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Experimentalist’s problem

Estimate likelihood:

px(x[6o)

AP0 = (i)

xeD

where 6 are theory parameters, x is high-dimensional, px intractable.
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Outline

® Machine learning in a Higgs analysis we've published.

® Focus on: ML reweighting (transforming distribution A to B).
® Explain ML reweighting with Calibrated Discriminative Classifiers (carl).

® How does ML reweighting apply to my current Higgs physics work?

® Better theory modelling of Higgs production.
® Machine learning unfolding.
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Higgs 10 years after discovery

® Figure: combination of all ATLAS production x-section measurements.

® Focus on: H—~~ decay channel. and tH production.
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T. Carter, M Heath, V. Martin, P. Clark, LM, ATLAS, Nature 607, pages 52-59
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Machine learning for tH

e S vs B Classification
® Adversarial neural network

e S Classification
[ )

® Fully connected neural nets
® Feature engineering

® Modelling uncertainties
® Machine Learning (ML) reweighting
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ML reweighting: tH

Theory modelling uncertainties:
e Question: impact on your result, if you use model B instead of model A?

® Needs answering after detector simulation and reconstruction.

Problem: prohibitive computing resource requirements.
® |dea: find weights at parton (/particle) level, such that weighted A ~ B.

¢ q

H

(a) 4-flavour event generation. (b)  5-flavour event generation.

Figure: M Heath’s thesis, https://cds.cern.ch/record /2801233
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https://cds.cern.ch/record/2801233

Reweigh: analytical probability, 1D
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https://github.com/lmijovic/carl-torch
https://github.com/leonoravesterbacka/carl-torch

Reweigh: no analytical probability

w(x) = p1(x) o 0A8ETTTTTTTTTI T T A A AR e
Po (X) 2 016 target ]
S 14F e ref, x2/NDF=1090.43 ]
e |dea2: estimate w; for each bin i. & ;.0 E
c C |
g or E
e |dea3: discriminant classifier s O ]
. L 0.08 —
trained for pgy vs pi: o0sE. E
( ) 1-— D(X) 0.041 =
w(x) = ———~> E E
D(X) 0.02E ]
ok ole [
= —4 4 5
X

Idea3 from Cranmer et al, arXiv:1506.02169, https://github.com/Imijovic/carl-torch,
forked from https://github.com/leonoravesterbacka/carl-torch 8/ 18


https://arxiv.org/abs/1506.02169
https://github.com/lmijovic/carl-torch
https://github.com/leonoravesterbacka/carl-torch

Idea3 in practice

e Train DNN classifier to discriminate p0 and pl
e Construct & deploy weight from the discriminant (right fig).

e |eft fig: 2nd classifier trying to discriminate between pl vs ( ) p0?
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https://github.com/lmijovic/carl-torch
https://github.com/leonoravesterbacka/carl-torch

No analytical probability, multi-D

® |dea2:
estimate w; for each bin i:
multi-D histograms

® |dea3:

_1-D(x)
w(x) = b(x)
multi-D reweighting — 1D
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Did we loose any information?

Want to estimate likelihood:

Px

D 90791

Performed: D : x — U

Cranmer et al [arXiv1506.02169]: (2) is strictly equivalent to (1):

Pu u = s(x)|0o)
U = 5 ‘61)

N(D; 6, 6,) =
XED

if s is strictly monotonic with px(x|fo)
px(x|01)
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https://arxiv.org/pdf/1506.02169

Notes on DNN reweighting

e Further, Cranmer et al [arXiv1506.02169] have shown that
D : x — U through supervised learning satisfies the strictly monotonic criterion.

Useful to keep in mind:

® could use other mapping, rather than DNN.

® |dea2 of estimating p1(x)/po(x) could be realised with generative ML, used in
modern reweighting techniques.

® Could calibrate the discriminant, and the likelihood estimate would remain
equivalent to (1). Ubiquitous in ML reweighting.
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https://arxiv.org/pdf/1506.02169

DNN reweighting for tH

® Train DNN classifier to discriminate 4fl and 5fl tH

e Construct & deploy weight from the discriminant (right fig).

e |eft fig: can discriminate distribution resampled acc to w (orange)?
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https://cds.cern.ch/record/2801233

DNN reweighting limitation

ATLAS Simulation, Work in Progress
2107 cut
[
b
5
. c
® |arge spread of weights. £ 102
g
® Degrades statistical *
power. 103 ]
104 4
103
- -1 0 1

log10(CARL weight)

14/ 18



ML reweighting: ongoing work*

® Main constraint on Higgs physics
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*With Victoria Martin & students. Figure from Andersen, Cockburn, Heil, Maier, Smilie arXiv:1812.08072 ]_5/ 18


https://arxiv.org/abs/1812.08072

ML reweighting: ongoing work*

® Qutcome of LHC data
measurements:
unfolded distributions, corrected
for detector effects.

o
o
o

T T
ATLAS H—-yy, {s=13TeV, 139 fb"

-¢- Data, tot. unc. Syst. unc.
B gg—H default MC + XH

v gg—H Sherpa+MCFM+OpenLoops + XH
== XH = VBF+VH+ttH+bbH+tH

o

o

@
T

doy, / dm [fb/GeV]
2

NPV
ets = By

[d
o
]

Pdet (X) — Rpparticle(x) )

0.01 B
where:
— ob bl s 9 1 —
x = observable, eg. mj;, g s
R = detector response matrix. 2 2 )
T . g  S— - —
® Problem: limits information. o ! | '
0 . L i
0 120 450 3000 13000

my [GeV]

*With Victoria Martin, Alex Sopio, Quaratulain Zahoor. Figure arXiv:2202.00487 16/ 18


https://arxiv.org/pdf/2202.00487

ML unfolding

e Current:

Pdet (X) - Rpparticle(x) s

where x = observable (low-dim)
® Q: How would we achieve: x = full event kinematics (high-dim)?
e Al: weighting with calibrated discriminant classifier (D : x — U).
® A2: generative algorithm mapping pget — Pparticle-

pparticle(x) ' , , , ' ' pde't(x)y
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Summary

When you need to estimate a ratio of probability distributions, you could:

¢ |deal: calculate it analytically.
Not applicable to high energy physics experimental data analysis, as px
intractable.

¢ ldea2: estimate w; = p;(X;)/po(X;) for each bin i.
Not applicable to HEP-ex as x is high-dimensional.

¢ |dea3: use classifier discriminant D : X — 1D; p1/p0 = (1 — D(x))/D(x).
Old idea from [Cranmer et al] (CARL), still getting plenty use & development.
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https://arxiv.org/pdf/1506.02169

