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OmniJet-a¢: Learning point cloud calorimeter simulations using generative
transformers
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We show the first use of generative transformers for generating calorimeter showers as point clouds
in a high-granularity calorimeter. Using the tokenizer and generative part of the OMNIJET-av model,
we represent the hits in the detector as sequences of integers. This model allows variable-length
sequences, which means that it supports realistic shower development and does not need to be
conditioned on the number of hits. Since the tokenization represents the showers as point clouds,
the model learns the geometry of the showers without being restricted to any particular voxel grid.

I. INTRODUCTION

Machine learning (ML) methods have been a com-
mon ingredient in particle physics research for a long
time, with neural networks being applied to object
identification already in analyses at LEP [1]. Since
then, the range of applications has grown drasti-
cally, with ML methods being developed and used for
example in tagging [2—4], anomaly detection [5-8],
individual reconstruction stages like particle track-
ing [9-11] or even full event interpretation and re-
construction [12]. Another important use case for
ML in high energy physics (HEP) is detector simu-
lation. With the increasing luminosity of the large-
scale experiments in HEP, the computational cost of
high-precision Monte-Carlo (MC) simulations is go-
ing to exceed the available computing resources [13].
Generative methods have the potential to signifi-
cantly reduce this resource requirement, which is
why a considerable amount of research has been
spent on exploring architectures for detector sim-
ulation [14, 15]. Examples include GANs [16-27],
variational autoencoders (VAEs) and their variants
[28-33], normalizing flows and various types of dif-
fusion models [33-51].

Most ML methods in HEP are designed, devel-
oped and trained for very specific tasks. The focus
on specialized models means that the full potential
of the vast datasets we have access to is not being
utilized. Furthermore, while these models may be
more resource efficient than the traditional meth-
ods they seek to enhance or replace, developing and
training each model from scratch still requires sig-
nificant amounts of both human and computational
resources. For reasons like these, there has been a
growing interest in developing foundation models for
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particle physics [52-60] in the past couple of years.
A foundation model is a machine learning model
that has been pre-trained on a large amount of data,
and can then be fine-tuned for different downstream
tasks [61]. The idea behind utilizing pre-trained
models is that their outputs can significantly en-
hance the performance of downstream tasks, yielding
better results than if the model were to be trained
from scratch. While the models mentioned above
have focused on exploring different tasks in specific
subdomains, like jet physics, a more ambitious goal
eventually would be to develop a foundation model
for all tasks in all subdomains, including for exam-
ple tracking, shower generation and anomaly detec-
tion in general (not restricted to jets). The hope
would be that it could then utilize the full amount
of diverse data from our experiments, to boost the
performance of all possible downstream tasks. The
first step towards such a model must be to be able to
handle tasks from different subdomains in the same
computational framework.

In this work, we apply the generative part of
OMNIJET-« [55], originally developed for jet physics,
to a completely different subdomain: electromag-
netic shower generation in collider calorimeters. We
show that the OMNIJET-« architecture and workflow
also works for generating showers, opening up the
possibility of exploring transfer learning for showers
in a setting that has already proved successful in the
context of jet physics. This is the first example of an
autoregressive generative model utilizing the GPT
architecture for calorimeter point clouds (as opposed
to the fixed calorimeter geometries of Ref. [62]).
We denote this extended model capable of handling
showers as OMNIJET-a¢ (OMNIJET-«¢ Calorimeter).
Showing that we can use the same framework for
two very different subdomains is an important step
towards developing a foundation model for all com-
puting and data analysis tasks in particle physics.

This paper is organized as follows. Section II de-
scribes the dataset used, section III the experimental
setup, and section IV presents the results. Finally,
we offer our conclusions in section V.



II. DATASET

The International Large Detector (ILD) [63] is
one of two detector concepts proposed for the In-
ternational Linear Collider (ILC) [64], an electron-
positron collider that is initially operated at 250 GeV
center-of-mass energy and extendable to higher en-
ergies up to 1 TeV. ILD is optimized for the Par-
ticle Flow Algorithm [65] that aims at reconstruct-
ing every individual particle. The detector there-
fore combines precise tracking and vertexing capabil-
ities with good hermiticity, and highly granular sand-
wich calorimeters. The electromagnetic calorimeter
of ILD (the Si-W ECAL [66]) consists of 20 layers
with 2.1 mm thick W-absorbers followed by 10 lay-
ers with 4.2 mm W-absorbers, all interleaved with
0.5 mm thick Si-sensors that are subdivided into
5 mm X 5 mm cells.

The dataset used in this work was originally cre-
ated for Ref. [67], where more details on the detector
and simulation can be found. Showers of photons
with initial energies uniformly distributed between
10 — 100 GeV are simulated with Geant4 [68] using
a detailed and realistic detector model implemented
in DD4hep [69]. The resulting showers are projected
into a regular 3D grid with 30x30x30 = 27 000 vox-
els. The 3D-grid data is converted into a point cloud
format, where each point has four features: the z-
and y-position (transverse to the incident particle
direction), the z-position (parallel to the incident
particle direction), and the energy. The incoming
photon enters the calorimeter at perpendicular inci-
dent angle from the bottom at z = 0 and traverses
along the z-axis, hitting cells in the center of the z-
y plane. A staggered cell geometry results in small
shifts between the layers.

We preprocess the four input features (z, y, z
and energy) by standardization. The energy feature
is log-transformed before being scaled and shifted,
which has the additional advantage that generated
energies are by design non-negative.

The dataset has 950 000 samples, of which 760 000
are used for training, 95000 for validation, and
95000 as test samples.

III. METHODS

This work uses the workflow of OMNIJET-av [55],
which is a foundation model originally developed for
jet physics. OMNIJET-«r uses a VQ-VAE [54, 70-72]
to tokenize the input features. The constituents of
the jets, or in this case the voxel hits of the showers,
are represented as a sequence of integers. These se-
quences are used as input for the generative model,
which is a GPT-style [73] model. Since the model
only expects integers, it is not dependent on a spe-
cific type of data as input as long as it can be repre-
sented in this format. Moreover, the model accepts
variable-length sequences, which means that it can
be used equally well for jets with a variable number
of constituents as for showers with a variable num-

ber of hits. The training target of the model is next
token prediction, that is, it learns the probability
of each token given a sequence of previous tokens,
p(zi|Ti=1,...,x0). This means that it is straightfor-
ward to use the trained model for autoregressive gen-
eration, where each new token is generated condi-
tioned on the previous ones in the sequence. While
OMNIJET-« also has classification capabilities, this
work only focuses on the generative part. One key
feature of OMNIJET-« is that it learns the sequence
length from context. This removes the need for spec-
ifying the number of elements in the sequence before-
hand.

The VQ-VAE and generative model were trained
using the hyperparameters described in Appendix A.
For the VQ-VAE, the best epoch was selected via
lowest validation loss. After training, the VQ-VAE
was frozen. The input data was tokenized using this
model, and then fed into the generative model for
training. Here again the epoch with the lowest vali-
dation loss was chosen as the best epoch. New show-
ers in the form of integer sequences were then gener-
ated using this final generative model, and the frozen
VQ-VAE was used to decode these integer sequences
back into physical space.

IV. RESULTS

In the following we will present the results of
the training of the VQ-VAE and the generative
model. For comparison we use the test dataset,
which the models never saw during training. As a
benchmark for shower generation the performance
of OMNIJET-a¢ is compared to two state-of-the-
art generative networks: one point cloud model,
CaLoCroups II [74], and one fixed-grid model,
L2LFLows [75]. CaLoCroups II is a continuous
time score-based diffusion model that has been fur-
ther distilled into a consistency model (CM), whereas
L2LFLows is a flow-based model using coupling
flows with convolutional layers. L2LFLOWS has al-
ready been trained on this dataset in [75], and the
showers were provided to us directly by the authors.
For CALOCLOUDS II however, no such training was
available. Instead we ran this training ourselves, us-
ing the same hyperparameters as in [74] with the
exception of training the diffusion model for 3.5 M
iterations instead of 2 M, and the consistency model
for 2.5 M iterations instead of 1 M. This is the first
time CALOCLOUDS II has been trained on a dataset
in which the granularity matches the one of the
calorimeter.

A. Token quality

We first investigate the encoding and decoding
capabilities of the VQ-VAE. To judge the effect of
the tokenization and potential loss of information,
we compare the original showers with the recon-
structed showers on hit-level. A perfect reconstruc-
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Figure 1: Reconstruction resolution for the input features (x, y, z, energy) for different codebook sizes.
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Figure 2: Distributions of physical observables between Geant4 (grey, filled) with the codebook size of 65536
(blue) and codebook size of 8192 (orange). Hits that were below the MIP threshold (0.1 MeV), i.e. those
in the shaded region of the visible cell energy plot, were not considered for the comparison in the remaining
distributions. This cutoff can affect the number of hits for reconstructed showers.

tion would yield a Dirac delta function for the differ-
ence between reconstructed and original values for
each feature. However, as shown in Fig. 1, while
the distributions surrounding the center are indeed
narrow, they do have some spread. A codebook
size of 65536 shows a narrower resolution distri-
bution than a codebook size of 8192. In partic-
ular, the reconstruction of z for the latter has a
larger spread of 05,9, = 0.66 layers compared to
0gs536 — 0.4 layers with the larger codebook size.
For the energy, the respective spread values are
og1gs. = 0.11MeV and ogpran 0.07 MeV. Fur-
thermore, the reconstructed z distribution demon-
strates a broader spread and a more complex recon-
struction relative to the transverse coordinates x and

y, which exhibit similar and narrower distributions.
This difference in reconstruction accuracy can be at-
tributed to a broader spatial extent of the showers
along the longitudinal axis z. However, because vox-
els are discrete, the three spatial features need to be
rounded to integers. Perfect resolution is achieved
if these values remain within 4+0.5 before rounding,
the region indicated by the light gray lines in Fig. 1.

To accurately compare the reconstructed showers
with the original showers on hit and shower level, we
need to apply postprocessing. This step is explained
in Appendix B and essentially projects hits back into
the voxel grid and processes duplicate hits (hits that
are identical in all of the three spatial features).

The quality of the tokenization is also evaluated
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Figure 3: Examples of individual photon showers with a total energy sum of 1000 MeV generated by Geant4
(left), L2L-Flows (center left), the CALOCLOUDS II (CM) (center right) and OMNIJET-a¢ (right).
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Figure 4: Distributions of per-cell energy (left), total energy sum (middle) and the number of hits above
0.1 MeV (right) between Geantd (grey, filled) and the generative models: OMNIJET-ci (blue), the CALO-
Croups II (CM) (orange, dashed) and L2L-Flows (green, dashed).

on hit- and shower-level. For this analysis, showers
are converted to tokens and then back to physical
space. Fig. 2 shows different feature distributions.
Generally we observe good agreement with the orig-
inal distributions. Rare tokens, such as those located
at the edges of the shower or tokens associated with
high-energy hits, exhibit the lowest reconstruction
quality. Again the VQ-VAE with the larger code-
book size performs better and has the smallest loss
of information.

B. Shower generation

Following training, OMNIJET-a¢ generates point
clouds autoregressively. Initialized with a start to-
ken (a special token that initiates the autoregressive
generation process), the model predicts the probabil-
ity distribution for the next token based on the pre-
ceding sequence. OMNIJET-a¢ then samples from
this distribution, appending the chosen token to
the growing sequence. This process continues un-
til a stop token (a special token that represents
the end of the generated sequence) is generated or
the maximum sequence length of 1700 tokens is
reached. Unlike most ML-based shower generators,
OMNLJET-a¢ is not trained to generate showers for
specific incident photon energies. Instead, the model
learns to generate showers with a variety of energies.

We reserve a study of how to condition the model on
the incident energy for future work. This would al-
low the user to request showers of a specific energy.
In this first version however, we will only compare
the full spectrum of showers.

We see in Fig. 3 that OMNIJET-a¢ , CALO-
Croups II (CM) and L2LFLOWS generate show-
ers that appear to be visually acceptable com-
pared to Geantd. Next, we compare the perfor-
mance of OMNIJET-a¢ to CAaLoCroups II (CM)
and L2LFLOWS for three different quantities'.

Fig. 4 (left) compares the cell energies. We observe
an accurate performance of OMNIJET-a¢o across
almost the entire energy range, on par with
L2LFrLows. For the higher energies we see some
deviations for both OMNIJET-a and CALOCLOUDS
II (CM). As seen in Fig. 2, the mismodeling for
OMNIJET-a¢ is introduced by the VQ-VAE. The be-
havior of CALoCrLouUDs II (CM) is consistent with
what was seen in the original paper. The shaded area
in the histogram corresponds to the region below half
the energy of a minimal ionizing particle (MIP). In
real detectors, read-outs at such small energies are
dominated by noise. Therefore, cell energies below

I Note that compared to the original training of CALO-
Croups II in Ref. [74], this training is done at physical,
ie. lower, resolution.



x101
Geant4 CC Il (CM) 3 Geant4 CC Il (CM) 1044 Geant4 CC Il (CM)
3] —— Omnijet-a¢ L2LFlows 1075 —— Omnijet-a¢ L2LFlows —— Omnijet-a¢ L2LFlows
° S S 1034
7] = L 102 [ al
N (-] = e = 1021 L
© 2 ~ L = " L. = L
£ [ | B1ot! by & Tl
§ g 'T_| E = = E 10%4 =L -y
4 | { ] - =,
1 H = v 00, = v 10° 4 =]
0+~ —4-—. e J 10-1 —
o 1.54 o 1.25 | | 5 g o 1.25 -
B L0 -H_r_,— =z G L00 J{j‘nr_r'r..- e T 1005 p i aen
0.51 e . . . . 0.75 % . . . . . 0.751 . . . .
7.5 10.0 12.5 15.0 17.5 20.0 0 5 10 15 20 25 30 0 5 10 15 20
center of gravity Z [layer] layer radius [pixels]

Figure 5: Distributions of center of gravity (left), mean energy per layer (middle) and the mean energy per
layer between Geant4 (grey, filled) and the generative models: OMNIJET-a¢ (blue), the CALoCLoUDS 11
(CM) (orange, dashed) and L2L-Flows (green, dashed).

0.1 MeV will not be considered in the following dis-
cussion, and the remaining plots and distributions
only include cells above this cut-off.

Fig. 4 (center) shows the distribution of the to-
tal energy sum of showers. For this calculation, the
energy of all hits surpassing half the MIP energy
are added up for each shower. This distribution is
strongly correlated to the incident photon energy on
which L2LFrows and CaroCroups II (CM) are
conditioned. OMNIJET-c ¢ has to learn this distri-
bution on its own.

Finally, Fig. 4 (right) shows the number of hits.
While the L2L-Flows and CaroCroups II (CM)
are conditioned on this distribution, OMNIJET-a ¢ is
able to achieve good agreement with the Geant4 dis-
tribution without this conditioning. The discrepan-
cies we see are a small peak at a shower length of
around 400 to 500, and also some showers that are
too long.

In Fig. 5 we compare the spatial properties of
the shower. The left plot shows that the Geant4
distribution of the center of gravity along the
z-axis is well modeled by all three architectures.
OMNIJET-a¢ performs better in the center of the
peak than at the edges.

The longitudinal energy distribution, de-
picted in the middle plot of Fig. 5, reveals
a comparatively weaker performance of the
OMNIJET-a¢c model and CaroCroups II (CM)
compared to L2LFlows in the initial 10 layers.
However, OMNIJET-a¢ outperforms CALOCLOUDS
II (CM) in the first 4 layers. The mismodel-
ing of OMNIJET-a¢ in the initial layers is likely
attributable to the tokenization process (see
Fig. 2), where these layers, being less common,
are represented by a limited number of tokens. A
similar degradation is observed in the outer regions
of the radial energy distribution (right plot of
Fig. 5), although OMNIJET-a still outperforms
CaroCroups II (CM).

Another important aspect for comparing gener-
ative models is the single-shower generation time.
Generating 1000 showers, randomly sampled across

all incident energies, resulted in a mean and stan-
dard deviation of (3 &+ 1)s per shower. The gen-
eration was performed with a batch size of 2 on
an NVIDIA® A100 GPU. In contrast, Geant4 on a
CPU required (4.14+0.2) s per shower [28]. Therefore,
our model demonstrates a speedup factor of 1.39 in
this case. On identical hardware and with a batch
size of 1000, L2LFlows achieves per-shower gener-
ation times of (3.24 £ 0.05)ms and a speedup fac-
tor of 1260. CALOCLOUDS II on identical hardware
but with a batch size of 100 generates one shower in
(16+6) ms and achieves a speedup factor of 255. The
comparatively slow performance of OMNIJET-o¢ is
attributable to the generation being autoregressive.
Since this study did not prioritize generation speed,
optimizations such as multi-token generation are left
for future work.

V. CONCLUSION

In this work, we take a first important step to-
wards building a foundation model for several sub-
domains of particle physics. We show that we are
able to use the architecture and workflow of a foun-
dation model originally developed for jet physics to
generate electromagnetic showers in a calorimeter, a
fundamentally different problem. This is a notable
difference to previous efforts for foundation models
in HEP, which so far focused on tasks within one sub-
domain, mostly different tasks within jet physics. It
is also the first implementaton of a GPT-style au-
toregressive generative model for calorimeter shower
point cloud generation.

The next immediate step will be to investigate
whether this model can be used for transfer learn-
ing between different types of showers. In the long
term, we aim to develop a joint model that can work
with both jets and showers. Combining tasks from
different subdomains in one single framework is a
necessary step towards a foundation model for par-
ticle physics that can handle a variety of data types
and tasks.
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Appendix A: Model details and
hyperparameters

Different hyperparameter configurations were
tested for the individual model components of
OMNIJET-a¢ . The configurations presented in the
following were found to lead to stable trainings.
However, no extensive hyperparameter optimization
was performed.

TABLE I: Hyperparameters used in the VQ-VAE

training.

Hyperparameter Value
Learning rate 0.001
Optimizer Ranger
Batch size 152
Batches per epoch 1000
Number of epochs 588
Hidden dimension 128
Codebook size 65536
B 0.8
«a 10

Replacement frequency 100

The hyperparameters used for the VQ-VAE train-
ing are shown in Tab. I. Only the codebook size, re-
placement frequency and the hyperparameter 5 were
adjusted. The remaining hyperparameters are the
same as in OMNIJET-a. An increase of the codebook
size from 8192 to 65536 was found to improve the
reconstruction capabilities (i.e. the resolution of the
tokenized showers). The codebook utilization, i.e.
the fraction of used tokens, is also monitored during
the training to ensure that the resulting codebook
is used completely. Unused tokens would drastically
increase the number of parameters of the generative
model while not adding any potential improvements
in the performance of the generative model. The
current setup results in a codebook utilization of the
final VQ-VAE model of 99.65%. The hyperparame-
ter 8 which defines the relative importance of how
much weight should be given to updating the en-
coder embeddings z. towards the codebook vectors

zq and vice versa, is decreased from 0.9 to 0.8. This
leads to a higher emphasis on adapting the encoder
to bring the embeddings z. closer to the codebook
vectors z,. Furthermore, the optimization process
employs a token replacement strategy based on us-
age frequency. The chosen replacement frequency of
100 batches (instead of 10) indicates that a token
must be used at least once within the preceding 100
batches to avoid being replaced by a new token. We
used the Lookahead optimizer [76] with RAdam as
the inner optimizer [77].

For the hyperparameters of the backbone, no
changes compared to OMNIJET-a were made except
for the batch size. The hyperparameters used are
listed in Tab. II.

TABLE II: Hyperparameters used in the generative
model training.

Hyperparameter Value
Learning rate 0.001
Optimizer Ranger
Batch size 72
Batches per epoch 6000
Number of epochs 106
Embedding dimension 256
Number of heads 8
Number of GPT blocks 3

Appendix B: Postprocessing

Projecting the hits of a point cloud model back
onto the voxel grid can result in duplicate hits in
some voxels. To resolve these duplicates, the voxels
with lower energy are translated along the z-axis to
the nearest unoccupied voxel position. This heuristic
preserves both the total energy and the hit count
while minimally impacting the z-distribution. We
could also translate the voxels along the z- or y-
axis, but as shown in Fig. 6 the hit energies are not
invariant in these directions.
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Figure 6: Overlay of 10k showers for all simulators for the full spectrum, where the voxel energies are summed
along the z- (left), y- (middle) and z-axis (right). In all plots, the mean over the number of showers is taken.



