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Generative machine learning for fast silicon detector simu-
lation
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Abstract. Simulation of physics processes and detector response is not only a
vital part of high energy physics research, but also represents a large fraction
of computing cost. Generative machine learning is successfully complementing
full (GeanT4-based) simulation as part of fast simulation setups improving the
performance compared to classical approaches. A lot of attention has been given
to calorimeters being the slowest part of the full simulation, but their simulation
speed becomes comparable to that of silicon semiconductor detectors when fast
simulation is used. This makes silicon detectors the next candidate for opti-
misation, especially with the growing number of channels in future detectors.
This work explores the use of transformer architectures for fast simulation of
silicon tracking detectors. The Open Data Detector is used as a benchmark de-
tector. Physics performance is estimated comparing tracks reconstructed using
the ACTS tracking framework obtained from the full simulation and the ma-
chine learning-based one.

1 Introduction

A large part of the physics programme of the Large Hadron Collider (LHC) relies on accu-
rate simulation of collision events that complement the collected data. Monte Carlo (MC)
simulation can be divided into four main steps [1]: generation of physics events and the im-
mediate decays, simulation of the detector and particle interactions, digitisation of the energy
and charge deposited on the sensitive regions of the detector into formats comparable with
the actual detector readout, and the reconstruction of the results using the same algorithms
as for data collected by the experiments. Producing MC samples represents the majority of
experiments’ CPU usage, e.g. the CMS experiment used 85 % of their CPU for MC in the
period between 2009 and 2016, where half of it was spent on the detector simulation [2].
The LHC detector simulation is predominately done using the Geant4 toolkit [3], which
propagates each particle through individual detector volumes and uses Monte Carlo methods
to trigger interactions at predefined steps. Although the simulation process can be optimized
by tuning thresholds for particle selection and step lengths, it remains computationally inten-
sive. To overcome this challenge, “fast simulation” models have been developed, where the
detector response to particles with specified properties is parametrized, offering a more effi-
cient alternative. For example the ATLAS experiment successfully integrates fast calorime-
ter simulation as part of AtlFast3, the most recent iteration of the ATLAS fast simulation
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setup [4]. To improve physics performance, deep generative models have been studied and
already used in production for specific types of particles [5, 6].

By the end of the HL-LHC programme [7], the ATLAS and CMS experiments are ex-
pected to have collected up to ten times the amount of data recorded during the first three
runs. As a result, many of the cutting-edge physics analyses will start to have their sensi-
tivity limited by the available statistics of the Monte Carlo simulation. A simulated sample
larger than the collected data will be required to increase the precision of Standard Model
background modelling. To match the expected resource constraints, the goal is to produce
up to 90 % of the MC samples using fast simulation methods. The existing setups will have
to be extended to cover the whole detector, including silicon tracking detectors. This study
explores the use of generative machine learning for the simulation of these detectors.

2 Data Representation of Silicon Detector Simulation

For this study, the Open Data Detector (ODD) [8] is used, a generic HL-LHC style tracking
detector. It is loosely modelled after the ATLAS Inner Tracker (ITk) [9, 10] and comprises
a pixel system, a short- and a long-strip system. In total, it describes 3332 pixel modules
and 9714 strip modules. It is reasonably close to a real-world detector in terms of geometric
layout, number and type of sensitive elements, and passive material.

The detector is simulated using Geant4. Each particle interaction, with either sensi-
tive or passive material, is called a hit. One of the following processes may occur at each
hit: multiple scattering, energy loss due to ionisation and radiation (bremsstrahlung), photon
conversion (electron-positron pair creation) or hadronic interaction. For simplicity only hits
occurring in the sensitive detectors are considered. This allows to utilise the layered struc-
ture of the detector and describe the simulated detector response to an individual particle as
a sequence of discrete hits. Simulated hit positions are illustrated in Fig. 1.

Each hit can be described with 7 features. Firstly, particle type and charge are encoded
in a discrete particle ID. Each sensitive detector module also has its own geometry ID. No
additional readout segmenting is performed, meaning each detector is treated as a continuous
block of silicon. The hit position can be described either in terms of global or local coordi-
nates. To ensure hits occur on the actual sensitive detector regions and not in the vacuum,
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Figure 1. Projections of simulated hit coordinates in the x-y plane (left) and the z-r plane (right) using
the full simulation setup. Single muon sample with muons and anti-muons of pr between 70 and
90 GeV and n between 0.05 and 0.25 is used.
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each hit position is projected onto a corresponding tracking surface. To define it, each mod-
ule is first rotated to align its thinnest side with the z-axis. In the x-y plane the detector is
transformed into a rectangular representation. As z < x(y), the thickness of the detector is
not included in the surface projection and the final transformation encodes the position in a
2D space yielding two local continuous coordinates. Finally the particle momentum after the
hit is described with three additional continuous features.

To describe a collision event, each particle is assigned its own sequence of hits starting
from the interaction point. An additional start hit is defined using a virtual module with the
initial momentum and the beamspot position. The sequence ends once the particle leaves the
tracking detector, also described with an additional virtual hit.

For the following results a single muon sample is used, with muons and anti-muons of
transverse momentum pr between 70 and 90 GeV and pseudorapidity 7 between 0.05 and
0.25. Their production position is set to the center of the detector and smeared with a standard
deviation of 50 mm in the z-direction, aligned with the beam. Secondary particles originating
from material interactions with the detector are not considered.

3 The Transformer Model and the Training Setup

A transformer [11] is a deep neural network architecture used for sequence modelling and
transformation, most commonly for natural language processing tasks. First, text or other
discrete information is split into tokens and assigned a sequential numerical representation.
As part of the training, every token gets assigned a vector in the embedding space. The model
then consists of two main components, the encoder and the decoder. Both consist of multiple
layers, each containing the self-attention part and the feed-forward neural network. The
former determines the relative importance of each sequence element relative to the others
and the latter acts as the traditional fully-connected neural network layer. In transformers,
multiple attention layers run in parallel, a mechanism known as multi-head attention. Since
the model contains no recurrence or convolution, a sinusoidal positional encoding is applied
to add sequence order information at embedding level.

When simulating the silicon detector response, the goal of the model is to predict the next
element of the sequence, where both input and output work on the same data representation.
A decoder-only architecture can be used in this case. As an optimisation, all sub-sequences
are modelled at the same time using masking, where all sequence elements after the current
position are not taken into account in the self-attention mechanism.

Every feature is tokenised separately in its own dictionary. Continuous features are addi-
tionally discretised beforehand by rounding to two decimal places. Features are then packed
together in a tuple representing a hit. Batching particle sequences this results in a 3D data

Figure 2. Data representation diagram, where dark blue rectangles represent features and light blue
ones hits in the event sequence.
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representation, illustrated in Fig. 2. Each feature is also assigned a separate embedding rep-
resentation. The embeddings are then summed together and a common positional encoding
is applied. The input to the multi-head attention layers is a single vector in a combined em-
bedding space. The output of the transformer is passed through a final fully-connected layer,
where the output vector dimension amounts to the sum of sizes of all tokenisation dictionar-
ies. When segmented to individual dimensions, the resulting vectors can be interpreted as
probabilities of a token on that specific position. A cross-entropy loss is computed for each
feature individually along the sequence and averaged per batch. Finally losses for all features
are summed and used as the training optimisation metric.

A PyTorch [12] implementation of the transformer model is used. The model follows the
original implementation with GELU [13] used as the activation function. The parameters of the
model are specified in detail in Table 1 with the final model size of 30.4 million parameters.

Table 1. Transformer model parameters used.

Model parameter Value
input dimension 256
layers 3
heads 4
feed-forward dimension 1024
activation function GELU
dropout 0.1

Training is performed using the AdamW optimiser [14], an enhanced version of Adam,
where weight decay is applied during the parameter update, leading to more consistent reg-
ularisation and better generalisation. Additionally gradient clipping is enabled to prevent
exploding gradients affecting the result too significantly. This is achieved by limiting the
maximum value of the gradient norm to 5.0. During the training the learning rate is varied
using the cosine annealing with warm restarts. In an epoch, the learning rate follows one
period of the cosine function.

The training was performed over 15000 epochs on the Vega HPC [15] using 4 NVIDIA
A100 Tensor Core GPUs over 6 days. 320000 input events were splitina 2 : 1 : 1 ra-
tio between training, validation and test samples. Full training setup details are outlined in
Table 2.

Table 2. Model training setup parameters used.

Training parameter ~ Value

events 320000
epochs 15000
optimiser AdamW
base learning rate 0.001
weight decay 0.01
gradient clipping 5.0
batch size 2400
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4 Results

Once the transformer model is trained, the inference is performed on all of the input dataset,
including the training dataset. The inference is done in an iterative way. For each particle the
starting position and momentum are encoded in a virtual hit and a single-element sequence
is defined. Particle type is inherently part of the hit description and conditions the model.
At each iteration step N the next element of the sequence is chosen. For each of the 7 hit
features the most probable token is taken. While this does not directly take correlations
between features into account, the attention mechanism does see the hit as a whole. As no
sampling is performed, the most probable values of all features can be taken. The resulting
element gets appended to the sequence and the sequence length changes to N + 1. If the
last element is a virtual stop hit, i.e. the particle has left the detector, the iteration is stopped.
Otherwise the sequence gets passed to the next iteration step. The inference rate on a single
A100 GPU is about 8s per 10000 tracks. On the other hand, running on a CPU is at the
moment an order of magnitude slower compared to Geant4, but no optimisation has been
done.

The described model is not a generative model yet, as the same input particle would get
the same generated hits. To introduce randomness, a random integer between 1 and 10000 is
assigned to each sequence during training as an additional feature to add a stochastic element
to the problem. At inference stage, a random integer is sampled for each particle.

Alternatively, the resulting multinomial probability could be sampled. However, this is
not possible in the 3D representation, as direct correlations between features are lost. While
the representation could be flattened, this would increase the sequence length by 7 and in-
crease computational complexity significantly. Therefore, this approach was not attempted at
this stage.

The generated hit sequences are compared with the hits produced in the full simulation.
Fig. 3 shows the comparison of number of hits simulated by either Geant4 or the neural
network. Looking at the inclusive distribution the majority of events have number of hits
modelled well. Still the tail of the distribution indicates that the neural network predicts
more hits that there should be. The absolute difference in hit number is exponentially falling
but still a significant number of events show a difference of several hits. Note that random
numbers are involved in the simulation so exact reproduction is not expected.
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Figure 3. Comparison of number of hits simulated using GEaNT4 and the neural network, the total
number of hits (left) and the difference in the number of hits between both types of simulation (right).
The ratio is shown on a logarithmic scale to better highlight deviations for high number of hits.
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Figure 4. Comparisons of inclusive distributions of the primary hit particle momentum p, (left) and
the primary hit surface coordinate x (right) for GEant4 and the neural network.

Individual hit features are then compared separately. As seen on Fig. 4, particle momenta
at each hit are well modelled with small bin-by-bin variations. Additionally, the surface
coordinates are also well modelled, including non-continuities that are present due to three
detector types. Fluctuations are reaching 10 % at the edges of the distribution. These may
indicate that, while the inclusive distribution agrees well between the two types of simula-
tion, coordinates may be incorrectly assigned and then average out. Distributions of hits at
individual detector layers show similar agreements and no significant deviation of the neural
network prediction compared to the full simulation is observed.

Fig. 5 shows the global hit coordinates after the transformation back from the simulated
surface coordinates. Hit radius is modelled exceptionally well indicating that the layer order
is properly described by the model. Larger fluctuations are observed for the coordinates in
Cartesian coordinate system, especially in the tails of the z-coordinate. As smearing in z is
applied during the particle generation stage, this distribution is expected to roughly follow
the corresponding Gaussian distribution, taking into account that only sensitive detectors can
be hit. This suggests that the training data should be prepared more uniformly, as the model
tends to learn the low-statistics tails of the distributions less effectively than the high-statistics
bulk. Overall the complex shape of the x coordinate is still very well modelled.

The generative nature of the model was also evaluated. A selection of 800 events was
simulated with different seeds, meaning different random numbers were assigned. The sur-
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Figure 5. Comparisons of inclusive distributions of the primary hit radius r (left), the primary hit
coordinate z (middle) and the primary hit coordinate x (right) for GEanT4 and the neural network.
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face coordinate distributions show smearing around the expected delta functions when the
same seed is used each time, but the overall agreement between the full and fast simulations
is preserved.

To evaluate the tracking performance on hits simulated using the transformers a default
ODD tracking setup using the ACTS framework [16] was used. At the the first stage of the
tracking, the seeding, where initial track candidates are identified from clusters of hits, the
average efficiency is 82 % for the machine learning setup compared to 99 % for full simula-
tion. The efficiency is defined as the fraction of generated particles matched to at least one
reconstructed seed.

Seed candidates are built by taking three hits in different layers. They have to satisfy
several criteria, including their compatibility with a helix trajectory associated with a particle
with the estimated momentum. In the case of the neural network the hit displacement for
many seed candidates is too large, going above the threshold derived from the maximum
allowed multiple-scattering effect. While this is a parameter of the tracking that can be tuned,
the threshold would have to be relaxed significantly to reach comparable efficiencies.

Rounding has no effect on the seeding efficiency when applied on the full simulation
hits. This confirms that the chosen precision on the input data is sufficient. Large bin-by-
bin fluctuations observed in Figs. 4 and 5 are considered the cause of the efficiency drop.
A more elaborate loss function, designed to constrain multiple scattering and ensure proper
correlations between features to avoid unphysical hits, will need to be implemented in future
iterations.

5 Conclusions

A novel method to simulate silicon tracking detectors using deep neural networks, namely the
transformer model, was developed. Good hit-level physics performance is achieved using a
single-muon dataset. Using the generated data as tracking input, the efficiency is 17 % lower
than the full simulation.

Several improvements can be considered in the future. Firstly, a proper generative trans-
former setup could be implemented ensuring full correlations between the hits in the sequence
as well as between the individual features. Alternative tokenisation procedures can be imple-
mented to increase the learning rate of the model. Finally, stricter loss functions with physics
constraints could be evaluated to reduce the fluctuations in the output and speed-up the train-
ing.
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