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Motivation

Motivation
Why precision top measurement?
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» Want to undertand the SM

» Can be used to search for BSM
physics like SUSY

» Affects vacuum stability
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The Top Mass Measurement

» Measurements using the total cross section have a large error

> Best measurements fit the invariant mass peak in tt events
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Motivation

The Monte Carlo Mass

i i 2D approach 1D approach Hybrid
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Results and Outline

Methods to decrease the uncertainty on
the top quark monte carlo (MC) mass:

Envelope excluding PDF variations
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Jet Grooming

Previous Work - Histogram Fits with Grooming

» To extract the top-quark MC

. . . Histograms
mass, lteratlvely fit Envelope excluding PDF variations
hIS’[Og rams. Uncalibrated mean: 451.4, max: 474.1 }—I4
> Uncertalnty ~ 500 - 800 W-Calibrated }—[I}4 mean: 91.0, max: 108.5

MeV; ~ 100 MeV with
W-calibration: Softdrop =0

(Mealibrated = M3y et
Softdrop f=1 o FI-{ mean: 108.3, max: 123.9

» Error can be further reduced , , , ,
by grooming with soft drop R P

(N 300/0) [Andreassen, Schwartz: 1705.07135]
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Motivation Jet Grooming Regression on Event Ensembles Summary

How can we do better?

Curve fitting reduces histograms to a very small number
of parameters that are dependent on the
parameterization.

Can we use more of the distribution? Eliminate
dependence on parameterization?

We can! Do regression on an ensemble of events without
a binned histogram.
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Regression on Event Ensembles

Regression on Event Ensembles
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Regression on Event Ensembles

Regression on Event Ensembles

Envelope excluding PDF variations

» Improves by a factor of ~ 2 Histogram Fit | Il 65-3735 Mev
» Modifications don’t help,
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Can Modern ML Help?

» Low level info helps for other o
applications such as top tagging

= —-= ResNext

» Can't easily include low level info
directly into regression

Background rejection &

» Other options: reduce to Energy
Flow Polynomials, regression
using classifiers, DCTR
[Komiske, Metodiev, Thaler: 1712.07124]

00 01 02 03 9.4 0._5 06 07 08 09 1.0
[Nachman, Thaler: 2101.07263] sional eficency e
[Comparing ML Top Taggers Performance:
Kasieczka et al, 1902.09914]
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A DCTR Study

» DCTR is a modern ML
method [Andreassen, Nachman:
1907.08209]

» Relies on parameterized
classifiers, which can take as
input HLV, low level input, and
parameters

High-level Observables

» Works because loss of a
classifier = likelihood ratio

Parameters
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DCTR Results

Envelope excluding PDF variations
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Motivation

Jet Grooming Regression on Event Ensembles Summary

Summary

1.

2.

The degeneracy between mass and tune is a
significant source of error in measuring m;.

Three strategies for reducing this error: (1) Jet Grooming
[1705.07135] (2) Regression on event ensembles (3)
Modern ML DCTR method. Regression on event
ensembles reduces error by a factor of ~ 2 compared
to other methods.

Regression on event ensembles could potentially be
useful for other measurements. [Ex. W polarization: Kim, Martin:
2102.05124]
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A Two Step Process

Two steps in measuring the top mass:

1. Fit to the peak in simulation to get the Monte Carlo (MC)
mass

2. Map the MC mass to a well-defined mass scheme like ms
by treating it like the pole mass

Fit simulation Map to well
to get MC ' defined
mass mass

T

This talk
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ATLAS A14 7 TeV Tunes

Variation Tunes | ColorRec | Pl | pief
VarPDF 19-22 1.71 0.126 1.56
Varl 21,923,24 | [1.69,1.73] | [0.121,0.131] 156
Var2 21, 25, 26 1.71 0.126 1.50,1.60
Var3a 21, 27, 28 1.71 [0.125,0.127] 1.51,1.67
Var3b 21, 29, 30 1.71 0.126 1.56
Var3c 21, 31, 32 1.71 0.126 1.56
Variation pimpudee | afSR | ppedudee | a$R
VarPDF 1.05 0.127 0.91 0.127
Varl 1.05 0.127 0.91 0.127
Var2 1.04,1.08 0.124,0.136 0.91 0.127
Var3a 0.93,1.36 0.124,0.136 0.88,0.98 0.127
Var3b 1.04,1.07 0.114,0.138 0.83,1.00 0.126,0.129
Var3c 1.05 0.127 0.91 0.115,0.140
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Defining the Error

For a set of tunes with fixed input mass, the error is defined to be
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Histogram Full Results

Histogram Fitting Comparison

—mm— mean: 274.7, max: 297.9
O —em~ mean: 70.8, max: 89.5
VarPDF | ~mm— mean: 31.6, max: 53.9
—mm—~ O mean: 248.9, max: 285.1

mean: '349 1 ma‘( 369.7 mm—
—Em— mPan G7 ;
Varl p-mm— mean: 20.3,
—Em— mean: 400 llldx 764.1

Uncorrected

W calibration

mean: 444.8, max: 473.7 —mmm— o .
B W calibration

Soft drop (3=0)

Var2 52. 4
m—-—o mean: 101 7 max: 123.9

—mm— mean: 268.1, max: 294.2

W calibration
Soft drop (3=1)

Var3a

mPan 3820 max: 412.5 ——mmm—
—m— mean; 67.2, 1
Var3b 2

: 110.3

—Emm— mean: lZ(J 1, max: 149.3
29.7, max: 56.5
.5, max: 4

Var3c

m mean: 4514, max: 4741 —em—
@B~ mean: max
Envelope —am— mean: 0 1
excluding PDFS O ~—am—~ mean: 1(}8 3, max: 123.9

mean: 535.9, max: 552.0 O —m—

: 1087, max: 133.4
o Bnvelopel g Fhcin: 6.5, max:
including PDFS +—smm— © mean: 293.8, max: 335.5

mean: 792.7, max: 812.7 ==

Tune uncertainties - fmean: 156.7, max: 179.0
added in quadrature —emm— mean: 295.4, max: 328.8
0 100 200 300 400 500 600

AmMC MeV]

18/26



mmary

Event Histograms
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Linear Network Full Results
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Linear Network Comparison

Summary
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Understanding the Improvement

M, contribution: M, contribution:
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Rolling Average of Contribution to Predicted Mass

A Closer Look at M5,

M5, contribution:
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Understanding the Improvement

The full network can use tails to correct for differences in tune:

176
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of error
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DCTR in Practice

Two Steps:
1. Train a parameterized classifier to learn the likelihood ratio

2. Evaluate classifier for an unknown sample and a reference

sample, trying multiple input parameters for the unknown
sample.

Likelihood is maximized at true parameters used to
generate the unknown sample
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Summary

DCTR Gaussian Example: Training Step

» 2 Training Samples:
1. Samples S from Gaussian with mean . random, label
2. Samples U from Gaussian with mean p fixed, random label

» Output of Classifier gives ratio of probability densities:

R — P8
’ P(S(, x)) + P(U(u, X))
PS)/(P(9) + B
0.3 s
0.6
02 =
0.4
0.1 0.2
Scanned samples | 0.0

Gaussian Gaussian Gaussian
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Summary

More DCTR Results: Evaluation Step

To infer most probable parameter, maximize C(u):

C(u) = J] R, x) JT(1 = R(u. x))

xeT xeF
 m—" e
2
2
)
e}
3 2
&,
3
k]
=
-15 [ | L
H 0 1 2 3 4 5
Gaussian Gaussian u Gaussian p

In Example: Reference =3, New ;, =1.5
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