{(HW)] D=[{(PY)-f(HW)]/[f(PY)+{(HW)]

50
A0

(b)

D=[E(PY)-£(HW)]/[((PY)+E(HW)]

A0 (pT >8 G(—Z‘V)

(c)

FIG. 8. The asymmetry D of the (A, A®)) distributions
simulated by PYTHIA8 and HERWIG7. Figures (a) and (c) show
the asymmetry of (A®, AM) distributions. Figures (b) and
(d) show the asymmetry of (A A®)) distributions. No pr
filter is applied to (a) and (b), while pr > 8 GeV filter is
applied for (c) and (d).




RELATION NETWORK

EFN relay on jet direction (one point correlation) — two point correlation

Sowab )= Z pripT,;0 (R — Rij).

1€a,j€b

generating function EFP; ., :/ dR S5 op(R) R,
0

binning

(k+1)AR

k
géjgb N / dR So qp(R),
kAR




