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Events / 10 GeV (Weighted, backgr. sub.)

Flavour tagging
In physics analyses
e Higgs physics: H—cc, H—bb, ttH, H—=Tt, HH

* top quark BR{t—bW) ~100%
e BSM: new particles coupling strongly witht/b /T
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Heavy flavour jets

 quarks hadronise and fragment

* b- and c-quarks vs gluon and uds-jets/hadrons

e |larger mass and larger fraction of initial qguark momentum carried by
the corresponding hadron

* |onger lifetime — displaced decays for b/c hadron

e 20 (10) % of decays to leptons for b (c) hadrons

displaced
charged

lepton

jet

eavy-flavour
jet



Tau leptons

. ay m n resonan B %
* 1is the only lepton heavy enoughto = =% Mo eenane LS
i — o T — U Vyz 17.4

decay into hadrons (BR = 65%) e =

T —h 1, 0(770) 26.0

. . T~ —-h 77, a1(1260) 10.8

* m:=1.78 GeV, lifetime 2.91-10-13 s, T > hThThov a1 (1260) 9.8

T~ —>h " h"h 7lv, 4.8

CT = 90 ”m Other modes with hadrons 1.8

All modes containing hadrons 64.8

e TVS jets

e |ower multiplicity: mostly 1 or 3
charged plus 0 to 20

suolpey Jo 1ol

e |ifetime longer than for light hadrons
(but shorted than b- an c-hadrons)

e T non-coloured — isolated

e electrons and muon can ‘fake’ Th too
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The challenge

proton - (anti)proton cross sections
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The approach

THIS 1S YOUR MACHINE LEARNING SYSTET?

YUP! YOU POUR THE DATA INTO THIS BIG
PILE OF LINEAR ALGEBRA, THEN COLLECT
THE ANSLJERS ON THE OTHER SIDE.

WHAT IF THE ANSLERS ARE LJRONG? )

JUST STIR THE PILE UNTIL e Machine Learning
THEY START LOOKING RIGHT.

e ... and domain knowledge
& ingenuity




Outline

e Jet flavour tagging in ATLAS, CMS and LHCb

e algorithms, calibrations and performance
* Th reconstruction in ATLAS and CMS

e |HCD look for exclusive T decays



Jet flavour tagging



ATLAS algorithms

inner detector tracks

pr dependent jet-trk

\A
EM topological clusters|—" association

Variable Radius jets

Low level algorithms

2D and 3D impact parameter significance

secondary and tertiary vertices
JetFitter
sof-lepton

combining info from low level algos
- MV2 (BDT)
— |+ DL1 (DNN)

identify b-jet vs rest (light/charm)
separate tagger for charm

High level taggers




Arbitrary units
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Low-level algorithms

IP taggers

* |PTag: 2D and 3D track impact parameter significance likelihood

do/o(do) and zo - sinB/0(zo - siNB)

* RDNN: Recurrent Deep Neural Network

* using same tracks/inputs:
pt>1 GeV, |[do|< 1mm, |zo sinB|< 1.5mm, 14 track quality categories
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g \F = 13_TeV, ﬁ — bjets

— - Cjets

- ATLAS Simulation Preliminary -
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light-jet rejection

ATL-PHYS-PUB-2017-003
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http://cdsweb.cern.ch/record/2255226
http://cdsweb.cern.ch/record/2255226
http://cdsweb.cern.ch/record/2160731
http://cdsweb.cern.ch/record/2160731

Fraction of jets / 200 MeV

Low-level algorithms it

EXPERIME
e single-secondary-vertex-finding (SSVF) algorithm to identify jets with
SV consistent with a b-hadron decay
e form 2-track vertices using all tracks in a jet and iteratively merge until
one secondary vertex (SV) remains
e »2, SV mass, SV energy fraction, decay length information used later
in high-level taggers (after removing Ks, Ao, Y conversions)
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http://cdsweb.cern.ch/record/2270366

)

Low-level algorithms  ariss
J et Fitte r ATL-PHYS-PUB-2018-025

e fit cascade vertices separately

e secondary/tertiary vertex y2, mass, vertex energy fraction,
decay length used later in high level algorithms

MC truth Jet Fitter reco
secondary vertex

(St

ATLAS Simulation Preliminary

/s =13 TeV, tt Vs =13 TeV, &t
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http://cdsweb.cern.ch/record/2645405

High-level taggers X
MV2 and DL1

machine learning based discriminators: MV2 (BDT), DL1 (NN)

e feed on low-level tagger inputs shown in previous slides
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http://atlas.web.cern.ch/Atlas/GROUPS/PHYSICS/PLOTS/FTAG-2019-002/
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Calibration in data "

£

L

e fits to control regions enriched in b- (tt—eu + bb), c-
(tt—7 cq + bb) and light-jets (Z+jets)

e improved uncertainties for light-jet SF

FTAG-2019-002
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CMS DETECTOR

STEEL RETURN YOKE
Total weight : 14,000 tonnes 12,500 tonnes SILICON TRACKERS
Pixel (100x150 ym) ~16m* ~66M channels
Microstrips (80x180 pm) ~200m* ~9.6M channels

SUPERCONDUCTING SOLENOID
Niobium titanium coil carrying ~18,000A

Overall diameter :15.0m
Overalllength ~ :28.7m
Magnetic field  :3.8T

L

MUON CHAMBERS
Barrel: 250 Drift Tube, 480 Resistive Plate Chambers

PRESHOWER

CRYSTAL
ELECTROMAGNETIC
CALORIMETER (ECAL)
~76,000 scintillating PbWO, crystals

HADRON CALORIMETER (HCAL)
Brass + Plastic scintillator ~7,000 channels

CMS

pt= 85 GeV
Simulation ‘
Calo jet /
pr =59 GeV PF jet
pr=81GeV

PF Jets

Endcaps: 468 Cathode Strip, 432 Resistive Plate Chambers

Silicon strips ~16m* ~137,000 channels

FORWARD CALORIMETER
Steel + Quartz fibres ~2,000 Channels

F o E o —
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Compact Muon Solenoid

Reconstruction &
Particle Flow
combine complementary

detector info to create
stable particles: e, o, v,
charged/neutral hadrons

high-level multi class taggers
DeepCSV and DeepJet
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http://dx.doi.org/10.1088/1748-0221/12/10/P10003

DeepCSV & DeepJet

design

e two flagship algorithms DeepJet and DeepCSV
(Combined Secondary Vertex)

 Deepdet most performant, DeepCSV less affected by possible miss-
modelings (see next slide)

e both based directly on low level inputs (different from ATLAS’ approach)

DeepCSV Charged (9 features) x6 preprocessing

More tracks -
More nodes Secondary Vtx (6 features) preprocessing

More hidden layers (deeper)

Deep
100 nodes x4

Global variables (7 features) preprocessing

DeepJet

Charged (16 features) x25{1x1 conv. 64/32/32/8 RNN 150

More tracks + features/track

Neutral particles Neutral (8 features) x25 1x1 conv. 32/16/4— RNN 50 Dense
More secondary vertices + 200 nodes x1,

features/secondary vertex  [Secondary Vix (12 features) x4 1x1 conv. 64/32/32/8 — RNN 50— 100 nodes x5
More hidden layers (deeper)

Global variables (15 features)

16



misid. probability

DeepCSV & Deepdet

performance

* large performance gain compared to Run1 algos

e data/MC discrepancies result in small performance loss

—
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https://cds.cern.ch/record/2646773?ln=en

SF value

0.0

Calibration in data

e traditional approach simultaneous fits (polynomials, splines) to
control regions enriched in b-, c- and light-jets (tt, W+c, QCD...)

e novel approach adversarial neural network

* smoother SF and better uncertainty

heayy jet flavoulr

2.5 ; :

pr€[70,100) GeV —— DeepSF, mean

e e DeepSF, mean fluctuations

— trad. SF

2.0 trad. SF, envelope of stat. unc.
1.5 B
1.0 1 i
0.5 1
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DeepCSV discriminant
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light jet flavour

pr € [40, 60) GeV

|n| €[0.8, 1.6) —— DeepSF, mean

DeepSF, mean fluctuations
—— trad. SF

trad. SF, envelope of stat. unc.
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http://cds.cern.ch/record/2666647/

%I‘a
LHCb SV tagger

HCAL

tracks pt>0.5
not belonging to IP ,2>16

no PID, mn assigned to all tracks
no AR<0.5 requirement

e aimed at low pr jets, tracks
outside the done

ECAL
SPD/PS

RICH2 M1 M2 _

T3

)

V4 /}‘/leCHl

* linking: merge SV that share tracks
and are in AR<0.5 form the jet axis

* Mcorr = (M2 + p2sin20)1/2 + p-sin20
minimum mass compatible with the
direction of flight of the SV

* build all 2-track SV

* require 0.4 GeV < Msyv < M(B9) >

o at this stage, the same track can
belong to more than one SV

19



SV tagger

RSt

JINST 10 P06013

e properties of the identified SV are passed to two BDTs

 BDT(bc|udsg) to separate heavy from light jets and BDT(b|c) to
separate b- from c-jets

§ L udsg-jets. . Ll
E i .+ + 2« s m EEEERHN
0.5F i eammmmma -
= | --ll::ll-
| : - aEEEEE -
O__ ....ﬂ...l -]
i (Rl | [ TR
| s EEEENEE =
EEEEENETS=EG=
0.5F I .
- LHCb simulation :
PR SR W T AN W TN SN TN AN SN SO SO W NN S W T
_11 -0.5 0 0.5 1
BDT(bcludsg)

BDT(blc)

o
in

-0.5

[Em—

-1

I

c-jets
- LHCb simulation :
BDT(bcludsg)
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https://doi.org/10.1088/1748-0221/10/06/P06013
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JINST 10 P06013

SV tagger performance

LLHCDb simulation
——

5\. 1_ T 1]
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https://doi.org/10.1088/1748-0221/10/06/P06013
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Calibration in data -

e using B, D and p + jets data
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https://doi.org/10.1088/1748-0221/10/06/P06013

Tau reconstruction
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EXPERIMENT

Tau reconstruction
and identification

Eur. Phys. J. C75 (2015) 303

* seeded from AK4 jets from calorimetric TopoClusters

e tracks are assigned to core and isolation regions if
AR(track, jet-axis)<0.2 and 0.2<AR<0.4 respectively

* track-vertex compatibility requirement

* mlreconstruction
* first looks for i candidates in the core region using BDT

e foreach candidate, a n9-likeness score is assigned.
Onlythe higher scoring m° are considered
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https://atlas.web.cern.ch/Atlas/GROUPS/PHYSICS/PUBNOTES/ATL-PHYS-PUB-2015-045/
https://link.springer.com/content/pdf/10.1140/epjc/s10052-015-3500-z.pdf

Tau identification 7

)

L

e BDT discriminator against jet fakes, trained for 1/3 tracks.
BDT- and cut-based discriminators against e and p respectively

o efficiency, fake-rates and tau energy scale measured in data

using mainly Z—=tt and Z—= /¢ candles

ATL-PHYS-PUB-2015-045
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https://atlas.web.cern.ch/Atlas/GROUPS/PHYSICS/CONFNOTES/ATLAS-CONF-2017-029/
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T energy calibration

Eur. Phys. J C 76 (2016) 295

* baseline calo-based: removes PU contribution, good at high pr,

degrades at lower pr

* Boosted Regression Tree: improves at low pr including
information from Particle Flow Taus leveraging on track info
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https://cds.cern.ch/record/2116436/files/Eur.%20Phys.%20J.%20C%2076%20(2016)%20295.pdf

Tau reconstruction:

Hadron Plus Strip

hadron hadron+strip 3 hadrons JINST 13 (2018) P10005
P ‘7{(’/"/7 7 - -
 Particle Flow inputs
jets and their charged and

neutral constituents
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Conclusions

* b-, c- and Tt tagging crucial for large part of physics
searches and measurements at LHC

* widespread usage of modern machine learning tools

 main driver of performance improvement wrt Run 1,
together with detector upgrades

e calibrations and data/MC modelling critical —
discrepancies tend to hit performance

* ATLAS and CMS obtain remarkably similar performances
while often adopting different approaches, LHCb
explores complementary phase space
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