Post talk comments



Comments

* Generally seemed positive.

* Main comments from Jake:
* Consider dividing templates into energies too.

* Some magic about the energy slice which might skip
unfolding.

* Potentially some confusion about MC/data
discrepancies, still communicating.

 Started looking through tech note, still trying to
understand the fit minimisation

* Planning to chat with Jake soon



Fitting discussion



Fitting method

* The fit uses (python) Minuit’s template fit, using
Dembinski and Abdelmotteleb method.

* D. and As method approximates the Beeston-
Barlow method.

* Henceforth, will discuss pure Beeston-Barlow, trusting
the D. and A. method is sensible

* Methods can also deal with weighting the MC
templates (no longer integer)

e Currently only considering unweighted templates


https://scikit-hep.org/iminuit/notebooks/template_fits.html
https://doi.org/10.1140/epjc/s10052-022-11019-z
https://doi.org/10.1016/0010-4655(93)90005-W
https://doi.org/10.1016/0010-4655(93)90005-W

Fitting method

* Example fit — 2 bins, 2 channels MC

* MC sample has counts (8, 5)°, (3,5)°. 444

* Data has counts (6, 5) < Ew
g e 280
2ofBB Note: A" " = N"* — 4, 1 , Bin

 Compare data:

NP .., NP
¢ 6~WP /11 +WPO/1(1)

NP ., NP
e 5 NWP /12 +WPO/18

* We want data yields NP P?, NP p°

Count



https://doi.org/10.1016/0010-4655(93)90005-W

One data histogram to be fit (for multiple data
histograms, combine multiple cost_func instances).

Cod e Shape: (N,, Ny, Np, Np)
For: N, energy bins,
N, score bins
3 scores considered

cost.Template(

d hist .« Histogram bin edges:
B ’ e (No+1) + (Np+1,)*3
generator.bin_edges,
o Labels for ID,

templates ) /_)Nlabels _ temps
=generator.labels)

cost func

List of NY®MPS histograms as templates. There will

be NY€MPS yie|ds given by the fit, one for each
templates

Shape: [(N,, N, N, N},)] * Nt€mPps

(Each template has the same shape as the data
histogram, but there are NMPS jn the list)



Fitting options

* 2D histogram displays the total count of events as a
function of energy and underlying process.

* Each of these points 1600 e 05- CEX. Pion

contains one
(Np, Ny, Np,) histogram.

Distribution (template) from this bin
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Fitting options — current

* Current idea, do N, separate fits, each to one data
histogram, shape (Ny, Ny, Np).

* For each bin, get 3 templates. 4. CEXx. Pion

* For each bin, the templates
are the three on the 3400
corresponding row of this

histogram. /ﬂ

1 set of fit templates is one 3000
row of this histogram.

Each row of the histogram is
fitted to unique, non- Jeo0
overlapping data histograms
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Fitting options — free-for-all

* A valid (but poor) fitting option would be to do one
fit to all data (N, Ny, N3), where each energy and
process gets its own template.

3600

Abs. CEx. Pion

* 3 X N, templates total,
each (NbJNb’Nb)

Each point is passed as a
(Ny, Np, Np) template.
Fit to one data histogram
which includes all energies.
Fit predicts a count for each
template.

Energy/MeV
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Fitting options — energy fixed

* An attempt at simultaneous energy fitting could

use one data histogram, which includes energy

bins: (Ne, Nb' Nb' Nb)
e 3 templates total,

each (Ne’Nb'Nb'Nb) 3400

* Bad, since this doesn’t
allow the energy shape
to change

Abs. CEx. Pion

3600

3000

Energy/MeV

2800

Relative fractions of events
fixed in by templates — bad!
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Fitting options — energy binned

* Use one data histogram, including energy bins:
(N,, Ny, Ny, Np). But separate templates for each
energy bin.

Extract template

* 3 X N, templates total, Einned:‘ energy,
ut with only
each (Ne’Nb’Nb’Nb) g‘i’

one non-zero
bin.

e Each template has
non-zero values in exactly

0.5 1.0 15 2.0 2.5
Underlying process index

one of the indices across - Each process is then
the first dimension (N,). 1"

Energy/MeV
s

given as its own
zaooi template, for 3 X Ne

~~_ total.

—
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Energy binned vs. separate fits

* Use 50% MC as template, 50% as “data”.
* Not done any energy weighting.

* Performed current fit (separate fits for each energy)

* Perform the energy binned (final option
mentioned).

* Investigated the difference between the two:
Current — E. binned Current / E. binned - 1

100
3400 075
] 050
32004
1 0.25
00000 0.00

00000

Energy/MeV

0.5 10 15 2.0 25
Underlying process index



Other options — energy unfolding

* In the energy fitting method, templates are picked
by the same binning as the y-axis

* |n this case, beam instrumentation energy
rather than interaction energy.

* The histogram could be produced
from MC truth interaction

energy, but split into
templates via reco.
Interaction energy

3000
(o))
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Underlying process index

~ “Artistic
\\ representation” of
binning in reco.

energy, but selecting
in MC true energy

Energy/MeV
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Other options — using the
nuisances

* The fit must produce nuisances per bin of the fit for
each template.

* In principle, we could try to Abs. CEx. pion
extract these and
“manually” reconstruct 3400

the energy binning
D
s
%3000
: c
Extract nuisances to I
reconstruct shape. Probably

possible, but definitely
complicated... (e.g.
correlations between overall

d h . 0.0 0.5 1.0 1.5 2.0 2.5 3.0
norm and the nuisances) Underlying process index




PFO count variation - comparison

* Plots compare all MC events (not split by true process) vs. data

events.

1 PFO in event scores
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Particle content

 MC vs. data discrepancy could be caused by mismodelling of
the species expected from nuclear events.

« Use a simple BDT (same BDT used for PID in the full network)
to estimate proportions of particles in MC vs. data.

[ Photon (data)

r BDT classification count (solid) vs. back-
tracked classification count (dashed)
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PFOs in bin, normed to total PFO count

Rewelighting events
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PFOs in bin, normed to total PFO count
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After weighting

If the re-weighting accounts to
the MC/data discrepancy, the 5]
MC/reweighted difference

should match the MC/data 0 Hensoe P
difference.
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M(AEupsrream) (MeV)
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Upstream correction
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