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What | am not going to talk about

1. Coolness of ML-based unfolding

You find yourself in the unfolding session at ML4Jets

2. Methodology of generative unfolding

Nathan’s overview talk

3. Generative Models (in particular CFMs)

Timo’s talk, Jonas’ talk, Luigi’s talk, Dmitrii’s talk ...
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Boosted top decays

pr; > 400 GeV

Reconstruct triple jet mass

J M;;; to measure m,
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Boosted top decays

Previously done in CMS with TUnfold

> 400 GeV (classical binned unfolding algorithm)
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https://arxiv.org/pdf/2211.01456

Boosted top decays

Previously done in CMS with TUnfold

Dy, > 400 GeV (classical binned unfolding algorithm)
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BUT leading uncertainty: choice of m, in simulation + no access to full phase space
— Could generative unfolding help? 5


https://arxiv.org/pdf/2211.01456

Challenging aspects of top - unfolding

1. Mulitresonant phase space
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2. Combinatorics

1. Mulitresonant phase space
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Challenging aspects of top - unfolding

1. Mulitresonant phase space 2. Combinatorics 3. Detector Smearing
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Choosing the right parametrization

1. The naive

12 dimensional

. correlation
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Choosing the right parametrization

2. The less naive

12 dimensional

correlation
= (Pr.1> P1> 11, M) /
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Choosing the right parametrization

3. The least naive

6 dimensional

correlation
py = (pr.1- My, 1y, my) /
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Choosing the right parametrization

3. The least naive

py = (pr.1- My, 1y, my)
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Choosing the right parametrization

3. The least naive

py = (pr.1- My, 1y, my)
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Choosing the right parametrization

3. The least naive

Py = (P My, 1y, 1)

p— 2 — 2 —_ 2
P> (pT,za M237 "5 m2) ]Wjjj — E , Mij 2 l, n;
l

ij,1>]

p3 = (P13, M3, 113, m3)

For mass measurement, we only use
6 dimensional subset of phase space
to increase network performance

1074 0.4
gen 0.03 — gen —  gen
5 b5 D b
'lé rec % 0.02. rec % rec T.N; os
(av]
E —4 g = 0.2 =
s 10 3 0.01- 3 S
Z A Z, Z,
i} 0.00 0.0 0.001
1.11 _ L 1.11 = A 1.11 1.1
S =] - ol g olg 7° (S N=]
g|<v 1.0 22 1.0 - 8@10-—% ‘—%— o3 1.0
0.9- - |""0.9- 1T |°°0.9- |""0.9-
100 200 300 50 100 150 —2 —1 0 1 2
Pro [GeV] My [GeV] up

14



Model-Dependence
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Model-Dependence?

Train with full CMS simulation with
m, = 172.5 GeV
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Model-Dependence!

Train with full CMS simulation with
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GeV)
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Model-Dependence!

Train with full CMS simulation with

n, = 172.5 GeV 0.061  gen m,: jE
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Removing Model-Dependence

P Sim(xgen | ms) P unfold(xgen ‘ Mg, md)
P (xreco ‘ xgen) pmodel(xgen ‘ Xrecos ms)
correspondance
% sim(xreco ‘ ms) - pdata(xreco | ma’)
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Removing Model-Dependence

P Sim(xgen | ms) P unfold(xgen ‘ Mg, %)
P (xreco ‘ xgen) pmodel(xgen ‘ Xrecos ms)
correspondance
% sim(xreco ‘ ms) - pdata(xreco | ma’)

— Solution: Strengthen 1, dependence, but how?

20



Removing Model-Dependence

P Sim(xgen | ms) P unfold(xgen ‘ Mg, %)
P (xreco ‘ xgen) pmodel(xgen ‘ Xrecos ms)
correspondance
% sim(xreco ‘ ms) - pdata(xreco | ma’)

— Solution: Strengthen 1, dependence, but how?

1. Augment training data with simulation from different top masses

2. Estimate batch-wise m; ~ weighted-median(Mjl]?thCh) on reco level

21



Removing Model-Dependence!

Train with full CMS simulation with
m, = [172.5 GeV, 169.5 GeV, 175.5 GeV]

Test by unfolding simulation with

m,=171.5 GeV & 173.5 GeV

Unfolded distribution of triple jet mass within
0(1%) of truth gen level without bias

Normalized
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Removing Model-Dependence!

0.061 m, =173.5 GeV gen
Train with full CMS simulation with T oou unfolded
m, = [172.5 GeV, 169.5 GeV, 175.5 GeV] T'és rec
S 0.02
Test by unfolding simulation with <. /fk
m,=171.5 GeV & 173.5 GeV -

Unfolded distribution of triple jet mass within
0(1%) of truth gen level without bias

0 ML task becomes much harder

23



Removing Model-Dependence!

0 ML task becomes much harder
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https://arxiv.org/pdf/2310.07752

Mass Measurement

For a fixed top mass:

Choose subset of test data of 41000 reco
level events

Unfolded 1000 bootstrapped replicas

Estimate covariance matrix and mean by
1000 different unfolded distributions
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Mass Measurement

For a fixed top mass:

Choose subset of test data of 41000 reco
level events

Unfolded 1000 bootstrapped replicas

Estimate covariance matrix and mean by
1000 different unfolded distributions
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Mass Measurement

S I
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— Reliably unfold triple jet mass without bias
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Mass Measurement

—
9)
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— Reliably unfold triple jet mass without bias
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Mass Measurement

For a fixed top mass:

Choose subset of test data of 41000 reco
level events

Unfolded 1000 bootstrapped replicas

Estimate covariance matrix and mean by
1000 different unfolded distributions
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Mass Measurement
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Full Phase Space Unfolding (12d
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Full Phase Space Unfolding (12d) - Correlations
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And now what?

Generative machine learning allows for unbinned,
high dimensional unfolding

Unbiased networks can enhance precision in e.g.
top mass measurement

Crucial step to build generative unfolding into
existing LHC analysis

Proposal of analysis pipeline:

1. Event Selection

2. Jet calibration

3. Unfold subset

4. Measure top mass

5. Resimulate

6. Unfold full phasespace
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And now what?

Generative machine learning allows for unbinned, Proposal of analysis pipeline:

high dimensional unfolding - o
. Event Selection

. Jet calibration
. Unfold subset

1
Unbiased networks can enhance precision in e.g. 2
3
4. Measure top mass
)
6

top mass measurement

. Resimulate

Crucial step to build generative unfolding into
. Unfold full phasespace

existing LHC analysis

" ¢ there any questions?
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