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The physics programs of current and future collider experiments necessitate the development of surrogate
simulators for calorimeter showers. While much progress has been made in the development of generative
models for this task, they have typically been evaluated in simplified scenarios and for single particles. This
is particularly true for the challenging task of highly granular calorimeter simulation. For the first time, this
work studies the use of highly granular generative calorimeter surrogates in a realistic simulation application.
We introduce DDML, a generic library which enables the combination of generative calorimeter surrogates
with realistic detectors implemented using the DD4hep toolkit. We compare two different generative models
— one operating on a regular grid representation, and the other using a less common point cloud approach.
In order to disentangle methodological details from model performance, we provide comparisons to idealized
simulators which directly sample representations of different resolutions from the full simulation ground-truth.
We then systematically evaluate model performance on post-reconstruction benchmarks for electromagnetic
shower simulation. Beginning with a typical single particle study, we introduce a first multi-particle benchmark
based on di-photon separations, before studying a first full-physics benchmark based on hadronic decays of the
tau lepton. Our results indicate that models operating on a point cloud can achieve a favorable balance between
speed and accuracy for highly granular calorimeter simulation compared to those which operate on a regular

grid representation.

I. INTRODUCTION

Accurate and efficient simulations of particle detectors are
essential for modern collider experiments, where they are
used for detector design and physics analysis. Tradition-
ally, simulations rely on Monte Carlo (MC) methods, which,
despite their high accuracy, incur substantial computational
costs [1, 2]. Especially high computational demands arise
from the simulation of particle showers in calorimeter sys-
tems, where a single incident particle can trigger a large cas-
cade of particles and interactions.

In recent years, generative surrogate models have emerged
as a promising solution. These models aim to replicate the
complex patterns of particle showers while significantly ac-
celerating simulation speed. To this end, various genera-
tive paradigms have been applied, including generative ad-
versarial networks (GANSs) [3-18], variational autoencoders
(VAEs) [15, 19-26], classical normalizing flows (NFs) [27—
38], auto-regressive models [39], and diffusion and continu-
ous flow models [40-52]. For a recent taxonomy see [53].

These models have been trained and evaluated on a wide
range of datasets, making it difficult to draw general conclu-
sions about their performance. To address this, the recent
CaloChallenge 2022 [54] was started. It provided a valuable,
large-scale comparison of generative models for calorimeter
simulation on common datasets.

However, the evaluation of generative models has typically
been limited to simplified scenarios, such as single parti-
cle showers with fixed impact angles (usually normal to the
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calorimeter surface) and fixed positions within the detector
volume. While these benchmarks are useful for assessing the
basic capabilities of generative models, they do not show how
these models perform in a realistic experimental setup.

A notable exception is the ATLAS experiment, where
GANS are already used in production [14, 15], with NFs and
diffusion models being explored for use in its next generation
of fast simulation [55]. However, sufficient performance of
generative calorimeter surrogates in realistic experimental se-
tups has yet to be demonstrated for highly granular calorime-
ters, such as those designed for the CMS HGCAL [56] and
future collider experiments [57, 58]. These detectors are able
to resolve significantly finer substructure in calorimeter show-
ers, and therefore require generative surrogates to operate on
orders of magnitude higher data dimensionality and sparsity.

To address this gap, we introduce DDML [59], a flex-
ible library designed to integrate generative models into
the full simulation chain of various particle physics experi-
ments. It is built on top of the DD4nep [60] toolkit which is
widely adopted in the HEP community. Using DDML, we
present the first full physics benchmark for highly granular
calorimeter surrogates, studying the International Large De-
tector (ILD) [57] as an example. While ILD is used as a case
study of a highly granular detector, the DDML library already
supports several detector concepts for future colliders, and
could easily be adapted to other detector designs. We integrate
two state-of-the-art generative models, ConvL2LFrLows [38]
and CaLoCroups3 [61]. These models are trained solely on
Geant4 photon showers in an idealized detector geometry. We
use these surrogate models and the traditional Geant4 simu-
lation and compare the simulation and reconstruction results
with three physics benchmark datasets: single-photon show-
ers, di-photon separation, and 7-pair events. In addition, we



provide comparisons to three idealized models that directly
sample from the ground-truth full simulation to analyze the
effects that the choice of data representation and modeling as-
sumptions have.

We systematically evaluate these models on three post-
reconstruction benchmarks, specifically chosen to test highly
granular calorimeter surrogates for electromagnetic showers.
Beginning with a typical evaluation of single particle perfor-
mance, we then introduce a first multi-particle benchmark in
this context by studying di-photon separations, before per-
forming a full physics benchmark based on hadronic decays
of the tau lepton.

The remainder of the paper is structured as follows. Sec-
tion II describes the datasets and benchmarks used in this
work. Section III provides descriptions of the ConvL2LFLows
and CaLoCroups3 models which are the subjects of this study.
Section IV presents the results of our benchmarks for single
particles, di-photon events, and tau decay events. Finally, Sec-
tion V provides a discussion.

II. DATASETS AND BENCHMARKS

This section describes all datasets used in this study. Sec-
tion ITA introduces the ILD detector concept, which re-
lies on highly granular sampling calorimeters. The differ-
ent calorimeter shower representations studied are introduced
in Sections II B, together with GeanT4 reference generators
for each representation. The training dataset for the surro-
gate models is introduced in Section II C. Section II D intro-
duces the approach to benchmarking adopted in this study,
followed by the datasets used for single-particle validation,
the di-photon benchmark, and the tau physics benchmark.

A. The International Large Detector

This work focuses on the International Large Detector
(ILD) [57], a next generation detector for a future e*e™ Higgs
factory, originally proposed for the International Linear Col-
lider (ILC), and currently also under investigation for use at
the FCC-ee. ILD is optimized for the Particle Flow approach
to reconstruction, and as such features highly hermetic detec-
tor systems, highly granular calorimeters and a minimal ma-
terial budget in front of the calorimeters. The ILD detector
model studied in this work consists of a polyhedral barrel ge-
ometry with a total radius of 7.8 m and a total length of 13
m. The tracking system consists of a number of silicon pixel
detectors, which are encapsulated in a time projection cham-
ber (TPC). Outside of the tracking system are placed highly
granular sampling calorimeters, separated into an electromag-
netic calorimeter (ECAL) system and a hadronic calorimeter
(HCAL) system. Both of these calorimeter systems consist of
an octagonal barrel region with the ends closed by flat endcap
disks. The primary focus of this study is the Si-W option for
the ECAL [62]. This calorimeter consists of 30 layers of pas-
sive tungsten absorbers and active silicon sensors. The first
20 tungsten absorbers have a thickness of 2.1 mm, while the

last 10 layers have a thickness of 4.2 mm. The total thickness
of the calorimeter therefore corresponds to approximately 24
radiation lengths. The silicon layers feature cells of size 5 X 5
mm?, and have a thickness of 0.525 mm. Behind the ECAL is
placed the analogue hadronic calorimeter (AHCAL) [63]. It
consists of 48 layers with stainless steel absorbers, each with
a thickness of 17.2 mm, and 3 mm thick active layers. The
active layers feature 3 X 3 cm? scintillator tiles, each individ-
ually read out by a silicon photomultiplier. These detector
systems sit inside a superconducting solenoid coil, which pro-
duces a magnetic field of strength 3.5 T orientated along the
beam axis. An iron return yoke with integrated muon system
and tail catcher calorimeter is placed outside of the coil.

For this study, we employ the Kev4uep [64] software
ecosystem, using Geant4 [65] version 11.2.2 with the
QGSP_BERT physics list, and DD4nEp [60] version 1.30. A
realistic and detailed model of the ILD detector geometry',
described using the DD4nep toolkit, is used. Of particular
relevance, is the geometrical structure of the sensitive lay-
ers of the ECAL, a visualization of which is shown for two
active layers in Figure 1 (left). This illustrates that the read-
out geometry of the detector is irregular, featuring two types
of insensitive volumes. The smaller insensitive volumes are
present only in the active layers, and lie at the edge of the
silicon wafers. A staggering effect is present in their position-
ing between layers. The larger insensitive volumes arise from
the presence of gaps between sensors or structural supports in
the calorimeter. These are therefore aligned between layers,
and present in both the absorber and the active layers. Such
an irregular readout geometry, which will be present in ev-
ery realistic calorimeter, creates a number of difficulties when
conceiving a scheme to allow a model to be used to simulate
showers at varying positions on and angles to the calorime-
ter face. For models relying on a regular grid representation
of calorimeter layers, it would require a means of removing
projection artifacts [19] for all possible incident positions and
angles, which would be infeasible. An additional problem that
would affect models generally, is the variation in the fraction
of the active layer that is sensitive depending on the local ge-
ometry near the incidence position. Since GeanT4 discards
energy depositions that do not land in a region of the detector
that is not assigned to be sensitive, this would result in the po-
tential loss of information when trying to simulate a shower
at a different position than the one the model was originally
trained at.

To combat this challenge, a modified DD4nep description
of the ILD ECAL with a regularized readout geometry was
created, as shown in Figure 1 (right). In this geometry, the
readout segmentation of the sensitive layers was altered such
that the layer contained no insensitive volumes, meaning that
all energy depositions in these layers are recorded. This alter-
ation leaves the structure of the detector, both in terms of ma-
terial composition and longitudinal layer placement (i.e. into

! The version of the ILD detector geometry used in this study is
ILD_15.01_v02



FIG. 1. Visualization of geometry maps for (left) the physical geometry and (right) the regularized geometry for a section of two sensitive
layers in the calorimeter. The physical geometry includes gaps between the cells arising from insensitive volumes such as structural supports
and readout electronics, as well as a staggering effect between layers. The regularized geometry consists purely of sensitive material, with the
cells being perfectly aligned from one layer to the next. Figure from [66].

the depth of the calorimeter), unaffected. By using this regu-
larized version of the calorimeter to create a training dataset,
maximum information about energy depositions in the sensi-
tive layers can be retained, allowing them to be dropped selec-
tively during simulation (see Section A), depending on the lo-
cal readout geometry and thereby avoiding artifacts from sen-
sitive gaps in the training showers.

B. Shower Representations

GEeant4 produces individual energy deposits, so called
GEANT4 steps, with a much higher spatial resolution than the
physical detector readout. If a generative model is to be used
to simulate showers across different incident positions, intu-
itively having a mechanism for generating showers at a higher
resolution than the detector readout should reduce artifacts
and edge effects. To better understand the consequences and
potential limitations of projecting showers into a realistic de-
tector geometry, we consider three different shower represen-
tations, each accompanied by a corresponding truth-based ref-
erence, which we denote as optimal shower generators: OpTI-
MuM (x1), OpriMumM (x9), and OpTIMUM (STEPS).

Each of these optimal shower generators is derived from
simulations run with GeanT4 on the regularized ILD ECAL in-
troduced in section II, from which all individual GEANT4 steps
within the sensitive layers are extracted. This enables us to
quantify the effect of projecting a regular grid with a given
granularity onto the actual detector geometry, and allows us
to isolate the effects of the data representation from the per-
formance of a given generative model.

The first representation Ry, features a granularity identical

to that of the ILD ECAL (5 x 5 mm?), and has a correspond-
ing optimal shower generator OprimumM (x1) shown in Figure
2 (left). Here, each simulated step from Geant4 is projected
onto a virtual regular grid, exactly matching the realistic de-
tector cell sizes. Thus, OpriMmum (x1), provides the ideal ref-
erence for the performance achievable with any model trained
on the readout geometry of the physical detector.

The second representation Ry increases the lateral granu-
larity by a factor of three in each dimension, resulting in nine
times more cells (1.67x1.67 mm?) per layer compared to Ry .
This representation has an optimal shower generator OpTmMUM
(x9), shown in Figure 2 (center). An increased granularity
such as this allows for a finer spatial resolution of showers,
reducing projection-related effects. It serves as a reference for
understanding the impact of increasing the granularity of the
data representation on the fidelity of the projected showers.

Finally, representation Rseps), With corresponding genera-
tor OpTMuM (steps) shown in Figure 2 (right), provides the
most detailed reference scenario by avoiding any spatial pro-
jection onto a predefined grid altogether. Instead, it directly
utilizes the ultimate resolution — Geant4 simulation steps —
as they occur within the sensitive material. This results in
the highest achievable spatial resolution, completely free from
projection artifacts, and represents the ultimate benchmark for
evaluating the accuracy and potential information loss associ-
ated with any spatial discretization scheme in the regularized
detector geometry.

For all optimal shower generators, a wide bounding box is
used to select shower hits, with a side length of 800 mm. This
box cut is necessary to exclude rare low energy hits resulting
from backscatter that typically occur at the opposite end of
the detector to which the showers occur. This ensures that all
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FIG. 2. Visualization of the same 90 GeV electromagnetic shower in lateral projection of the ILD ECAL, represented using the three optimal
shower generators: Optimum (x1) (left), Oprimum (x9) (center), and OpriMuM (STEPS) (right).

relevant hits in the shower are contained.

By leveraging these optimal shower generators — OpTMUM
(x1), OptimuM (x9), and OpTIMUM (steps), we gain insight into
the intrinsic limits imposed by projection artifacts, indepen-
dent of generative model performance. Moreover, they pro-
vide invaluable baselines against which generative models can
be assessed.

C. Training Dataset

The training dataset used in the study consisted of ~ 3 mil-
lion samples, created by photons with incident energies uni-
formly distributed in the range of 1-126 GeV. The photons
were created at a position of [x = 0, y = 1804.7 mm, z =
—50 mm)] at the front face of the ECAL. Here the ILD global
coordinate system is defined with the z axis along the beam di-
rection, the x axis pointing horizontally, and the y axis point-
ing vertically upwards. The incident angles were varied within
acone of up to 60° in 8 (relative to the normal to the calorime-
ter layers), with an azimuthal angle ¢’ uniformly distributed
in [0°,360°). These angles are defined in the local frame of
reference, where the 7’ axis is aligned with the normal to the
calorimeter layers.

This configuration enabled uniform sampling over the
space of possible incident directions on the calorimeter face,
and conforms with the coordinate system convention used in
the DDML library, which is described in Appendix A 1°.

D. Benchmark datasets

We introduce the generic library DDML [59], which allows
the inclusion of different generative models designed for fast
calorimeter shower simulation in full simulation applications
using the DD4nep toolkit [60]. This library and the details of
the implementation for the ILD detector used in this study are
described in Appendix A. Crucially, this allows the generation

2 Throughout this paper, we use primed coordinates to represent the local
calorimeter coordinate system, otherwise coordinates are assumed to be in
the global ILD coordinate system.

of particle showers in the standard software chain of ILD. This
makes it possible to run the standard reconstruction of ILD, in
particular particle flow reconstruction with PANDorRAPFA [67],
enabling realistic physics benchmarking of generative mod-
els. All benchmarking samples used in this paper have gone
through the complete software chain including event recon-
struction.

1. Benchmarking Methodology

While studying single-shower observables, as is now stan-
dard in the literature, is important to gauge the performance
of a model, in real physics events showers from multiple par-
ticles may overlap. This significantly increases the complex-
ity of evaluating the performance of a model, as the breadth
of the phase space makes disentangling the interplay of over-
lapping showers with reconstruction algorithms a challenging
task. For this reason we take a step-by-step approach, ul-
timately building towards benchmarking the model in a full
physics setting.

We begin by studying the performance of the model in
terms of single particle observables. Next, we study the sim-
plest scenario for a multi-particle test — two photons fired into
the face of the ECAL. This is a standard benchmark which
has also been used for the development of reconstruction algo-
rithms, such as PaNporaAPFA [68]. This approach provides an
isolated and controllable means of probing generative model
performance, as well as allowing connections to be drawn to
the performance on single particle observables.

Finally, we study the performance of generative models for
the simulation of photon showers in a full physics process. As
the performance required of a fast simulation tool will depend
heavily on the physics process for which the tool is used, we
desire a physics process that provides a stringent test of a fast
simulation tool for electromagnetic showers. To this end, we
choose hadronic decay modes of the tau lepton in the process
ete” - 1hr .

The tau lepton is of interest for many precision studies
planned for future e*e™ collider experiments [69-73]. As are-
sult of its high mass, it has the strongest coupling to the Higgs
of any lepton, and is the only lepton in the Standard Model
which decays to hadrons. This, combined with the ability to



precisely reconstruct the spin state of the tau from its decay
products [74, 75], makes it a prime candidate for probing the
Higgs sector, including its CP structure [76, 77].

Approximately 65% of tau decays involve hadrons, with the
reduced number of neutrinos involved compared to purely lep-
tonic decays meaning that hadronic decay modes are preferred
for precision measurements. Hadronic decay modes of the tau
frequently involve one or more neutral pions, often occurring
via the p(770) or a1(1200) intermediate resonances [78]. Re-
constructing the correct decay mode of the tau, which is essen-
tial when determining its spin state, therefore often involves
correctly reconstructing the number of 7°s produced, each of
which almost always decay via n° — yy [78]. This is chal-
lenging, due to the high boost and collimation of the decay
products, making the reconstruction of hadronic tau decays
a standard benchmark of the performance of an electromag-
netic calorimeter [74, 75]. The presence of numerous over-
lapping photon showers in such events therefore makes them
ideal for exposing any flaws in the performance of a fast simu-
lation tool for electromagnetic calorimeters. Correctly recon-
structing these 7°s involves not only distinguishing the num-
ber of photons from overlapping showers (the performance of
which can be linked to the aforementioned isolated di-photon
benchmark), but also correctly inferring the kinematics from
shower-level observables (which can be linked to the afore-
mentioned single particle benchmark).

2. Single Particle Dataset

In order to validate the generalization capability of the
trained models, independent single shower test samples were
generated at multiple positions, uniformly distributed over a
single ECAL barrel segment. Test samples were produced at
fixed photon energies between 10 and 100 GeV in 10 GeV in-
crements. For each test energy, a sample consisted of 3,000
photon showers with positions selected randomly on the front
surface of the ECAL. The incident directions were chosen
such that they mimicked particles originating from the inter-
action point (IP), across the angular ranges 43° < 6 < 137°
and 79° < ¢ < 109° in the ILD global coordinate system,
thereby effectively covering one complete stave of the barrel.
This configuration ensures full coverage of the region where
models are expected to operate, exposing them to a wide vari-
ety of incident directions and local geometries of the sensitive
layers — thereby enabling the evaluation of model performance
under realistic conditions.

3. Di-photon Dataset

The di-photon benchmark dataset consists of three sets of
15,000 samples containing two photons. The three sets of
samples have different incident photon energies of 5 GeV, 20
GeV and 100 GeV. Within each sample, the energies of each
of the two photons are identical.

The photons are produced directly at the face of the ILD
ECAL barrel, with their direction of flight being orientated

such that they appear to have been produced at the IP.

The photon positions are randomly sampled to expose the
di-photon system to different local geometries of the sensi-
tive layers, while ensuring that the separation between the two
photons varies uniformly from 0 to 90 mm. The photons im-
pact the upper barrel module, within a narrow angular range
of 6 € [83°,87°] and ¢ € [88°,92°], corresponding to a small
localized patch of the detector. To ensure that all photon pairs
remain fully contained within the fast simulation trigger re-
gion (see Section A 1) and avoid contamination from showers
simulated with GeanT4, the center of this patch is placed well
inside the boundaries of the trigger region. These samples
are created for Geant4, and each of the shower generation
approaches under study. In each sample, both showers are
produced with the respective generator.

4. Tau Physics Dataset

The dataset used in this study consists of samples of the
process e*e~ — 7+7~ in an ILC running scenario at a center-
of-mass energy of 250 GeV. MC Generator samples, provided
by the ILD Software Working Group in the MC-2020 produc-
tion [79], were created with WHIZARD [80] version 2.8.5.
A realistic ILC beam energy spectrum and crossing angle, as
well as the effects of bremsstrahlung and initial state radiation
were included. All samples contained beams of 100% polar-
ized left-handed electrons and right-handed positrons (7 e}).
The decay of the tau leptons in the samples was simulated
with the TAUOLA library [81].

In order to enable a direct comparison between the various
shower representations and models described in Sections II B
and III, the same set of MC generator inputs were used in all
cases. This means that for each case, only the detector sim-
ulation differs, removing any differences in underlying event
topologies or physics processes. In addition, no background
is overlaid onto events. These two choices reduce event di-
lution that would only serve to obscure the performance of
the calorimeter shower simulators. However, it should be
noted that the detector simulation itself can significantly al-
ter the signature of the event depending on what interactions
occur prior to the calorimeter. A particularly pertinent exam-
ple for this study is the case in which a photon converts into an
electron-positron pair. This case provides a potentially easier
reconstruction scenario, as the charged electron and positron
have an associated track and larger separation at the calorime-
ter face.

Several selection criteria were put on the events, to further
enhance the sensitivity of the analysis to the performance of
the calorimeter shower simulators. It was required that all
events contained at least one 7° produced in a tau decay, with
the 7° then decaying into two photons. Both of the photons
were required to have an energy above 5 GeV and to satisfy

3 This mimics photons coming from the IP, e.g. from n° decays, without
having to address material interactions, like pair-creation, in the tracking
detector on the way to the calorimeter.



the geometry region trigger described in Appendix A 2. De-
tector simulation was then performed for each of the various
shower representations and models described in Sections II B
and III. The software configuration described in Section II A
was employed, using the DDML implementation described in
Appendix A 2. All photons with an energy above 5 GeV in-
cident on the electromagnetic calorimeter which passed the
geometry region trigger were then simulated with the appro-
priate simulator.

For each calorimeter shower simulator, samples were cre-
ated with three different random seeds for the detector simu-
lation. This provides a means of estimating the uncertainties
on post-reconstruction physics observables that would other-
wise be difficult to estimate, given the high level of correlation
arising from the use of identical generator level input. In to-
tal this meant that samples, consisting of 3 random seeds each
containing 6791 events, were generated for GeEant4, each of
the optimal shower generators OpriMumM (x1), OpTiMUM (X9),
OrptimMuM (sTEPS) described in Section IIB and for both the
CaLoCroups3 and ConvL2LFLows models, which will be de-
scribed in Section III. The standard ILD reconstruction chain,
as described was then applied to each sample.

III. MODELS

We compare two state-of-the-art generative models operat-
ing on different data representations — ConvL2LFLows, a reg-
ular grid-based architecture, and CaLoCroups3, a point cloud
model. Each model is trained on different shower representa-
tions described in Section II B.

A. Convolutional L2LFlows

ConvL2LFrLows [38] is a generative surrogate based on nor-
malizing flows [82, 83], designed for fast and accurate sim-
ulation of electromagnetic showers in calorimeters. It oper-
ates on a fixed-grid representation, where each shower is dis-
cretized into a three-dimensional grid. This voxelized repre-
sentation allows for convolution-based architectures, such as
U-Nets [84], to effectively model the complex spatial depen-
dencies in calorimeter showers.

ConvL2LFLows generates calorimeter responses sequen-
tially, layer by layer, where the generation of each layer is
conditioned on the previous ones. The underlying flow-based
architecture allows for single-shot sampling. Further details
of the model architecture can be found in [38].

As demonstrated in the CaloChallenge 2022 [54],
ConvL2LFLows achieves one of the best trade-offs between
accuracy and generation speed among the submitted models
on a fixed-grid dataset, making it well-suited for fair compar-
ison between fixed-grid and point-cloud-based models.

While the original ConvL2LFLows model was restricted to
a fixed incident point and angle, we have extended its capabil-
ities with respect to these conditions to enable its application
in this study. Firstly, the model is trained on the Ry repre-
sentation of showers described in Section II B. Given that the

granularity present in this representation is significantly finer
than the detector readout, it was necessary to impose a bound-
ing box of side length 150 mm. While this produces a no-
ticeable cut in the tails of the shower, it is necessary to handle
the sparsity present in the shower and constrain the model size
within reasonable limits. The resulting grid has 90 x 90 x 30
voxels. Secondly, conditioning on the incident angle enables
the model to generate showers for a range of impact angles,
rather than being limited to a 90-degree impact angle. Techni-
cally, the angle is given as a unit vector to preserve the topo-
logical structure. To prevent showers from developing outside
the bounding box, all layers are shifted to center the shower
core. This effectively results in a tilted bounding box. These
improvements broaden the applicability of ConvL2LFLows,
enabling it to be used for a large fraction of highly energetic
photon showers in the ILD ECAL.

B. CaloClouds

The second model is CaLoCroups [41], a point cloud gen-
erative model that was developed to address the challenges in-
duced by the irregular structure of the detector readout layers
described in Section II, and to more efficiently handle the very
high sparsity present in highly granular calorimeter showers.
In this study we employ a third iteration of the model, de-
noted as CaroCroups3 [61], which constitutes an extension of
the CaLoCroups II [45] architecture.

CaLoCrLoups3 utilizes a grid with a 25x higher granularity
than the original cells, which we refer to as the Ry,s5 repre-
sentation. Additional preprocessing is applied to dequantize
the hit positions, together with cuts which enforce a bounding
box of side width 500 mm for shower hit selection. This box
cut only removes the outer tails of the shower very far from
the shower core. For more details on preprocessing, see [61].

Like the improved ConvL2LFLows model, this version of
CaLoCroups also incorporates angular conditioning to gen-
erate showers for a range of incident directions. This is
achieved through a similar data preprocessing and condition-
ing methodology as used for ConvL2LFLows. The angular
conditioning is achieved by explicitly providing the unit vec-
tor of the particle’s momentum direction as additional con-
ditioning parameter, enabling the model to account for the
direction of the incident particle during generation. Such a
capability is essential for realistic applications within the sim-
ulation chain, where different directions of incoming particles
are expected.

In addition to this functional advancement, CaLoCLoUDS3
features a simplified architecture. Both the PoINTWISENET
of the diffusion model and the SmowerFLow components
have been optimized, resulting in a reduction in the infer-
ence time by a factor of ~ 2 compared to the previous iter-
ation, CaLoCLoups II, while preserving the generative fidelity.
CaLoCroups3 is described in more detail in a dedicated pa-
per [61].



IV. RESULTS

We present the results of simulator performance for each
benchmark, beginning with the single particle performance in
Section IV A, followed by the di-photon performance in Sec-
tion IV C, and finally the results of the full physics benchmark
using tau decays in Section IV D. We conclude the section by
presenting the results for single shower generation times in
Section IV B.

A. Single Particle Performance

A detailed validation of individual particle showers is cru-
cial to ensure that these models correctly capture essential
physics characteristics before being used in more complex,
multi-particle scenarios or physics analyses.

We present an evaluation of key calorimetric observables
for electromagnetic showers generated by single photons us-
ing the generative models described previously. We study ra-
dial and longitudinal shower profiles, energy resolution, lin-
earity, and the intrinsic shower angle reconstruction. These
observables are usually chosen in the literature because they
encapsulate the essential features of electromagnetic shower
development, and significantly influence the performance of
particle identification and reconstruction algorithms.

We further benchmark our generative models against the
optimal shower generators introduced in Section II B. These
optimal shower generators represent idealized performance
scenarios that isolate and quantify the intrinsic limitations
arising from spatial discretization effects and detector irreg-
ularities, independent of the generative model itself. By com-
paring the performance of the generative models against both
these optimal shower generators and the standard GEaNT4 sim-
ulation, we are able to clearly distinguish between artifacts
arising from the data representation and the intrinsic capabili-
ties of the approaches to generative modeling explored.

This structured approach enables a detailed assessment of
generative model fidelity and highlights areas requiring fur-
ther improvement.

1. Shower Profiles

We begin the performance evaluation of the generative
models by examining their ability to reproduce the charac-
teristic EM shower shapes, assessed through comparisons of
radial and longitudinal energy profiles, which are key observ-
ables reflecting the spatial energy deposition pattern within
the calorimeter.

The following observables are computed at the reconstruc-
tion level, after the generative models have been fully inte-
grated into the simulation pipeline. This ensures that any po-
tential geometric or systematic effects introduced by the inte-
gration framework are accounted for in the performance eval-
uation.

The radial energy profile, shown in Figure 3 (left), illus-
trates the mean deposited energy as a function of orthogonal

distance from the axis aligned with the direction of the inci-
dent particle to the center of the cell. The longitudinal energy
profile, displayed in Figure 3 (right), represents the average
energy deposited per calorimeter layer along the depth of the
detector.

Both models reproduce the longitudinal profile with good
accuracy. The CaroCroups3 model achieves the closest agree-
ment with GEaNT4, with deviations typically within a few per-
cent. The ConvL2LFrows model performs similarly well, al-
though it exhibits deviations of up to 15% near the start and
end of the calorimeter. Most of these deviations are due to the
finite simulation volume required for fixed grid models.

At first inspection, the radial energy profile appears to be
well reproduced only by the optimal shower generators —
OptiMuM (x1), OpTiMUM (X9), and OpTiMUM (STEPS), while the
CaLoCroups3 and ConvL2LFLows models have notable dis-
crepancies at larger radial distances. However, it is important
to note that the radial profile of electromagnetic showers is in-
herently steep and narrowly peaked, with the energy density
rapidly decreasing with distance from the shower axis. In fact,
more than 90% of the total energy of the shower is contained
within a radius of 30 mm, indicating that deviations at large
radii have a limited impact on the overall shower description.

To better assess the fidelity of the models in the region that
dominates the shower energy density, Figure 4 zooms into the
first 30 mm from the shower axis. Note that the dip in the first
bin arises from the fact that the binning here is applied at a
distance less than the width of a cell, whereas the hits in the
shower are necessarily at the center of a cell after reconstruc-
tion. This is the most relevant part of the shower which plays
a crucial role in the separation of overlapping showers during
particle reconstruction.

In this region, the CaLoCroups3 and ConvL2LFLows mod-
els show good agreement with Geant4, with relative de-
viations generally remaining below 10%. By contrast,
OptivuMm (x1) underestimates the energy density by up to 20%
in the innermost bins. This demonstrates the intrinsic limi-
tation imposed by the Ry; representation, where the coarser
lateral granularity fails to resolve the sharply peaked energy
profile near the shower axis. The lack of detail in this region
can significantly impact the reconstruction of particle show-
ers with a large degree of overlap. This highlights a signifi-
cant disadvantage of generative models trained on fixed grids
using the true detector granularity.

2. Resolution and Linearity

We now investigate the energy resolution and linearity of
the generative models, two critical performance metrics for
calorimeter simulation. The energy resolution quantifies the
model’s ability to accurately reproduce the fluctuations in the
deposited energy, directly affecting the precision with which
particle energies can be measured. Linearity assesses how ac-
curately the reconstructed energy scales with the true particle
energy, essential for ensuring unbiased energy measurements
across a large range of incident particle energies.

The energy resolution is evaluated by measuring the rela-
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FIG. 3. Radial (left) and longitudinal (right) energy profiles of electromagnetic showers, computed at the reconstruction level after integration
of the generative models. The radial profile shows the mean reconstructed energy as a function of distance from the shower axis, while the
longitudinal profile shows the mean reconstructed energy per calorimeter layer. These observables provide a detailed characterization of the
transverse and longitudinal shower structure and are critical benchmarks for assessing how well generative models replicate GEant4 showers in
realistic detector geometry settings. The color coding corresponds to the different generative models: CaroCroups3 (orange), ConvL2LFLows
(violet), OprimuMm (x1) (blue), Optivum (x9) (green), and Oprimum (sTEPS) (cyan). The Geant4 reference is shown in the light grey filled
histogram. The color coding is consistent across all figures in this section. Shaded bands indicate statistical uncertainties; lower panels show

relative deviations with respect to the Geant4 baseline.

tive width of the reconstructed energy distribution for photons
at various fixed energies, defined as ”—;‘;, where ogp and gg
are standard deviation and mean of the central 90% of the dis-
tribution, shown as a function of the incident photon energy
in Figure 5 (left). Figure 5 (right) displays the linearity, ex-
pressed as the mean reconstructed energy divided by the true
incident energy.

Similar to the radial profile results, the resolution plot
shows the same trend. Among the optimal shower genera-
tors, OprMuM (x1) performs the worst, showing significant
deviation from the Geant4 baseline. This demonstrates that
the coarse Ry representation lacks sufficient granularity to
accurately capture the intrinsic energy fluctuations of electro-
magnetic showers. Despite being derived from full GEant4
simulation, this representation inherently limits the achievable
fidelity due to the loss of fine spatial information.

With increased granularity, OpriMum (x9) shows improve-
ment, more closely tracking the Geant4 resolution. Finally,
OprmuM (sTEPS), which directly uses the individual Geant4
steps without any spatial discretization, comes closest to re-
producing the full simulation, representing the maximum
achievable performance.

Importantly, the two generative models follow the trends
of their respective representations. The CarLoCLoups3 model,
trained on de-quantized Ry»s, almost reaches the perfor-

mance of Oprmmum (sTEPS). ConvL2LFLows trained on the
regular Ry data representation, performs comparably to
OprivuM (x9), although the deviations from the optimal rep-
resentation are larger than for CaLoCroups3.

These findings demonstrate that both models have success-
fully learned from their respective training data representa-
tions, achieving performance that closely matches the optimal
shower generators derived from the same representation.

The linearity is reproduced well by all models being within
a ~ 3% relative deviation from GEeanT4, over the entire en-
ergy range tested — from 10 to 100 GeV with 10 GeV steps.
Notably, the CaLoCLoups3 model exhibits the best agreement,
showing negligible deviation from Geant4. This is a result of
a simple scaling applied during integration, where each gener-
ated shower is rescaled by a constant factor determined from
the difference in average visible energy at 50 GeV between
the model and GEant4.

In principle, similar scaling could be applied to all mod-
els. However, for ConvL2LFLows, and any grid-based model
in general, such calibration is more challenging due to its re-
stricted generation region, where an increasing fraction the
shower’s energy leaks out with increasing energy of the inci-
dent particle. As a result, the discrepancy between generated
and true visible shower energy becomes more pronounced at
higher energies, limiting the effectiveness of global rescaling.
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This highlights a fundamental trade-off faced by grid-based
models — they must balance performance against computa-
tional efficiency. Increasing the size of the generation volume
can improve accuracy by reducing energy leakage, but it also
significantly increases memory usage and inference time. As a
result, achieving high fidelity with grid-based models requires
careful tuning of the generation volume to remain computa-
tionally feasible while minimizing physical artifacts.

3. Intrinsic Angle Reconstruction

In a similar fashion to previous studies using the BIBAE
model [24, 66], the previous state-of-the-art generative model
applied to the ILD detector, we evaluate the angular response
of the generative models by comparing the reconstructed in-
trinsic angles of showers simulated with GeEanT4 to those gen-
erated by the models. A principal component analysis (PCA)
is applied to all reconstructed hits of each shower to deter-
mine its principal axis. The resulting angular distributions of
the azimuthal and polar angles, denoted as iPhi and iT heta,
respectively, are presented as the difference between the re-
constructed and true angles of the incoming particle direction.
These distributions are shown in Figure 6.

As shown in Figure 6, both GEanT4 and the generative mod-
els produce angular distributions that are centered around zero
with comparable widths for both iPhi and iT heta, indicating
that the models qualitatively reproduce the angular response

observed in detailed simulation.

The CaroCroups3 and optimal shower generators, how-
ever, show a tendency to overestimate the polar angle, result-
ing in a double-peaked structure in the iTheta distribution.
This indicates that this double-peak effect is likely related to
the methodology of placing showers generated in the regular-
ized detector into the real detector readout (see Appendix C).
This effect is more pronounced for CaLoCroups3, and is likely
compounded by the fact that CaLoCroups3 slightly overesti-
mates the energy for larger radii (i.e. further from the shower
axis).

ConvL2LFLows on the other hand shows a noticeably
sharper peak in both the polar and azimuthal angle dis-
tributions. This observation, combined with the fact that
ConvL2LFLows generates showers within a tightly con-
strained spatial region, as described in Section III A, suggests
that a simple PCA applied to all hits in the shower may be a
suboptimal procedure for reconstructing the intrinsic shower
angle. This is likely due to the high sensitivity of PCA to hits
located far from the shower core, which can disproportion-
ately influence the estimated principal axis.

To address this, we apply an energy-based hit selection,
retaining only the top 4% most energetic hits before run-
ning PCA. This suppresses noise from peripheral hits and
improves the stability of the reconstructed direction, mean-
ing that this approach results in an improved angular recon-
struction algorithm*. The results are shown in Figure 7.
All optimum shower generators, including CaroCroups3 and
ConvL2LFLows, now demonstrate angular resolutions that
closely match the Geant4 reference. It is notable that the
distribution produced by the OptmvuM (x1) shower generator
shows the largest discrepancy, producing a slightly wider dis-
tribution than Geant4. The improved reconstruction shows
better alignment with GEanT4, and the double-peak structure
previously observed in the polar angle distribution disappears
entirely.

B. Timing Benchmark

To quantify the speed advantage of the fast simulators in
the full ILD software chain, we measure the wall-clock time
per shower on a single CPU core of an AMD EPYC™ 7402.
The measurements for GEant4 and for all generative models
were taken on the same machine and software setup. As a
result of the integration of the models using the DDML li-
brary described in Appendix A, all timing measurements are
directly comparable to those of Geant4, thanks to the use of
an identical software configuration, including overheads such
as hit placement in the detector geometry. This enables us to
perform a fair and realistic timing benchmark, which is not
possible without model integration.

Figure 8 (left, top) reports the time per shower as a func-
tion of photon energy 10-100 GeV. The Geant4 baseline lies

4 For more details on this reconstruction improvement, see [61]
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at the few second level and grows linearly with energy, reflect-
ing the increasing number of interaction steps. CaLoCrLoups3

shows a similar trend, but with a much smaller slope. By con-
trast, the grid-based model ConvL2LFLows, shows no energy
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using all hits.
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dependence and remains flat across the full range.

Complementary to the time per shower as a function of
photon energy, Fig. 8 (right) shows the average single core
throughput over 10-100 GeV, normalized to the Geant4
baseline (x1). We observe single-shower simulation speed-
up factors of x129.29 for CarLoCroups3, and x1.20 for
ConvL2LFrLows across this range of incident photon energies.
The striking gain for CaLoCroups3 reflects its lightweight
point-wise inference.

Overall, the scaling behavior is favorable for grid-based
models as their inference time is constant with respect to
shower energy because the computational cost is fixed by the
voxelized volume. As a consequence, the relative speed-up
over GEaNT4 grows with energy. At the low-energy end of
the spectrum, where GEaNT4 showers contain fewer steps, the
absolute latency gap narrows and the grid models can ap-
proach Geant4 in wall-clock time. Toward higher energies,
where GEaNT4 scales approximately linearly with the num-
ber of interaction steps, the flat cost of ConvL2LFrows (and
other grid models such as the BIBAE [19, 21, 24] becomes in-
creasingly advantageous. By contrast, the point-cloud based
CaLoCroups3 shows a mild energy dependence, with its sim-
ulation time rising with energy as the number of generated
points grows with incident energy. However, the slope re-
mains well below that of Geant4, yielding a more uniform
though less asymptotically dramatic speed-up across the full
range. For completeness, we note that model initialization
(loading weights, caching etc.) is excluded from the timings
shown, as including it only affects small sample sizes and does
not change the observed scaling trends.

In addition to inference speed, the memory footprint and
model size are important practical factors for deployment
within large-scale simulation workflows. The compiled
CaroCroups3 model has a total weight size of approximately
27 MB, corresponding to a memory footprint of 198 MB dur-
ing inference. By contrast, the grid-based ConvL2LFLows
model is substantially larger, with a compiled weight size of
2.5 GB and a peak memory footprint of about 4.4 GB. This
reflects the higher parameter count and larger activation maps
inherent to convolutional grid-based architectures.

While the scaling behavior is favorable for grid-based mod-
els — their inference time is essentially constant with shower
energy because the compute is fixed by the voxelized vol-
ume. They also exhibit larger physics performance deviations
at higher energies due to leakage from the bounded generation
volume. As energy increases, a growing fraction of the shower
can reach the box boundary and leak out, degrading contain-
ment and biasing observables (see Sec. IV A 2 and the single
particle profiles in Sec. IV A). Mitigations such as expanding
the generation volume reduce leakage but increase memory
footprint and latency, reducing part of the speed advantage.

C. Di-photon Benchmark

The di-photon benchmark allows the performance of sim-
ulators to be studied in a scenario where multiple showers
overlap. This emphasizes the relevance of particular shower
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characteristics that are not directly probed by studying sin-
gle shower observables, while maintaining a controlled en-
vironment that prevents any contamination which may be
present in a realistic physics process. To this end, the num-
ber of reconstructed photons is plotted against the separa-
tion between the two photons in Figure 9, for symmetric
di-photon energies of 5 GeV (left), 20 GeV (middle) and
100 GeV (right). The performance is shown for Geant4,
CaLoCroups3, ConvL2LFLows, OpriMuMm (x1), OpTIMUM (X9).
Note that OprimuMm (STEPS) is not included in order to aid visi-
bility in the plot, as it performed on a similar level to GEaNT4.
The error bars represent the binomial error in each case. The
red line present in each plot represents two photons being re-
constructed on average, which is the optimal case for this re-
construction scenario.

For all energies, at separations of less than approximately
6 mm, only a single photon is reconstructed on average. This
corresponds to slightly more than one cell’s worth of separa-
tion, meaning that the two individual shower cores cannot be
resolved, with all hits being clustered into a single photon. In
addition, it is easier for two photons to be resolved as their in-
cident energy is increased. For photon pairs with incident en-
ergies of 100 GeV, the average number of reconstructed pho-
tons quickly rises to two for separations of only 10-20 mm,
while for incident photon pairs with energies of 5 GeV the av-
erage number of reconstructed photons rises much slower, and
only reaches an average of two for separations of around 60—
65 mm. This is because incident photons with a higher energy
have a higher energy core, which is also more densely pop-
ulated than for lower energy photon showers, making them
easier to distinguish [85].

Due to the relative simplicity of separating higher energy
photons, both models and the optimal shower generators agree
well with GEanT4 in terms of the distribution of the average
number of reconstructed photons for photon pairs with inci-
dent energies of 100 GeV. Relative deviations in this instance
appear around the level of a few percent, with the largest
differences arising for the ConvL2LFLows model. At lower
photon pair energies of 5 GeV and 20 GeV, more significant
deviations occur. Here, the Oprimum (x1) shower generator
shows significant discrepancies across a large range of sepa-
rations, reaching relative deviations around the 10-15% level
respectively. Both the CaLoCroups3 and the ConvL2LFLows
models show more contained relative deviations, typically
less than 5%, with the most noticeable exception being for
the CaLoCrLoups3 model at separations of around 10-20 mm
where the relative deviation slightly exceeds this level.

These results indicate that training directly on the detector
readout causes major discrepancies in the reconstruction per-
formance. This is likely due to artefacts created when plac-
ing hits back into the detector geometry. The radial profile
is of particular importance when separating such showers, as
the reconstruction is especially sensitive to how the profiles
of the two showers interfere. The effects observed around the
core of the radial profile for photon showers produced with
Optivum (x1) in Figure 4 are therefore considered a major fac-
tor in the poor performance of this generator. The differences
observed for ConvL2LFLows and CaLoCroups3 are linked to
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FIG. 9. Average number of reconstructed photons against the di-photon separation for identical incident photon pair energies of 5 GeV (left),
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models and the Oprimum (x1) (blue) and OpriMuM (x9) (green) generators. Note that OprimuM (STEPS) is not included to aid visibility, as the

performance was found to be comparable to that of GEaNT4.

the deviations in the radial profile observed in Figure 3 (left),
although these are less influential as they occur further out
from the shower core. The steep fall in the radial profile of the
ConvL2LFLows model, predicated by the constrained cut re-
quired for a regular grid, model seems to have little influence
on the reconstruction performance in this test, as at large sep-
arations it is easy to distinguish the showers from their core
alone.

D. Full Physics Benchmark

We now study the post-reconstruction performance of the
various simulation approaches for the full physics benchmark
based on 7% produced in hadronic decays of the tau lepton.
These results are split into an investigation into the global per-
formance of the 7° reconstruction in the process e*e™ — 777~
in Section IV D 1, followed by a study of the modeling of key
n¥ physics observables in Section IV D 2.

1. Global Reconstruction Performance

We begin by studying the overall quality of the reconstruc-
tion of 7%s produced in the tau decays for each shower simu-
lator in comparison to Geant4. For this evaluation, it is nec-
essary to create a relation between Monte Carlo (MC) Truth
particles and reconstructed particles. The weight of each rela-
tion is determined by the energy weighted contribution of each
MC Truth particle to a reconstructed particle. If multiple MC
Truth particles have a relation to a given reconstructed particle
(or vice versa), the one with the highest weight is taken.

We now use these relations to define four different cat-
egories of reconstruction quality into which a given recon-
structed ¥ may fall. Firstly, we define nGood as the num-
ber of correctly reconstructed 7°s. Secondly, we define nFake
as the number of 7s reconstructed without being linked to
an MC Truth z°. Thirdly, nConfused is defined as the num-
ber of s reconstructed where only one of the constituent
photons was reconstructed correctly. Finally nMissed rep-
resents the number of MC Truth n% for which there was
no reconstructed 7n°. We also calculate the total number of
7% reconstructed, nRecoPi0. nFake is constrained on a per-
event basis by the equation nFake = nRecoPi0 — nGood —
nConfused. The results for each of the optimum generators
OptiMuMm (x1), OpTiMUM (x9), OPTIMUM (STEPS), together with
the ConvL2LFLows and CaLoCLoups3 models, are shown in
Figure 10. In each case, the results are plotted in comparison
to the GEant4 result. For each category, the results show the
average over the 3 different GEanT4 random seeds, with the
error calculated from the standard deviation across seeds.

For the optimum generators, the cell-level generator
OptiMmum (x1) shows the clearest mismatches. Large devia-
tions from the GeanT4 samples are observed in all categories
except nFake. This includes on average almost 10% fewer
7% being reconstructed in total. On average more than 10%
fewer n¥s are correctly reconstructed, while many more 7%
are reconstructed incorrectly (nConfused is on average more
than 10% greater, while nMissed is on average more than 5%
larger) with respect to Geant4. It should be noted that while
nConfused exhibits a high relative deviation, nConfused itself
is low meaning that the absolute deviation is small.

Increasing the granularity of the resolution drastically de-
creases the deviations with respect to the GEanT4 samples,
with the OptivuM (x9) generator showing much closer agree-
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category.

ment. However, deviations are still clearly visible, with on
average fewer nGood 7°s relative to GEaNT4 and a similar ex-
cess in nConfused as was observed for Oprivum (x1).

At the step-level resolution in OpTiMuM (sTEPS), the aver-
age for each category is consistent with GEanT4 within error
except for nConfused. Again, the deviation of nConfused rel-
ative to GEaNT4 is of a similar magnitude to that found for the
OprimuM (x1) and OptivuM (x9) representations. These re-
sults demonstrate that increasing the granularity of the repre-
sentation past that of the detector readout results in improved
physics performance for this use case.

Turning to the performance of the generative models,
ConvL2LFLows shows major differences to GEanT4 in a large

number of categories, including relative deviations in excess
of 10% for nRecoPi0 and nGood, and in excess of 15% for
nFake. The deviation with respect to GeEant4 for nMissed ex-
ceeds the 5% level, while nConfused shows the closest agree-
ment with a relative deviation of only a few percent. These
deviations are consistent with the significant discrepancies
observed for single particle observables produced with the
ConvL2LFLows model in Section IV A.

By contrast, the CarLoCrLoups3 model shows much closer
agreement with the GEanTt4 baseline, with all categories show-
ing relative deviations only at the level of a few percent. While
at first appearance it may be surprising that CaLoCroups3 is
able to achieve better performance than OpTiMuM (STEPS), for



example in the nConfused observable, it should be noted that
an extra calibration was applied to the CaLoCrLoups3 model as
described in Section IV A 2.

2. Physics Observable Performance

We now study the performance of the individual simulators
in terms of key n¥ physics observables. In order to perform
a fair comparison, we require that all s selected have been
correctly reconstructed (i.e those that fell into the nGood cate-
gory described in Section IV D 1). As before, the results show
the average over 3 different GEAnT4 random seeds, with the
error calculated from the standard deviation across seeds. It
should be noted that some of these distributions are already
constrained by the selection of 7%s which fall into the nGood
category. This is due to quality criteria imposed by the 7°
reconstruction procedure, which includes performing a con-
strained kinematic fit [86].

Firstly, we calculate the invariant mass of the reconstructed
7%, Myog.., which is equivalent to the invariant mass of the
di-photon system M,, given by

M,, = \/215,»E,(1 — cos(n)), (1)

where E; is the reconstructed energy of photon i, E; is the
reconstructed energy of photon j, and 7 is the opening angle
between their reconstructed flight directions. The invariant
mass distributions for Geant4, each of the optimum genera-
tors, and both the ConvL2LFLows and CaLoCrLoups3 models
are shown in Figure 11. All models show broad agreement
within the stated uncertainties around the bulk of the distribu-
tion. Larger relative deviations appear for all optimum shower
generators and both models in the tails of the distribution, al-
though the increasing errors on the ratio make the exact dis-
crepancy less clear.

The next observable studied is the difference between the
reconstructed energy of the 7° and the energy of the corre-
sponding MC particle, E oz, — Eopc, Which is shown in Fig-
ure 12. It can be seen that in comparison to GEanT4 the re-
constructed energy tends to be slightly biased towards lower
energies than that of the MC particle, although this deviation
is heavily suppressed by the large magnitude of the uncertain-
ties. This effect appears to be strongest for OpTIMUM (STEPS)
and ConvL2LFrows, which correlates with the shifts in linear-
ity for single photons observed for these approaches in Section
IVA.

Finally, the reconstructed angular differences for the 7° in
both the 0, 60p.c — O0pc, and @, Gropee — dromc, directions are
shown in Figure 12. For the distribution in 6, the clearest devi-
ation occurs for the OprimuMm (x1) representation at the level of
the detector readout, which produces a noticeably broader dis-
tribution with relative deviations quickly exceeding the 30%
level away from the core of the distribution. Clear mismodel-
ings from the ConvL2LFLows model are also present in both
the 6 and ¢ distributions, with relative deviations around the
20% level around the core of the distributions.
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V. DISCUSSION

Developing tools for the fast simulation of showers in
highly granular calorimeters is essential to be able to meet
the demands of future collider experiments. We have in-
troduced the DDML library for integrating generative mod-
els for fast calorimeter shower simulation into the DD4nep
toolkit, enabling model benchmarking in a production-ready
software suite and providing access to reconstruction-level
physics benchmarks. Two different generative models for fast
calorimeter simulation, ConvL2LFLows and CarLoCroups3,
were integrated into this library. This enabled realistic tim-
ing benchmarks of model performance, as well as post recon-
struction benchmarks performed using the actual detector ge-
ometry. By comparing results using shower representations of
different granularities, we were able to disentangle method-
ological details related to dataset construction from the ac-
tual performance of the generative models. Furthermore, we
have presented new reconstruction-level benchmarks for the
evaluation of generative models designed for electromagnetic
shower simulation in highly granular calorimeters, including
a first multi-particle benchmark involving di-photon separa-
tions, and a full physics benchmark based on hadronic decays
of the tau lepton in the process e*e™ — 7477

We have demonstrated that building a dataset which uses a
shower representation directly at the level of the detector read-
out granularity results in significant distortions in key physics
observables when using realistic detector geometries. These
distortions are visible in all levels of post reconstruction ob-
servables presented — from single particle observables through
to higher level 7° observables in the process ete™ — 7+7~ that
would propagate directly through to down-stream analysis’.
As the quality of shower representation fundamentally limits
the maximum achievable performance of a generative model
trained on a given dataset, it is essential that datasets use op-
timized representations that operate on shower information at
a lower level than the detector readout. This remains true be-
yond highly granular calorimeters, as demonstrated by recent
work which optimized a voxelized representation for photons
in the barrel region of the calorimeter of the ATLAS experi-
ment, showing significant improvement over the current fast
simulation tool [55]. While the ATLAS calorimeter system
has a significantly lower granularity than that studied in this
work, combined they emphasize the importance of producing
optimized representations across the field of fast calorimeter
simulation.

In order to be able to perform these optimizations, it is es-
sential that fast simulation models are integrated back into
the software ecosystems used in particle physics experiments-
both to study placement into the actual detector geometry and
to gain access to reconstruction level observables. The DDML
library introduced as part of this work provides this function-
ality for detector geometries implemented in DD4nep. Given

5 For a summary of all of the observables studied in this paper, see Ap-
pendix B
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that this library is designed to be generic, the addition of new
ML models and detector geometries should be as straightfor-
ward as possible. While this work focused on the ILD detec-
tor, other detectors proposed for future colliders such as the
FCC-ee are already supported in the library, including both
the CLD detector [58] and the ALLEGRO detector [87].

The generative models included in this study are trained
on two distinct data representations. CoNvL2LFLows is a
model designed to operate on a fixed grid structure, while the
CaroCroups3 model is point cloud based. Due to the limi-
tations of training directly on the detector readout, as previ-
ously discussed, both models are trained on a more granular
shower representation. This requirement has greater impact
on the ConvL2LFLows model, which has to be trained on a
representation with a restricted granularity due to the limita-
tions imposed by the use of a regular grid. As a result of
using a regular grid of a higher granularity than the detector
readout, the ConvL2LFLows model shows a poor simulation
throughput increase for single particles relative to GEanT4,
as well as showing several deviations in observables, includ-
ing for higher-level physics quantities. A significant factor in

the larger deviations observed for the ConvL2LFLows model
for single particle observables results from the constrained
bounding box necessitated by the used of a regular grid. This
is a major reason why this approach to generative modeling
exhibited consistently larger deviations than the correspond-
ing OpTiMuM (x9) generator, which included a far less restric-
tive bounding box. By contrast, the CaLoCroups3 model is
able to operate on a more granular, and therefore more accu-
rate shower representation. Despite this, the model is able to
achieve more than two orders of magnitude faster simulation
throughput than Geant4 for single showers with energies be-
tween 10 — 100 GeV on a single CPU core. This highlights
that a point cloud representation of showers can not only of-
fer a more efficient solution than a regular grid, but also en-
ables a superior speed-accuracy trade-off for highly granular
calorimeter simulation in realistic applications. While there
are some deviations present in CaLoCLoubDs3 observables, in
particular for single particle showers, these are suppressed in
subsequent reconstruction for the physics case studied. This
emphasizes that while studying model performance at the
level of single showers provides useful model insight, model
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performance must ultimately be judged on post-reconstruction
level physics observables. This also means that the relative
importance of certain shower features depends on the target
down-stream analysis. For example, the deviations observed
in the intrinsic cluster angles® in Section IV A may be more
relevant for certain searches for physics beyond the standard
model [88].

It should be noted that some deviations remain, even for
the OpTiMuM (STEPS) generator (see for example the resolution
plot in Figure 5), fixing an upper limit for CaLoCrLoups3 per-
formance. These deviations are caused by shower placement
into isolated regions in the geometry which feature greater ir-
regularities — more details are presented in Appendix C. While
the reconstructed energy here could be corrected by dedicated
calibrations, improving the modeling of shower structure in

6 The extent to which these deviations appear for CaroCroups3 depend on
the approach used to determine the intrinsic angle. See [61] for more de-
tails.

these regions would require the addition of dedicated model
trainings.

This work has studied the performance of generative mod-
els for highly granular electromagnetic shower simulation for
the case of photons. Future work could investigate the case of
electron or positron showers. As these particles are charged,
they also require track-cluster associations to be performed as
part of the reconstruction, and this may add increased impor-
tance to particular shower observables. In order to achieve
significantly faster simulation throughput at the level of full
physics events for detectors with highly granular calorimeters
in general, it will be necessary to address the challenge of
highly granular hadron shower simulation. Work in [51] has
recently demonstrated that the use of a diffusion-transformer
mechanism in a point cloud model can provide an accurate
modeling of hadron showers, including for single particle ob-
servables at the post-reconstruction level. However, further
work is still required to develop a model which can achieve
a significantly faster simulation throughput, as well as to de-
velop benchmarks similar to the ones shown here targeted at



hadronic showers.
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Appendix A: Integration into Standard Software Chains

In order to study the performance of the generative models
described in Section III in a realistic physics simulation in-
cluding event reconstruction, it is necessary for the models to
be combined with the experiment’s standard software ecosys-
tems, typically implemented in C++. This appendix provides
additional details on this generic library in Section A 1, and
on the specific implementation for ILD in Section A 2.

1. The DDML Library

To integrate generative models for fast calorimeter sim-
ulation into full simulation applications, we introduce the
DDML library [59] as part of the Kev4uep software stack.
It follows the Geant4 ParR0O4 example for running machine
learning inference in fast simulation models [90]. Our library
is built on top of the Geant4 and DD4uEp toolkits, providing
access to a broad suite of functionality. In particular, this in-
cludes an interface to a trigger mechanism present in GEANT4
for terminating physics-based full simulation in favor of an al-
ternative simulation approach. A trigger is associated with a
particular geometrical region of the detector, and is activated
if an impinging particle satisfies certain criteria (particle type,
energy etc.). This provides a seamless way of incorporating a
generative model based fast calorimeter simulation tool into a
full simulation application.

The DDML library is designed to support a generic ap-
proach to fast simulation with generative models. This can
be split into three key requirements:

1. Allow the use of different kinds of generative model, in
terms of their structure, the inputs they require and the
outputs they generate.

2. Allow different engines for model inference to be em-
ployed.

3. Allow the use of different detector geometries imple-
mented in DD4#Ep.

This requires two conventions to be chosen for the library.
The first is the adoption of a local (right-handed) coordinate
system, defined such that the origin is placed at the point of
entry into the calorimeter, with the 7’ axis orthogonal to the
calorimeter face, and pointing into the calorimeter system.
The x’ axis is aligned with the direction of the magnetic field.
This allows the model output to be handled in the same man-
ner independent of where in the detector a particular particle is
incident. The second is the interpretation of the model outputs
as local space points in this coordinate system. This provides
a generic means of interpreting the output of a model, inde-
pendent of its architectural details.

7 https://github.com/key4hep/DDML
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The library is split into a number of different interfaces via
a class template. This decouples the three aspects detailed
above as far as possible, making it easier to extend and
maintain the library. The interfaces are outlined below, with a
class diagram of DDML shown in Figure 13, and the order of
operations being shown in Algorithm 1.

Algorithm1 Pseudocode illustrating the order of operations
for the core components of the DDML library.

1: if Trigger.checkTrigger(track) == True then
2: Kill full simulation of particle
3 localDir = Geometry.getLocalDir(track)
4 inputs = Model.preparelnputs(track, localDir)
5: outputs = Inference.runlnference(inputs)
6 localSPs = Model.convertOutput(track, localDir, outputs)
7 globalSPs = Geometry.localToGlobal(track, localSP)
8: for (sp in globalSPs) do
9: HitMaker.makeHit(sp, track)
10: end for
11: else
12: Full simulation of particle with GEanT4
13: end if

Trigger

The Trigger Interface sits on top of the trigger on particle type
and energy that exists in DD4uep and Geant4. This interface
allows a particular fast simulation model to be excluded from
running in certain regions of the detector (checkTrigger). This
provides a simple means of handling regions of a calorimeter
with an irregular structure, where either full simulation or a
separate generative model can be run instead.

Model

The Model Interface is used to provide a model specific
implementation. The role of this interface is two-fold. The
first role is the preparation of the input (preparelnputs) in
the form expected by the model. As part of this, a localDir
object is available to provide information about the local
direction at the calorimeter face. This can then be used as
conditioning input for the generative model. The second role
is the interpretation of the output of the model such that it can
be converted into local space points (convertOutput).

Inference

The Inference Interface provides a simple means of calling
the inference library for a model (runlnference). Currently
both the LisTorcH [91] and OnnxRunTIME [92] inference li-
braries are supported. Alternatively, functionality is provided
for loading a pre-simulated shower library from a HDFS5 file,
which is intended for model prototyping and representation
investigations.

Geometry

The Geometry Interface performs two separate roles. The
first is to compute the local direction (getLocalDir), which
is provided to the Model Interface as a consistent means of
model conditioning. The second is to place the local space
points produced as output of the Model Interface into the
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FastShowerModel

Trigger Interface

+ checkTrigger (track: G4FastTrack)
— bool

Model Interface

+ preparelnput (track: G4FastTrack,
localDir: G4ThreeVec)
— inputs: vec

+ convertOutput (track: G4FastTrack,

localDir: G4ThreeVec

Inference Interface inputs
+ runinference (inputs: vec)
— outputs: vec
outputs

Geometry Interface
+ getLocalDir (track: G4FastTrack)

IocalV
localSPs

— localDir: G4ThreeVec globalSPs Hit Maker

outputs: vec)
— localSPs: SpacePoints

+ localToGlobal (track: G4FastTrack,
localSPs: SpacePoints)
— globalSPs: SpacePoints

+ makeHit (sp: SpacePoint,
track: G4FastTrack)

FIG. 13. Class diagram illustrating the core components of the DDML library. See the text for a detailed description of the interfaces. Figure

from [66].

geometry of the detector (localToGlobal). This includes
both the conversion from local calorimeter coordinates into
global (envelope) coordinates, and the placement of hits
onto sensitive detector elements. It must be implemented
on a per-geometry basis, with disk endcap, polyhedral and
cylindrical barrel calorimeter geometries already supported.

HitMaker

A helper class provided by Geant4 to allow the placement
of energy deposits produced by the fast simulation model,
given that their position lies within a sensitive element of the
detector (makeHit).

Currently, the DDML library only supports single shower
generation with a generative model (inference with batch size
of one) on a CPU, which still represents the dominant hard-
ware available in high energy physics computing infrastruc-
ture [93]. Future support for batched shower generation and
the addition of GPU support is foreseen. Such a development
would then make the most significant simulation speed-ups
relative to GEANT4 accessible via parallelization.

2. DDML Implementation for ILD

The DDML implementation for the ILD detector
used in this study includes both the CaroCroups3 and
ConvL2LFLows models described in Section III. The models
were converted to a format suitable for use in C++, with the
components that composed the architectures being serialized
by a combination of tracing and scripting each of the individ-
ual operations. This was achieved predominantly by using the

utilities provided by TorcHScrIPT in PyTorcH [91], with the
SHowerFLow component of the CarLoCroups3 architecture
making use of the POUTINE effect handlers present in the
PYRO [94] deep probabilistic programming library in which
the model was implemented.

This study focuses on the barrel region of the ILD detector.
In order to leverage the symmetry present in the ILD detec-
tor, we generate showers at different positions in the detector
using models trained on showers in a single location, as de-
scribed in Section II. This is possible because the regularized
calorimeter used for creating the training dataset has no dead
material within an active layer, and no gaps. This means that
the model is a valid simulator for the vast majority of the de-
tector, while in regions which are particularly irregular, full
simulation is run instead using the trigger interface described
in Section A 1.

The first type of region excluded is the transition between
the edge of the barrel and the endcap. In this region, there is
a gap between the barrel and the endcap, and a change in ori-
entation of the calorimeter layers. For this reason, the edges
of the barrel at 6 < 40 degrees and 6 > 140 degrees in the
global ILD coordinate system are excluded from fast simula-
tion. The second type of transition region is the intersection
between staves of the octagonal barrel, where an asymmetrical
change in orientation of the calorimeter layers occurs. These
8 transition regions are excluded by 8 cuts in the global ILD
coordinate system, each of which consists of an 8.01 degree
range in (.



Appendix B: Observable Comparison Summary

Table I provides a concise overview of the agreement be-
tween the evaluated surrogate models and the Geant4 refer-
ence across all benchmark observables. The comparison em-
ploys the Jensen-Shannon (JS) divergence and the mean abso-
lute error (L) as quantitative metrics, both measuring the de-
viation of a model’s reconstructed distributions from those ob-
tained with GEant4. Lower values correspond to better agree-
ment.

Uncertainties are estimated from repeated evaluations us-
ing identical event samples simulated with different random
seeds, for both GEanT4 and the surrogate models.

Among the reference optimal shower generators,
OptiMuM (x1)- trained directly at detector readout granularity-
shows systematically larger deviations, indicating that coarse
spatial representations limit achievable fidelity. Progres-
sively finer geometrical resolution in OptimMumM (x9) and
OptiMuM (STEPS) significantly improves the match, providing
an effective upper bound on achievable performance for
surrogates.

Appendix C: Systematics resulting from simulation
methodology

Figure 14 shows the average reconstructed energy pattern
for photon showers, visualized as YZ projections of the mean
energy per voxel across 90,000 events. The vertical direc-
tion Y corresponds to the calorimeter layers, while Z indi-
cates the position within the upper ECAL barrel in mm. All
optimal shower generators and generative models reproduce
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the overall longitudinal and transverse structure observed in
the GeEanT4 reference, including layer-dependent modulations
and geometrical features of the detector segmentation. No sig-
nificant deviations are visible at this scale, demonstrating that
all models are properly integrated into the detector geometry
and capture the overall event topology with high fidelity.

In contrast, the relative per-voxel energy difference maps
shown in Fig. 15 reveal small but systematic biases. To the
right of each panel, zoomed-in views highlight regions near
module boundaries and absorber gaps. Because all surrogate
models were trained on idealized geometries without inactive
regions, they tend to overestimate the early energy deposition.
The showers in the surrogate models start slightly earlier since
the absorber material is present in every layer homogeneously
in the idealized geometry. In the realistic ILD geometry, how-
ever, the presence of structural gaps in the absorber delays
the shower onset, allowing the energy to penetrate deeper.
This results in a characteristic underestimation of energy in
the later layers for all surrogates when compared to the full
GEeaNT4 simulation.

These effects originate from the interplay between the ide-
alized local training setup and the complex global detec-
tor structure. They represent geometry-dependent system-
atic biases that persist even for the most accurate surrogate,
OptmvuM (STEPS), and define a practical upper limit on achiev-
able agreement when a single conditional model is reused
across the barrel.

Because the affected regions are spatially confined, ex-
tending the approach with localized trainings or lightweight
region-specific calibrations offers a straightforward path to
further reduce the remaining discrepancies.
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Metric OptivuM (x1)  OptiMum (x9) OptimuM (sTEPS) ConvL2LFrLows (x9) CaLoCLoups3 (x25)

Single shower observables

JSEradil(100) (5 10~ 471+0.04 0.04+0.01 0.06+0.01 8.37 +0.03 1.11 £ 0.02
JSErdinco) (5 1074) 23.33+0.16 046+0.02  0.04 +0.01 1.92 + 0.06 2.24 +0.06
JSEne (x 1074 0.049 + 0.013 0.050 + 0.013  0.049 + 0.013 0.313 +£0.023 0.050 £ 0.011
J§Phires100%) (5 10~) 13.84 £ 1.58 2272 +£2.07 24.68 +2.02 342.18 + 7.96 48.64 + 3.62
JSiPhiress) ( 1074) 29991 +7.08 933 +1.20 1.37 £ 0.53 6.58 +1.20 16.85 +1.93
IS Thetarestio0%) (¢ 10~ 4440+ 3.15 37.72+271 37.52+282 553.91 +10.26 374.08 + 8.83
ST hetaresiaser ( 10~ 19527 £5.54 1323 +1.32  2.02 +0.66 39.12 £2.49 32.10 £2.16
L, 0 114.33 £ 543 29.84+5.13 11.63 + 5.08 49.31 £5.35 17.98 +5.26
L0 025+0.04 029+0.03 0.40+0.03 1.06 £ 0.04 0.09 + 0.04
Multi-particle observables

J§77r (x107)@5GeV 182.69 + 27.87 18.09 + 10.28 - 28.52 + 13.56 36.30 + 14.21
IS (x107)@20GeV  380.74 + 32.14 10.54 + 6.04 - 19.56 + 8.86 34.21 +12.79
IS (x107)@100GeV  5.57 £2.94  2.17 +1.24 - 7.28 £4.48 295+ 1.77
ISMa0 (x1074) 23.12+7.38 1391+6.89 2583 +8.58 32.06 + 8.74 22.08 +7.40
ISER (x1074) 31.40£993 19.62 +6.74 35.88+8.02 27.24 £8.22 26.87 + 8.82
JS%0res (x 1074) 143.62 £ 1641 1097 +4.94  7.04 +4.27 34.97 +7.63 10.69 + 4.90
JS?0res (x107%) 25.07+6.98 1390+6.05 16.11+6.38 49.74 + 10.14 8.68 + 4.91
IS e (x 1074 990+1.66 0.73+0.28  0.49 +0.33 12.75+ 2.3 0.51 +£0.28

TABLE I. Quantitative comparison of models’ performance relative to GEant4 for single photon, di-photon and tau samples. Metrics are JS
divergence or L, distance as indicated, lower values correspond to better agreement. Bold entries denote the best agreement with GEANT4 per
observable, italics denote the worst.
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Geant4, 90k showers overla @ 10-100 GeV
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FIG. 14. Average reconstructed energy of 90,000 photon showers incident on the upper barrel segment of the ILD ECAL, projected onto the
YZ plane. Each panel shows one generator or model (name of the model in the title of each panel), with Y denoting the calorimeter depth
(layer index) and Z denoting the global detector coordinate in mm. The color scale corresponds to the mean deposited energy per voxel.
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FIG. 15. Relative per-voxel deviation in mean reconstructed energy in the ILD ECAL with respect to Geant4 for each surrogate model (name
of the model in the title of each panel). The accompanying zoomed-in panels (on the right of each panel) show the regions near calorimeter
module gaps. The consistent overestimation at shower onset and underestimation at larger depths arise from the absence of absorber gaps
in the idealized training geometry. These localized geometry-dependent effects set a practical limit on surrogate accuracy when transferring
models trained at a single reference position to the full [LD geometry.



