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Motivation
Why the MC mass?

Goal: To decrease the uncertainty on the top quark monte
carlo (MC) mass. Why the MC mass? isunmary pots from wii
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Motivation
Why the MC mass?
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MC Tunes

» MC mass is the fit to the peak in MC
» Error exists because the mass that fits the Peak Depends

peak depends on MC parameters (tunes) on Tune
» Need to eliminate dependence to get a well l
defined mass
Variation Tunes ColorRec P! Pt 100 =S
VarPDF 19-22 171 0.126 1.56
Varl 21, 23, 24 [1.69,1.73] [0.121,0.131] 1.56 -
Var2 21, 25, 26 171 0.126 [1.50,1.60] g
Var3a. 21, 27, 28 1.71 [0.125,0.127] [1.51,1.67] £
Var3b 21, 29, 30 1.71 0.126 1.56 5 200
Var3c 21, 31, 32 171 0.126 1.56 h
Variation plmre o™ ppee oF?
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 0.127 150 160 mw o 19
Var3a 0.93,1.36 0.124,0.136 [0.88,0.98] 0.127
Var3b 1.04,1.07] 0.114,0.138] [083,1,00] [0.126,0.129]
Var3c 1.05 0.127 0.91 [0.115,0.140]

4/24



Results and Outline

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

Previous Work - Histogram Fits with Grooming

» To extract the top-quark MC
mass, iteratively fit
histograms.

» Uncertainty ~ 500 — 800
MeV; ~ 100 MeV with
W-calibration:

(Mealibrated = M3y et

» Error can be further reduced

by grooming with soft drop

(N 300/0) [Andreassen, Schwartz: 1705.07135]
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Motivation Histogram Fitting Regression on Event Ensembles DCTR 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

> |mpr0VGS by a factor of ~ 2 Envelope excluding PDF variations
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Regression on Event Ensembles

Understanding the Improvement

Mjz, contribution:
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Rolling Average of Contribution to Predicted Mass

Regression on Event Ensembles

A Closer Look at M5,
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Regression on Event Ensembles

Understanding the Improvement

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

Can Modern ML Help?
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A DCTR Study

» DCTR is a modern ML BT i Nework
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 Histogram Fitting Regression on Event Ensembles Summary

Summary

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

Conclusions:

» Regression on event ensembles reduces error by a
factor of ~ 2 compared to groomed histograms

» DCTR matches grooming but doesn’t improve further

» Regression on event ensembles could potentially be useful
for other measurements
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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
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Event Histograms

500 T

I Tune 23 Mass 173
I Tune 24 Mass 173
[ Tune 21 Mass 173
B Tune 23 Mass 172 -
I Tune 24 Mass 172
I Tune 21 Mass 172

300

Events per Bin

100

20/24



Linear Network Full Results
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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
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In Example: Reference =3, New ;, =1.5
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