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2H1 @ HERA

H1 was one of two multipurpose experiments at HERA.  



3H1 @ HERA

H1 was one of two multipurpose experiments at HERA.  

For this talk: 2006-2007 data, 136 pb-1, 320 GeV

I’ll present a measurement 
of the electron-jet inbalance

Jetp
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4Why electron-jet imbalance?

Born-level configuration, electron and jet are back-to-back

Typically, jets are studied in 
the Breit frame, where the 
Born-level configuration is 

discarded

However, jet production in the 
lab frame can be useful for 

probing Transverse Momentum 
Dependent (TMD) Parton 

Distribution Functions (PDFs)
See e.g. Lieu et al. PRL (2019) 192003; 
Gutierrez et al. PRL (2018) 162001



5Jets at H1

Energy flow algorithm (HFS) 
combines information from 
tracker and calorimeters

Neural network-based 
energy regression

1% jet energy scale 
uncertainty; 0.5-1% lepton 
energy scale uncertainty27.6 GeV positron

920 GeV proton
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7Jets at H1

Energy flow algorithm (HFS) 
combines information from 
tracker and calorimeters

Neural network-based 
energy regression

1% jet energy scale 
uncertainty; 0.5-1% lepton 
energy scale uncertainty

Challenge: unfold multidimensional phase space

Solution: use deep learning!

…can do unbinned, high (and 
variable-)dimensional unfolding



8Unfold by iterating: OmniFold
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Detector effects are 
simulated with 

Geant3 + H1 custom 
simulation code
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Our default simulations 
use RAPGAP and DJANGOH
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20Unfold by iterating: OmniFold

OmniFold is:
- Unbinned
- Maximum likelihood
- Full phase space (compute observables post-facto)
- Improves the resolution from auxiliary features
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21Unfold by iterating: OmniFold

OmniFold is:
- Unbinned
- Maximum likelihood
- Full phase space (compute observables post-facto)
- Improves the resolution from auxiliary features

In this measurement: simultaneously unfold 
lepton and jet kinematics and report binned 

spectra for jet pT, Δɸ, qT/Q, and jet η
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Neural networks are 
naturally unbinned and 
readily process high-

dimensional data. 
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24Classification for reweighting

Neural networks are 
naturally unbinned and 
readily process high-

dimensional data. 

We use a trick whereby 
classifiers can be 

repurposed as reweighters

p1(x)
p0(x)

≈
NN(x)

1 − NN(x)

Classifier (NN) 
trained to distinguish 
data sampled from p1 

versus p0.



25Classification for reweighting

Neural networks are 
naturally unbinned and 
readily process high-

dimensional data. 

N.B. the distribution is 
binned for illustration, but the 

reweighting is unbinned. 

p
s = 319 GeV

<latexit sha1_base64="6oZa+gRYnrmADg8aE1LHQznmIqo=">AAAB+3icbVBNS8NAEN34WetXrEcvi63gqSTtQT0IRQ96rGA/oA1ls922SzebuDsRS8hf8eJBEa/+EW/+G7dtDtr6YODx3gwz8/xIcA2O822trK6tb2zmtvLbO7t7+/ZBoanDWFHWoKEIVdsnmgkuWQM4CNaOFCOBL1jLH19P/dYjU5qH8h4mEfMCMpR8wCkBI/XsQqmrHxQkOr2suhclfMOaPbvolJ0Z8DJxM1JEGeo9+6vbD2kcMAlUEK07rhOBlxAFnAqW5ruxZhGhYzJkHUMlCZj2ktntKT4xSh8PQmVKAp6pvycSEmg9CXzTGRAY6UVvKv7ndWIYnHsJl1EMTNL5okEsMIR4GgTuc8UoiIkhhCpubsV0RBShYOLKmxDcxZeXSbNSdqvlyl2lWLvK4sihI3SMTpGLzlAN3aI6aiCKntAzekVvVmq9WO/Wx7x1xcpmDtEfWJ8/Kr2TNg==</latexit>

e→←p

We use a trick whereby 
classifiers can be 

repurposed as reweighters



26Classification for reweighting

All of these distributions are simultaneously reweighted!



27Unfold by iterating: OmniFold
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28OmniFolding ep simulations

We see excellent closure for the full phase space!



29Results

DESY 21-130, ISSN 0418-9833

Measurement of lepton-jet correlation in deep-inelastic scattering

with the H1 detector using machine learning for unfolding

H1 Collaboration⇤

(To be submitted to Physical Review Letters)
(Dated: August 30, 2021)

The first measurement of lepton-jet momentum imbalance and azimuthal correlation in lepton-
proton scattering at high momentum transfer is presented. These data, taken with the H1 de-
tector at HERA, are corrected for detector effects using an unbinned machine learning algorithm
(OmniFold), which considers eight observables simultaneously in this first application. The un-
folded cross sections are compared to calculations performed within the context of collinear or
transverse-momentum-dependent (TMD) factorization in Quantum Chromodynamics (QCD) as well
as Monte Carlo event generators. The measurement probes a wide range of QCD phenomena, in-
cluding TMD parton distribution functions and their evolution with energy in so far unexplored
kinematic regions.

Introduction. Studies of jets produced in high energy
scattering experiments have played a crucial role in es-
tablishing Quantum Chromodynamics (QCD) as the fun-
damental theory underlying the strong nuclear force [1].
During the current era of the Large Hadron Collider
(LHC), experimental, theoretical, and statistical advances
have ushered in a new era of precision QCD studies with
jets [2, 3] and their substructure [4, 5].

These innovations motivate new measurements of
hadronic final states in deep inelastic scattering (DIS) at
the HERA collider. DIS measurements provide high pre-
cision to study jets, because of the minimal backgrounds
from the ep initial state and the excellent segmentation,
energy resolution, and calibration of the HERA experi-
ments.

In the DIS Born level limit, a virtual photon is ex-
changed with a quark inside the proton to create a back-
to-back topology between the lepton and the resulting
jet(s) as shown in Fig. 1. The Born level limit repre-
sented a background for most jet measurements by H1 [6–
16] and ZEUS [17–24], which targeted higher-order QCD
processes [25]. While the one jet final state has been stud-
ied inclusively in terms of the scattered lepton kinematics
to determine proton structure functions [26–30], the im-
mense potential of the jet kinematics in this channel is
only now being realized.

For example, single jet production has been proposed as
a key channel for extracting quark transverse-momentum-
dependent (TMD) parton distribution functions (PDFs)
and fragmentation functions (FFs) [31–41]. In particu-
lar, measurements of back-to-back lepton-jet production
e+p ! e+jet+X provide sensitivity to TMD PDFs in the
limit when the imbalance qjet

T = |~p e
T + ~p jet

T | of the trans-

verse momentum of the scattered lepton (p e
T) and the jet

(p jet
T ) is relatively small (qjet

T ⌧ p e
T ⇠ p jet

T ) [34]. This cor-
responds to a small deviation from ⇡ in azimuthal angle
between the lepton and jet axes (��jet

⌘ |⇡�(�e
��jet)|)

in the transverse plane. TMD PDFs are an essential in-
gredient for the quantum tomography of the proton that
probes the origin of its spin, mass, size, and other prop-
erties.

Figure 1. A display of the H1 tracker and calorimeter detec-
tors, showing a DIS event with approximate Born kinematics,
eq ! eq, which yields an lepton and a jet in a back-to-back
topology perpendicular to the beam axis.

The energy dependence of TMD PDFs can also probe
unexplored aspects of QCD as they follow a more complex
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13

��jet 1/�jetd�/d��jet �stat. �tot. �QED �HFS(jet) �HFS(other) �HFS(�) �Lepton(E) �Lepton(�) �Closure had cor. �had.

0.03 5.93 0.05 0.30 0.00 0.00 0.01 0.01 0.07 0.01 0.16 0.98 0.01
0.077 3.622 0.003 0.123 0.016 0.004 0.013 0.019 0.036 0.011 0.091 0.973 0.030
0.14 2.03 0.02 0.05 0.02 0.00 0.00 0.00 0.04 0.00 0.00 0.98 0.02
0.26 1.02 0.01 0.02 0.01 0.00 0.00 0.00 0.00 0.00 0.01 1.02 0.00
0.440 0.431 0.004 0.022 0.001 0.001 0.001 0.005 0.009 0.002 0.014 1.053 0.029
0.741 0.161 0.002 0.007 0.003 0.000 0.000 0.001 0.002 0.000 0.006 1.074 0.004
1.2343 0.0640 0.0007 0.0013 0.0006 0.0007 0.0003 0.0001 0.0007 0.0000 0.0003 1.0594 0.0139

Table IV. Numerical data on normalized inclusive jet cross sections 1/�jetd�/d��jet as a function of the lepton-jet azimuthal
angular difference ��jet. Further details are specified in table I.

Figure 3. The uncertainty breakdown per observable.

Results



31

Excellent agreement with fixed order at high qT, 
excellent agreement with TMD prediction at low qT.
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Figure 2. Measured cross sections, normalized to the inclusive jet production cross section, as a function of the jet transverse
momentum (top left) and jet pseudorapidity (top right), lepton-jet momentum balance (qjet

T
/Q) (lower left), and lepton-jet

azimuthal angle correlation (��jet) (lower right). Predictions obtained with the pQCD (corrected by hadronization effects,
“NP”) are shown as well. Predictions obtained with the TMD framework are shown for the qjet

T
/Q and ��jet cross sections. At

the bottom, the ratio between predictions and the data are shown. The gray bands represent the total systematic uncertainty
of the data; the bars represent the statistical uncertainty of the data, which is typically smaller than the marker size. The error
bar on the NNLO calculation represents scale, PDF, and hadronization uncertainties. The statistical uncertainties on the MC
predictions are smaller than the markers.
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Parton shower Monte Carlo programs also provide 
excellent agreement with the data across the spectra.
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Figure 2. Measured cross sections, normalized to the inclusive jet production cross section, as a function of the jet transverse
momentum (top left) and jet pseudorapidity (top right), lepton-jet momentum balance (qjet

T
/Q) (lower left), and lepton-jet

azimuthal angle correlation (��jet) (lower right). Predictions obtained with the pQCD (corrected by hadronization effects,
“NP”) are shown as well. Predictions obtained with the TMD framework are shown for the qjet

T
/Q and ��jet cross sections. At

the bottom, the ratio between predictions and the data are shown. The gray bands represent the total systematic uncertainty
of the data; the bars represent the statistical uncertainty of the data, which is typically smaller than the marker size. The error
bar on the NNLO calculation represents scale, PDF, and hadronization uncertainties. The statistical uncertainties on the MC
predictions are smaller than the markers.
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Figure 4. The statistical uncertainty correlation matrix for all measurements combined computed with 100 bootstraps of the
data.

Simultaneous for free! 
(binning is for illustration)
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Abstract: Machine learning tools have empowered a qualitatively new way to perform

di↵erential cross section measurements whereby the data are unbinned, possibly in many

dimensions. Unbinned measurements can enable, improve, or at least simplify comparisons

between experiments and with theoretical predictions. Furthermore, many-dimensional

measurements can be used to define observables after the measurement instead of before.

There is currently no community standard for publishing unbinned data. While there are

also essentially no measurements of this type public, unbinned measurements are expected

in the near future given recent methodological advances. The purpose of this paper is to

propose a scheme for presenting and using unbinned results, which can hopefully form the

basis for a community standard to allow for integration into analysis workflows. This is

foreseen to be the start of an evolving community dialogue, in order to accommodate future

developments in this field that is rapidly evolving.

2109.13243

Publishing unbinned 
measurements is tricky - 

we have started a 
conversation about this in 
a paper from last week.  

Feedback is most 
welcome!
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This is the start of an exciting 
program to advance our study 
of QCD into higher dimensions

Today, I have presented 
the first ML-based 

unfolding with collider data

This particular measurement has important constraining 
power for TMD PDFs and provides important input to 

planning and design for the future EIC
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N.B. if you just apply 
p(ideal | measured), you 
would have gotten the 

wrong answer!


