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Motivation — why do we need b-tagging?

V($) = pPh(0? + Avh(x)® + %zhm‘* ----- .
V(g)

Focus for today! _
Main HH channels nggS 1 decay

TT 7

<
Higgs 2 decay

... or directly search for .S
resonances that could ----¢
modify this potential N H

2 TUTI



Events/5 GeV

History of b-tagging

Quote in L. Gouskas’s HH ws talk
News articles c.f. L. Heinrich

ATLAS [T]he H — bb decay mode is dominant ... [but] the extraction of a signal from H — bb

TDR
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decays in the WH channel will be very difficult at the LHC, even under the most
optimistic assumptions for the b-tagging performance and calibration of the shape and

magnitude of the various background sources from the data itself.
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Scientists in Geneva on Wednesday applauded the discovery of a subatomic particle
that looks like the Higgs boson. Pool photo by Denis Balibouse
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Today H(bb) key for
HH and Higgs-like
resonance searches!
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A voice recognition program translated a speech given by Richard F. Rashid,
Microsoft’s top scientist, into Mandarin Chinese. Hao Zhang/The New York Times
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https://indico.cern.ch/event/1001391/contributions/4826839/attachments/2453993/4205976/lg-jets-higgspairs2022-v1.pdf
https://www.nytimes.com/2012/07/05/science/cern-physicists-may-have-discovered-higgs-boson-particle.html
https://www.nytimes.com/2012/11/24/science/scientists-see-advances-in-deep-learning-a-part-of-artificial-intelligence.html
https://atlas.web.cern.ch/Atlas/GROUPS/PHYSICS/PAPERS/HIGG-2012-28/
https://cds.cern.ch/record/391177/
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1005.5254

What does a “b”-jet look like?

b-jet properties:

. “Long” lifetime 7 = 1.2 ps

« Massive B-hadron (= 5 GeV)

« = 5 displaced tracks T~

« Harder fragmentation

baseline

S ATLAS

A EXPERIMENT

Run Number: 142195, Event Number: 284154
Date: 2009-12-12 12:24:43 PST

—

Decay length = 3.7 mm

Decay length significance = 22
Lifetime = 3.1 ps

Vertex mass = 2.5 GeV
Number of tracks = 5



https://arxiv.org/pdf/1005.5254.pdf
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Key tdea: Hand engineered algorithms aggregated via a high-
Level classifier
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https://arxiv.org/abs/1712.07158

How do we aggregate this information?
What we have:

e Collection of tracks
oX;:i:: {1y.”11}
O=—x variable # of tracks
e Each track has features

baseline

M €4— E g, impact parameters
o Xi S R momenta, quality

e Jet has labels
e Y:{b, ¢, light} —or—

e Y:{bb, cc, top, }
High dimensional problem
What we want: p(Y | X4, ..., X,) n-m ~ 0(10°)
7 164 Tm
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Key development: Recurrent Neural Network 5m jets ) ATLAS

N

" Model the jet as a sequence
Unrolled RNN

™ Account for correlations between tracks QQQ’Q‘Q ’

@ Allow for variable # of tracks in the jet

™ Avoids curse of dimensionality -
add more features
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Flavour-tagging efficiency corrections for the 2019 ATLAS
PFlow jet b-taggers with the full LHC Run Il dataset
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How did these b-tagging improvements
o improve our HH analyses?

ATLAS

EXPERIMENT
Run: 362619
Event: 524614423
2018-10-03 08:06:34 CEST
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* Note: Some places omitting sub-dominant channels to emphasize ones driving the sensitivity, full results in backup
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B CMS .4b bbyy = bbrr =Combination

21.0

36.9
26.0
18.8
Early Run 2
10.0 - Expect to improve by a

factor of 2x from Zscaling More dafa helps (as
Ful Run2f— expected!t)

(luml SCa“ng) R— — . S 71 12.7

bb

Fu II Ru n 2 1 3.9 5..5 had 7.3%
— 5
Run 2+3 F2 prTTTTTeTmooosssssesesooooooeses S
(lumi scaling) —— . dashed means by hand scaling !
0 5 10 30 35

) Gh limit [x SM] -

* Note: Some places omitting sub-dominant channels to emphasize ones driving the sensitivity, full results in backup



V. Cairo slide design

EEEEEEEEEE

CMS .

4b ~ bbyy = bbrtr =C0mbination

Early Run 2 .
— 2.0 Expect to improve by a
- factor of 2x from Z’scaling More dafa helps (as
Full Run 2 e expected!!)
(lumi scaling) i = 12
_ What about methods i
> improvewment?
Full Run 2-
s \/(A k a, b-tagging) - [
Most of these apalyses improved by a factor of 3!! v | 026%
Run 2+3 - : (CMS 4b, bbtt improved by 5x ) e . :
(lumi scaling) = . dashed means by hand scaling !
R R

) OnH limit [x SM] nm

* Note: Some places omitting sub-dominant channels to emphasize ones driving the sensitivity, full results in backup



V. Cairo slide design

B CMS .4b bbyy = bbrr =C0mbination

21.0

Early Run 2 .
Full Run 2 s e
(|um| Sca"ng) i _'_'_'_‘_6'_.5' ________ 12,7
5% * New hot-off-the-press
Full Run 21 o 7 HH(4b) boosted analysis
Run 2+3 === emeneneneeeennn s S
(lumi scaling) = . dashed means by hand scaling !
0 3 n s e

) Ot limit [x SM] .-

* Note: Some places omitting sub-dominant channels to emphasize ones driving the sensitivity, full results in backup



CMS HHighlighting CMS boosted
Z Boosted analyses H(bb)-tagger, ParticleNet

CMS Experiment at the LHC, CERN
Data recorded: 2016-Aug-13 16:51:13.749568 GMT
Run / Event / LS: 278803 / 465417690 / 259 Tl_m
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https://cds.cern.ch/record/2707946/files/DP2020_002.pdf
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GN1: vertex finding + track classification @. L
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b-jet trigger public plots
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*Different denominators of these two plots... not apples-to-apples
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Trans-
formers
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Conclusion

ML is transforming the way we do physics
and the H(bb) results that are now key driver
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Why so small?
27 N2 3, 1 4
V() = uh(x)” + Avh(x)’ + Z}th(x)

box triangle
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What does it look like?

.H A
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ATLAS golden channels

I I . | | From ATLAS

% . @ Inclusive ® bbyy HDBS-2018-34,
20~ © categories ~ bbrr HDBS-2018-40, and

= - oo 1  4bHDBS-2019-29 analyses.

. @) -
0] 0k | 9 o ]

- I . ]

- - Orders of

10000 - — magnitude higher
g’ - S background for 4b.
00 RPN , o
bbyy bbtr 4b
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https://atlas.web.cern.ch/Atlas/GROUPS/PHYSICS/PAPERS/HDBS-2018-34/
https://atlas.web.cern.ch/Atlas/GROUPS/PHYSICS/PAPERS/HDBS-2018-40/
https://atlas.web.cern.ch/Atlas/GROUPS/PHYSICS/PAPERS/HDBS-2019-29/

The baseline algorithms

Small R:

e ATLAS: MV2
e CMS: DeepCSV (?)



Impact parameter
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$ Each track also equipped with a
measure of it’s uncertainty: ddo, 020
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b-jet

@ b-jet

Y “Long” lifetime: 7 = 1.2 ps Displaced
. Tracks
v Many ( = 5) displaced tracks Secondary
Vertex

light jet :

B c-jet
v Tracks originating

from the PV vV 1=.6ps

v Few tracks v Some displaced tracks
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b-jet

@ b-jet

v “Long” lifetime: 7 = 1.2 ps Displaced
| Tracks
v Many ( =~ 5) displaced tracks Secondary
Vertex
ot Variable # of tracks
light jet :
_ c-jet
v Tracks originatifg \
from the PV T =.6PpsS

v Some displaced tracks

v Few tracks \
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Fraction of tracks / 0.5

b-tagging

Key variable: impact parameter
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1712.07158

Combined Secondary Vertex (CSVv2)

Input variable Run1CS5V CSVv2
ISV 2D flight distance significance X
Number of SV —

Track 77y

Ve rtex based Corrected SV mass

Number of tracks from SV
b
AR(SV, jet) —
3D IP significance of the first four tracks X
Track prrel —
AR(track, jet) —
Track pr e ratio —
Track distance —
Track decay length —
Summed tracks Et ratio —
AR(summed tracks, jet) —
First track 2D IP significance above c threshold —
Number of selected tracks —
Jet pr —
Jety —

XX X X
b

el

Track based

XXX X X X X X X X X X XX X X X X
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https://arxiv.org/abs/1712.07158

SV1

ATL-PHYS-PUB-2017-011
P. Gadow’s slide
L

EXPERIMENT

Secondary vertices are characteristic for b-jets.
SV1 is based on single-secondary-vertex-finding algorithms searching for combinations of tracks
originating from a common secondary vertex.

Normalised distribution

T
102 [ ATLAS Simulation == light-flavour jets
E V5 =13 TeV, tt events —  C-jets
10' [ Anti-kt R = 0.4 PFlow jets b-jets
E pr>20GeV, |n| <25 /7 stat. uncertainty
oF
M|
107"
107
107
107 ,
10_5 PR RN i n
0 10 20 30 40 50 60

SV1 number of two-track vertices

Two-track vertices are built from all tracks
associated with jet and are then iteratively
merged until one secondary vertex (SV) remains.
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Normalised distribution
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SV1 number of tracks in vertex

Ks, A% and photon conversions are removed
by imposing requirements on chi2 and mass.

Normalised distribution
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SV1 invariant mass [MeV]

Reconstructed secondary vertex provides
discriminating observables like SV mass, SV
energy fraction, decay length significance, ...
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ATL‘E.”ES&E&E'?.?JS“’%@
JetFitter L

EXPERIMENT

JetFitter follows cascade decays of B hadrons to charmed hadrons (D mesons) and tries to
reconstruct both secondary and tertiary vertices secondary using an extended Kalman Filter
for the search for a common axis connecting the three vertices.

A e e e e R B
L ATLAS Simulation == light-flavour jets ]
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https://atlas.web.cern.ch/Atlas/GROUPS/PHYSICS/PUBNOTES/ATL-PHYS-PUB-2018-025/

Deep Neural Networks

Recurrent Neural Networks
Convolutional Neural Networks

Small R: Large R:
e ATLAS: DL1r (PFlow) o ATLAS: Xbb
e CMS: DeepJet e DNN trained on leading 3 associated VR

track jets w/ the dedicated DL1r training
e CMS: DeepAKS8
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DL1r improvement

ATLAS Simulation Internal —— light-flavour jet rejection -— MV2c10
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DL1r pT dependence

2211.16345

- ATLAS Slmulatlon Internal

C-jet rejection
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Calibration

Domain adaptation

L o

Simulation

%
First time RNN-based b-jet
tagger was calibrated....

Data

Key aspect of using in a
physics analysis
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Deep Sets

Network of networks!!

NN track NN jet feature
Inputs feature extractor extractor Outputs

X1 —> CD(X1) > F > y E{ C, |}

s - “Thacke
2 CD(XZ) — oy
. . Sum: Permutation '\/ ’

Prompt #
/" invariant operation \

X, — [®(X,)
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Deep Sets

Network of networks!!

Inputs feature extractor

X, —

X, —

41 /64

NN track

®(X)

O(Xy)

O(Xp)

v Models correlations
9 between the tracks
—>

/

4

NN jet feature
extractor

F

Sum: Permutation
invariant operation

>

Outputs

Y e{bcl}



Deep Sets

Network of networks!!

NN track NN jet feature
Inputs feature extractor extractor Outputs

X = [®(X)) | F " Y e{bc

v Models correlations .
between the tracks Tracks

Xy — |D(X,)

Sum: Permutation é
// invariant operation \

X — | (Xn)

v Computationally efficient
v Allows for variable # of tracks T|.|T|
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DIPS

ATL-PHYS-PUB-2020-014

c-jet rejection
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b-jet efficiency

102 | | | | | | | | | I | | | | | | | | I ]
- ATLAS Simulation Preliminary ]
[ Vs =13 TeV, 1t i
107 = E
: RNNIP :
DIPS

100 | | | | I | | | | I | 1 | | I | | | |
05 f_ [ I I | I I [ | | I | | I I I | | | | _E
.00 E=Ferep=rr==r e T T T

0.6 0.7 0.8 0.9 1.0

Similar performance with the same inputs
- Off%o. 4x speed-up in the training time!!!

b-jet efficiency

TUTI



ATL-PHYS-PUB-2020-014

Faster turn around time for physics optimizations

nominal: from before (pr> 1 GeV, |do| < 1 mm, |zo sin 6] < 1.5 mm)
loose: poorer quality (pr> 1 GeV, [do| < 1 mm, |zo sin 6] < 1.5 mm)

cC 104 = I I [ I [ [ I I I I [ I I I I I 3 c 102 T I I I I I I [ I [ I I | I I I |
-% = ATLAS Simulation Preliminary ] -% - ATLAS Simulation Preliminary ]
2. - Vs =13TeV, tt . Q L Vs =13 TeV, tt i
= 103 = = < - .
© - 3 ko] i _
5 B ] o
o
g0 Ine 10F 3
'-5) 1 : DIPS : N i DIPS 1
— 10 == — - _
DIPS more z DIPS loose track cuts 3 DIPS loose track cuts )
performant for a B DIPS loose track cuts with IPs i DIPS loose track cuts with IPs
hlgh eﬂ:ICIenCy 100 R TN N NN SR TR M A NN S A R L1 100 R R R NN TN MY TN N AT S A M A T SRR R
traCk Selection 9 ?.’3 2 _— I | I I | I | | I | | I I | I | —_ 9 ?.’3 1 .5 ? | | I | | I I | I | | I | | I I | _—
o= F 1 o= F -
S a 1 T R T e —— S a 1.0 T B ————— ——————
o 0.6 0.7 0.8 0.9 1.0 O 0.6 0.7 0.8 0.9 1.0
b-jet efficiency b-jet efficiency

43 / 64 TI.ITI



DIPS in Data Acquisition

How do we decide which events to save?

Compute
Latency

1ns 1 us Tms 1s

Offline
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DIPS in Data Acquisition

How do we decide which events to save?

Compute
Latency

1ns 1 us T ms 1s

@)=

I l :
DIPS now in the | == W
software trigger ! °°°°°° mm

_______________
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b-jet trigger
ublic plots

In real time

ATLAS Simullation Preliminar;l/ 5
tt, Vs =13 TeV ——- DIPS 7
Trigger PFlow Jets —.- DL1d §
pr>20GeV, |n|l<2.5 3
f.=0.018

DIPS is deciding
which events to keep
during data-taking
happening now!!
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https://twiki.cern.ch/twiki/bin/view/AtlasPublic/BJetTriggerPublicResults

NH thesis @

EXPERIMENT

Run 2 HH4b Non Res

Background composition: Case study

> :] T 1 1T 1 I | L I l LI I I | L LI l:

Q - ATLAS Thesns ]

3000 ]

D, = log Pp g " Vs =13 TeV, 126 fb~! -
N - Pythia 8.2 QCD, ggF 4b SR .

Jferpe.+U =1 p ~ 2500} .

o W/ §

'S 2000 - % Truth flavor for analysis jets

N - , [ 4 truth b (70%) ]

1500 ‘_Z B = 1truthc(22%) _-

27 =3 other (8%)

1000} -

How shall we balance charm : L :
VErsus rejection? 500 =

300 400 500 600 700 800 900 1000
MyH [GeV]
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https://cds.cern.ch/record/2878542/

Deep Jet inputs

650 inputs!
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Global variables

Jet pT

Jetn

# charged pflow cand

# neutral pflow cand

#SVin jet

# PV in event

Charged pflow variables
[up to 25]

An(trk, jet)

pTreI
Piet " Prrk

|ﬁjet 'ﬁtrk|/|ﬁjet|

AR(trk jet)

Track 2d IP

Track 2d IP significance

Track 3d IP

Track 3d IP significance

Track distance to jet axis

Fraction of jet momentum
carried by the track

AR(trk,closest SV)

is in PV fit (bool)

PUPPI weight

x2 of the trk fit

track quality (category, int)

2008.10519

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

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

bb

200 nodes x1, |—|

[Secondary Vix (12 features) x4|-| 1x1 conv. 64/32/32/8|— RNN 50— 100 nodes x7

|Global variables (6 features) I

CMS

lepb

Neural pflow variables
[up to 25]

Fraction of jet momentum
carried by neutral cand

AR(neutral jet)

is photon (bool)

fraction E in the HCAL

AR(neutral,closest SV)

PUPPI weight

Secondary vertex
variables
[up to 4]

SV pT

AR(SV,jet)

SV mass

# tracks in the SV

x2 of the SV fit

Reduced y2 of the SV fit

SV 2adIP

SV 2d IP significance

SV 3dIP

SV 3d IP significance

cosine of angle b/w SV
flight direction and SV
momentum

Ratio of SV E to jet E



https://arxiv.org/abs/2008.10519

Deep Jet pT dependence

2008.10519

CMS
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b-jet efficiency
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https://arxiv.org/abs/2008.10519

2008.10519 CMS

Deep Jet — where do the performance gains come from?

1 - e A e ] e e e ]
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Et:ti::f_-?'_\_leﬂ:tS;::::::::::::::::::5::::::::::::::::::5::::::::::::::::::5::::::::::::::::::E::::::::::::::::::E:::::::::::::::::;;;f:f’::'_

DeepJet: 1d-CNN+RNN “SOTA”
Run 2 tagger

[ AKdjets | >3()GeV) .................. B [

DeTapJet | [ R B PRI SN N/ /.
——— DeepCSV ; : : :
——— DeepCSV RNN ol LL ]
Deep CSV Same |nputS as ._ DeepCSV.with DeepJet input: IIIII"Z..I@E’IIIIIIIIZ‘.IIIIIIIEIIIIIIIIIIII'I' ;..I'.IIIIIIIIIII:E
CSV, but w/ the the DeepJet —bvsudsg |- — Pt -~ - :
RNN architecture ---bvsc W, - : : =

mis-id rate

I

DeepCSV: Early Run 2 tagger
(shallow DNN) 10

I T TTTTIT

DeepCSV with DeepJet input: 102 AR : : :
Pass the extended inputs with S S S 1 A Ht B SIS S 48 7 Aty St S
the older architecture 0 R I IS S Y AN S I— E

-. Need the fancier architecture to - 5 5 ; ; 5
take advantage Of the IOW' 10_3 __/:'/,/, __'

A L SR SR pres pre el e P -

dimensional inputs RSN SO Z0MNSE mammannany R E—— A A

T 2 B 2 L1 10 A

02 03 04 05 06 07 08 09 1
b-jet efficiency
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https://arxiv.org/abs/2008.10519

Deep Jet compared to Deep Set

2008.10519 CMS

DeepJet: Default (R2 SOTA)

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

b
|Neutral (6 features) x25|—|1x1 conv. 32/16/4|—| RNN 50|— Dense I:bb
200 nodes x1, || P
|Secondary Vix (12 features) x4|-| 1x1 conv. 64/32/32/8|— RNN_50(— 100 nodes x7 | | |
|Global variables (6 features) I 9
DeepSet: Mimic the filter sizes of ® per-particle
network of the Deep Sets architecture
|Charged (16 features) x25|—|1x1 conv 100/100/100/256|—| z I— b
|Neutral (6 features) x25|—| 1x1 conv 100/100/128 |—| )3 I— Dense IZ:b
200 nodes x1,
|Secondary Vitx (12 features) x4|—|1x1 conv 100/100/100/128|—| p3 I— 100 nodes x7 T
g

|Global variables (6 features) I

DeepJet w/ enlarged conv: Use the larger filters
of DeepSet, but keep the RNN aggregation

. Similar performance, but dataset size

of 130m jets, still gaining w/ the larger

architectures
50

mis-id rate
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—
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Deepdet with enlarged conv
DeepSet
Deepdet
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https://arxiv.org/abs/2008.10519

Rafael Teixeria de Lima + @ CMS
Daniel Guerrero’'s HH ws talk R
Impact in the 4b analysis ATLAS =
% 103 HH —> bBbB ® ggFonly, oyy=31.1 fb
C p—
o — Lim = k/L%, a= 0.65
- —— Lim = k/£% a= 0.80
o
wnv
c 102 -
o
E
X
O
R .01
i g 10* 4 »; 5
b ¢
g CMS
% boosted
w ggF+VBHF
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https://indico.cern.ch/event/1001391/contributions/4825903/attachments/2453106/4203918/HH4bTalk_May31_2022.pdf

Early Run 2 status

i.physletb.201

9.135103

ATLAS
" Ys=13TeV, 27.5-36.1 "
B o™ (pp - HH) =335

| N

—o— Qbserved
Expected
P Expecled £ o
Expecled + 20

PR WWWW 160 120 77
W Wy - 2% 170 160 |
HH- bBW'W i 305 305 240 |

— m ...... | 69101 ...... 83 ..... S
sl P,

95% CL upper limit on o (pp — HH) normalised to 0:’;

bbVV

Observed 78.6xSM
Expected 88.8xSM

bbbb

Observed 74.6xSM
Expected 36.9xSM

bbtt

Observed 31.4xSM
Expected 25.1xSM

bbyy

Observed 23.6xSM
Expected 18.8xSM

Combined
Observed 22.2xSM
Expected 12.8x SM

HIG-17-030
CMS preliminary gg—HH

35.9 fb (13 TeV)

—e— Observed
- —— - Median expected
I 68% expected

95°/c1 expected

6 78910

20

Emphasizing our main HH channels
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https://www.sciencedirect.com/science/article/pii/S0370269319308251?via=ihub
https://cds.cern.ch/record/2628486?ln=en

Full Run 2 status

£

EXPERIMENT

L

CMS

i\?bEVV

i%bﬁr*r‘

bbbb

Combined

ATLAS Preliminary
Vs =13 TeV, 126—139 fb
Ogat . ver(HH) =32.7 fb

[
[

Observed limit

Expected limit
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Expected limit +10
Expected limit +20

Obs. Exp.
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95% CL upper limit on HH signal strength uyy

Updated legacy Run 2 results
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S bbyy: 4.0 (5.0) obs (exp)

JHEP 01 (2024) 066

S bbTT: 5.9 (3.1) Obs (exp) ATLAS-CONF-2023-071

WW vy
Expected: 52
Observed: 97

bb WW
Expected: 18
Observed: 14

bb ZZ &
Expected: 40
Observed: 32

Multilepton &
Expected: 19
Observed: 21

bb yy &
Expected: 5.5
Observed: 8.4

bb tt
Expected: 5.2
Observed: 3.3

bb bb &
Expected: 4.2
Observed: 7.2

Comb. of &
Expected: 2.5
Observed: 3.4

CMS HIG twiki
CMS Preliminary 138 fb'! (13 TeV)
TT I T T T T T T 17T I T T T T T 1T I T T T T T T 17T I
K=K =1 — Observed ~ ----- Median expected
Ky =Koy =1

B 68% expected
95% expected

CMS-PAS-HIG-21-014

CMS-PAS-HIG-21-005

Acc. by JHEP (2206.10657)

Acc. by JHEP (2206.10268)

JHEP 03 (2021) 257

Acc. by PLB (2206.09401)

Nature 607 (2022) 60

Nature 607 (2022) 60
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100

95% CL limit on o(pp — HH)/oTheory

1000

Emphasizing
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channels
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https://www.sciencedirect.com/science/article/pii/S0370269319308251?via=ihub
https://twiki.cern.ch/twiki/bin/view/CMSPublic/SummaryResultsHIG#Summary_of_Run_2_sigma_HH_sigma
https://atlas.web.cern.ch/Atlas/GROUPS/PHYSICS/CONFNOTES/ATLAS-CONF-2023-071/
https://link.springer.com/article/10.1007/JHEP01(2024)066

Also enabling new physics searches!!

A. Novak’s slide

54

b-Tagging with DeepJet

 Number of HH results with resolved b-jets
 Strongest observed HH cross-section constraints
* First H* > HW* results at LHC
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Graph Neural Networks




Impact on analysis strategy

When you put so much ML into the Higgs-jet identification the
analysis strategy simplifies dramatically!

 Stat uncertainties now dominant, no need for a detailed background description, a simple
QCD normalization is (often) sufficient.

« As the QCD bkg plummets, more important to model the ttbar contribution separately and
constrain in dedicated CRs

56 TUT]



Y-candidate ParticleNet score

Background estimation... boosted ParticleNet analyses

HY resonant
PhysLetB.2022.137392

HH NR VBF

HH NR ggF
PhysRevl ett.131.041803

(13 TeV)
CMS simulation V1600 GoV Transfer| factors
Multijet MX:90 GeV /ﬁ
= Jet mass A \
sidebands B
Application of | transfer factors
Jet mass C 7 [ D
close to my
Control region Signal region
0.6 0.8 0.94 0.98 1.0 .
H-candidate ParticleNet score ITOW ngh
ParticleNet ParticleNet
score score

57

AK8 1, region

50 < mlead < 110 GeV

reg

110 < m2@d < 150 GeV

Jet2 Txop Tagger
Bin2 Bin1

0.980 F-f----------

Bin3 Bin2
0.950 |-

Fail
0
0.03 0.1 0.43

150 < mlead < 200 GeV

reg

50 < msget < 90 GeV

Transfer factor regions (A & B)

90 < mggp! < 145GeV

Validation region (D)

search region (D)

Validation region (D)

145 < myeg' < 200 GeV

Transfer factor regions (A & B)

BDT Score


https://cms-results.web.cern.ch/cms-results/public-results/publications/B2G-22-003/index.html
https://cms-results.web.cern.ch/cms-results/public-results/publications/B2G-21-003/index.html

Errors

PhysRevlett.131.041803

58

Uncertainty source Au
Statistical +2.55 -2.30
Signal extraction +2.32 —-2.06
QCD multijet modeling +1.12 —-1.01
tt modeling +0.28 —0.19
Systematic +2.09 -0.89
Simulated sample size +0.55 —0.55
D, selection +0.72  —0.32
Jet energy and mass scale and resolution +0.54 —0.39
Trigger selection +0.26 —0.03
Luminosity measurement +0.13 —0.04
Pileup modeling +0.05 —0.06
Other experimental uncertainties +0.05 —0.03
Theoretical +0.63 —0.63
Total +3.30 —2.47


https://cms-results.web.cern.ch/cms-results/public-results/publications/B2G-22-003/index.html

ATL-PHYS-PUB-ZOZZ-OZ?@

GN1 performance L
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https://atlas.web.cern.ch/Atlas/GROUPS/PHYSICS/PUBNOTES/ATL-PHYS-PUB-2022-027/

GN1: Track classification

ATL-PHYS-PUB-ZOZZ-OZ?@

tt

1.0

True Positive Rate

1.2 _‘ATLAS Slmulatlon Prellmlnary ]
VS =13 TeV
| tt, 20 < pr <250 GeV

—— Heavy Flavour (AUC = 0.94)

—— Fake (AUC = 0.98)

Primary & OtherSecondary (AUC = 0. 92)
Pileup (AUC = 0.97)
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02F
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formers O'(())
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https://atlas.web.cern.ch/Atlas/GROUPS/PHYSICS/PUBNOTES/ATL-PHYS-PUB-2022-027/

FTAG-2023-01 @

GN1: track classification L

EXPERIMENT

ATLAS Simulation Preliminary

vs =13 TeV Truth Labels GN1 Prediction @ Truth
tt jets v Predicted
Truth b-jet @ Pileup
pr=32.2 GeV @ Fake
% © Primary
pp = 0.997 é‘g @ FromB
pe =0.003 O FromBC
pu=0.000 O FromC
@ FromTau
O OtherSecondary

Ntrack

Trans-
formers
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https://atlas.web.cern.ch/Atlas/GROUPS/PHYSICS/PLOTS/FTAG-2023-01/

Trans-
formers

GN1: inputs

ATL-PHYS-PUB-ZOZZ-OZ?@

L

EXPERIMENT

62

Jet Input Description

)20 Jet transverse momentum

n Signed jet pseudorapidity

Track Input Description

q/p Track charge divided by momentum (measure of curvature)
dn Pseudorapidity of the track, relative to the jet n

d¢ Azimuthal angle of the track, relative to the jet ¢

do Closest distance from the track to the PV in the longitudinal plane
Zo sin 6 Closest distance from the track to the PV in the transverse plane
o(q/p) Uncertainty on g/ p

o (0) Uncertainty on track polar angle 6

o (o) Uncertainty on track azimuthal angle ¢

s(dp) Lifetime signed transverse IP significance

s(zo) Lifetime signed longitudinal IP significance

nPixHits Number of pixel hits

nSCTHits Number of SCT hits

nIBLHits Number of IBL hits

nBLHits Number of B-layer hits

nIBLShared = Number of shared IBL hits

nIBLSplit Number of split IBL hits

nPixShared =~ Number of shared pixel hits

nPixSplit Number of split pixel hits

nSCTShared Number of shared SCT hits

nPixHoles Number of pixel holes

nSCTHoles = Number of SCT holes


https://atlas.web.cern.ch/Atlas/GROUPS/PHYSICS/PUBNOTES/ATL-PHYS-PUB-2022-027/

GN1: auxiliary tasks

ATL-PHYS-PUB-ZOZZ-OZ?@

EXPERIMENT

Trans-
formers
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C-jet rejection
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https://atlas.web.cern.ch/Atlas/GROUPS/PHYSICS/PUBNOTES/ATL-PHYS-PUB-2022-027/

b-jet trigger
public plots

Triggers ATLAS
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https://twiki.cern.ch/twiki/bin/view/AtlasPublic/BJetTriggerPublicResults

HH — bbThadThad

Tau trig public plots @

ATLAS

EXPERIMENT

Trigger efficiency
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ATLAS: GN2
CMS: ParticleTransformer (ParT

67

You
What would be useful for experimentalists and theorists to discuss at a workshop for "Combined
Experiment Theory Action”

ChatGPT

A workshop on"Combined Experiment Theory Action" would likely focus on fostering
collaboration and synergy between experimentalists and theorists in the field of particle physics.
Here are some topics that could be useful for discussion:

. Current Challenges and Open Questions: Discussing the current challenges and open questions

in particle physics that require a combined effort from experimentalists and theorists to address.
This could include topics such as the nature of dark matter, the properties of neutrinos, the
search for new particles beyond the Standard Model, and the origin of matter-antimatter
asymmetry.

. Experimental Constraints and Theoretical Frameworks: Exploring how experimental data can

constrain theoretical models and vice versa. This involves understanding the limitations of
experimental measurements and how theoretical predictions can guide experimental searches.

3. Data Analysis Techniques: Sharing best practices in data analysis techniques used by both

experimentalists and theorists. This could include statistical methods, machine learning
approaches, and simulation techniques.

. Model Building and Phenomenology: Discussing how theoretical models are constructed and

how they can be tested against experimental data. This involves considering both established
frameworks like the Standard Model and speculative theories beyond it.

. Collider and Non-collider Experiments: Highlighting the different types of experiments in

particle physics, including collider experiments like those at the Large Hadron Collider (LHC) and
non-collider experiments such as neutrino experiments and dark matter searches.

. Computational Tools and Resources: Sharing computational tools and resources that are useful

for both experimentalists and theorists. This could include software packages for Monte Carlo
simulations, theoretical calculations, and data analysis.

. Interdisciplinary Collaborations: Exploring opportunities for interdisciplinary collaborations with

researchers from other fields, such as astrophysics, cosmology, and condensed matter physics.
These collaborations can provide new insights and perspectives on particle physics phenomena.

. Education and Training: Discussing strategies for educating and training the next generation of

particle physicists, with an emphasis on interdisciplinary skills and collaboration.

By discussing these topics and fostering collaboration between experimentalists and theorists, a
workshop on "Combined Experiment Theory Action" can help advance our understanding of
fundamental physics and address some of the most pressing questions in the field.
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Fig 3a from 2202.03772

Particle Transformer
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Class Attention Block

* Attention between the target classes and the
jet latent space
* Conceptually similar to slot attention
* 2000.15055
* Used for global PFlow studies,
2212.01328
* For Xbb tagging, expected not as big of a
difference as the particle attention block
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Fig 3c from 2202.03772



