Recent developments in heavy flavour tagging
and new HH and HHH triggers for Run 3
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Heavy flavour jet tagging in CMS

LHC HIGGS XS WG 2013

Heavy flavour b/c-jet tagging crucial for Higgs SM and BSM physics at the LHC
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Higgs BR + Total Uncert
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e Sizeable lifetime of b/c hadrons (ps)
Displaced tracks (few mm) form a secondary vertex (SV)
e Harder fragmentation and larger mass compared to light-flavour quarks/gluons
Presence of charged leptons in 20% (10%) of b (c) hadrons decays
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Heavy flavour jet tagging in CMS
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Deeplet

Deeplet heavy flavour tagger has been widely used in Run 2 Legacy results

e Successor of DeepCSV and state-of-the-artin Run 2

e Uses ~650 input features:

Low-level: charged and neutral Particle Flow (PF) candidates

and SV

Global-level: jet kinematics, track and SV multiplicities in jet,

number of primary vertices in event

e Deepletarchitecture:

|Charged (16 features) x25 |—| 1x1 conv. 64/32/32/8 H RNN 150 '—

| Neutral (6 features) x25 |—| 1x1 conv. 32/16/4 |—| RNN 50 |—

|Secondary Vix (12 features) x4|-| 1x1 conv. 64/32/32/8|— RNN 50—

|Global variables (6 features) I

Informationis

Feature combined for

pre-processing

b
Dense Isbb
200 nodes x1, g
100 nodes x7 I
g
Full jet
information
combined

! each sequence

misid. probability

E. Bols et al 2020 JINST 15 P12012
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Deeplet as a b tagger

DeeplJet

P(b) + P(bb) + P(by,)

b discriminant:

Usage in CMS analyses:

e 3 working points (WPs):
:=91% b eff, 10% mis-id rate
1% mis-id rate
:=65% b eff, 0.1% mis-id rate
e  Per-jet scoresused as inputs to ML algorithms

Loose

Medium:

Tight

=80% b eff,

P(uds) + P(g) + P(b) + P(bb) + P(by,,)
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Fundamental role in HH — 4b search:

Most stringent observed constraints on HH cross section!

Phys. Rev. Lett. 129 (2022) 081802

E. Bols et al 2020 JINST 15 P12012
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Deeplet b calibration

Different calibration techniques used to derive scale factors (SF) to

ensure same performance of heavy-flavour tagging in simulation as in
data

e Db-tagging efficiency measured in multijet and top pair
production events
o System8, pT rel., Lifetime (LT)
o  Kin.Fit, Tag & Probe
e Thecombination of results is used to ensure robustness of the
fixed WPs SF measurement

e Light-jet misidentification rate measured in multijet events
o NegativeTag

Scale factors are also available for the full discriminant shape:

v/ Shape calibrations successfully applied in H—bb observation!
[CMS Collaboration Phys. Rev. Lett. 121, 121801 ]

CMS DP-2023-005
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Deeplet as a cjet tagger

CMS simuiation Preliminary 2017 (13 TeV)
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Deeplet as a c jet tagger CMS DP-2023-006
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Improving robustness of DeepJet with adversarial training CMS-DP-2022-049

Jet tagging algorithms trained in simulation only.
e Mismodellings can lead to non-negligible differences in performance in data

Adversarial attack: Adversarial inputs generated by the Fast Gradient Sign Method (FSGM):

_ X, - are the input features
XFGSM = Xraw t+e- sgn (erawj(xrawr y)) e :(small) distortion parameter
J :loss function
y :truthlabel

Adversarial training:

e Defense strategy to mitigate the impact of adversarial attacks

e Useof systematically distorted samples during training
e Apply FGSM attack in every step of the training
o the network s less likely to learn simulation-specific properties of the training sample

’ Charged (16 features) x 25;——{ 1x1 conv. 64/32/32/8H RNN 150}—
265 nodes x1, lepb

|Secnndar,yvu(12features)x4|—~| 1x1 conv. 64/32/328H RNN 50}— ";%%'r‘]‘;‘;zz;‘(g ¢

|Globalvariables(15‘ it )I

Introduce FGSM here
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Improving robustness of DeepJet with adversarial training

Adversarial training:

e Two tasks: optimizing classification & withstand distortions of inputs

e Reduces data-to-simulation differences prior to any calibration
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ParticleNet

First graph-based tagger at the LHC!

Jets represented as an unordered set of particles in space
(“particle clouds”)

Uses permutation-invariant graph-neural networks:
Dynamic Graph Convolutional Neural Network (arXiv:1801.07829)

Input nodes: (up to 100) PF jet constituents, SVs with set of
features

Neighboring nodes connected to learn relations

Training performed on jets uniform in p; /mass

Initially used for boosted jet tagging:
— Multi-class approach for t/W/Z/H tagging

More recently explored for small-cone jet tagging

edge features

Linear

BatchNorm

Linear

BatchNorm

Linear

RelLU

It

Aggregation

EdgeConv block
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ParticleNet architecture
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Search for H—cc in association with a leptonically decaying W/Z

boson where H is Lorentz-boosted

Run 2 physics highlights with ParticleNet

Use of ParticleNet to discriminate H—cc from H—bb and

V+jets
(13 TeV)
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First observation of Z—cc
at hadron collider (5.70)!
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https://cms-results.web.cern.ch/cms-results/public-results/publications/HIG-21-008/index.html

Run 2 physics highlights with ParticleNet

Search for non-resonant HH production via ggF
and VBF in the 4b final state, with
Lorentz-boosted H pairs

Use of ParticleNet to discriminate between
H—bb and QCD-induced jets

Significant improvements in tagging
performance and jet mass decorrelation

Increased statistics (Run 2) and novel tagging
techniques led to a factor of 30 improvement
on 95% C.L. upper limits of HH production
cross section wrt. previous search (2016 only)

bbb) [fb]

95% CL limit on o(pp — HH)B(bb

CMS B2G-22-003

138 fb™ (13 TeV)
:—I T T T I T T T T | T T T T I T T T T I T T T T I T T T T I T T T ) I T T T I—:
" CMS SuDlEmBEY Observed B Expected + 16 ]
L £ Theory prediction ===+ Expected * 26 ]

I Ky =K =%ky=1
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ParticleNet

Calibration of ParticleNet MD H—bb, H—cc tagger performed for fixed WPs and as a function of jet p;

Proxy jets: Using g — bb/cc jets obtained from QCD multijet events in data passing a BDT
selection (sfBDT):

sfBDT trained with simulated gluon-splitting g — bb/cc QCD multijet events
Separates jets with a clean composition of quarks, resembling more the H—bb(cc) jets, against
the ones with large contamination of extra gluons

Final state gluon contamination rate k_ defined as: . = 2 pT,g
. =
2. Prg+Pry

Quarks and gluons selected from parton-level truth particles associated with a jet
Signal jets: K, < 0.15, background jets: Ky > 0.85
Input variables to the sfBDT:

o  basic kinematics of the subjets
o  secondary vertices associated with the jet

CMS DP-2022-005

sfBDT
selection

b(c)
g b(c)
similar
characteristics
b(c)
b(?)
H -

14


https://cds.cern.ch/record/2805611

ParticleNet Calibration of the mass-decorrelated ParticleNet tagger CMS DP-2022-005

Workflow:

e Alljets from the QCD multijet MC categorised into b(bb), c(cc),
and light based on the truth-level matching

e  Proxy of H—bb or H—cc jets built from the b(bb) or c(cc) class
with a specific selection on the sfBDT

e Proxy jets fitted to data with tag-and-probe, under the specific
tagger WP

e 3free-floating rate parameters SFb, SFc, SFl assigned to the 3
classes

e  Fit performed individually on multiple pT bins

e  The post-fit parameter SFb (SFc) is then regarded as the SF for
the H—bb (cc) signal jets

simulation (QCD jets)

data
— ~Y Y D . w
b(bb) | c(cc) | light (i) impose the sfBDT
selection
(multiple choices with
diffe hreshold
s . el o B nloc
SFsb | SF) | SA
N _J\ V- 4 \_ J
proxy
jets

(iii) Tag-and-probe fit
under a specific tagger discriminant working point

15
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ParticleNet Calibration of the mass-decorrelated ParticleNet tagger CMS DP-2022-005

. . ) . . . . Pre/post-fit distributions for a single calibration point and
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ParticleNet CMS DP-2022-005

e Fitvariable:log(mSV1) (SV1:leading SV associated with the
jet with the highest impact parameter dxy significance)
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ParticleNet calibration of the mass-decorrelated ParticleNet tagger CMS DP-2022-005
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ParticleNet @ HLT CMS DP-2023-021

Lighter version of ParticleNet deployed online since the beginning of Run 3
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Particle Transformers

First attention-based tagger at the LHC!

Inputs:

o single particle inputs (kinematic variables, PID, trajectory displacements)
o  pairwise (physics motivated) features between particles

Learn which neighbour particles are relevant through attention mechanism 2 = min(pr.a, prs)/ (Pr.a + Pr.s)

Trained on substantially larger dataset (JetClass), more inclusive in jet types

arXiv.2202.03772

Interaction features for each pair
of particles a, b:

A= \/ ya QS - ¢b) ’
k:T - mln(pT,ava,b)Aa

= (Ea+ Ep)* — |Pa + psl*,

Class

Class

I blocks Class token ((i'
Particle Particle

Attention fp======== Attention
Block x[-1

Attention
Block

Attention
Block

Block

(o)
;5 Particle

Particles =» E 4)[ ttention
g Block
= yY
("en)
gl U

Interactions = §

&)

(a) Particle Transformer Computes the attention
between a global class

Computes self attention between particles and all the particles
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Particle Transformers performance CMS DP-2022-050

Probability of misidentifying non-b — b jets wrt. Probability of misidentifying non-c — c jets wrt.
efficiency of identifying b jets efficiency of identifying c jets '

s=13 TeV s=13 TeV
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o T Q : T
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Novel trigger strategy targeting HH and HHH productions in Run 3




Novel trigger strategy targeting HH—4b in Run 3

Run 2 trigger targeting 4b final states (8 Hz@ 2E10°* cm™ s™h): Non-resonant HH—4b (k,=1)
Scalar sum of jets p, (PF H,) > 340 GeV

s =13,13.6 TeV

> 4 jetswith p. > 75, 60,45, 40 GeV o 16
> 3 jets tagged with DeepCSV algorithm o L cms o 3 5023 g s> A
o 1.4 - Simulation Preliminary
Run 3 2022 HH trigger (60 Hz): L, oS e
L1 H,; > 360 GeV x| - )
> 4 jetswith p. > 70, 50,40, 35 GeV o L
2 leading-in-ParticleNet jets have average b-disc > 0.65 8 0.8 E i, ——
= : —
(180Hz): [ T 06 —
L1 |_|T > 280 GeV i Data Parking i ok
>4jetswithp, > 30GeV T T —
2 leading-in-ParticleNet jets have average b-disc > 0.55 0.2 ——  Eventoslection:x 4jetswith p, >30 GV and I <25
Lo b b by b s b b b b
200 300 400 500 600 700 800 900 1000
Reco
v/ achieves an 82% efficiency, 57% My (GeV)

(20%) increase with respect to Run 2 (Run 3 2022) trigger!

Nevents(pass trigger and event selection)

€= ;
Nevents(pass event selection)
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Novel trigger strategy targeting HH—4b in Run 3

Run 2 trigger targeting 4b final states (8 Hz@ 2E10°* cm™ s™h): Non-resonant HH—4b (k,=5)
Scalar sum of jets p, (PF H,) > 340 GeV
> 4 jets with pr>75,60,45,40 GeV

Vs =13, 13.6 TeV

1.6
> 3 jets tagged with DeepCSV algorithm ) [ cMs S ————
GC.) 1 4 :_ Simulation Preliminary
Run 32022 HH trigger (60 Hz): § - g HH — 4b with «, =5 :““:”::““:“5_9;:‘““*“*”“9/"
L1H, > 360 GeV LLi : e
> 4 jets with p. > 70, 50, 40, 35 GeV o 1 [
2 leading-in-ParticleNet jets have average b-disc > 0.65 % 08l
E T —_—
(180Hz): [ T 0.6 | — —
L1H. >280GeV - DataParking 04 b —
>4jetswithp, > 30GeV T ; —
2 leading-in-ParticleNet jets have average b-disc > 0.55 02p — FYSIT Sefe ctioie 4 1948 Wt Py 220 GEYad b <235
v b b b b b b by Ly
200 300 400 500 600 700 800 900 1000
Reco
v/ achieves an 64% efficiency, 78% My (GeV)

(30%) increase with respect to Run 2 (Run 3 2022) trigger!

_ Nevents(pass trigger and event selection)
o Nevents(pass event selection)
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Novel trigger strategy targeting HH—2b2r, ,inRun3

Run 3T, _.-triggersrequire: [CMS DP-2023-024]

2271, withp,>35GeV, [n|<2.1 and tagged with DeepTau algorithm (50 Hz)
2271, withp.>30GeV, [n[<2.1 and tagged with DeepTau algorithm + 1 jet with p, > 60 GeV (20 Hz)

> 17, with p > 180 GeV, |n|<2.1 (17 Hz)

Run3 ET"‘iSS-triggers require ETmiSS > 120 GeV [CMS DP-2023-016]

(180 Hz):
L1 H;>280 GeV
> 4 jets with p; > 30 GeV
2 leading-in-ParticleNet jets have average b-disc > 0.55

v complements E ™/t _ -triggers,
reaching a combined overall efficiency of 58%

Trigger Efficiency

—_
(o))

14 |

1.2

0.8

0.6

0.4

0.2

Non-resonant HH—2b2r, . (k,=1)

Vs =13.6 TeV
- CMS HH or rhad,Eri"-triggers: &(HH— 2b2t) = 58%
Simulation Preliminary
HH trigger: e(HH— 2b2t) = 43%
HH— 2b2-chad with «, =1 — T, triggers: e(HH-> 2b27) = 34%
[ ET"*".trigger: ¢(HH— 2b2r) = 3%
" —
— ——
Event selection: = 2 jets, p_> 20 GeV, Inl <2.5, loose b-tagging,
—— T
[~ —_— > 2 t with P> 20 GeV and Il < 2.5, loose t-identification
|- —— +
[ l T PR PR N
200 400 600 800 1000

mEE (GeV)
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Novel trigger strategy targeting HH—2b2r, ,inRun3

Run 3T, _.-triggersrequire: [CMS DP-2023-024]

2271, withp,>35GeV, [n|<2.1 and tagged with DeepTau algorithm (50 Hz)
2271, withp.>30GeV, [n[<2.1 and tagged with DeepTau algorithm + 1 jet with p, > 60 GeV (20 Hz)

> 17, with p > 180 GeV, |n|<2.1 (17 Hz)

Run3 ET"‘iSS-triggers require ETmiSS > 120 GeV [CMS DP-2023-016]

(180 Hz):
L1 H;>280 GeV
> 4 jets with p; > 30 GeV

2 leading-in-ParticleNet jets have average b-disc > 0.55

v increases the acceptance in the

intermediate m,, , region

Normalized

oy

0.5

0.3

0.2

0.1

0
0

Non-resonant HH—2b2r, . (k,=1)

Vs =13.6 TeV

i Simulation Preliminary HH or t,E;"m-triggers,: ¢(HH—> 2b27) = 58%

0.4

Cms

No trigger selection

HH trigger: ¢(HH— 2b2v) = 43%
tau, -triggers: e(HH— 2b27) =34%
EY"*"-triggers: ¢(HH— 2b2t) = 3%

HH— 2027, _, with K, = 1

| I== Lo

100 200 300 400 500 600 700 800 900 1000
mEse (GeV)
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Novel trigger strategy targeting HH—2b2r, ,inRun3

Run 3T, _.-triggersrequire: [CMS DP-2023-024]
2271, withp,>35GeV, [n|<2.1 and tagged with DeepTau algorithm (50 Hz)
2271, withp.>30GeV, [n[<2.1 and tagged with DeepTau algorithm + 1 jet with p, > 60 GeV (20 Hz)
> 17, withp,>180GeV, |n|<2.1(17 Hz)

Non-resonant HH—2b2r, ., (k,=5)

Vs = 13.6 TeV

Run 3 E_Mss-triggers require E. ™ > 120 GeV [CMS DP-2023-016] © F
T T G) N CMS — No trigger selection
g 07 - Simulation Preliminary ~———— HHor r,E;"i’s-triggers,: e(HH— 2b27) = 42%
g L HH— 2b2t,, withk, =5 HH trigger: e(HH—> 2b21) = 29%
. 06 = — tau,-triggers: e(HH— 2b27) = 21%
(180 HZ) B - _— E.',."iss-trig§:rs: ¢(HH—> 2b27) = 2%
L1 H;>280 GeV Z o05[
> 4 jets with p; > 30 GeV -
2 leading-in-ParticleNet jets have average b-disc > 0.55 04
03|
0.2 f— |
v increases the acceptance in the 0.1F ——
intermediate m,,, region oL _ﬂ_—%

0 100 200 300 400 500 600 700 800 900 1000
R
miee (GeV)
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Novel trigger strategy targeting triple Higgs production

Trigger Efficiency

Same trigger(s) can be used in the search for triple Higgs production in the 4b27,  and 6b final states, achieving

o . .
94% and overall efficiency, respectively!
1 6 E =13.6 TeV
L CcMS —_ "
1 4 n Simulation Preliminary HH or rhm‘,ET -triggers: ¢(HHH— 4b2t) = 94%
) B HHH_) 4b21: W|th K;‘ = 1 Run 3 HH trigger: ¢(HHH— 4b2t) = 92%
1 2 B Run3tau_, ET'“ triggers: ¢(HHH— 4b2t) = 48%
L it TP EEC PR SR =
[ —_——
08 —dfr
0.6 —_—
- —t—
R —_—
0.2 B Event selection: = 4 jets, p, > 30 GeV, Inl < 2.5, looseb-tagging,
’ B =2 twith p,> 20 GeV and Inl < 2.5, loose t-identification
L | 1 L 1 L | 1 | 1 1 | 1 | 1 1 | 1 1 1 L | 1 | 1 1 | 1 L 1 L | 1 1 1 1 I | 1 1

300 400 500 600 700 800 900 1000

M (GeV)

Trigger Efficiency

—
(¢]

1.2 1

0.8 |
0.6 |
0.4 Ff

Vs =13,13.6 TeV

E CMS
14

0.2f

Simulation Preliminary Run 3 HH trigger: ¢(HHH— 6b) = 92%
HHH— 6b with x, =1

Run 2: ¢(HHH— 6b) = 81%

Event selectlon = 6 jets W|th p > 30 GeV and Inl < 2 5

300 400 500 600 700 800 900 1000
R
mye (GeV)
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Summary

Modern neural networks with sophisticated architectures bring considerable performance improvements in
(heavy flavour) jet tagging in Run 3

CMS introduces a novel method to calibrate H—bb/cc taggers

Tagging algorithms can become more robust against simulation mismodellings with adversarial trainings

ParticleNet@HLT introduced in Run 3 shows improved b-tagging performance
New trigger targeting HH—4b signals now operates at 180 Hz
o Largeefficiency gain observed in HH—4b, HHH—6b, HH—2b27, _,HHH—4b27_ final states!

Thank you for your attention

29



Backup



Backup

(13 TeV)
5 1EIIIIIIII|IIIIIIIIIIIIIIIIIIIIIIIIIIIE
£ - CMS :
'O | Simulation Preliminary |
3a=) 10k H-bb vs. QCD multijet -
o] E soo<p:°“<1ooo GeV, " <2.4 =
= [ 90 <mg, <140 GeV .
9 - — DeepAK8 .
3) 10_2 | --- DeepAK8-MD -
8 s ParticleNet 3
m " - -ParticleNet-MD ]
[ % DeepAK8-DDT (5%) ]

P *+ DeepAK8-DDT (2%)
107°F E
i . .
— IlIIII'I"'I‘III/Il/IllIIII|IIII|IIIIIIIIIIIIII

107
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Signal efficiency

P(X — bb)

X — bb vs. QCD =

P(X — bb) + P(QCD)

CMS DP-2020-002

(13 TeV)
3 1 E T T T I T 1 T l T T T T ) T l T T T E
qcJ - CMS :
(3 [ Simulation Preliminary ]
5= 10k H->c€ vs. QCD multijet i
o) E 500< pi‘“ <1000 GeV, **" <2.4 ] E
g - 90<mg; <140 Gev /
o . ]
2 102
© - ]
m - — DeepAKS8 ]
i --- DeepAK8-MD g
1 0—3 | ParticleNet _
- - ParticleNet-MD ]
- % DeepAK8-DDT (5%) ]
i * DeepAK8-DDT (2%) |
— L L I L L L I L '] L
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0 0.6 0.8 1

Signal efficiency
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BaCkup A.M. Sirunyan et al 2018 JINST 13 P05011

Q b-tagging efficiency measurements in multijet events:

.

Q

0

.

p,rel - Method to measure the b-tagging efficiency in multijet events based on the transverse momenta of
muons within jets with respect to the jet axis [4].

System8 - Method to measure the b-tagging efficiency in multijet events with muons within jets by solving a
system of 8 equations [4].

Lifetime (LT) - Method to measure the b-tagging efficiency in multijet events with muons within jets based on
template fits to the distributions of the JP discriminator and secondary vertex mass [4].

mu-+jets - Combination of b-tagging efficiency measurements from multijet events with jets containing muons
(p, rel,, System8, LT).

[ b-tagging efficiency measurements in top pair events:

0
.

.

.

tt - Top quark antiquark pair production.

Kin. fit - Method to measure the b-tagging efficiency in tt events with two leptons, based on a template fit to an
MVA discriminator combining several kinematic observables [4].

Tag&Probe - Method to measure the b-tagging efficiency in tt events with one lepton, based on a tag and probe
method, where the medium WP is applied to one of the two b-jets expected from top pair production, while the
other b jet is used as a probe [4].

comb - Combination of b-tagging efficiency measurements from tt events (Kin. fit, Tag&Probe) and multijet
events with a muon (p, rel.,, System8, LT).

[ Light-jet mistagging efficiency measurement in multijet events:

.

NegativeTag - Method to measure the light jet mistagging efficiency in inclusive multijet events, using the tracks
with negative sign of the impact parameter [4].

G00-€¢0¢-dd SND

2


https://cds.cern.ch/record/2854609
https://iopscience.iop.org/article/10.1088/1748-0221/13/05/P05011

Backu P arXiv.2202.03772

!
class

O

LN

Computes self attention between particles:
The multi-head attention (P-MHA)
module incorporates particle
interaction features and modifies the
dot-product attention weights

GELU

Linear

LN
@
N

concat

X TL

X

Computes the attention between a global
class and all the particles though MHA

Xclass

(b) Particle Attention Block (c) Class Attention Block
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Backup Particle Transformers e input features

arXiv.2202.03772

Variable Definition
An difference in pseudorapidity between the particle and the jet axis
Ag difference in azimuthal angle between the particle and the jet axis
log pr logarithm of the particle’s pr
log E logarithm of the particle’s energy
log I)—T% logarithm of the particle’s pr relative to the jet pr
log EGet) logarithm of the particle’s energy relative to the jet energy
AR angular separation between the particle and the jet axis (y/(An)2 + (A¢)?)
q electric charge of the particle
isElectron if the particle is an electron
isMuon if the particle is a muon
isChargedHadron if the particle is a charged hadron
isNeutralHadron if the particle is a neutral hadron
isPhoton if the particle is a photon
tanh d hyperbolic tangent of the transverse impact parameter of the track (in units of mm)
tanh d, hyperbolic tangent of the longitudinal impact parameter of the track (in units of mm)
Od, error of the transverse impact parameter
Od, error of the longitudinal impact parameter
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Backup Particle Transformers e jet types

arXiv.2202.03772
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Backup b calibration e discriminant shape calibrations

The full b discriminant shape is calibrated for b- and light-jet with an iterative fit method in top quark pair production events with two
leptons (enriched in b jets) and Z+jet events (enriched in light-flavour jets)

e SFsarederived separately in binsof the b
tagging discriminator distribution, p and n

Systematic uncertainties:

e  Sample purity (the fraction of heavy-flavor
jetsisvaried by £20%)

e Jetenergyscale

e  Statistical uncertainty due to the limited
statistics in each bin of the b discriminant

e Treatmentof SF_

light jet misidentification rate

1 OUCMS Simulation Preliminary 2018 (59.81b")
T
QCD (80GeV < pr < 300 GeV), DeepJet (pr > 30Ge
— before:SF
--- after SF
after SF + (stat @ syst)

_.
<

1078

0.0

0.2

0.4

08 1.0
b-jet efficiency

2018 (59.81b™")

100

_.
<

TTToHadrénic, DeepJet

— before SF
--- after SF

CMS Simulation Preliminary

after SF + (stat @ syst)

(o 230GeV)

light jet misidentification rate

=
o
o

0.0

0.2

0.4

0.6

08 1.0
b-jet efficiency
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Backup Deeplet c discriminant shape

The CMS collaboration et al 2022 JINST 17 P03014

calibration
s,d w u,d .,
Calibration of ¢ tagger done for both fixed VWPs and full RN YAVAVAY ww
discriminant shapes _
g € u,d c,b...
c discriminant shape calibrations performed in 3 samples: 000000 ———— g 5
. Sig: OS event Bkg: 50% OS, 50% SS
W+c (c purity ~93%):
e p/™* Tisolated lepton coming from W— Iv (I=e, p) Before calibration
e Atleast 1 jetwithasoft, non-isolated muon inside it (c jet)
e Eventssplitinto opposite-sign (OS), same-sign (OS) «10° 41.5 6" (13 TeV) 10° 415" (13 TeV)
e  OS-SSsubtraction to reduce main background 100~ CMS ¢ Data [7Charm Lo. CMS ¢ Data [7]Charm
L wae [ Bottom [Judsg C Wac [ Bottom [ Judsg

[ Pre-calibration [ |MC stat. unc.

-

[ Pre-calibration [ |MC stat. unc.

@

o
[o2]
o

top pair (b purity ~81%):

e Semileptonic: 1 leptonically decaying W boson, a jet with a
soft muon from the b hadron decay + additional hadronic
jets

e Dileptonic: 2 leptonically decaying W bosons, two jets with
at least one containing a soft muon.

(2]
o
(41}
o
TTT TT

W S
o o
T

n
o
TTTTT

n »
(=] o
LA L L L L B D B R N

i
o
T

DY+jet (udsg purity ~86%):

DataMC  Jet yield, OS-SS subtracted
DataMC  Jet yield, OS-SS subtracted

145 = 145 =
e >1 jetinassociationwith a leptonically decaying Z boson 2 R A~ B— - e T e
0.8 O , - T
0.6 PRSI S S - I — il RS — n 82 }-I.- [ 1 [ '
-0.2 0 0.2 0.4 0.6 0.8 1 -0.2 0 0.2 0.4 0.6 0.8 1
DeepJet CvsL Deepdet CvsB
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Backup DeepJet c discriminant shape

calibration

The CMS collaboration et al 2022 JINST 17 P03014

. . . . x10° 41516 (13 TeV)
An iterative fit is performed on these samples to derive Bioo-CcMS + Data B Charm
data-to-simulation SFsin the 2D plane of CvsL and CvsB per jet flavour § | we EBottom [Cudsg
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Backup

Trigger

2023 HH trigger
2022 HH trigger

2018 triple b-tag
(2,3]

Run 3 tau-triggers

(4]

Run 3 MET-trigger
(3]

Requirement

HT > 280 GeV, 4 jets with pT > 30 GeV,
PNet@AK4(mean 2 highest b-tag score) > 0.55

4 jets pT > 70, 50, 40, 35 GeV,
PNet@AK4(mean 2 highest b-tag score) > 0.65

HT > 340 GeV, 4 jets pT > 75, 60, 45, 40 GeV,
3 b-tags with DeepCSV > 0.24

Double medium DeepTau taus with pT > 35 GeV |n| < 2.1
Double medium DeepTau taus with pT > 30 GeV |n| < 2.1, PFJet 60 GeV
Single loose DeepTau on hadronic tau with pT > 180 GeV |n| < 2.1

Missing transverse energy (MET) (no muon) > 120 GeV,
HT (no muon) > 120 GeV

Rates at HLT at 2x10234 cm-2s-1

180 Hz

60 Hz

8 Hz

50 Hz
20 Hz
17 Hz

42 Hz

[2] CMS-DP-2019/042 [3] CMS-DP-2019/026 [4] CMS-DP-2023/024 [5] CMS-DP-2023-016



https://twiki.cern.ch/twiki/bin/view/CMSPublic/BJetTriggerRun2
https://twiki.cern.ch/twiki/bin/view/CMSPublic/HLTtopAllRun2
https://twiki.cern.ch/twiki/bin/view/CMSPublic/Run3TauHLT
https://cds.cern.ch/record/2856238/files/DP2023_016.pdf

Backup Run 3 triggers e trigger acceptance on HH—4b signal
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