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Abstract: We present CaloClouds3, a model for the fast simulation of photon showers in the

barrel of a high granularity detector. This iteration demonstrates for the first time how a pointcloud

model can employ angular conditioning to replicate photons at all incident angles. Showers

produced by this model can be used across the whole detector barrel, due to specially produced

position agnostic training data. With this flexibility, the model is usable in a full simulation

and reconstruction chain, which offers a further handle for evaluating physics performance of the

model. As inference time is a crucial consideration for a generative model, the pre-processing and

hyperparameters are aggressively optimised, achieving a speed up factor of two orders of magnitude

over Geant4 at inference.
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1 Introduction and Motivation

Comparison between events observed in particle colliders and predictions made by theoretical

models is an inverse problem. We wish to assess the likelihood of the theory given the observations,

but it is only possible to simulate samples of likely observations, given the theory. Ensuring the

statistical uncertainly of the samples does not dominate the analysis requires a vast quantity of

simulation. In experimental particle physics the detailed simulation of the response to particles

in calorimeter detectors is the single most resource demanding step of such large Monte Carlo
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simulation, and replaced by the corresponding output of CaloClouds3. We then run a standard

reconstruction on these simulated events, allowing for realistic physics benchmarking of the ML

model and thereby providing the ultimate test of the model performance.

While inference speed for CaloClouds2 was already ≈ 40 times faster than Geant4 for

100 GeV photons, the model hyperparameters were not chosen in a systematic manner, and were

inspired by choices made in other domains. Like many ML tools, diffusion models were originally

developed for use on natural images [46]. Normalising flows were initially proposed in 2013 [47], but

without the involvement of neural networks. Later variants that did use neural networks popularised

the method [48, 49], and were also developed for image processing. This has influenced standard

hyperparameter choices, so it is likely that a fundamentally different task like ours might benefit

from significant changes to these choices.

In section 2 we describe the example detector we have chosen to demonstrate our architecture

on, and the dataset generation is detailed. In section 3 the new CaloClouds3 model is defined.

In sections 4 and 5 we compare physics accuracy between the previous iteration, CaloClouds2,

and the new model, CaloClouds3. After this, a snapshot of the newly attained capacity for full

reconstruction is offered in section 5, however this is covered in more depth in a companion paper.

In the penultimate section, section 6, the improvements in inference speed between CaloClouds2

and CaloClouds3 are demonstrated. Finally, we draw the conclusions in section 7.

2 Dataset

While the techniques and model architecture described here is expected to be a good solution for

photon simulation in any high granularity calorimeter, we require a concrete example for training

and testing. First, section 2.1 specifies the example detector chosen to generate the data. Then

section 2.2 describes the preprocessing used to optimally interface the data and the model.

2.1 Detector

The International Large Detector (ILD) [50] is chosen as an example, as it has a calorimeter

typical of a Higgs Factory detector. Higgs factories are designed to do precision physics, colliding

fundamental particles (often electron-positron pairs) at energies in a tight range around the di-Higgs

production mass. The ILD is designed with a normal range of sub-detectors; a vertex detector, a

tracking detector, a time projection chamber, calorimeters and a muon system. However, in this

study we are focused only on the calorimeters. Specifically, we consider the silicon variant of the

electromagnetic calorimeter (denoted SiECAL in the ILD report [50], see section 5.1.2.4). Overall,

the barrel is constructed of 8 flat segments, forming an octagon. As all segments have rotational

symmetry, all simulated data is focused on the top segment. Within each segment are 30 sensitive

layers, composed of active Si-cells of 5 × 5mm, with a thickness of 0.5mm, interspersed at every

other layer with passive Tungsten absorbers. The Tungsten absorbers in the first 20 layers are

2.1 mm thick, while the final 10 layers have thicker 4.2 mm absorbers. Such a high granularity

calorimeter would provide sufficient detail to accurately reconstruct photons as low as 0.1 GeV,

and while photons of energy ® 10 GeV do not take so long to generate with Geant4, replacing the

higher energies with a faster technique would be essential. A magnetic field of 3.5 T parallel to
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the beam encompass the detector, and the curvature this causes in charged particles is seen in the

shower development.

2.2 Generation and preprocessing

Photons between 1 and 127 GeV were generated using Geant4, a slightly expanded range from the

energies considered in CaloClouds2. In the framework used here, a fast model is only utilised

(triggered) once a photon in an appropriate energy range reaches the surface of the calorimeter,

therefore any photons that start showering before the surface of the calorimeter will not be simulated

with the fast simulation model1 therefore it is important to generate the datasets used to train the

model without any pollution for early showering photons2. To avoid any early showering, the

photons in the training set are inserted into the simulation at the surface of the calorimeter. The

angle of each photon is consistent with having originated from the Interaction Point (IP), having

30 < \ < 150 and 80 < q < 110, sampled to have an even density on the upper barrel segment.

Geant4 then records the hits of the shower in the sensitive layers. The training data includes 3×106

events, with a test set of 7 × 104 which was held back.

As the objective is to use the same shower model for the entire detector, the training data must

not contain specific information about support structures or dead zones. Additionally, the edges of

each segment of the hexagonal barrel join at a 135° angle, meaning each layer starts at differing

positions and calorimeter tiles are somewhat staggered between layers. We would prefer that the

shower model does not learn these localised effects. For this reason, the detector is regularised; all

supporting structure that interrupts the plane of the layers is removed, and the cells are aligned to

form an identical grid in each layer. The shower model is then trained on this, location agnostic,

regularised geometry. At inference time, the effects of the detector geometry at the relevant position

are recovered by projecting the showers produced by the model back into a realistic detector map,

as described in the next subsection 3.3.

A local coordinate system for the shower is defined with the I axis going through the sensitive

layers, both the G and H coordinates are parallel to the surface of the layers, with the G coordinate

also parallel to the beam direction.

The centre of each layer is shifted in the G and H directions to remove the shower’s tilt. This

shift corresponds to the rotation that would align the incident photon with the I axis, so the size of

the shift is calculated from the depth of the layer 3layer the momentum of the incident particle ®?inc;

in the G direction, the shift is ΔG = 3layer tan(sin−1( ®?inc,G/| ®?inc |)), and likewise for the H direction.

To first approximation, the shifted showers are now a similar oblong shape, somewhat akin to one

created by an upward moving particle. This preprocessing helps the diffusion model to learn the

details of backscattering, rather than being forced to focus on getting the gross shape right, which

is known from the direction of the incident particle.

Finally, all 30 layers of the detector are trimmed to a box of 100×100 cells, cutting to ±250 mm

about the shower axis. To strike a balance between the fidelity of all Geant4 hits, and computational

efficiency, the energy in each layer is binned into a grid of 500 × 500 bins (each cell is split into

1Potentially, some secondary photons from the shower of an early showering photon could reach the calorimeter

surface with sufficient energy to trigger the fast simulation, but this would anyway have the same physics as a low energy

primary photon, and so is covered by the dataset.
2For further description of how the model is triggered in the context of a complete event simulation, see section 3.3.
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5× 5 bins). This is a slightly coarser granularity than that of CaloClouds2, and was implemented

because lowering the number of points was seen to have minimal impact on the kinematics after

projection, while improving the computational efficiency of the model. As with CaloClouds2, in

each event, this grid is given a uniform random offset of up to half a cell, to reduce discretisation

effects. A point with the total energy contained in the bin is created at the location of the highest

energy point in the bin. This creates a set of up to 6, 000 points per shower.

CaloClouds2 CaloClouds3

Photon energy range 10 to 100 GeV 1 to 127 GeV

Photon direction Directly upwards Uniformly sampled in upper bar-

rel segment

Detector geometry Real geometry with support

structure and staggered cells

Regularised geometry: no gaps

in layers for supports

Layer size (in mm) 400 mm × 400 mm 500 mm × 500 mm

Bin granularity (per cell) 6 × 6 bins per cell 5 × 5 bins per cell

Bin to point conversion Point placed at centre of bin Point placed at highest-energy

location in bin

Table 1. Summary of updates to training data for CaloClouds3

3 CaloClouds Architecture

A wide variety of approaches to fast calorimeter simulation have been attempted. CaloClouds

explores a point based approach. This has proven particularly advantageous for high granularity

calorimeters, where cell activity is typically sparse and detailed, meaning that grid based approaches

would require a prohibitively large number of voxels and parametrised approaches would struggle

to replicate the fine structure.

3.1 Previous CaloClouds2 model

A starting point of the existing CaloClouds2 model is taken. A complete description, along with

a description of the training data, is available in the existing paper [51], or a somewhat abbreviated

description can be found in appendix A.

The key points for the following discussion are that the CaloClouds models are a composed

of a normalising flow, referred to as ShowerFlow, which determines the overall structure of each

photon shower, and a diffusion model, which generates each point. Both models are conditioned to

create behaviour appropriate for the incident photon. The previous CaloClouds2 model was only

capable of simulating photons at a fixed position, and the model’s hyperparameters were adopted

from standard practice for these models.

3.2 Upgrade methodology

In this section we describe two elements that significantly shaped choices made in developing

CaloClouds3.
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Methodology for angular conditioning. Conditioning on the incident angle is a relatively simple

change. In CaloClouds2 the normalising flow was conditioned on�inc, the incident particle energy,

in CaloClouds3 it will be conditioned on (�8=2, ®?8=2/| ®?8=2 |) , the incident energy and normalised

momentum direction. Likewise, the diffusion model of CaloClouds3 will be conditioned on

(�8=2, ®?8=2/| ®?8=2 |). Conditioning the diffusion model on the number of points in the shower, used

in CaloClouds2, was found to not have significant effect and therefore removed.

The decision to use Cartesian coordinates for the direction, rather than a pair of angles, was

driven by a desire to avoid degeneracy in the input specifications. Consider a local polar angle,

measuring the deviation of the incident photon from one that travels at 90° to the surface of the layers.

When this local polar angle is 0 there are an infinite number of azimuthal angles specifying the same

direction, which is challenging for interpolation. We do observe some minor instability at (0, 0, 1),

as this point is singular. Occasionally, this leads to unphysical events from the ShowerFlow (with

many negative energies or number of points) but it is rare enough (around 0.1% of the samples) to

be handled by rejection sampling.

Methodology for efficiency improvements. In CaloClouds2, the inference time of the model

was dominated by the normalising flow, ShowerFlow. While the number of parameters in both

the normalising flow and the diffusion model have been reduced for CaloClouds3, the focus has

been on the flow model.

In order to limit the computational resources (and therefore the carbon footprint) required

to investigate variations of normalising flow model, some toy models, representing expected data

characteristics were employed. These small scale experiments focused on investigating two potential

properties of a probability distribution function (pdf); sub manifolds and first or second order

discontinuities. Physics data might be expected to contain sub manifolds, as the number of output

parameters generally exceeds the input parameters, and would be expected to be approximately

smooth, with few first order discontinuities. For example, the pdf of the energy in each layer of the

detector would be expected to vary smoothly with incident particle energy, and have an approximate

submanifold defined by adjacent layers having similar energies. Toy datasets were created from

various pdfs, with and without the aforementioned properties. By observing the training and

goodness of fit for normalising flow models with a similar architecture on those toy datasets, we

could economically obtain indications of what might be expected in more complex cases. While

this is far from conclusive, it helped guide development of the more expensive training process of

the full model.

All expected characteristics of the physics data favoured the use of simple normalising flow

models. Reducing the parameter space of our ShowerFlow model, it was seen that the number

of parameters could be safely reduced by a factor of 5 (but that a factor of 10 was detrimental to

performance). In a similar fashion, the number of parameters in the diffusion model was reduced

by a factor of 4.

While the toy models showed no overwhelming failure to learn due to manifold overfitting,

submanifolds did somewhat impair training stability. Identifying and removing submanifolds in the

normalising flow of our physical model still offered a marginal performance increase. Comparing

the training process of ShowerFlow in CaloClouds2 and CaloClouds3 (figure 2), there are

indications that a more stable training is taking place in CaloClouds3.
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Flow, (shown in purple in figure 3) and a distilled diffusion model (shown in green in figure 3).

ShowerFlow is now limited to distributions along the shower axis, specifically the points and

energy per layer, and the diffusion model is still used to create individual points. Both are calibrated

by (�8=2, ®?8=2/| ®?8=2 |) , the incident energy and normalised momentum direction of the incident

photon. The decision to use Cartesian coordinates (rather than angles) is detailed in section 3.2.

In CaloClouds3, the information predicted by ShowerFlow is

1 to 30 The number of points in each layer divided by a fixed scaling factor of 7864 which rescales

the majority of the distribution to be between 0 and 1.

30 to 60 The visible energy in each layer, divided by a fixed scaling factor of 3.4 that rescales the

majority of the distribution to be between 0 and 1.

The reductions from the design of ShowerFlow in CaloClouds2 (see appendix A) remove

redundancies that created submanifolds in the normalising flow. The flow interleaves 12 affine

couplings and 2 spline couplings. This has been reduced from the 60 affine couplings and 10 spline

couplings used in CaloClouds2, as a much simpler flow was seen to be sufficient to capture the

complexity of the distribution, while being faster at inference time and more stable to train. A

variant of ShowerFlow that predicted the log of the energy and points per layer was experimented

with, but it was found to be unstable, and so not ultimately pursued.

The CoG of the shower is no longer predicted by ShowerFlow, the reasoning for which is

discussed later in this section.

The ShowerFlow model is trained using an Adam [52] optimiser, with a learning rate of

0.0002. The batch size is 62 and a linear scheduler is used. Due to the high volume of training

data, overfitting is not observed.

This output is reverted to physical values in the Flow Calibration, which yields the number of

points in each layer, and the energy in each layer.

Then, like in CaloClouds2, a diffusion model which has been distilled to a single step3 is used

to generate individual points as an iid distribution. Unlike CaloClouds2, the diffusion model is no

longer conditioned on the total number of points. Removing this conditioning was seen to have no

impact on the physics performance of the model; the conditioning is the same as for ShowerFlow

(incident particle energy and direction). Raw points express their energy on a log scale, such that

the energy spectrum of the points covers all real numbers. These raw points are calibrated in the

Final Calibration. Starting from the first layer the photon reaches and working outwards:

1. The number of points predicted by ShowerFlow for this layer are selected from the unused

points generated from the diffusion model, starting with those generated at the base of the

shower. The selected points are moved along the shower axis to sit at the centre of the layer.

2. The total energy of this layer is rescaled to match the energy predicted by ShowerFlow.

This yields a shower in physical units, which can be projected back into detector cells. Two

fixed scale factors are applied to correct for bias in occupancy and cell energy. This is simplified

from CaloClouds2, where occupancy was corrected with a polynomial fit.

3As with CaloClouds2, distillation of the diffusion model is seen to have no adverse impact on the physics

performance of the model.
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Projection to detector geometry. On a basic level, detector readout can be mimicked by con-

verting the energy deposits back to detector coordinates and allocating them to cells using records

of the cell and layer boundaries. Energy in each cell is summed, and energy that falls into gaps

between sensitive material is abandoned. This is done when comparing CaloClouds2 to Calo-

Clouds3, as CaloClouds2 does not have the angular conditioning capability required for use in

full reconstruction.

When working with only CaloClouds3 a more extensive framework can also facilitate recon-

struction. The DD4hep [53] toolkit exists to provide detector descriptions. Built on top of this,

the DDsim and DDML [54] libraries collectively run simulations. A full Geant4 simulation can

be run, or an augmented Geant4 simulation, in which particles identified as suitable for a fast

simulation model will be delegated to that fast simulation.

To use a fast simulation model in this manner, it must be compiled. This can be achieved using

TorchScript [55], which compiles the models in a language designed to be cross compatible with

C++. Once the model has been compiled, triggers are defined using DDsim’s python interface, to

replace photons in the full simulation that CaloClouds3 is able to simulate.

Once simulation, using Geant4 or Geant4 and CaloClouds3, is complete, the energy de-

posits created are projected back into the detector geometry supplied by DD4hep to mimic real

detector readout, and reconstruction tools are applied.

Removal of Centre of Gravity (CoG) calibration. Typically, the CoG is close to the incident

particle axis i.e. the shower axis. When the CoG does deviate significantly from the shower axis,

it has been shifted by high energy secondary particles scattered at wide angles. As the diffusion

model draws points iid, these correlated structures cannot be replicated, and so the tails of the CoG

distribution are not well modelled by the diffusion model.

Previously, in CaloClouds2, ShowerFlow predicted values for the CoG perpendicular to the

shower axis, and all points in the shower were shifted to match in calibration. This did achieve a

good CoG distribution, however it is unphysical because the tails of the Geant4 CoG distribution

are not formed by shifting the bulk of the points, but by correlated, off centre, clusters of hits.

Given this objection, it was decided that the G and H centre of gravity that was naturally yielded

by the diffusion model would be left as is. It will be seen in the results section that this only

marginally degrades the centre of gravity profile in G and H.

4 Physics Accuracy

To evaluate the model, first a number of kinematics are compared on the unreconstructed detector

output. Having significantly altered the model to allow angular conditioning and improve speed,

we compare kinematics between CaloClouds2 and CaloClouds3 to verify that the performance

has not been impaired. Then the performance of CaloClouds3 is investigated at fixed energies, as

varying the incident energy of the photon has a significant impact on the shower behaviour. Finally,

the replication of shower angle is investigated.

4.1 Impact of the changes from CaloClouds2 to CaloClouds3

The fidelity of photons with orthogonal impact, between 10 and 90 GeV, is compared between

CaloClouds2, CaloClouds3 and Geant4, since this is the only region in which CaloClouds2
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shower’s incident particle, without any assumptions on the origin of the incident particle. This is

distinct from the angle of the incident particle that would be reconstructed with the assumption that

the incident particle originated from the interaction point at the centre of the detector. For searches

for long lived particles, such as a dark matter particle, the reconstruction of the internal angle is

particularly important.

The dataset used for this comparison is the same as in section 4.2, but all ten energies are used

in combination.

A common method for calculating the internal angle of the shower is to take the first component

of an energy weighted PCA (principle component analysis) applied to all the reconstructed hits in

the shower. When calculating the internal angle by PCA of hits, we observed systematic biases

in the angle calculated in this way. This bias is caused by a combination of factors; undetected

areas of secondary particles before the first layer of the detector, and the difference in path length

of secondary particles raveling as shallow and steep angles. Further discussion, and illustration of

these biases can be found in the appendix section C.

The bias can be quantified as an angular error;

angular error = cos−1

(

®?PCA · ®?inc

| ®?PCA | | ®?inc |

)

.

Where ®?PCA is the direction of the photon reconstructed by PCA, and ®?inc is the true direction of

the incident photon. Or alternatively, broken down into a q component that rotates in the plane

perpendicular the beam axis and a \ component that measures the angle to the beam axis;

error in q = tan−1

(

®?PCA;G

®?PCA;H

)

− tan−1

(

®?inc;G

®?inc;H

)

, error in \ = cos−1

(

®?PCA;I

| ®?PCA |

)

− cos−1

(

®?inc;I

| ®?inc |

)

.

As the bias on this error is due to off-axis secondary hits, the simplest way to remove it was to

do a PCA with only the highest energy hits in the shower. To rephrase this, rather than calculating

the PCA on all hits in the shower, a limited percentage of the highest energy hits are selected, and

a PCA is calculated on this subset. A scan over the percentage used is shown in figure 10.It is seen

that not only does the error itself decrease, but the variance of the error is also reduced. With this

we justify our preference for calculating the internal angle of the shower using the highest 4% of hit

energies in the shower.

Figure 11 shows the error on the internal angle of CaloClouds3 and Geant4, considering

both the calculation utilising 100% of the hits, and the highest 4% of hit energies. The error in

both directions, and in the absolute angle, is considerably improved by taking the highest 4% of hit

energies.

When using only the highest 4% of hit energies, CaloClouds3 produces an internal angle

spectrum that is a much better match for Geant4. This would indicate that while the tilt of

the highest energy hits is well replicated, the lower energy hits do not have such a good angular

placement in CaloClouds3. Particularly striking, is the double peak in the \ angular error of

CaloClouds3 when calculating with 100% of the hits. The double peak is caused by backscattered

hits tilting the shower towards the beam direction. Plots that better illustrate this concept can be

seen in the appendix section C. The difference in the \ error spectrum specifically indicates that the

backscattering hits are incorrectly placed by CaloClouds3.
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variation on the inference time of CaloClouds2 is significantly larger than that of CaloClouds3

or Geant4. We did not anticipate this behaviour from CaloClouds2, and do not know what causes

it.

7 Conclusions

In this paper we have described the final iteration of the CaloClouds series, CaloClouds3. Within

the constraints of this architecture, the hyperparameters of this model provide fastest inference

without compromising accuracy. The improvements therefore facilitate more analysis work than

otherwise possible, or potentially a reduction in the carbon footprint of the simulation.

By training the model in a location agnostic manner, and conditioning on incident angle in

addition to energy, this model is applicable across the barrel region of the whole detector. It

remains able to accurately recreate the kinematics of the photon shower with these changes, and

the reconstructed metrics from the CaloClouds3 fast simulation are compatible with those of a

Geant4 simulation, demonstrating that this model is ready to replace Geant4 in a simulation chain.

Finally, this work demonstrates two broader concepts. Firstly, representing data as a point cloud

offers significant advantages in high granularity calorimeter simulations; no other approach remains

efficient in the sparse data space, while capturing the details of the high granularity calorimeter.

Secondly, as a great majority of the models used in physics were designed for natural image

processing, optimal hyper parameter choices may differ significantly from those typically used.

If the detector design itself were modified, we would expect ideal hyperparameters choices

to also change, but in other respects the model is agnostic to the specifics. In the same vein, this

architecture could be applied to the end-cap, requiring only an additional dataset, and some minimal

hyperparameter adjustments.

In future work, we aim to apply these techniques to other common particles observed in the

detector, and to investigate the potential for reconstruction using the physics knowledge of a fast

simulation model.

Appendices

A CaloClouds2 Architecture

In this appendix, we briefly describe the penultimate version, CaloClouds2
4. A complete descrip-

tion, along with a description of the training data, is available in the existing paper [51].

The model itself is composed of a normalising flow, referred to as ShowerFlow, (shown in

purple in figure 15) and a distilled diffusion model (shown in green in figure 15).

ShowerFlow finds the macro features of the shower, and the distribution along the shower

axis. It is conditioned on the incident energy of the photon, to produce a flow that transforms a

vector of Gaussian noise into a vector whose elements predict the following 65 variables:

4Previously written as CaloClouds II
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Figure 15. The model architecture of CaloClouds2. Parts belonging to ShowerFlow are in purple,

and those belonging to the diffusion model are in green. A brief description of the model is provided

in appendix A, for further details see [51].

1 The total number of points in the shower, rescaled so that the dataset is roughly between 0

and 1.

2 The total visible energy of the shower, rescaled so that the dataset is roughly between 0 and

1, and clipped to a minimum of 40 MeV.

3 to 5 The Center of Gravity (CoG) of the shower in the G, H, I directions, rescaled to have a mean

of 0 and standard deviation of 1.

6 to 35 The number of points in each layer divided by the maximum number of points in any layer,

such that all numbers are between 0 and 1 inclusive.

36 to 65 The energy in each layer, divided by the maximum energy in any layer, such that all numbers

are between 0 and 1 inclusive.

This output is is used to calculate physical values in the Flow Calibration. The diffusion model

is then conditioned on the incident particle energy and the total number of points predicted by

ShowerFlow. The conditioned diffusion model creates a set of raw points, drawn from an iid5

distribution. This diffusion model has been distilled such that it generates points in a single network

evaluation. Distillation was not seen to cause any significant loss of accuracy as shown in [56].

The raw points created by the diffusion model are calibrated in the Final Calibration. Starting

from the first detector layer the photon encounters and working outwards:

5independent and identically distributed
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C Angular error in PCA

In this section, we explore the structure of the error between the calculated internal angle and the

true direction of the incident particle as described in section 4.3.
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Figure 18. Heatmaps of the bias from the \ direction of the incident particle to the first PCA component. In

the top row, the model generating the shower from which the PCA is calculated is Geant4, and in the bottom

row the model is CaloClouds3. In the left column, 100% of the hits are used, and in the right column,

4% of the hits are used. The two distinct colour areas for CaloClouds3, with 100%, create the two distinct

peaks in figure 11.
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Figure 19. Heatmaps of the bias the q direction of the incident particle to the first PCA component. In the

top row, the model generating the shower from which the PCA is calculated is Geant4, and in the bottom

row the model is CaloClouds3. In the left column, 100% of the hits are used, and in the right column, 4%

of the hits are used. Given on the same colour scale as figure 18

Figure 18 shows the bias in the \ direction (polar angle) of the calculated internal angle, for
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both Geant4 and CaloClouds3. In the first column, where 100% of the hits are used, the bias is

clearly symmetric; in the positive \ direction, the error is positive, and in the negative \ direction,

the error is negative. This is a physical result of the secondary particles encountering more active

material at shallower angles, and clipping of the shower at the calorimeter surface, both of which

rotate the first PCA component away from the true direction of the incident particle. This artefact is

present in both Geant4 and CaloClouds3, but significantly more pronounced in CaloClouds3,

hence it has a double peak in figure 11.

From the second column, we see that when considering the PCA fit to only the 4% of highest

energy hits, the effect is almost entirely eliminated.

In a similar way, bias in q can be plotted, shown in figure 19. Here, in the left hand column we

see similar angular effects, which bias the shower direction calculated by PCA towards shallower

angles than the correct incident particle angle. In the left hand column, with only the highest 4%

of hits, we see the backscattering effect vanish.
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