Supplementary Material

This supplement provides further details about how to use the unbinned OMNIFoLD measurement that is
presented in the Letter. The datasets are publicly available via Refs. [93, 94] along with Jupyter notebooks
that provide detailed examples of how to use the results, including obtaining the measured cross sections,
covariance matrices, and plots of differential cross sections and the uncertainty breakdown.

1 Description of the datasets

The published datasets are event samples formatted as Pandas DataFrames with a total size of about 5 GB.
Each event contains the 24 kinematic particle-level observables and a series of event weights. All weights
have femtobarn units such that summing them for a given kinematic region produces the corresponding
fiducial cross section. There is a nominal event weight (weights_nominal) that provides the central value
of the measurement, and a long list of weights that each correspond to the uncertainty variations.

The repository includes the following notebooks:

1. ATLAS_Zjets_MultiFold_Basics.ipynb, which provides instructions for initial setup and an
overview of the content and basic usage of the datasets;

2. ATLAS_Zjets_MultiFold_PseudoResults.ipynb, which shows how to use the measurement of
the pseudo-data and its target distribution that can be used for analysis validation; and

3. ATLAS_Zjets_MultiFold_Results.ipynb, which shows how to use the measurement based on
actual data, including how to reproduce the plots shown in the Letter.

2 Usage recommendations

As detailed in the paper, the unbinned measurements were validated both in the full phase space
( p%” > 200 GeV) and in various kinematic sub-regions. In these regions, a series of binned differential
cross sections were studied, both for the 24 directly measured observables and additional observables
derived as a function of the 24, such as m;, Ay;; and AR({¢, j1). When using these results, the following
guidance is recommended:

1. Jet pt threshold
When studying jet observables, a jet pt threshold should be applied of at least 5 GeV. For example,
if plotting AR(¢¢, ji), which relies on the leading jet, a requirement should be placed on the leading
jet pr, and for m; ;, pt requirements should be applied to both jets.

2. Sufficient Monte Carlo statistical precision
Each bin should contain a minimum of 5,000 effective events defined by n.g = (Z‘,iwi)2 / Ziw?. This
ensures that the bin has sufficient statistical precision, which is important for stabilizing the bin
uncertainties.
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3. Sufficient data statistical precision

Each bin should further have a data statistical uncertainty smaller than 15%, which ensures that the
kinematic region probed has sufficient support by the data. This criterion is most likely fulfilled
when n.g > 5,000.

4. Validation using the pseudo-measurement

Any analysis should always be checked using the pseudo-measurement against the target, to ensure a
reliable result is obtained before drawing any conclusion based on the measurement with real data.
Examples of such tests are performed in ATLAS_Zjets_MultiFold_PseudoResults.ipynb.

The tests performed as part of the example code is a standard, binned y? compatibility test between the
pseudo-measurement and the target. The key step of this procedure is to construct the measurement
covariance matrix that encodes the correlation between bins. The y? and associated p-value are then
obtained with a few lines of code that performs matrix operations. The outcome of these tests will
depend on the assumed correlation model as discussed in the next bullet.

5. Alternative treatment of uncertainty correlation

The default recommended procedure is to treat each systematic uncertainty component as fully
correlated across bins. However, this might not be ideal for two-point systematic uncertainties,
for which the internal uncertainty correlation is not known. Certain regions of phase space have
dominant uncertainty from the two unfolding systematic uncertainty sources, which both are two-point
systematic uncertainties. This can in particular be an issue when using m >, where the uncertainty
amplitude has a strong shape dependence, and a switch in sign in the middle of the distribution. In
cases like this, poor p-values may sometimes result from assuming bins are fully correlated.

In these cases, other correlation models may be used. As the true correlation model is not known, any
correlation assumption must be tested on the pseudodata before it can be used to extract information
from the actual data. If few bins are used, one can treat the bins as fully uncorrelated for this
uncertainty component. For instance, if four bins are used, the systematic uncertainty can be split
into four components (‘nuisance parameters’). More sophisticated decorrelation schemes could be
explored for which each uncertainty component has a smooth uncertainty amplitude spanning the
full range where at any point (i.e. for any bin) this uncertainty adds in quadrature to match the total
uncertainty of the two-point systematics.

3 Extracting particle-level results

The notebook titled ATLAS_Zjets_MultiFold_Results.ipynb can be used to not only reproduce the
results shown in the Letter, but also to create a variety of other distributions. The default binning choice
used in the paper is implemented in multifold_util.py. The first part of this notebook is dedicated
to calculating the bin uncertainties for each observable and uncertainty source. The general strategy for
calculating systematic uncertainties is displayed below:

1 # pick or loop over observables ("var") added to dataframe ("df")

5

# set binning with array bins

3 for var in variable_list:

= np.array(bins_dict[var]) # bins_dict can be modified to change binning

## the central value of the bin (fiducial) cross section

_ = np.histogram(df[var], bins=bins, weigts=df.weights_nominal)
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s ## the corresponding cross section for a systematic variation.

9 ## This applies to 22 out of the 29 uncertainty sources. "syst" below needs to be
replaced with e.g. "muonCal"
10 syst, _ = np.histogram(df[var], bins=bins, weights=df.weights_syst)

1l ## systematic fractional uncertainty amplitude of a given source ("nuisance
parameter"). To be used for e.g. covariance matrix

2 syst_lambda = (syst-nom)/nom

13 # absolute, percentage uncertainty; for plotting

14 syst_uncert = 100*np.sqrt((syst-nom)**2)/nom

Listing 1: Python pseudocode for obtaining binning and the uncertainty of a given systematic uncertainty source.

The total uncertainty and its breakdown into main categories are shown for the differential cross sections of
the 24 directly measured observables in Figure 4. The default binning choice is used, however this can
easily be modified.
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Figure 4: The total uncertainty and its breakdown into various categories of the 24 directly measured Z+jet observables
measured in this analysis.

Figure 5 shows the differential cross-section measurements, the uncertainty breakdown into various
. . . . . 1 2
categories, and the associated correlation matrices for two example variables: p# and p? .

Once the uncertainties are calculated, users can produce plots of differential cross-sections, such as those
shown in Figure 6 using code of the form:

I import matplotlib.pyplot as plt

3 # pick or loop over observables ("var") added to dataframe ("df")

4 # set binning with array bins

5 bin_centers = 0.5 * (bins[1l:] + bins[:-1])

6 bin_widths = np.array([bins[n+1] - bins[n] for n in range(len(bins)-1)])

;

s multifold_density, _, _ = plt.hist(df[var], bins=bins, density=True, weights=df.
weights_nominal, color="k", alpha=0)

9 multifold_density *= np.sum(df.weights_nominal)
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Figure 5: Measured differential cross sections along with predictions from MADGrAPH and SHERPA 2.2.11 (left), the

total measurement uncertainty and its breakdown into sources (middle), and the associated correlation matrix (right)
ul u2

for p7. (top) and p7.~ (bottom).

# run cells in notebook to compute the uncertainties dictionary, based on functions
like calculate_uncertainty

plt.errorbar(bin_centers, multifold_density, xerr=bin_widths/2, yerr=
multifold_density*uncertainties[var+"_total"]/100, label="MultiFold")

Listing 2: Python pseudocode for plotting a differential cross-section.

The binning choice can easily be modified as illustrated below, however one need to ensure to follow the
guidelines as outlined in Section 2.

bins_dict = ibu_bins # defined in demo_functions.py
bins_dict["Ntracks_trackjl"] = [0.5, 2] # example of how to modify binning for a
given variable

Listing 3: Changing bins for a particular observable

Figure 7 presents three distributions of the derived variable AR(¢¢, j) with different choices of bins.

These datasets can also be used to produce measurements of quantities that are not differential cross
sections. For instance, Figure 8 shows distributions of the average jet mass in bins of jet pr for the leading
track jet.
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Figure 6: Measured differential cross sections of the 24 Z+jet observables compared with particle-level predictions.
For display purposes, binned (marginal) distributions are shown, though the measurement itself is unbinned and
24-dimensional.
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Figure 7: Measured differential cross sections of AR(¢¢, j1) using three different bin choices. MC predictions are
only shown with statistical uncertainties.
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