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The Anatomy of a Hadron-Hadron Collision
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Figure 3: Sketch of a hadron-hadron collision as simulated by a Monte-Carlo event generator. The red
blob in the center represents the hard collision, surrounded by a tree-like structure representing
Bremsstrahlung as simulated by parton showers. The purple blob indicates a secondary hard
scattering event. Parton-to-hadron transitions are represented by light green blobs, dark
green blobs indicate hadron decays, while yellow lines signal soft photon radiation.

At hadron colliders, multiple scattering and rescattering effects arise, which must be simulated by Monte-
Carlo event generators in order to reflect the full complexity of the event structure. This will be discussed
in Sec. 5. Eventually we need to convert the full partonic final state into a set of color-neutral hadrons,
which is the topic of Sec. 6. The interplay of all these effects makes for the full simulation of hadron-hadron
collisions. This is sketched in Fig. 3.

2 The hard scattering

Event simulation in parton-shower Monte-Carlo event generators starts with the computation of the hard-
scattering cross section at some given order in perturbation theory. Traditionally, this calculation was
performed at leading order (LO), but nowadays, with next-to-leading-order (NLO) calculations completely
automated, it is often done at NLO. Computing the hard cross section at NLO requires a dedicated
matching to the parton shower, which will be discussed in Sec. 4. For now we focus on the evaluation of
the differential cross sections and the related phase-space integrals.

The basis for our calculations is the factorization formula, Eq. (1.1). We rewrite it here, in order to
simplify the discussions in the following sections. The full initial and final state in a 2 → (n − 2)
reaction can be identified by a set of n particles, which is denoted by {~a} = {a1, . . . , an}. Their flavors

and momenta are similarly specified as {~f } = {f1, . . . , fn} and {~p} = {p1, . . . , pn}. The differential
cross section at leading order is a sum over all flavor configurations, and it depends only on the parton
momenta:

dσ(LO)({~p}) =
∑

{~f }

dσ(B)
n ({~a}) , where dσ(B)

n ({~a}) = dΦ̄n({~p}) Bn({~a}) . (2.1)

Each individual term in the sum consists of the differential phase-space element, dΦn, the squared matrix

6

Figure 1: Schematic of a hadron-hadron collision.
Image Credit: Stefan Hoche

Perturbative
High Q2 scattering.

Parton showering.

Possible because of factoring theorems.

Non-Perturbative
Hadronization.

Multi-parton interactions.

Underlying events.
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Hadronization Processes

Figure 2: Schematic of a hadron-hadron collision.
Image Credit: Stefan Hoche

Hadronization
Formation of hadrons from quarks and
gluons.

Incalculable using pQCD!

Phenomenological Models
Parameterized fits to data.

Intractable to recover partonic event
analytically.
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Probing the Intrinsic Parton Shower

Figure 3: Schematic of a hadron-hadron collision.
Image Credit: Stefan Hoche

The Goal
Reconstruct the intrinsic (and
immeasurable) parton shower from
experimentally accessible quantities.

Predicting Parton-Level Jets
We find the expected parton-level jet for
a given hadron-level jet.

Learn a mapping f : H → P.
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Samples and Simulation

Event Generation (PYTHIA 8.312)
pp beams with

√
s = 14 TeV.

Photon-tagged events qg → qγ.

p̂T > 1000 GeV.

Anti-kt R = 0.8 parton-level and
hadron-level jets.

Visible final-state particles.

1000 < Jet p⊥ < 2000 GeV.

100K events to ensure sufficient
statistics.

pythia.org/latest-manual/welcome.html

Graph Representation of Pythia Quark Jets
Jets represented as graphs, connected by ∆R:

Vertices : J =
{(

pi
⊥, ηi , ϕi)n

i=1

}
Edges : E =

{
∆R(i , j)n

i,j=1, i ̸= j
}

Fully connected graphs, no self-loops.
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Graph Representations of Quark Jets

Centered using the E -scheme axis.
Pythia 8.312, pp

√
s = 14 TeV.

Anti-kT , R = 0.8
1000 < pT < 2000 GeV.
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Graph Representations of Quark Jets

Pythia 8.312, pp
√

s = 14 TeV.
Anti-kT , R = 0.8.
1000 < pT < 2000 GeV.
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Machine Learning Model

Image Credit: Tina Behrouzi et. al.

Variational Graph Autoencoder (VGAE)
Input hadron-level jets H.

Output parton-level jets P.

Encoder: learns an embedding (z , µ) for
H in latent space.

Decoder: learns reconstructing
parton-level jets P from embedding.
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ML Model Training

Model Training
Implemented using
PyTorch-geometric.
Trained using on an Nvidia A100.
Train-validation split of 90%-10%.
Adam optimizer, 5000 epochs.
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Figure 4: Validation loss over time.
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Results: Predictions on Unseen Data

Pythia 8.312, pp
√

s = 14 TeV.
Anti-kT , R = 0.8.
1000 < pT < 2000 GeV.
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Results: Predictions on Unseen Data

Pythia 8.312, pp
√

s = 14 TeV.
Anti-kT , R = 0.8.
1000 < pT < 2000 GeV.
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Results: Predictions on Unseen Data

Pythia 8.312, pp
√

s = 14 TeV.
Anti-kT , R = 0.8.
1000 < pT < 2000 GeV.
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Results: Leading Parton pT Spectra
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Comparison of predicted and ground
leading parton pT spectra.

Accurate prediction of pT (p1).
Almost all data ε < 5%.
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Results: Parton Jet pT Spectra

10−4

10−3

E
ve

nt
s

[a
.u

.]

Preliminary

Predicted

Truth

1000 1200 1400 1600 1800 2000

Jet pT [GeV]

0.5

1.0

1.5

P
re

d
ic

te
d

T
ru

th

Comparison of predicted and ground
jet pT spectra.

Accurate prediction of jet pT .
Almost all data ε < 5%.
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Results: Parton Multiplicity
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Comparison of predicted and ground
parton multiplicity spectra.

Accurate prediction of
multiplicity.
Almost all data ε < 5%.
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Results: Parton Jet Mass Spectra
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Comparison of predicted and ground
jet mass spectra.

Poor prediction of jet mass.
Distribution is shifted and
significantly more spread out.
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Discussion and Conclusion

Summary
We present a first look at using generative neural networks to reconstruct parton-level jets
after hadronization.
Our method captures the entire parton-level jet.
Jury is still out on substructure observables.

Future Work
Investigate the predictions for more jet substructure observables.
Better ML models? Custom loss functions?
Study the inclusion of detector effects, underlying events, and pileup.
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Thank you! Questions?
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Backup Slides

U. S. Qureshi (Vanderbilt University) GNNs for Reconstructing Parton-Level Jets Hot Jets 2025 20 / 25



Preprocessing: Centering the Jets

The (η, ϕ) coordinates of jet constituents are centered based on the jet (η, ϕ) using the
E -scheme jet axis:

η =

∑
i∈jet

ηipT ,i∑
i∈jet

pT ,i
, ϕ =

∑
i∈jet

ϕipT ,i∑
i∈jet

pT ,i

ηi → ηi − η, ϕ → ϕi − ϕ
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Comparing Jets: The Energy Mover’s Distance Metric

EMD Metric (PRL 123.041801)
Quantifies the distance between two jets.
The minimum “energy” required to
rearrange a jet G to G′.

E(G, G′) = min
{fij ≥0}

M∑
i=1

M′∑
j=1

fij
(

∆Rij
R

)
+

∣∣∣∣∣∣
M∑

i=1
Ei −

M′∑
j=1

E ′
j

∣∣∣∣∣∣ ,

M′∑
j=1

fij ≤ Ei ,

M∑
i=1

fij ≤ E ′
j ,

M∑
i=1

M′∑
j=1

fij = Emin,

E(P̂, P) gives a discrepancy measure between
reconstructed graphs P̂ and the ground truth P. Figure 5: EMD between two gluon jets.
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Results: EMD Metric Distribution
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Predicted jets close to ground
truth (Pythia)!

Benchmark EMDs:
Good: ln E ≤ 4

Jets are similar.
Fair: 4 ≤ ln E ≤ 5.5

Jets are fairly similar.
Bad: ln E ≥ 5.5

Jets are disparate.
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Results: Predictions for Parton Jet pT

Correlation of EMD and the
fractional difference in jet pT .

Accurate prediction of pT .
Peak at ∆pT /pT ≈ 0.
Almost all data:
|∆pT /pT | < 0.1.
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Results: Predictions for Parton Multiplicities

Correlation of EMD and the
difference in prediction and
ground truth parton
multiplicities.

Accurate prediction of
multiplicities.
Average particle multiplicity
is ∼ 22.
Peak at ∆n = 0.
Almost all data: |∆n| < 2.
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