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(Higgs) boson tagging with jet substructure: where we are
Augmenting performance: machine-learning for jet physics

Conclusions and Open Questions



LOOKING INSIDE JETS

the two major goals of the LHC

search for new particles

characterise the particles we know

jets can be formed by QCD particles
but also by the decay of massive particles
(if they are sufficiently boosted)

how can we distinguish signal jets from
background ones!?
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the final energy deposition pattern is
influenced by the originating splitting

hard vs soft translate into 2-prong vs
| -prong structure

picture is mudded by many effects
(hadronisation, Underlying Event, pileup)

two-step procedure:

grooming: clean the jets up by removing
soft radiation

tagging: identify the features of hard
decays and cut on them

different energy
deposition pattern

quark
(or gluonw
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ATHEORIST'S |OR

pr > m

devise clever ways to project the multi-dimensional
parameter space of final-state momenta into
suitable lower dimensional (typically 1-D)

distributions ‘_"_’{?@%
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http://inspirehep.net/record/1717499
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discussions at BOOST 2013 [ | | |
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understanding of groomers and taggers led to the definition of theory-friendly efficient
tools, e.g. soft drop:

good perturbative properties (convergence, absence of soft effects such as non-
global logs)

small (but non-trivial) non-perturbative corrections S SO S el



EREIPT PHIECIRY 10 IATA

time is mature for theory / data comparison

reduced sensitivity to non-pert physics (hadronisation and UE) should make the comparison
more meaningful

what is the value of unfolded measurements / theory comparisons for “discovery” tools?
understanding systematics (e.g. kinks and bumps)
where non-pert. corrections are small, test perturbative showers in MCs

at low mass, hadronisation is large but UE is small: TUNE!
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large range of masses
where non-pert.
corrections are small and
we can trust resummation

they can be included
through MC or analytical
modelling
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PERPORMANC & RESHIEINCE
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AR WORK DIOES PAY CPE
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AR WORK DIOES PAY CPE
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EHEREREINC S U CRCICPIING,
SOFI-DROP VS TRIMMING

CMS favours soft drop, ATLAS trimming

Performance depends on the detail of the jet
reconstruction procedure / detector

However, performance is not the only criterion
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VWHATS LERE O 10!

H—bb is the holy grail of jet substructure, where it all
started ... embarrassingly it's not been observed yet!

Need more efficient tools?

enter machine learning!
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DEEP LEARNING

a wave of machine learning algorithms has hit jet physics in the past 3/4 years

ML algorithms are powerful tools for classification, can we then apply them to our task?

CAT o
S0
LABELED e . pdidd
( PHOTOS ) ;:) 4+ L od
/. /
DOG §/< G|(1)'T

credits: becominghuman.ai

if an algorithm can distinguish
pictures of cats and dogs, can
it also distinguish QCD jets
from boosted-objects!?

number of papers trying to
answer this question has
recently exploded!

very active and fast-developing
field
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[Translated] Azimuthal Angle (¢)

L AS GRS

jet images do what they say: project the jet into a nxn pixel image, where intensity is given by
energy deposition

use convolutional neural network (CNN) to classify

right pre-processing is crucial for many reasons: we average over many events and Lorentz
symmetry would wash away any pattern

Cogan, Kagan, Strauss, Schwartzman (2015)
de Olivera, Kagan, Mackey, Nachman, Schwartzman (2016)

250 < pT/GeV <260 GeV, 65 <mass/GeV <95
Pythia 8, W'—> WZ, ys =13 TeV
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BEYOND IMAGES: 4-MOMENTA

analyses typically have access to more information

than energy deposit in the calorimeter: e.g.
particle id, tracks, clustering history in a jet, etc.
build network that take 4-momenta as inputs:
clever N-body phase-space parametrisation to
maximise information T o
recurrent / recursive neural networks to
model jet clustering history (using techniques
borrowed from language recognition)  Louppe Cho, Cranmer (2017)
Weight Sharing Unit Types Recursive
D Unique <> O O
@R - L
Feed-Forward Recurrent

<>
@
L]
%

Guest, Cranmer, Whiteson (2018

Ky
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anti-k,
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0.7
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SRR E EARMING MEE PR
THINKING: LUND JET PLANE

inputs of ML algorithms can be low-level (calorimeter cells/particle 4-momenta) but also
higher-level variables

physics intuition can lead us to construct better representations of a jet: the Lund jet plane

de-cluster the jet following the hard branch and record (kt, A) at each step

feed this representation to a log-likelihood or a ML algorithm

In(k¢/GeV)

Primary Lund-plane regions

In(R/A)

In(k:/GeV)

. QCD jets, averaged primary Lund plane

Vs =14TeV, p:>2 TeV
Pythia8.230(Monash13)

on-perturbative

0.0 0.5 1.0 1.5 2.0 25 3.0 3.5 40 45 5.0

In(R/D)
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p(A, k)

In(k:/GeV)

Dryer, Salam, Soyez (2018)

W jets, averaged primary Lund plane

Vs =14TeV, p:>2 TeV
Pythia8.230(Monash13)
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[ __
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PIAEEIRNG COUF THE LUINE) PLAINE

ATLAS presented at BOOST 2019 the first experimental measurement of the Lund plane
(note the different coordinates)

ATLAS-CONEF-2019-035

ATLAS Preliminary Vs=13TeV, 139 fb’
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https://atlas.web.cern.ch/Atlas/GROUPS/PHYSICS/CONFNOTES/ATLAS-CONF-2019-035/

PIAEEIRNG COUF THE LUINE) PLAINE

ATLAS presented at BOOST 2019 the first experimental measurement of the Lund plane
(note the different coordinates)

: s ATLAS-CONF-2019-035
and for the benefit of us theorists they even provided |-D projections
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TOWARDS UNDERS TANDING

ML techniques do bring significant improvement but also many questions
Theory community (within and outside jet physics) reacted in different ways
Recently first attempts to “open the black box” have appeared

Calculable (IRC safe) input allows for (some) first-principle understanding
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CONCLUSIONS & OUTLOOK

What is needed to boost sensitivity to Hbb!?
Are traditional tools/approach sufficient or do we need to resort to ML!

In the context of ML, are we suspicious of black-boxes? Should we?

can we move from machine-learning to learning-from-machines? Interpretable
neural networks? Prescriptive analytics!?

can we devise ML learning algorithms that preserve calculability? (jet topics,
grooming through reinforcement learning ...)

What's the best use of first-principle knowledge in jet physics!?
extraction of SM parameters! PDFs with g/g tagging?

jet substructure probes of quark-gluon plasma in heavy ion collisions

(there are links to things | hadn’t time to discuss)
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http://inspirehep.net/record/1651766
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https://indico.cern.ch/event/771644/overview
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jet substructure probes of quark-gluon plasma in heavy ion collisions
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determination of other fundamental parameters may benefit from grooming, e.g. the top
quark mass

in the context of e*e- collisions SCET factorisation theorems allow for a precision-
determination of the top-jet mass

the picture at pp collisions is polluted by wide-angle soft radiation

grooming “turns’ pp observables into e*e- ones
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MEASURING THE STRONG
CRIPLING
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noticeable reduction of non-pert. corrections may allow to disentangle the degeneracy

can we compute it at the same accuracy as standard event shapes?

NNLO calculations recently performed «ardos somogyiTrocsanyi 2018)
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subleading effects are under investigation
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