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Abstract

We introduce COLLIDERML - a large, open, experiment-agnostic dataset of
fully simulated, digitized, and reconstructed proton—proton collisions at HL-LHC
conditions (/s = 14 TeV, mean pile-up 1~ 200). COLLIDERMLprovides one
million events across ten Standard Model and Beyond Standard Model processes,
plus extensive single-particle samples, all produced with modern NLO/LO matrix
element calculation and showering, realistic per-event pile-up overlay, a vali-
dated OpenDataDetector (ODD) geometry, and standard reconstructions. The
release fills a major gap for ML research on detector-level data: it is compre-
hensive (multiple channels, full detector response), large-scale, and packaged
with a lightweight access library. We summarize physics coverage and the
generation — simulation — digitization — reconstruction pipeline, describe for-
mats/access, and present initial collider physics benchmarks, including both tradi-
tional and ML-based.

1 Introduction & Motivation

Collider-based particle physics has long embraced the cutting edge of machine learning (ML),
deploying neural networks in production as early as the 1990s [1]]. This synergy has driven both
fundamental discoveries, such as the Higgs boson [2} 3], and the exclusion of New Physics classes [4].
However, a widening gap exists between the sophisticated "full" simulations available within LHC
collaborations—which utilize resource-intensive tools like Geant4 [5]] to access low-level detector
readouts—and the data available for public research.

While major collaborations internally access realistic low-level objects, public researchers have
traditionally relied on "fast simulations" that produce high-level objects directly. Datasets like
JetClass, JetNet, and DarkMachines have spurred significant architectural development [[6-H9], yet
they remain limited by high-level abstractions or, in the case of TrackML [10], limited scope (tracker
only) and size (10k events). This limitation is critical as the field moves toward "end-to-end"
foundation models—such as Maskformer [11} [12] or Higgsformer [13]—which require granular,
low-level inputs to bypass traditional reconstruction hierarchies.

To bridge this gap, we present COLLIDERMLRelease 1 (the OpenDataDetector Physics Benchmark
Dataset 2025). Release 1 provides one million full-simulation events at HL-LHC pile-up conditions,
distributed evenly across 7 Standard Model and 3 Beyond Standard Model channels. The simulation
maintains full truth across the realistic OpenDataDetector [14], including an inner tracker and both
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(a) An example COLLIDERMLevent, with inner (b) A 3D view of the OpenDataDetector, with (light

tracker hits (center), reconstructed tracks, ECal blue) pixel track, (dark blue) strip tracker, (red and
deposits (middle ring) and HCal deposits (outer orange) electromagnetic calorimeters, and (purple)
ring). hadronic calorimeters.
ID Label Process Notes

1 ttbar pp — tt Top-quark pair; SM benchmark / BSM background.

2 zee pp — ete” Drell-Yan; electroweak probe.

3 zmumu pp — T Drell-Yan; electroweak probe.

4 diphoton PP — VY Loop-induced; bump-hunt candidate.

5 gef gg — H Main Higgs production.

6 dihiggs g9 — HH Higgs self-coupling probe.

7 multijet pp — 23,375,457 Pure QCD jets; dominant background in hadron colliders.

8 susy pp— g3 Gluino pair; dark-matter motivated.

9 zprime qq — 7' Heavy neutral resonance (BSM).
10 hiddenvalley pp — Z' — v-hadrons Hidden sector; long-lived signatures.

Table 1: Production channels available in COLLIDERML. Each channel contains 100,000 events

electromagnetic and hadronic calorimeters. We provide digitized energy deposits emulating detector
response and reconstructed track objects with fitted parameters. Future releases will expand this to
include topoclustering, particle flow (PF) constituents via Pandora [13]], and clustered jets. The data
is released with documentation, a lightweight Python access library, and reproduction recipes.

2 Dataset Description

2.1 Physics Coverage

In Release 1, we provide 1 million pp, \/5 = 14TeV collision events, divided equally across 10
physics processes (and a variety of particle gun samples). These channels and some comments on
why they were chosen are provided in table[T]

Also included are "particle gun" channels, where single particles are fired at set energy levels in a
uniformly sampled initial direction. In these singleparticle channels, available are 200,000 each
of single 11, single e, single 7™, single K and single .

Hard-scatter matrix element calculation is state-of-the-art, with next-to-leading order (NLO) calcu-
lation of the main process and up to two jets, in Madgraph aMC@NLO v3.58 [[16]. Loop-induced
processes (GGF and di-Higgs), and BSM channels are modelled at LO. Showering is provided with



Pythia v8.313 [[17]], with FxFx matching for NLO processes, and CKKW matching for LO processes.
Known mismodelling in VBF is avoided in the choice of physics processes [18].

Soft QCD scatter (“pile-up”) is generated uniquely at LO for every hard scatter event. Re-sampling of
pile-up, as is typical in data generation, has been observed to pollute train/test splits in ML algorithms
[19], and we propose a wider community investigation of this. Final events are the combination
of one hard-scatter and N pile-up sub-events, where N is sampled from a Poisson distribution with
1#=200. Sub-event ID is preserved, so that events can be down-sampled to the preferred luminosity.

2.2 Geometry

A core contribution of this work is the validation of the OpenDataDetector (ODD) geometry 20, 21]],
a project driven by the ACTS [22]] collaboration, as an experiment-agnostic way to provide realistic
physics simulations in high-luminosity and future collider environments. The ODD combines design
choices from existing and future detectors: a wide-coverage silicon inner tracker (IT) inspired by
the ATLAS Phase 2 ITk, an electromagnetic calorimeter (ECal) resembling several FCCee detector
proposals, and a hadronic calorimeter (HCal) similar to the CMS HGCal subdetector and future
detectors CLD, AHCAL and SiD [23H29].

The tracker system is realistically composed of three subsystems: several layers of high resolution
pixel modules, two layers of medium-length “strixel” modules, and two layers of strip modules with
2D resolution. Time is accurately modelled and can be included in later digitisation stages. Together,
the tracker detector layers provide at least 12 layers of sensitive material across a pseudorapidity of
n € [—3, 3], and 8 layers across ) € [—3.5, 3.5]. A solenoid surrounds the IT, with an inner strength
of 3T (a hybrid of ATLAS and CMS conditions) and an outer return field of 0.5T. The outer boundary
of the sensitive tracking material is taken to be » < 1080 mm and z € [—3030 mm, 3030 mm)]. This
is used to define the truth handling of particles incident on the calorimeter (described in section [2.3).

The electromagnetic calorimeter ("ECal") comprises 48 layers of 0.5 mm thick silicon sensors, each
divided into cells of size 5.1 mm X 5.1 mm and interlaid with 1.9 mm tungsten absorption layers.
The readout, spacers, and addition material accounts for additional thickness of 2.65 mm per layer.
The hadronic calorimeter ("HCal") is composed of 36 layers of 3 mm thick polystyrene scintillator,
divided into cells of 30 mm x 30 mm size. The absorber is 30 mm thick steel and the remaining
16 mm corresponds to the readout. A muon detection system is underway for inclusion within the
OpenDataDetector geometry.

2.3 Simulation & Digitisation
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Figure 2: A longitudinal view of the OpenDataDetector sensitive material, with (light blue) pixel
track, (dark blue) strip tracker, (red and orange) electromagnetic calorimeters, and (purple) hadronic
calorimeters.



Simulations are produced with the pile-up-merged events and ODD geometry, through the DD4hep
library [30, 31]. A custom version of the library is used with two major additions. First, a new
truth handler is included, to provide users with much more granular information of particle decay
chains in the calorimeters. Any particle in the tracker that leaves an energy deposit or has energy
above 100MeV is preserved. Any particle in the calorimeter that leaves and energy deposit and
has energy above 100MeV is preserved. A full description is provided in appendix [B] Second,
experimental multithreading is used, which increases simulation throughput by four-fold, with the
same computational resources [32]. Each primary vertex is smeared according to a normal distribution
N~ (s s fozs it), (O, Oy 02, 01)), With i = py = p, = iy = 0, 0 = 0y = 12.5um,
0, = 55.bmm and o; = 185ps.

All measurements in Release 1 are digitised with an approximate detector response. A Common
Tracking Software (ACTS) [33] is used to digitise the hits registered at truth level by Geant4.
Geometric digitisation is implemented by module-wise segmentation of the sensitive material into
cells, with low-energy thresholding. Calorimeter digitisation follows the simplified pathway in
Key4hep [34] for CLD simulation [35]]. That is, every contribution in the calorimeter has a time
correction applied based on the time-of-flight from the origin. With this approximate time of
production, a window of [-1, 10]ns is applied to all contributions. Those within the window are
included in the event, and energies summed per-cell. Total cell energies have an energy threshold of
50keV (250keV) in the electromagnetic (hadronic) calorimeter. The timing and energy thresholds
reduce the number of calorimeter hits by a factor of around 4x.

2.4 Reconstruction & Baselines

A key feature of ColliderML Release 1 is the inclusion of realistically reconstructed track objects.
Tracking is performed by the ACTS library, which is the standard solution for many detector
collaborations. Tracks are simultaneously found and fit using a Combinatorial Kalman Filter (CKF)
applied to a population of triplet seeds from the inner pixel layers [36]]. Primary tracks above 1GeV
are targeted by the CKF, and ambiguities are resolved to produce the final set of included tracks. The
quality of these tracks (efficiencies and resolutions) is similar to those seen in ATLAS and CMS (for
example, as seen in fig. 3b).

In the under-development Release 2 a calorimeter clustering algorithm is performed, analogous to
the ATLAS topoclustering approach [37]], whereby high-energy cells in each layer seed clusters and
neighbors are consumed according to a simple set of heuristics. Orthogonally, the Pandora Particle
Flow algorithm is applied to produce particle flow objects (PFOs). This algorithm uses sophisticated
matching of tracks and calorimeter deposits by extrapolating beyond the inner tracker. Topoclusters
and PFOs may be used for complimentary studies to understand their value for downstream tasks.
One such task is jet reconstruction, which is to be provided in Release 2. Anti-k; clustering in FastJet
[38] is applied to PFOs and simple heuristics are applied to provide a baseline performance on flavour
classification, isolation, and energy regression of each jet. While COLLIDERMLhas "only" 1 million
events, each event may contain many jets, and these can be regionalisecﬂ to produce a much larger
full-simulation jet-based dataset.

3 ML Use-Cases

The ColliderML Benchmark dataset is well-suited for ML algorithmic studies. Release 1 provides all
detector-level objects, as well as track objects. These can be used for comparisons between traditional
and ML-based track reconstruction. fig. [fa]shows the track finding efficiency for GNN-based tracking
[19 140, 41]]. The inclusion of timing data is also explored, and can be seen to boost performance,
motivating the development of precise time detection in future detectors [42,43]]. We also show the
ability of a transformer trained on track, jet and event-level ("analysis") objects for top-antitop vs.
gluon-gluon fusion Higgs event tagging at zero pile-up, fig. Ab] Each object type performs similarly
alone, but combined the “multiscale” tagger increases BR by a factor of 1.5 over analysis-level. The
finding mirrors that seen in recent work by ATLAS and CMS that the inclusion of lower-level objects
improves downstream tagging tasks [44, 45].

2We note that the regionalisation of jets is non-trivial, and may need to be handled carefully for certain
topologies. For now, this is left to users to implement for their particular use-case.
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A key feature of COLLIDERML that is not typically included in such datasets is the retention of the
truth-level primary vertex of all particles. We propose this as a mechanism to study scaling behaviour:
Events can easily be downsampled to the hard-scatter event (primary vertex 1) and a pile-up of n
(primary vertices 2,...,n 4+ 1). We suggest that this scaling from "easy" to "hard" environments
should be the de facto approach for ML studies (for example replacing artificial cuts on low energy
particles and energy deposits). One can downsample with the ColliderML library, which simply
removes those contributions from tracker and calorimeters from dropped pile-up. A re-digisation
procedure is necessary, which for now follows the simple energy thresholding effect described above.
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feature included.

4 Data Format & Access

Release 1 provides two formats for end-users. First, full-truth data in intermediate and final stages is
structured in EDM4hep ROOT files [46]], which are augmented with extra features where necessary
using the Podio interface [47]]. This requires approximately 300TB to preserve. In order to make
this collection maximally useful for machine learning experiments, we process this into a set of
four parquet files: particles (table[2), tracker_hits (table[3), calo_hits (table[) and tracks
(table [5)). This dataset is approximately 30TB, and made available in full on HuggingFace, at
https://huggingface.co/OpenDataDetector. The format of the parquet files closely mirrors
that of the EDM4hep, with simplified linking, and many unnecessary branches removed, described in
appendix [A] A lightweight PyPi library is provided to inspect the various physics objects available in
Release 1, and produce some simple data augmentations and manipulations.


https://huggingface.co/OpenDataDetector

A Parquet formats

Field Type Description

event_id int32 Unique event identifier

particle_id list<uint64> Unique particle ID within event

pdg_id list<int64> PDG particle code

mass list<float32> Particle rest mass (GeV/c?)

energy list<float32> Particle total energy (GeV)

charge list<float32> Electric charge (in units of e)

PX, PY, PZ list<float32> Momentum components (GeV/c)

VX, VY, VZ list<float32> Vertex position (mm)

time list<float32> Production time (ns)

num_tracker_hits list<uint16> Number of hits in tracker

num_calo_hits list<uint16> Number of hits in calorimeter

vertex_primary list<uint16> Primary vertex ID (1=hard scatter, [2,...,N]=pile-
up)

perigee_doO list<float32> Radial impact parameter of the particle’s fitted
perigee

perigee_z0 list<float32> Longitudinal impact parameter of the particle’s
fitted perigee

parent_id list<int64> ID of parent particle

Table 2: Particle data structure. Note that parent_id is given as —1 in case the particle has no

parent.
Field Type Description
event_id uint32 Unique event identifier
X, 9,2 list<float32> Measured hit position (mm)
true_x, true_y, true_z list<float32> True hit position before digitization (mm)
time list<float32> Hit time (ns)
particle_id list<uint64> Truth particle that created this hit
volume_id list<uint8> Detector volume identifier
layer_id list<uint16> Detector layer number
surface_id list<uint32> Sensor surface identifier
detector list<uint8> Detector subsystem code

Table 3: Tracker hits data structure

Field Type Description
event_id uint32 Unique event identifier
detector list<uint8> Calorimeter subsystem name
cell_id list<string> Calorimeter cell identifier
total_energy list<float32> Total energy deposited in cell (GeV)
X, 9,2 list<float32> Cell center position (mm)
contrib_particle_ids list<list<uint64» IDs of particles contributing to this cell
contrib_energies list<list<float32»  Energy contribution from each particle (GeV)
contrib_times list<list<float32» Time of each contribution (ns)

Table 4: Calorimeter hits data. Note the nested lists for contributions.

Field

Type

Description

event_id

uint32

Unique event identifier



Field Type Description

track_id list<uint16> Unique track identifier within event
majority_particle_id list<uint64> Truth particle with most hits on this track
do list<float32> Transverse impact parameter (mm)

z0 list<float32> Longitudinal impact parameter (mm)

phi list<float32> Azimuthal angle (radians)

theta list<float32> Polar angle (radians)

qop list<float32> Charge divided by momentum (e/GeV)
hit_ids list<list<uint32» List of tracker hit IDs assigned to this track

Table 5: Track data structure. Track parameters are those fitted to a helix by ACTS

B Truth Handling

To enable sophisticated studies of particle decay reconstruction or simulation, we enforce very
conservative truth handling. The DD4hep algorithm proceeds as: In a particle decay/interaction,
should we retain the daughter information? If yes, then the daughter is registered as a particle with
all its details entering the particle record and all its energy deposits attributed to it. If no, then the
daughter is marked to be discarded, and its energy deposits are attributed to its parent. This attribution
occurs after the simulation, and thus we may have the case where a to-be-discarded daughter itself
produces a to-be-retained grand-daughter. As expected then, the daughter’s hits are attributed to its
parent, while the grand-daughter’s hits are attributed to itself, and so on. Given this framework, the
choice of DD4hep truth handling amounts to: What are the conditions in which a particle is discarded
or retained?

The default truth handling is shown in fig.[5a] While this leads to compact particle truth records, and
is likely suitable for the majority of standard analysis use-cases, it leads to a variety of behaviour
that is non-ideal. For example, backscatter from calorimeter into the tracker is not correctly handled.
Additionally, tracking can become confusing in this environment since all low energy particles are
assigned to their parent, and thus their hits will appear to create tree-like tracks in the tracker. Finally,
all calorimeter decay information is lost.
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