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ABSTRACT

For High Energy Physics (HEP) experiments, such as the Large Hadron Collider (LHC) experiments,
the calorimeter is a key detector to measure the energy of particles. Incident particles interact with
the material of the calorimeter, creating cascades of secondary particles, so-called showers. A detailed
description of the showering process relies on simulation methods that precisely describe all particle
interactions with matter. Constrained by the need for precision, the simulation of calorimeters is
inherently slow and constitutes a bottleneck for HEP analysis. Furthermore, with the upcoming high
luminosity upgrade of the LHC and a much-increased data production rate, the amount of required
simulated events will increase. Several research directions have recently investigated the use of Machine
Learning based models to accelerate particular calorimeter response simulation. These models typically
require a large amount of data and time for training, and the result is a simulation tuned specifically to
this configuration. Meta-learning has emerged recently as a fast learning algorithm using small training
datasets. In this paper, we use a meta-learning approach that “learns to learn” to generate showers from
multiple calorimeter geometries, using a first-order gradient-based algorithm. We present MetaHEP, the
first application of the meta-learning approach to accelerate shower simulation using very high granular
data and using one of the calorimeters proposed for the Future Circular Collider (FCC), a next-generation
of high-performance particle colliders.

© 2023 The Author(s). Published by Elsevier B.V. This is an open access article under the CC BY license

(http://creativecommons.org/licenses/by/4.0/). Funded by SCOAP3.

1. Introduction

The nearest future is very exciting for High Energy Physics
(HEP), especially for the Large Hadron Collider experiments and
their high-luminosity upgrade (HL-LHC) foreseen for 2029 [1]. The
increase of luminosity means more data will be gathered, enabling
new and higher precision measurements. This will require a cor-
responding increase in the amount of Monte Carlo (MC) simulated
data, which already is a major consumer of the computing time
for most experiments [2,3]. In order to fit within the available re-
sources, HEP experiments are carrying out multiple R&D activities,
including efforts to accelerate the simulation using so-called fast
simulation techniques [3-6]. Some of those methods are already
successfully applied in ATLAS [7], CMS [8], and LHCD [9].

Detailed simulation of particle transport through a model of a
detector is performed using the GEANT4 toolkit [10]. It allows to
emulate a particle’s interactions with matter by transporting it step
by step by a small distance. This process evaluates the probabilities
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of interactions with the material of the detector. The energy of ex-
citations and particles that are not simulated such as low-energy
electrons, positions and photons are registered as energy deposi-
tions.

Interactions may produce secondary particles, which are added
to the queue of particles, and simulated once the step-by-step
propagation of the previous particle is completed. This detailed
simulation is often referred to as a full simulation.

In a typical HEP collider experiment, a detector is comprised
of light tracking devices to measure the momenta of the charged
particles, one or more calorimeters to measure the energy of elec-
trons, positrons, photons, and hadrons (both charged and neutral)
and finally a muon tracking system to measure the momenta of
muons. The basic principle of calorimetry depends on the cre-
ation of cascades of the secondary particles and their absorption
in the dense material of the calorimeter. Those showers are com-
posed of many particles and thus their simulation is computation-
ally intensive. Calorimeters are typically the slowest detectors to
simulate [11]. The acceleration of the simulation of showers in
calorimeters is vital to address the computing challenges ahead.

Techniques for the fast simulation of showers rely on replac-
ing the detailed step-by-step simulation of particle interactions
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(a) Energy deposition in the (x,y) plane.
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(b) Energy deposition in the (z,y) plane.

Fig. 1. Visualization of a single shower initiated by a 10 GeV electron and simulated with Par04 example [32]. Energy is deposited in a cylindrical mesh around the incident
particle momentum. Projections in the lateral plane (a) and the longitudinal plane (b) are shown.

with matter with instantaneous creation of energy deposits in the
detector. An example visualization of the deposited energy in a
simulation of a 10 GeV electron is shown in Fig. 1. Such response
of the detector to an incoming particle can be parametrized, with
the goal of maintaining sufficient precision while decreasing the
simulation time. Several approaches have been studied and ap-
plied in the experiments. One of the possibilities is to reuse several
times the same detailed simulation [12] or to approximate with
mathematical formulas the shape of the shower [13]. Given the
complexity of the showers and the difficulty to model the statisti-
cal fluctuations, it is tough to address the fast shower simulation
with high precision using current models, especially for granular
calorimeters. Those solutions are therefore used only in the regions
of the detector in which performance is not of utmost importance,
or for the physics analysis that require very high statistics of sim-
ulated data, with fewer constraints on their precision.

In recent years, deep learning techniques have achieved great
success in various science areas. In HEP, deep learning techniques
have been used for fast simulation of detector responses such as
in [14-19]. These studies focused on a single detector geometry
using a large amount of data for training, which was found neces-
sary to achieve good performance.

Meta-learning [21] is a learning-to-learn approach. Historically,
this idea first appeared in 1987 [22]. In this family of methods
neural networks are trained to get as inputs their own weights
and predict weight updates. In Ref. [23] meta-learning with gradi-
ent descent and backpropagation was first proposed. This approach
was extended for use in reinforcement learning [24]. A meta-
learning approach takes a distribution of tasks, where each task
corresponds to a learning problem. The goal is then to produce
a quick learner which can generalize from small amounts of data
examples. Model-agnostic meta-learning (MAML) [25] is a meta-
learning algorithm whose optimization problem is learning the
initialization parameters (weights) of a neural network. These pa-
rameters constitute the meta-knowledge and they are learned dur-
ing a meta-training step. They can be used as initialization weights
of the model and subsequently tuned for a new task. We refer to
task-specific tuning as adaptation.

Reptile [26] is a first-order gradient-based meta-learning algo-
rithm, i.e, it performs stochastic gradient descent (SGD) on each
task in a standard way as opposed to MAML which computes
the second derivatives. This makes Reptile more computationally
and memory efficient, while the optimization problem remains the
same as for MAML.

In this paper, we present MetaHEP, a generalizable and reusable
solution for fast shower simulation. Our model is trained on mul-
tiple detector geometries and adapts quickly to a new one. To the

best of our knowledge, MetaHEP is the first application of a gener-
ative meta-learning approach for fast shower simulation in HEP. It
uses highly granular data, making it suitable for detectors of cur-
rent and future experiments, such as the Future Circular Collider
(FCC) [27].

2. Related work

Generative models such as generative adversarial networks
(GANs) [39] and variational autoencoders (VAEs) [40] have been
explored as a promising approach for fast shower simulation in
HEP. Early applications using GANs [14] were implemented for
electromagnetic shower simulation. The authors showed that GANs
were able to generate highly realistic showers and reduce the com-
putational cost of simulation by up to two orders of magnitude
compared to full GEANT4 simulation. Ref. [15], presents the first
application of GANs and VAEs for calorimeter shower simulation of
photons in the ATLAS detector. The two models use the readout of
the energy deposits recorded by the cells of the ATLAS calorimeter.
The computational time to generate new showers with these mod-
els was also reduced up to two orders of magnitude compared to
the full GEANT4 simulation, with a very small memory footprint of
the order of 5 MB [20]. Because the ATLAS cell structure is not ho-
mogeneous, FastCaloGAN [19], another GAN-based model for fast
simulation in the ATLAS detector, uses a voxelisation procedure to
group the spatial energy deposits in each calorimeter layer from
the GEANT4 full simulation data into volumes called voxels. In fact,
FastCaloGAN parameterizes the interactions of particles in the AT-
LAS calorimeter using 300 GANs, one for each particle type and n
slice in which the reference samples are produced. FastCaloGAN
uses the Wasserstein GAN with a gradient penalty (WGAN-GP)
term in the loss function of the discriminator.

In addition to the above-mentioned models, other approaches
have also been explored. In Ref. [18], a combination of VAEs and
GANs known as the bounded information bottleneck autoencoder
(BIB-AE) [41], is used to simulate electromagnetic showers in the
central region of the Silicon-Tungsten calorimeter of the proposed
ILD [28]. The authors show that using a modified BIB-AE for gener-
ation can accurately model all tested relevant physics distributions
to a higher degree than achieved by traditional GANs. Normaliz-
ing flows have also been explored. The authors of CaloFlow [17]
introduce a fast detector simulation framework based on nor-
malizing flows. They also introduce a new validation metric of
fast simulation approaches based on a classifier to test whether
DFastsim (X) = Prunusim (%). This is achieved by training a classifier on
FullSim data and if it performs similarly to a classifier trained on
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Table 1
Dimensions of the physical layout of the studied detectors.
Detector 1%t material 2nd material Number of
thickness (mm) thickness (mm) layers
SiW cylinders 0.3 mm 1.4 mm 90
SciPb cylinders 1.2 mm 4.4 mm 45
PbWO4 cylinders 200.25 mm - 1
SiW FCC-ee 0.5 mm 1.9 mm 40

FastSim data, then this means that the FastSim data are well ap-
proximating the FullSim data.

3. Calorimetry and datasets

A particle entering the calorimeter initiates a cascade of sec-
ondary particles. Those particles deposit energy and produce fur-
ther particles until the full energy of the primary particle is ab-
sorbed (or until the particle escapes the calorimeter).

The description of the three-dimensional shape of a shower is
usually done by splitting the representation along the shower axis,
i.e,, the direction of the incident particle, to create the longitudi-
nal profile, and in the transverse plane, named the lateral profile.
The development of showers depends on the energy, the type and
the direction of the incident particle, as well as on the character-
istics of the detector or its detailed geometry: material, size, and
thickness. The denser the detector, the smaller the size of the pro-
duced shower. For convenience, one can express the longitudinal
and lateral distance from the shower axis in the material-specific
units: the radiation length! z/Xy and the Moliére radius® r/Ry.
The values of z/Xg and r/R); units are used commonly to describe
and compare different calorimeters, and they are also the basis
of the material-independent shower parametrisation GFlash [13].
The importance of these units for MetaHEP is described further in
Sec. 3.2.

3.1. Calorimeter geometry description

In this paper, we consider four different calorimeter geometries.
Three geometries are idealised versions of calorimeters serving as
demonstrators. They are setups of concentric cylinders with in-
terchanging layers of materials. The first geometry uses layers of
silicon and tungsten (SiW), the second one uses scintillator and
lead (SciPb) and the third one consists of a single material, lead
tungstate (PbWO4). The fourth geometry used in this paper is a
more realistic geometry, studied in the context of the electron-
positron FCC-ee experiment [29] and based on the CLIC detec-
tor [30]. This geometry comprises flat silicon sensors, placed in an
octagonal pattern in the transverse cross-section of the detector.
Silicon sensors are accompanied by a number of materials, most
notably tungsten, but also readout and electrode plates, and in-
clude spacing in between layers. The important physical character-
istics of those detectors are summarised in Table 1. For the FCC-ee
calorimeter, only the thickness of silicon and tungsten are men-
tioned as the first and second materials, respectively. The source
file for the FCC-ee calorimeter can be found in [31].

Fig. 2 presents a comparison of basic shower characteristics for
the studied detectors. It is shown using the example of 64 GeV
electrons entering the detectors perpendicularly to the cylinder

1 The radiation length is the average distance over which an energetic electron
loses 1 —e~! of its energy by bremsstrahlung. It is also on average 7/9 of the mean
free path an energetic photon travels before creating e~e™ pair.

2 The Moliére radius is defined as the radius of a cylinder in which particle de-
posits on average 90% of its initial energy.

Physics Letters B 844 (2023) 138079

Table 2
Dimensions of the dynamic mesh readout (presented in Fig. 3b)
of the studied detectors.

Detector R P N Ar Az
(mm) (mm)
SiW cylinders 18 50 45 23 34
SciPb cylinders 18 50 45 4 5.6
PbWO4 cylinders 18 50 45 49 4.5
SiW FCC-ee 18 50 45 49 5.05

axis. The distribution of energy deposits in a single readout cell is
presented in Fig. 2a. The readout structure of the detectors is de-
scribed in detail in Sec. 3.2. The largest energy deposits are made
in the cells of the lead tungstate calorimeter (PbWO4) as this is
the homogeneous detector, where the absorber is also the material
in which the deposited energy is recorded. This is also visible in
the distribution of the total energy presented in Fig. 2b. Almost all
of the energy of the incident particle is deposited in the homoge-
neous calorimeter and only a few per cent for the other sampling
detectors.

The longitudinal shower profile is shown in Fig. 2c in metric
units, and in Fig. 2d in units of radiation length. The latter distri-
bution demonstrates how expressing the longitudinal distance in
terms of material-specific units can help to generalize the shower
profile despite the difference in materials. The same conclusion can
be drawn for the lateral shower profile, shown in Fig. 2e in metric
units, and in Fig. 2f in units of Moliére radius.

3.2. Detector readout

The basic idea behind MetaHEP is connected to the construc-
tion of the detector readout. In order to obtain similar information
on energy deposits from different detectors, an innovative scoring
mesh is implemented, independent of the physical readout of the
detector. The advantage of this definition is that it allows a high
granularity segmentation of energy deposited in the simulation,
independently of the angle at which a particle enters the detec-
tor. Moreover, such a representation of a shower with mesh cell
size expressed in material-specific units facilitates generalization
to different geometries.

The principle of energy scoring in this mesh is the following:
whenever a particle enters the volume of the calorimeter, its mo-
mentum direction is used to define the position and the orienta-
tion of the cylindrical readout structure, which is centred around
the particle momentum, as shown in Fig. 3a. The metric size of the
mesh determines the granularity of the produced showers and can
differ for each of the studied geometries. It should remain similar
when expressed in material-specific units. Moreover, the number
of mesh cells should remain identical, as it is directly linked to
the design of the ML parameterisation model. The cylindrical read-
out is presented in Fig. 3b. Dimensions of the mesh readout for
the studied geometries are summarised in Table 2. The number of
mesh cells has been optimized to contain on average 95% of en-
ergy of 1 TeV electrons.

3.3. Datasets

Simulation of single electrons in the studied detectors has been
performed with GEANT4 producing datasets used in this paper. The
energy of incident electron ranges from 1 GeV to 1 TeV (in powers
of 2, in total 11 energy values: 1 GeV, 2 GeV, 4 GeV, ..., 1024 GeV)
and incident angle 6 from 50° to 90° (in a step of 10°, in total 5
angles). Particles with an incident angle 6 of 90° are perpendicular
to the detector axis. Incident angle ¢ is sampled uniformly from 0
to 360° for a cylindrical detector and is set to 90° for a realistic
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Fig. 4. Shower energy deposition in 4 selected layers of a 1 TeV electron entering the SiW calorimeter at an incident angle of 90°.
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Fig. 5. MetaHEP workflow.

detector. In the latter case, due to the lack of ¢ symmetry one
needs to consider both ¢ and 6 as input. 10°000 particle showers
are simulated for each energy and angle. Separate samples were
generated for the sake of validation studies.

Idealised, cylindrical detectors used in this paper are simulated
with the ParO4 example of GEANT4 toolkit [32] with the dimen-
sions of the materials and the readout mesh described in Table 1
and Table 2, respectively. Full simulation of the model of an FCC-
ee detector is performed with the FCCSW [33], a common software
for all FCC experiments using the turnkey software stack Key4HEP
[34]. Datasets that were used in the initial training of the model
(SiW and SciPb) are available on Zenodo [35]. Datasets simulated
with the PbWOQy4 cylindrical geometry and the FCC-ee detector are
used to demonstrate the power of MetaHEP, the adaptation step. In
order to demonstrate that the model can learn from a small subset
of a dataset, only 30% of the available statistics (for each energy
and angle) is used for the meta-training.

Fig. 4 shows a shower energy deposition in (x,y) coordinates for
four selected layers of the SiW cylindrical detector, for a primary
electron with an energy of 1 TeV. It shows the evolution of the
shower, with small deposits in the first and last layers, and the
bulk of the energy deposited in the middle.

4. Meta learning with generative modelling

We now describe our meta-generative model. First, we present
the experimental setup and then describe how we can approx-
imate a generation function for fast shower simulation using a
meta-learning model.

4.1. Proposed workflow

Fig. 5 represents the different modules of the MetaHEP solu-
tion workflow. The preprocessing module allows us to prepare the
simulated data, using the representation of showers in the read-
out mesh described in Sec. 3.2. This module is also used to encode
condition information such as detector identifier, the energy of the
particle initiating the shower, and the angle at which the particle
enters the detector. The detector identifier is encoded as a one-hot
encoding vector of size 3, i.e,, the first detector gets [0,0,1] and the
second [0,1,0] and the third gets [1,0,0].

The preprocessed data is then used by the meta-generative
model for training and adaptation. After this step, the model is
converted into a format such as JSON or ONNX that can be used
for inference in C++ (GEANT4 inference). ParO4 [32] is a GEANT4
example which demonstrates how to use a generative model in-
corporating inference libraries such as LWTNN [36], ONNX runtime
[37] and LibTorch [38]. Running inference within the same frame-
work that performs full simulation enables direct comparison of
full and fast simulation, and, more importantly, its application in a
HEP experiment data production cycle. Two stages of optimization
are used, one at training and one at the inference phase. The for-
mer is used to search for the best set of hyperparameters of the
model with an optimized number of trainable parameters. The lat-
ter is used for inference, enabling further optimization to reduce
the memory footprint of the model.

In order to model a physics phenomenon, such as a detector re-
sponse to a traversing particle, a certain number of occurrences of
this phenomenon are simulated. Analysis of the distributions de-
scribing measured properties of these events on a statistical basis
provides insight into the quality of the modelling. The validation
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is a key module of the workflow used to assess the performance
of the model. In our study, validation is based on comparing dis-
tributions of shower observables between full and fast simulation.
These observables characterise shower properties such as longitu-
dinal and lateral profiles. The longitudinal profile describes how
the energy is deposited by a shower as a function of the depth of
the calorimeter i.e., the z-axis, shown in Fig. 3b. The lateral profile
represents the energy density distribution as a function of the ra-
dial coordinate i.e., the r-axis shown in Fig. 3b. The first and second
moments of those distributions are also checked in the validation
phase, together with the basic distributions of energy: single cell
distributions and the total deposited energy i.e., the sum of the
energies of all cells. To evaluate the generative capability of the
model, a standalone validation procedure is performed (in Python)
during or after the training/adaptation phase. On the other hand,
at the inference stage, when the model is being run within GEANT4,
is used to ensure that the fast simulation is accurate after mapping
the inferred energies to positions in the calorimeter. The result of
the two validation procedures should be identical.

In this paper, we will only focus on the meta-generative model
component.

4.2. Generative fast shower simulation model

Variational Autoencoders (VAEs) combine ideas from represen-
tation learning and probabilistic latent variable modelling to de-
rive a class of deep learning models. Representation learning ap-
proaches have been widely used for supervised and unsupervised
tasks, and in particular with deep learning architectures, with the
multiple non-linear transformations yielding more abstraction and
potentially more useful representations [42].

The model used in this paper is a VAE. A VAE is composed of
two stacked deep neural networks acting as encoder and decoder.
The encoder learns a meaningful representation of the input data
with a variational principle. This representation in a latent space
has a lower dimensionality than the input. The decoder, on the
other hand, learns the inverse mapping, thus reconstructing the
original input from this latent representation. The VAE is designed
with a prior on the representation space therefore to constrain the
encoded distributions to be Gaussian distributions. The encoder
network is tasked to return the mean and the covariance matrix
describing those distributions. The loss function that is optimized
during the training of the VAE is composed of two parts. The first
is a regularization loss to minimize the Kulback-Leibler divergence
[43] between encoded distributions and the prior’ Gaussian dis-
tributions. The second is a reconstruction loss to minimize the
error by computing the binary cross-entropy between the input
and the version reconstructed using the latent representation. In
domain applications, we are often interested in conditional learn-
ing. In our work, the VAE model is tasked to learn a conditional
probability density based on information about the detector iden-
tifier, the particle’s energy, and the particle’s incident angle. The
VAE architecture used in this work is shown in Fig. 6. It comprises
4 hidden layers with widths of 100,50,20,15 and 15,20,50,100 for
the encoder and decoder respectively.

4.3. Meta learning for fast shower simulation

In this paper, we use Reptile [26] as a meta-learning approach.
Let 6 denote the initial model parameters and t a task from the
set of tasks. In our case, a task corresponds to learning to simulate
showers from one detector geometry. For a randomly sampled task
t, the optimization problem is to minimize Et[Lt(Uf(Q))], where
L; represents the loss of the task t, k is the number of steps or
updates and U denotes the updating operator such as gradient de-
scent. The loss function is the VAE loss constructed as a binary
cross entropy loss and a Kulback-Leibler divergence.

Reptile, described in Algorithm 1, is an iterative algorithm. It
first starts by sampling a task from the distribution of tasks, trains
on the task, and then moves the initial weights of the model to-
wards the trained weights [26].

Algorithm 1 Reptile algorithm [26].
Initialize 6, the vector of initial parameters
for iteration=1,2, ... do

Sample task t, corresponding to loss L; on weight vectors n
Compute n = U[‘(O), denoting k steps of SGD or Adam
Update 6 < 0 +¢€(n—0).

end for

As an alternative to the last step of the algorithm, 6 — 7 is con-
sidered as a gradient and plugged into an Adam optimizer. In our
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Fig. 8. Shower shape observables for a sample of 3'000 electrons of 64 GeV entering the PBWO4 calorimeter at incident angle of 90°. The error bars indicate the statistical

uncertainty of the reference data and the synthesized samples.

Reptile implementation, we use k=10 as the number of steps of
Adam optimization. We use 100’000 iterations for the Reptile train-
ing loop, and periodically every 1000 iterations the performance of
the model is checked on a particular geometry using a minibatch
(100) of shower inputs. The meta-training was completed in ap-
proximately 10 hours on an NVIDIA Quadro RTX 8000 GPU? with
a processing power of 4608 cores and clock speeds of 1395 MHz
and 7001 MHz for graphics and memory respectively.

5. Experimental validation
The key idea behind the meta-learning approach is that in-
stead of starting the training process from scratch on every new

geometry, we can use the meta-knowledge, accumulated during
the meta-training step, for a faster and more data-efficient adap-

3 The meta-training used 20 GB of the total GPU memory (46 GB).

tation. This refers to learning from prior experience and using this
meta-knowledge to guide the search for optimal model parameters
for a new geometry. In our Reptile training loop or meta-training,
only two detector geometries of cylindrical SiW and SciPb are used
to build the meta-knowledge. The remaining two geometries of
cylindrical PBWO4 and SiW FCC-ee are used to demonstrate the
adaptation capabilities of the model. Once the adaptation is done,
only the decoder network is used as a generator to perform infer-
ence. The input inference vector is constructed by sampling from
a 10D Gaussian distribution. The condition vector is comprised of
the values of the particle energy, the incident angle and the detec-
tor identifier. The results of inference, the fast simulation (MLSim)
are compared to the full simulation (FullSim).

5.1. Fast adaptation with a cylindrical calorimeter

To test the adaptation on a new detector a full simulation
sample of PBWO4 cylindrical geometry is used. The weights of
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Fig. 9. Shower energy observables for a sample of 3’000 electrons of 64 GeV entering the PBWO4 calorimeter at incident angle of 90°.

the model are first initialized with the meta-knowledge and the
adaptation process is checked every 10 steps and stopped after
1000 adaptation steps. This allows identifying at which point fur-
ther adaptation brings no further improvement to the validation
distributions. The adaptation progress on the longitudinal profile
distribution is illustrated in Fig. 7. After 50 steps the generated
longitudinal profile is in poor agreement with full simulation, but
with 360 steps there is a substantial agreement with a maximum
relative difference at or below 1% that can be seen in the ratio plot
(MLSim/FullSim)

The results of shower observables are presented in Fig. 8 for
shower shapes and in Fig. 9 and Fig. 10 for energy distributions.
Fig. 8a, Fig. 8b and Fig. 8c compare the longitudinal shower shape:
profile distribution, its first moment, and its second moment, re-
spectively. Fig. 8d, Fig. 8e and Fig. 8f compare the lateral shower
shape: profile distribution, its first moment, and its second mo-
ment, respectively. All of those distributions show good agreement
between the full and fast simulation. The longitudinal distribution
of energy can also be compared by looking at the distribution of
accumulated energy within one layer. Fig. 10 shows the energy
deposited per layer for each of the 45 layers in the detector. Plot-
ted with a logarithmic scale on the vertical axis, they demonstrate
good agreement between full and fast simulation. It is also visible
in Fig. 9a, of the distribution of the total energy deposited in the
calorimeter. Except for the tails of the distribution, the total de-
posited energy is modelled within a few per cent accuracies of the
full simulation.

Having a further look into energy validation, Fig. 9c and Fig. 9d
show a distribution of energy deposited in a single cell of the mesh
readout. Both of those histograms represent the same data, with a
difference in the width of the bin: the first one shows a constant

bin width in energy (drawn on a logarithmic axis) and the sec-
ond one shows a constant bin width in the logarithm of energy.
This distribution shows the biggest challenge of our ML model
and the mismatch between full and fast simulation. There is an
overabundance of low-energetic energy deposits in the calorimeter
in fast simulation, and thus an underestimation of high-energetic
deposits. This is also visible in the distribution of the number of
created deposits shown in Fig. 9b. Fast simulation creates around
1.6 times more deposits than full simulation. This can be linked to
the typical VAE issue of blurriness in the generated images [44,45].
The main objective of further studies is to address this issue by
re-designing the underlying ML model. A second direction of stud-
ies will investigate what is the actual meaning of this cell energy
mismodelling for the physics analysis. The readout mesh that we
employ is highly granular and after mapping this mesh readout to
the physical readout of the detector, cell energy distribution from
fast simulation may get closer to full simulation. However, we do
not expect it to improve considerably for high granular detectors,
which are of particular importance for future experiments.

5.2. Fast adaptation with a realistic calorimeter

The second test of MetaHEP’s capabilities is done on the SiW
FCC-ee detector, which is very different from the other three de-
tectors considered so far. As it is a detector with a realistic layout,
it is much more complicated and differs considerably from the
detectors used in the initial training. For the adaptation to this de-
tector, the weights of the model are first initialized with the same
meta-knowledge as in the previous test presented in Sec. 5.1, i.e.,
on the pre-trained model to cylindrical SiW and SciPB detectors.
The adaptation process is checked every 10 steps and is stopped
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after 2000 adaptation steps. Compared to the cylindrical PbWO4
calorimeter, the number of adaptation steps necessary to get a very
good agreement with the full simulation is almost 3 times higher.
We attribute the extra effort required to more complex geome-
try and the significant differences in the layout from the detectors
used for the initial training.

The results of shower observables after 1000 adaptation steps
are presented in Fig. 11 for shower shapes and in Fig. 12 for energy
distributions. Fig. 11a, Fig. 11b and Fig. 11c compare the longitudi-
nal shower shape: profile distribution, its first moment, and its sec-
ond moment, respectively. Fig. 11d, Fig. 11e, and Fig. 11f compare
the lateral shower shape: profile distribution, its first moment, and
its second moment, respectively. All of those distributions show
a good agreement between the full and fast simulation. The same
applies to the total energy distribution in the calorimeter, shown in
Fig. 9a. Except for the tails of the distribution, the total deposited
energy is modelled with a few per cent accuracies by the fast sim-
ulation. The single-cell energy distribution remains the least-well-
modelled distribution. It is shown in Fig. 12c for constant energy
bin width and in Fig. 12d. For the FCC-ee SiW detector, there is
a slightly better agreement of the distributions than for the previ-
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Table 3

Comparison between traditional training and adaptation using the sim-
plified calorimeter geometry PBWOg4. The value of speed-up is calculated
w.I.t. 3900 steps of traditional training, comparing the results of the same
accuracy. The experiments were run on a workstation equipped with an
AMD EPYC 7282 16-core processor with a clock speed of 2800 MHz. The
architecture is x86-64.

Approach Number of steps Time Speedup
Traditional training 400 20 min -
Traditional training 3900 3 h 15 min -
Adaptation 400 205 s x527

Table 4

Comparison between the adaptation phase of the cylindri-
cal PBWO4 and the realistic FCC-ee calorimeter. The exper-
iments were run on a workstation equipped with an AMD
EPYC 7282 16-core processor with a clock speed of 2800
MHz. The architecture is x86-64.

Detector Number of adaptation steps Time (s)
PBWO4 360 19
FCC-ee 1000 51

ously studied detector (PbWOQy), but there is still an overabundance
of low-energetic cells. It is very prominent also in the distribution
of the number of created deposits shown in Fig. 12b. Fast simula-
tion creates around 5 times more deposits than full simulation. All
conclusions about the model accuracy drawn in the previous sec-
tion, Sec. 5.1, remain. It will be especially interesting to complete
the study looking at the mapping to the physical readout of the
detector, which is on an immediate list of plans.

5.3. Adaptation and traditional training

Typically ML models are trained from scratch for a specific
task (for a specific calorimeter in our case) using a fixed learn-
ing algorithm, which we will call “traditional” training. In order to
show the strength of the MetaHEP approach, we first compare this
meta-learning approach to a “traditional” training and then to a
pre-trained model on a single geometry (SiW) using the simplified
calorimeter geometry PBWO4and the same model architecture, il-
lustrated in Fig. 6.

Fig. 13 shows the longitudinal profile for the same number of
training/adaptation steps and for a higher number of steps for the
traditional case. One can conclude that adaptation, after the initial
meta-training, provides a faster solution to converge. Traditional
training requires many more steps to converge (here is shown to
be almost 4000 steps).

On top of that, as shown in Table 3, the time to run 400 steps
of adaptation is 20.5 s compared to 1200 s for the same number
of 400 steps of the traditional training* on the same CPU. The ulti-
mate speed-up, allowing to achieve the same accuracy, shows that
adaptation is 500 times faster than traditional training. This num-
ber will depend on the detector, and Table 4 shows the adaptation
time needed for cylindrical PBWO4 detector described in Sec. 5.1
and the realistic FCC-ee calorimeter presented in Sec. 5.2. More
time is needed for a more complicated detector, however, it is still
a very fast adaptation (below 1 min). Adaptation naturally requires
the meta-training step, which itself will take time, however, the
ultimate goal is to provide meta-trained models for the commu-
nity so that they can be reused by different users. Therefore this
cost will be hidden from them and paid by the developers of those
pre-trained models.

4 For the meta-training approach, we save checkpoint models every 10 steps and
for the traditional training every 100 steps. The same number of steps is considered
in the comparison shown in Table 3.
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Fig. 11. Shower shape observables for a sample of 3’000 electrons of 64 GeV entering the FCC-ee SiW calorimeter at an incident angle of 90° and azimuthal angle of 90°.
The error bars indicate the statistical uncertainty of the reference data and the synthesized samples.

To show the strength of the MetaHEP, we compare the adap-
tation after the meta-training (using the two detector geometries
SiW and SciPb) to a pre-trained model on a single detector geom-
etry (SiW) and fine tuning it using the PBWO4 geometry. Fig. 14
shows the longitudinal profile for this comparison. One can con-
clude that the adaptation after the meta-training phase is more
efficient by comparing the same number of adaptation steps (400),
the fine-tuning after a pre-training on a single geometry would
need around four times steps (1600) to well model this distri-
bution. This explains that the knowledge learned during the pre-
training is very specific to the used detector and it would take
more steps to converge (compared to a meta-training) in the fine-
tuning process. This means that new detectors that are more dif-
ferent from the one used in the pre-training could be even more
difficult to get the agreement right. Note that the time to run 400
steps for the adaptation after meta-training or the fine-tuning after
pre-training on a single geometry remains the same.

10

For the FCC-ee, Fig. 15 shows the longitudinal profile compar-
ing the adaptation after meta-training to traditional training to a
fine-tuning after a pre-training on a single geometry. The number
of steps for all three approaches for the FCC-ee is higher than the
simplified calorimeter geometry PBWQ, as this is a more compli-
cated detector.

6. Conclusions

Deep learning has seen great successes in HEP for fast sim-
ulation of a specific calorimeter geometry. This approach needs
to be trained on a large dataset and requires considerable re-
sources. In this paper, we presented MetaHEP: a generalizable and
reusable solution for fast shower simulation using a VAE meta-
trained model with Reptile. It requires a custom simulation, to
allow the creation of a virtual readout and scoring the energy in
a highly granular mesh. The granularity of this mesh has a direct
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Fig. 12. Shower energy observables for a sample of 3’000 electrons of 64 GeV entering the FCC-ee SiW calorimeter at an incident angle of 90° and azimuthal angle of 90°.
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Fig. 13. Average longitudinal profile comparing the FullSim (blue) to the adaptation
after meta training (red) to a traditional training with 400 (pink) and 3900 (light
blue) steps, using a minibatch of 100 samples of 64 GeV electrons entering the
PBWO4 calorimeter at an incident angle of 90°. The shown error bars indicate the
statistical uncertainty of the reference data and the synthesized samples.

impact on the simulation time, as the deposits must be placed in-
side the detector. Fine-tuning of the granularity will be possible
once MetaHEP is tested on more realistic geometries. The first re-
sults on the tested detectors show very promising results. There is
a remaining challenge: the accurate modelling of single-cell distri-
bution, but the study for its improvement is ongoing. Furthermore,
it is linked to the choice of the underlying ML model and has no
bearing on the application of meta-learning. The power of Meta-
HEP is its ability to generalize by learning parameter initialization
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Fig. 14. Average longitudinal profile comparing the FullSim (blue) to the adaptation
after meta training (red) to a fine tuning after a pre-training on a single detector
geometry with 400 (pink) and 1600 (light blue) steps, using a minibatch of 100
samples of 64 GeV electrons entering the PBWO4 calorimeter at an incident angle
of 90°. The shown error bars indicate the statistical uncertainty of the reference
data and the synthesized samples.

that can be fine-tuned quickly on a new detector. We showed this
is 500 times faster than training from scratch on datasets of this
detector. In future work, we will investigate many input geome-
tries in the meta-training, in order to achieve optimized weights
for new test detectors, seeking to improve further the adaptation
step. This is of great importance for detectors that are being de-
signed for future experiments.
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