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How to fully take advantage of AI/ML in physics studies for the EIC? 
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EIC analyses should be based on rigorous benchmarking  that allows for quantitative comparison of different approaches. 

In our DVES example: 

Ø Physics Benchmarks
• number and type of CFFs  

• Q2 dependence of the cross section and observables:  kinematic terms, PQCD evolution (LO, NLO, NNLO), and dynamical 
beyond LO terms (higher twists)

Ø Machine Learning Benchmarks
• ML architectures hyperparameters (number of layers,

size of hidden nodes, activation functions, drop-out
rates, loss functions, gradient descent methods) 

• Features specific to data-centric analysis (feature selection and transformation,
data augmentation, data synthetics, and data cleansing) 

• Uncertainty Quantification 

• Inherent statistical fluctuations in physics (statistic)
• Errors inherent from measurement system (systematic)
• Errors in ML models
• Errors in the training procedure

For the EIC community: A rigorous benchmarking process

From by Simone,a Liu0  (UVa)



Monte Carlo Event Generators
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Ben Nachman (LBNL) – Towards a differential parton shower
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As a first test, we show 
how this can be used 
to extract the strong 
coupling constant.

All of these samples 
have the same 

random numbers!
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Figure 2: The Discrete QCD parton shower algorithm can be re-interpreted as a one-
dimensional random walk, since 3 the baseline of the folded structure carries all necessary
information. The “grove-like” baseline structure can A be generated by a heavily con-
strained two-dimensional random walk. Due to the low fractal dimension of the grove
structure, a one-dimensional random-walk algorithm B is equally viable. For B , the no-
tation n/nmax indicates that option n was picked out of nmax choices. The two-particle
invariants (ln(sij)) can be read o↵ by following the path from particle i to particle j, and
skipping segments whose colour was created and reabsorbed along the way (e.g. skipping
the pink segments when calculating the invariant mass of the green and blue gluon tips).

showers, which rely on sampling the no-emission probability � with the “veto algorithm”.

Once an e↵ective gluon has been selected, new triangles are folded out of the parent

region. E↵ective gluon positions in this fold are again quantised into tiles of dimensions

�yg ⇥2�yg, as illustrated by the upper left part of Fig. 2. However, a simpler interpretation

is possible since the height and the y�range of each fold are redundant: All information

necessary to calculate momentum invariants sij can be read o↵ the baseline of the folded

triangle structure, shown in the lower left part of Fig. 2. We will call a specific baseline

structure a “grove”. The shortest distance (along the baseline) between two “tips” i and

j can be shown to equal ln(sij/⇤2). Together with the knowledge of the overall centre-of-

mass energy and uniformly sampled azimuthal decay angles �, this information is su�cient

to construct post-decay kinematics.

The Discrete QCD algorithm allows a simple method to produce groves with correct

rates. However, there are many ways to create the grove structures apart from the Discrete

QCD algorithm. One example is shown in the lower right part of Fig. 2. Since the grove

structure is contained in a triangular region smaller than the original background triangle,

– 6 –
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Full parton shower is a bit tricky since 
variable (unbounded) number of random 
numbers.  Let’s start with “Discrete QCD” 

where the number is fixed.
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Figure 1: The phase space of e↵ective gluon emission is discrete, since 1 gluons within a
rapidity region �yg act coherently due to running-coupling e↵ects. The  (or equivalently
the k

2
?) dimension is also quantised, since 2 additional phase space folds opening due to

gluon emission are quantised in units of �yg. See main text for more details.

choice of an evolution variable t, and c) the choice of a momentum mapping sij , sjk $ t, ⇠

which determines the relations between pre-and post-decay momenta.

It is worth noting that all conventional state-of-the-art parton showers use slight vari-

ations of a single algorithm – the “veto algorithm” – to solve Eq. 2.2 numerically. This

algorithm treats the variables t and ⇠ as continuous degrees of freedom. It is thus unsuit-

able for (current) quantum devices. The following section will develop other algorithmic

solutions of Eq. 2.2, guided by keeping in mind the feasibility of NISQ devices.

2.1 Reinterpreting classical parton shower algorithms as random walks

This section extends the classical shower algorithm toolbox by performing several abstrac-

tions of the features of dipole showers. We are led to conclude that the showering process

can be described by creating and sampling from a fixed set of primitive fractal structures,

followed by a translation of the chosen primitive structure into scattering event momenta.

The first step has an elegant implementation on intermediate-scale quantum devices.

The first abstraction to consider is removing the independent treatment of decay prob-

ability and momentum-space integration by absorbing the non-uniform probability density

in Eq. 2.1 into the integration measure. This can be obtained by choosing a phase-space

parametrisation in terms of the gluon’s transverse momentum,

k
2
? =

sijsjk

sIK
and rapidity y =

1

2
ln

✓
sij

sjk

◆
, (2.4)

which leads to

dP (q(pI)q̄(pK) ! q(pi)g(pj)q̄(pk)) '=
C↵s

⇡
ddy with  = ln

�
k

2
?/⇤2)

�
, (2.5)

where ⇤2 is an arbitrary mass scale. Within this phase space parametrisation, allowed

dipole decays are constrained to a triangular region of height L = ln(sIK/⇤2) in the (y, )-

plane, as illustrated by the left-hand panel of Fig. 1. Due to the colour charge of an emitted
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Tony Menzo (Cincinnati) – Modeling Hadronization using ML
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Andrzej Siódmok (Jagiellonian) – Modeling Hadronization Using ML and the
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5th Inter-experiment Machine Learning Workshop

2nd Workshop on AI4EIC 2022            Andrzej Siódmok

5th Inter-experiment Machine Learning Workshop

2nd Workshop on AI4EIC 2022            Andrzej Siódmok

Summary and Outlook

● We presented first step on the path towards a neural network-based hadronization model

● We emulated cluster hadronization model from Herwig with a GAN (HADML)

● HADML is designed to reproduce the two-body decay of clusters into pions

● The kinematic properties of other hadrons are emulated using 

the pion model and conservation of energy.

● HADML is able to reproduce Herwig’s light cluster decays 

● Integrated with the full Herwig simulation is able to reproduce results from LEP data
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Summary

Outlook
● The ultimate goal of is to train the ML model directly on data to improve hadronization models
● Number of technical and methodological step needed:

➔ Directly accommodate multiple hadron species with their relative probabilities
➔ Heavy cluster decays 
➔ Hyperparameter optimization, including the investigation of alternative generative models
➔ Methodological innovation is required to explore how to tune the model to data
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Experimental-Theoretical Workflows
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Astrid Hiller-Blin (Tübingen & Regensburg) – A(I)DAPT

� We created GAN event generators for:

� DIS — closure test of an unfolding architecture for the first time;
� CLAS data — captured intricate detector acceptance behavior and multi-particle correlations.

Summary and future

� We are currently analysing:
�

� – unfolding of CLAS data to extract physics at vertex level;
– information from hidden layers;

� – uncertainty quantification metrics and physics validation.

� In future, these benchmarks will allow for

– powerful minimum-bias interpolation tools;
� – physics extraction and amplitude analysis from synthetic vertex-level data.

12Astrid N. Hiller Blin                AI4EIC                October 11, 2022
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A(I)DAPT := AI for Data Analysis and PreservaTion



Nobuo Sato (JLab) – Femtoscale Imaging of Nuclei using ML and Exascale
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Summary
Pia Zurita (University of Regensburg
Markus Diefenthaler (Jefferson Lab)

D. Geesaman (NSAC) “It will be joint progress of theory and 
experiment that moves us forward, not in one side alone”

• We have ideas for new workflows on how to connect 
experiment and theory be=er. 

• We have ML approaches for how to accelerate and 
improve simulaAons. 

Ben Nachman (LBNL) on Differen9able Simula9ons
• Thinking of our simula0ons as differen0able is a new and 

powerful paradigm. 
• We can do op0mal inference and run our codes on 

accelerators “for free”. 
Bo=leneck, as usual: Lack of open data from experiments 


