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Generation One to Three

From deterministic taggers to deep networks

1994 QCD-algorithm W-tagger for heavy Higgs iseymour

1994 QCD-algorithm top tagger for fun  (seymour]

2008 QCD-algorithm BDRS Higgs tagger (gutterworth, Davison, Rubin, Salam]
2008 QCD-algorithm JH/CMS top tagger [kaplan, Rehermann, Schwartz, Tweedie]
2009 QCD-algorithm HEPTopTagger [tp salam, Spannowsky]

2009 template top tagger (Aimeida, Lee, Perez, Sterman, Sung, Virzi]

2011 N-Subjettiness [thaler, van Tilburg]

2011 Shower Deconstruction  (soper, Spannowsky]

2015 Multi-variate HEPTopTagger [Kasieczka, TP, Schell, Strebler, Salam]

2014 image recognition W-tagger [cogan, Kagan, Strass, Schwartzman]
2017 image recognition top tagger [Kasieczka, Plehn, Russell, Schell]
2017 language recognition W-tagger [Louppe, Cho, Becot, Cranmer]
2017 4-vector-based top tagger (Butter, Kasieczka, Plehn, Russel]
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Jet algorithms

Jets

— jet—parton duality < what are partons in detector? [ir save recombination algos]
— crucial for any LHC analysis [actualy??7]

— quarks vs gluons tricky in perturbative QCD  fiooking well-defind in Pythial
extension to b and t perturbative QCD problem

top tagging: easy and well-defined

Recombination algorithms [FASTJET: Cacciari, Salam, Soyez]

— define jet—jet and jet—beam distance [exclusive with resolution Yeut)

AR; .
kr Vi = RU min (pr,i, P1.j) Yig = Pr,i
C/A Yi = RU Yis = 1

. ARy . T _
antikr y; = —=L min (pr.}.p7)) vie =pr) -

— (1) find minimum y™" = min;(y;, yis)
(2a) if y™" = y; merge subjets / and j, back to (1)
(2b) if y™n = y;5 remove i from subjets, go to (1)
— theoretical and experimental trade-off decisions
— fat jets/substructure: use clustering history
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Hadronic tf resonances

Sub-jet top tagging
— hadronic top identification and reconstruction
— hadronic decays vs QCD splittings
— SM sample: semileptonic f events
= t-tagging the new b-tagging?
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Hadronic tf resonances

Sub-jet top tagging

— hadronic top identification and reconstruction
— hadronic decays vs QCD splittings
— SM sample: semileptonic {f events

= t-tagging the new b-tagging?

Mass dl’Op HEPTopTagger [BDRS; TP, Salam, Spannowsky, Takeuchi]

— algorithm based on QCD-controlled variables
1— C/A fat jet, R =1.5and pr > 200 GeV [FastJet limitation]

2— mass drop, cutoff mgy, > 30 GeV

3- filtering leading to hard substructure triple

4— top mass window myp3 = [150,200] GeV

5— A-shaped mass plane cuts as function of my,/m;
6— consistency condition p(}ag) > 200 GeV

—
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Hadronic tf resonances g

Sub-jet top tagging

— hadronic top identification and reconstruction
— hadronic decays vs QCD splittings
— SM sample: semileptonic {f events

= t-tagging the new b-tagging?

Mass dl’Op HEPTopTagger [BDRS; TP, Salam, Spannowsky, Takeuchi]

— algorithm based on QCD-controlled variables
1— C/A fat jet, R =1.5and pr > 200 GeV [FastJet limitation]

2— mass drop, cutoff mgy, > 30 GeV

3- filtering leading to hard substructure triple

4— top mass window myp3 = [150,200] GeV

5— A-shaped mass plane cuts as function of my,/m;

6— consistency condition p(}ag) > 200 GeV

= G1: experimental break-through
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M N-Jettiness to count subjets inside fat jet [Thater, van Tilburg]

G1 Taggers — how many subjets do the calo entries correspond to?

SELTATILD) — event shape using N subjet directions 7 5 >

G3 Jet images 1

BEEPE W= 5 Y Pl Min (AR.)’
> Pr.o R - k=1,...,N

DeepTopLoLa acjet 0 acjet

— choice of reference axes
1- from subjet algorithm
2- from minimization of Ty

— 7y — 1 means many calo entries away from N axes

v — 0 means perfect matching
500 GeV < pr< 600 GeV, 160 GeV <m < 240 GeV

— systematics cancelled in ratios 0. e
Tn41/7n — O for N + 1 subjets R sy
0.15f || ——QCD jets (min axes)|_
. ___QCDjets (Kr axes)
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N-Subjettiness

N-Jettiness to count subjets inside fat jet [Thater, van Tilburg]

how many subjets do the calo entries correspond to?
event shape using N subjet directions 7; 5 > o

1
f B
TIN= <=3 E PT.a , Min (AR o)
3 s - s
ZaEJetpT~aH0 acgjet k=1, N

choice of reference axes

1- from subjet algorithm

2- from minimization of Ty

7y — 1 means many calo entries away from N axes
v — 0 means perfect matching
systematics cancelled in ratios 0. e

. —_— min axi

Tne1/Tn — 0 for N+ 1 subjets T t0pjets (k. axes)

—— QCD jets (min axes)
~ - -QCD jets (k, axes)

500 GeV < p, <600 GeV, 160 GeV < m < 240 GeV

o
3}
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N-Subjettiness

N-Jettiness to count subjets inside fat jet [Thater, van Tilburg]

— how many subjets do the calo entries correspond to?
— event shape using N subjet directions 7, (5 > o
1

™N= < o8 Zpr,a P

Zaaet pTﬂHO acjt 7

— choice of reference axes

1- from subjet algorithm
2- from minimization of Ty

— 7y — 1 means many calo entries away from N axes
v — 0 means perfect matching

— systematics cancelled in ratios
Tne1/Tn — 0 for N+ 1 subjets

Tagger
— simple selection

Miatjer = 160...240 GeV ; <06
2

— multi-variate in N and 8 with some improvement
= easily added to any other tagger
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Motivation OptimalR and N-Subjettiness  [kasieczka, TR, Salam, Schell, Strebler]
S TEaEEE — multivariate analysis old idea [Lonnblad, Peterson, Rognvaldsson]
GaMlivarate HEPTOpTaggerV2 to keep up with shower deconstruction  [Soper, Spannowsky]
S ENIEREE - optimal fat jet size R0p1 [large to decay jets, small to avoid combinatorics, compute from kinematics]
DeepTop

(Amax) (Rmax)

DeepTopLolLa ‘m123*m123 X ‘ < 0.2 myog X = Hopt

add N'SubjettineSS [Thaler, van Tilburg]

| fil
— {mi23, fw, Ropt — Rg%étlc) T/"Tj( |t)}
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Multi-variate top taggers

OptimalR and N-Subjettiness  [kasieczka, TR, Salam, Schell, Strebler]

multivariate analysis old idea [Lonnblad, Peterson, Rognvaldsson]
HEPTopTaggerv2 to keep up with shower deconstruction  (soper, Spannowsky]

optimal fat jet size R0p1 [large to decay jets, small to avoid combinatorics, compute from kinematics]

R R
\m1237m525"a">\ <0.2 mﬁzg‘a)‘) = Ropt

add N'SubjettineSS [Thaler, van Tilburg]
| fil
= {mizs, fw, Ropt — Réfﬁc) 7777}(”)}

Qjets [Ellis, Hornig, Roy, Krohn, Schwartz]

— tagger problem: wrong ‘best’ option

— more than one clustering history, weighted by
. __ ymin
i

then using distributions like (m?) — (m)?

- { Mg
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Motivation OptimalR and N-Subjettiness  [kasieczka, TR, Salam, Schell, Strebler]
S TEaEEE — multivariate analysis old idea [Lonnblad, Peterson, Rognvaldsson]
GaMlivarate HEPTOpTaggerV2 to keep up with shower deconstruction  [Soper, Spannowsky]
S ENIEREE - optimal fat jet size R0p1 [large to decay jets, small to avoid combinatorics, compute from kinematics]
DeepTop m m Rmax) 0.2 m(Rmax) R
DeepToplLoLa ‘ 123 —Myo3 ‘ < i = ot

add N'SubjettineSS [Thaler, van Tilburg]
| fil
= {mizs, fw, Ropt — Ré%atc)ﬂ'jﬂ'j( "y

Fat jet and top kinematics

— FSR major problem for Z’ search

— tag and reconstruction in each other’s way

= {-

» Mit, PT t5 m

(filt)

(filt)
PT J

)}

7z
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Multi-variate top taggers

OptimalR and N-Subjettiness  [kasieczka, TR, Salam, Schell, Strebler]

multivariate analysis old idea [Lonnblad, Peterson, Rognvaldsson]
HEPTopTaggerv2 to keep up with shower deconstruction  (soper, Spannowsky]

optimal fat jet size R0p1 [large to decay jets, small to avoid combinatorics, compute from kinematics]

R
[My2z— m12§"a")\ < 0. 2m§ max) Ropt

add N'SubjettineSS [Thaler, van Tilburg]
| fil
= {mizs, fw, Ropt — Ré%atc)ﬂ'jﬂ'j( "y

Fat jet and top kinematics S Vs=14Tev

— FSR major problem for Z’ search

— tag and reconstruction in each other’s way o

= {., My, PT 1 .f'“ 7Pmt}

= G2: determlnlst|c taggers terminated! o

. ED[PRDS9|
* HTT[JHEP1010]
.-~ filtered fat jets (2.3)
5 variable masses (2.4)
10 optimalR (3.2)
—— N-subjettiness (3.4)
—— Qjets (3.7, 0.1x0.1 cells)

0 0.2 0.4 0.6
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Jetimages

Image regognition for jets [template tagger, shower deconstruction]

wavelet transformation [Rentala, Shepherd, Tait; Monk]
W-tagging with image recognition  [Cogan etal, Oliveira etal, Baldi etal]

top-tagging attempt  [Aimeida, Backovic, Cliche, Lee, Perelstein]
QCD and shower study  (Barnard etall
— quark-gluon discrimination including tracks [Komiske etal

= G8: new avenue in jet physics
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Jetimages

Image regognition for jets [template tagger, shower deconstruction]

wavelet transformation [Rentala, Shepherd, Tait; Monk]
W-tagging with image recognition  [Cogan etal, Oliveira etal, Baldi etal]

top-tagging attempt  [Aimeida, Backovic, Cliche, Lee, Perelstein]
QCD and shower study  (Barnard etall
— quark-gluon discrimination including tracks [Komiske etal

= G8: new avenue in jet physics

Experimental questions

— does it work?
— what is the training sample?  [Metodiev, Nachman, Thaler]
— how do we get it past the jets people?
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Motivation Image regognition for jets  ftemplate tagger, shower deconstruction]
UL — wavelet transformation  [Rentala, Shepherd, Tait; Monk]

G2 Multi-variate

W-tagging with image recognition  [Cogan etal, Oliveira etal, Baldi etal]
G3 Jet images

top-tagging attempt  (aimeida, Backovic, Cliche, Lee, Perelstein]

DeepTop
— QCD and shower study [Barnard etal]

DeepTopLoLa

quark-gluon discrimination including tracks [omiske etal]
= G3: new avenue in jet physics

Experimental questions
— does it work?
— what is the training sample?  (Metodiev, Nachman, Thaler]
— how do we get it past the jets people?

Theoretical questions

— what does the neutal network learn?

— how much of it is hard QCD?

— how can be improve the setup? fthe future has not been written]
= Benchmarks crucial
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Jetimages

Start with anti-k7 fat jet [p; = 350...450 Gev, R = 1.5]

— shift

— crop

= pre-processing only for illustration

move image to center the global maximum
rotate the second maximum to 12 o’clock

rotation
flip  ensure third maximum is in the right half-plane

crop the image to 40 x 40 pixels
— decide on E vs E7 for rapidities n = 2

Set up network  [kasieczka, TP, Russell, Schell]

— runon 2-D jetimages (pr =350, ...,
— binning through calorimeter resolution [an =0.1vsa¢ =5°]

— 150k events for training

450 GeV]

— analyze geometric patterns [convolutional network]

Feature
Inputs

1@40x40 5639x39

Fealure
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i Benchmarking image-based top tagger (kasieczka, TP, Russell, Schell]

G Taggers — 2+2 convolutional layers  probing 2D structure with kernel matrix

G2 Multi-variate

G3 Jet images - 4 . i . = 1 :

DeepTop

DeepTopLoLa
' L . f . .
Fd ,“ - - : - . -

L] - -

B - - ‘.
- L 4 - " I - -
- - - ; - - - =
- - - . n -l..l, - - -
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DeepTop tagger

Benchmarking image-based top tagger (kasieczka, TP, Russell, Schell]

— 2+2 convolutional layers  probing 2D structure with kernel matrix
— 3 fully connected layers weight function linking input and output

n2
y; = max (0, > wix + bi)

=

[T NN s
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Motivation Benchmarking image-based top tagger  (Kasieczka, TP, Russell, Schel]
G1 Taggers — 2+2 convolutional layers  probing 2D structure with kernel matrix
G2 Multi-variate . . . . .

— 3 fully connected layers weight function linking input and output

G3 Jet images
DeepTc L

eepTop

yi=max | 0,> Wix + b;

DeepToplLoLa =

— signal-ness vs background-ness output [probabiity?]

Background Signal

0 0.2 0.4 0.6 0.8 1

Signal probability
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DeepTop tagger

Benchmarking image-based top tagger (kasieczka, TP, Russell, Schell]

2+2 convolutional layers  probing 2D structure with kernel matrix
3 fully connected layers weight function linking input and output
2

n
yi=max | 0,> " Wjx + by
=1

signal-ness vs background-ness output  (probability?]
Pearson input-output correlation  [pixel x vs label y]
i~y (%) (Y =) . 024

0.18
images
10 0.12

L]
15 0.06

o pixels
w

0 5 10 15 20 25 30 35
& pixels
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DeepTop tagger

Benchmarking image-based top tagger (kasieczka, TP, Russell, Schell]

— 2+2 convolutional layers  probing 2D structure with kernel matrix
3 fully connected layers weight function linking input and output
2

n
yi =max | 0, E Wi x; + b;
=

signal-ness vs background-ness output  (probability?]

Pearson input-output correlation  [pixel x vs label y]

Iy & Z (Xf/—)_‘/'/')(y—}_’)

images

comparison to G2 MotherOfTaggers

sd __sd
{Msq, Mat, Mrec, frec, ARopt, T2, T3, Ty , T3 }
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DeepTop tagger

Benchmarking image-based top tagger (kasieczka, TP, Russell, Schell]

2+2 convolutional layers
— 8 fully connected layers

probing 2D structure with kernel matrix
weight function linking input and output

2

n
yi=max | 0,> " Wx + b;
J=1

— signal-ness vs background-ness output [probability?]

Y (%) (v -

images

— comparison to G2 MotherOfTaggers
d d
{Msq, Miar, Mrec, frec, ARopt, T2, T3, 7'28 , 7'§ }

= slight performance gain for CNN

Pearson input-output correlation  [pixel x vs label ]

¥

Background

T T
SOFTDROP+ N-subjettiness --------
MOTHEROFTAGGERS -

DegpToP full
DEEPTOP minimal

1 L

0 0.2

0.4 0.6

Signal efficiency eg
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Checking physics

Typical reaction: ‘fuck you, you fucking machine’

— in principle, full control for fully supervised learning

— lots of events in the grey zone
but checks possible for correctly identified signal/background events

— compare truth vs MotherOfTaggers vs DeepTop

1- fat jet mass and N-subjettiness o Signal 002 Background

"MoOTHEROFTAGGERS
0.016 4 0.016 Bl
0.012 4 0.012 q
0.008 + truth 4 0.008 q
0.004 | ] 1 0004 \
0 i S o L L
0 50 100 150 200 250 300 0 50 100 150 200 250 300

Mt [GeV] Mear [GeV]

Signal Background
3.5 [ MOTHEROFTAGGERS ' ] 35 [ " " " " ]
3L f 3L ) f
2.5 \\h q
2 L f3
15+ /J 1
1L 1
0.5 I b

0 =’ . .

0 02 04 06 08 1

73/72
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Checking physics

Typical reaction: ‘fuck you, you fucking machine’

— in principle, full control for fully supervised learning

— lots of events in the grey zone

but checks possible for correctly identified signal/background events
— compare truth vs MotherOfTaggers vs DeepTop

1- fat jet mass and N-subjettiness ,

2- soft drop mass and A Ropt

0.012

0.008

0.004

Signal

Background

MOTHEROFIRGGERS' 0.04 ) )
f
| 10032 1
0.024 | | 1
L 1 I | !
1oy 0.016 { ] 4
r 1 o008 ff | —

AN

0 50 100 150 200 250 300

0
0 50 100 150 200 250

o, ,

}\xmh 4

1.0

0.0

pettiy
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ARgpt

300
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Checking physics

— lots of events in the grey zone
but checks possible for correctly identified signal/background events

— compare truth vs MotherOfTaggers vs DeepTop
1- fat jet mass and N-subjettiness

Typical reaction: ‘fuck you, you fucking machine’

— in principle, full control for fully supervised learning

2- soft drop mass and A Ropt
3- transverse momenta

Signal Background
T T T 0.02 T T
MOTHEROFTAGGERS|
0.016 + 4
0.012 + 4
truth 1 o008 b ‘ 1
7 0.004 4
A P
360 400 440 320 360 400 440
pr.s [GeV] pr.s [GeV]
Sl 016 o Dockeround
MOTHEROFTAGGERS
1 0.012 q
d
4 0.008 q
truth
! 1 0004 | ]
1 b
1 J‘I th
280 320 360 400 440 480 280 320 360 400 440 480
Prsa [GeV] Prsa [GeV]
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Checking physics

Typical reaction: ‘fuck you, you fucking machine’

in principle, full control for fully supervised learning

lots of events in the grey zone
but checks possible for correctly identified signal/background events

compare truth vs MotherOfTaggers vs DeepTop
fat jet mass and N-subjettiness

soft drop mass and A Rgpt

transverse momenta

any other suggestions?

Machine learning works and we know why
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DeepTop using Lorentz Layer

Why standard software? [Butter, Kasieczka, TP, Russell; see also Louppe etal, Pearkes etal]

1 appropriate physics objects known
2 tracking+calorimeter pictures?

3 link to G1 and G2 taggers?

[Larkoski etal]
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DeepTop using Lorentz Layer

Why standard software? [Butter, Kasieczka, TP, Russell; see also Louppe etal, Pearkes etal]

1 appropriate physics objects known

2 tracking+calorimeter pictures?

3 link to G1 and G2 taggers? [Larkoski etal]
= Start from leading 4-vectors [N-40]

Events (normalized)

PF p, > 1300 GeV

p, > 350 GeV

0 20

N,

‘const
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Motivation Why standard software? [Butter, Kasieczka, TP, Russell; see also Louppe etal, Pearkes etal]

G1 Taggers 1 appropriate physics objects known

G2 Multi-variate . . .
2 tracking+calorimeter pictures?

G3 Jet images X
S— 3 link to G1 and G2 taggers? [Larkoski etal]
Bl = Start from leading 4-vectors [N-40]

Inspired by jet algorithm — combination layer

— input 4-vectors ko1 koo - kow
N k1:1 k1:2 k1:N
(i) = kei ko2 -0 Ken

K31 kKs2 - KN
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Motivation Why standard software? [Butter, Kasieczka, TP, Russell; see also Louppe etal, Pearkes etal]

G1 Taggers 1 appropriate physics objects known

G2 Multi-variate . . .
2 tracking+calorimeter pictures?

G3 Jet images X »
S— 3 link to G1 and G2 taggers? [Larkoski etal]
Bl = Start from leading 4-vectors [N-40]

Inspired by jet algorithm — combination layer

— input 4-vectors
— on-shell conditions for top tag

thm = (ku1 + Koz + k,u,3)2 = mrz
K2 = (Kut + kK 2)® = miy
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DeepTop using Lorentz Layer

Why standard software? [Butter, Kasieczka, TP, Russell; see also Louppe etal, Pearkes etal]

1 appropriate physics objects known

2 tracking+calorimeter pictures?

3 link to G1 and G2 taggers? [Larkoski etal]
= Start from leading 4-vectors [N-40]

Inspired by jet algorithm — combination layer

input 4-vectors
— on-shell conditions for top tag

— combined 4-vectors 1.0 -+ 0 Cine
~ 0 1 e
ki 2 Ky = ki C Cc= : i
S .0 :
0 0 -+ 1 Cunny2

after combination of input 4-vectors

sum of all momenta, fat jet momentum (only inv1]
original momenta k;
M — N trainable linear combinations m-n=15]

= Physics step, easy to interpret

Cim
Com

Cn,m
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DeepTop using Lorentz Layer

Inspired by jet algorithm — combination layer

— input 4-vectors K, ;

. Cola
— combined 4-vectors  k,, ; — Kk, j = K,, ; Cji
Remember e&m — Lorentz layer

— DNN on Lorentz scalars m? (k)

7 Llola ¢ pT(k/)
k= k= Wj(n'f) E(k,

d

Wi o,

— measurement-inspired individual m;, pr ;

trainable correlations: energy, metric

[1+4 copies, sum,max]
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DeepTop using Lorentz Layer

Inspired by jet algorithm — combination layer

— input 4-vectors K, ;

Coa}

i = Ku,i Cj

— combined 4-vectors  k,,

Remember e&m — Lorentz layer

— DNN on Lorentz scalars ~ k; Lota k;

— measurement-inspired individual m;, pr ;

trainable correlations: energy, metric

MotherOfTaggers
—— DeepTop: Image
DeepTop: LoLa

[1+4 copies, sum,max]
. . 103}
— comparison to G2, Images

[}

©

o

2107

2

e}

o

[}

I}

©

* 10!

—~
10°

0.2

0.4 0.6 0.8
True Positive Rate

1.0



Tagging Machines

Tilman Plehn

Motivation

G1 Taggers

G2 Multi-variate
G3 Jet images
DeepTop

DeepToplolLa

DeepTop using Lorentz Layer

Inspired by jet algorithm — combination layer

input 4-vectors  k,, ;

. Cola 7~
combined 4-vectors  k,, ; — k,, j = k,, i Cj

Remember e&m — Lorentz layer

DNN on Lorentz scalars l}j Ii"a)‘ IA(j

measurement-inspired individual m;, pr ;
trainable correlations: energy, metric

[1+4 copies, sum,max]

comparison to G2, images

fun: measure Minkowski metric

g =diag(0.9940.02,
—1.0140.01, —1.0140.02, —0.99-£0.02)
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DeepTop using Lorentz Layer

Inspired by jet algorithm — combination layer

. Cola 7
combined 4-vectors K, ; — Kk, j = K, ; Cj

Remember e&m — Lorentz layer

DNN on Lorentz scalars & tola ki

measurement-inspired individual m;, pr ;
trainable correlations: energy, metric
[1+4 copies, sum,max]
comparison to G2, images
fun: measure Minkowski metric
g =diag(0.99+0.02,
—1.01+£0.01, —1.01+£0.02, —0.99+0.02)
running on particle flow
[p7 = 350, ..., 450 GeV and 1300, ..., 1400 GeV]
180k training events, 15 GPU minutes
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DeepTop using Lorentz Layer

Inspired by jet algorithm — combination layer

Cola 7

— combined 4-vectors K, ; = Kk, ; = K,,; Cj

Remember e&m — Lorentz layer

DNN on Lorentz scalars  k; Lola ki

measurement-inspired individual m;, pr ;

trainable correlations: energy, metric

[1+4 copies, sum,max]

comparison to G2, images
. . . 3
fun: measure Minkowski metric 107
g =diag(0.99+0.02, o
—1.0140.01, —1.01£0.02, -0.99+0.02) € |-,
210%
running on particle flow =
[pT:350,...,45OGeVand13OO,...,1400GEV] §
180k training events, 15 GPU minutes 5 |
<10
G3 with little but Lorentz invariance -
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The future

Times are moving fast...

...deterministic taggers estalished/old/boring
...information beyond clustering history helps

...imagine recognition for subjets as starting point

...DeepTop is not a black box
...back to physics with DeepTopLolLa
ML taggers ready, perfect career launcher

10°
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—
o
—

1/ False Positive Rate

low pr calo
~— low pr PF

high py calo
— high py PF

0.2 0.4 0.6 0.8 1.0
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Teggng Mechines— Backup: non-improvements

Tilman Plehn
. Tagging without fat jets [Lapsien, Kogler, Haller; FastJetContrib]
G1 Taggers 1— variable-R: jet size depending on pr  [Krohn, Thaler, Wang]
G2 Mulitvariate 2— mass jump: jet mass condition in C-A jet algorithm (st
EOJtiimEEs specifically m; < 30 GeV and mj; 2 1.4 max(mj;)
DeepTop — possible advantage: not relying on fixed fat jet
DeepToplLoLa

— comparison with HEPTopTagger, CMSTagger in working points
pseudo-ROC curve by adding 7o 3 why??2)
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Backup: non-improvements

Tagging without fat jets  [Lapsien, Kogler, Haller; FastJetContrib]

1—
o_

variable-R: jet size depending on pr  [Krohn, Thaler, Wang]
mass jump: jet mass condition in C-A jet algorithm (st

specifically m; < 30 GeV and mj; 2 1.4 max(mj;)

possible advantage: not relying on fixed fat jet

comparison with HEPTopTagger, CMSTagger in working points
pseudo-ROC curve by adding o 3 why??7]

not in v2!
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Backup: non-improvements

Tagging without fat jets  [Lapsien, Kogler, Haller; FastJetContrib]

1— variable-R: jet size depending on pr  [Krohn, Thaler, Wang]

2— mass jump: jet mass condition in C-A jet algorithm (ston
specifically m; < 30 GeV and mj; 2 1.4 max(mj;)

— possible advantage: not relying on fixed fat jet

— comparison with HEPTopTagger, CMSTagger in working points
pseudo-ROC curve by adding 72 3 why??7]

— proper job g

T T T T
pr € (200, 400] CeV u pr € [400, 600] GeV

[no Qjets, pr > 30 GeV] |,

—— HEPTT — HEPTT
- - HOTVR - - HOTVR
10 - HEPTTBDT § 10 - HEPTT BDT -
oMs oS

—— HOTVR BDT —— HOTVR BDT

10"
T T

T T T
s pr € (1000, 2000] GeV

— HEPTT
- = HOTVR
-+ HEPTT BDT -
.oMs
—— HOTVR BDT

—— HEPTT

- - HOTVR

- HEPTTBDT § 10
oS

—— HOTVR BDT
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Backup: non-improvements

Taggmg without fat jets [Lapsien, Kogler, Haller; FastJetContrib]

1— variable-R: jet size depending on pr  [Krohn, Thaler, Wang]
2— mass jump: jet mass condition in C-A jet algorithm (ston

specifically m; < 30 GeV and mj; 2 1.4 max(mj)
— possible advantage: not relying on fixed fat jet

— comparison with HEPTopTagger, CMSTagger in working points

pseudo-ROC curve by adding 75 3 why??7)

— proper job

[no Qjets, all pr] el

—— HEPTT
- = HOTVR
-+ HEPTT BDT
ous
—— HOTVR BDT

00 Gy

— HEPTT

- HOTVR

++ HEPTT BDT -

ons
—— HOTVR BDT

= tagger performance stable and plateau’d
= find other ways to improve?
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