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Abstract

Physics-based machine learning blends traditional science with modern data-driven
techniques. Rather than relying exclusively on empirical data or predefined equa-
tions, this methodology embeds domain knowledge directly into the learning
process, resulting in models that are both more accurate and robust. We leverage
this paradigm to accelerate simulations of the Zero Degree Calorimeter (ZDC) of
the ALICE experiment at CERN. Our method introduces a novel loss function
and an output variability-based scaling mechanism, which enhance the model’s
capability to accurately represent the spatial distribution and morphology of particle
showers in detector outputs while mitigating the influence of rare artefacts on the
training. Leveraging Normalizing Flows (NFs) in a teacher-student generative
framework, we demonstrate that our approach not only outperforms classic data-
driven model assimilation but also yields models that are 421 times faster than
existing NF implementations in ZDC simulation literature.

1 Introduction

The storage and processing demands at CERN are rapidly growing [7]], creating the need to re-
place time- and resource-intensive simulation engines with faster surrogates. The most promis-
ing alternatives include generative neural frameworks such as Generative Adversarial Networks
(GANS) 1181119} 1241127, autoencoders [} 18, 24} 25]], Normalizing Flows (NFs) [3} 4 8 [10} 14} 22}
24|, diffusion models [2, 16, 24} 26]], and Flow Matching [[15} 24].

The particle transport from the interaction point, where the collision occurs, to the Zero Degree
Calorimeter (ZDC) [16] from the ALICE experiment is particularly long, as the distance between
them is 112.5m. The simulation involving the GEANT4 [1] environment allows for obtaining
physically accurate results, but at the cost of a long computation time. To optimise the process, many
studies used generative frameworks [9} [L1} [12, 21} 30], mainly on ZDC’s neutron sub-detector (ZN).

The traditional procedure for surrogate model training is purely data-driven. On the other hand,
simulation of the ZDC responses is based on physical theory and detector setup, creating a perfect
use case for Physics-Based Deep Learning [29], where theory interplays with data to create powerful
machine learning (ML) models. Among the reported approaches to ZN modelling, only one can
be considered physics-based. During transport, physical processes may cause particle decays, and
the particles that reach the detector may be products of them. Thus, simulations of the exact same
particle can give significantly different valid results. In [[L1]], the authors addressed the mode collapse
issue in GANSs, which limits the variability of GAN-generated detector responses. In this work,
a regularization term was added to the training loss and scaled by a dataset-derived value, which
determined the level of variability in the detector outputs given the same input particle.

NFs are able to model complex probability distributions through a sequence of invertible transforma-
tions applied to a simple base distribution. The stochastic aspect of NFs is particularly important in
ZN-like simulations, as it inherently captures the variability of detector responses, which makes them
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a strong choice for generating detector responses based on input particles. Yet, only one research
modelled ZN through NFs [30]. The authors trained a Masked Autoregressive Flow (MAF) [28]]-
based model that generated high-quality samples, although the inference was slow, as MAFs are fast
in likelihood evaluation and slow in sampling. Conversely, Inverse Autoregressive Flows (IAFs) [20]]
sample faster at the cost of slow density estimation, which leads to long and difficult training for
generative tasks. In the calorimeter modelling area, the teacher-student training allows for obtaining
fast IAF student models closely mimicking the behaviour of previously trained MAF teachers [23]].

Therefore, we propose to enhance the MAF-IAF training with physics-based features of the modelled
detector. We achieve high-fidelity surrogate models, which are significantly faster than the NFs
reported before for ZDC. The physics-based part improves the mapping between particular input
particle features and detector responses.

2 Dataset and metrics

The dataset contains 306,780 samples generated by GEANT4. Each sample consists of an input
particle features vector and a ZN response. The ZN detects light produced by particles passing
through its fibres, and the reported values are the numbers of photons detected in each fibre. Here, we
treat the responses as 1-channel images of size 44x44. Input vectors contain values indicating particle
energy, 3-momentum, position (also in 3 dimensions), mass, charge, and the total number of photons
in the detector response. Since this last value is calculated from the result image, it is intended to be
provided during the inference by an additional ML model trained on the remaining particle features.

The dataset includes 21 different input particle types. Here, we perform experiments on the whole
dataset, and also on subsets containing particles such as neutron (n), lambda (A), k-short (K g), and
sigma+ (X T) particles, respectively. These particles cover vastly different parts of the whole dataset -
23%, 3%, 2%, and 0.5%, respectively, and produce responses with different levels of diversity. This
standard deviation-based feature can be quantified with:
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where ! ; 1s the pixel value at coordinates ¢, j for a detector response ¢, 1;; is the mean of these pixel

values for the unique condition input vector ¢, and | X.| is the number of detector responses in the
dataset for the input c [11]].

The main evaluation metric established in the ZDC literature is a mean 1-Wasserstein distance
between distributions of five values (channels) computed from reference and generated data. The
channels are related to the physical detector setup and determine the number of photons collected
from five parts of the detector response, which are then sent for further processing. The first value is
the sum of outputs of every second fibre (checkerboard-like pattern), and the remaining fibres are
divided into four groups arranged in a 2x2 grid (top-left, top-right, bottom-left, bottom-right), and
their outputs are also summed.

While the Wasserstein distance captures the overall distribution of the responses, it does not reflect
how accurately the model maps input vectors to particular outputs; we propose two additional metrics
to quantify this dependence. For each unique input vector c, we compute average channel values
from reference and generated data, and calculate Mean Absolute Error (MAE) between them. We
report the average of such values (M AFE,) and the weighted average, with weights indicating the
number of occurrences of each unique input in the dataset (M AE.,,).

3 Methodology

The trained teacher NF models are MAF-based; the transformations are expressed as rational quadratic
splines (RQS) [[13]], with parameters learned by Masked Autoencoders for Distribution Estimation
(MADE) [I17] blocks - the same configuration as in [30]. The baseline IAF training was modelled
after [23]]. The teacher-student training involves leveraging the respective fast passes of the models,
with mappings between data (x) and latent noise (z) in the directions: z — z — 2’ (data loop) and
z — ¢’ — 2’ (latent loop). The differences between all intermediate outputs from the teacher and the



student are minimised, as well as the differences between outputs from respective MADE blocks, to
ensure close teacher-student alignment. This setup serves as the baseline for our experiments.

Since the optimisation is driven by Mean Squared Errors (MSE) between student and teacher outputs,
it may cause the student to focus too much on modelling some nuance values, and compromise
the global structure of the responses. Thus, to guide the optimisation in the correct direction, we
propose an additional physics-based loss term based on channel values computed from student
outputs in the data loop. Its goal is to help with the modelling of the position and shape of the particle
shower observed in the response. As the images undergo preprocessing including noise addition,
normalisation by a sum of the pixel values, and logit transformation, we compute the channel values
on student responses with sigmoid applied, followed by the normalisation, as on:

£channel = % Z Z(wf - wf)27 (2)
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where w? is the i-th channel value for the k-th sample, 7 is the number of samples in the dataset, m
is the number of channels, and dash indicates predicted values. While such responses are not the final
samples (they lack rescaling by photon sum and denoising), the channel values computed from them
already capture their global structures.

The high level of diversity of some of the samples makes it harder for the models to capture their
underlying distribution. However, many such events are rare and under-represented in the dataset,
and their modelling is not crucial for the whole task. We propose combining the loss with a diversity-
based scaler, which puts less focus on rare artefacts, while promoting the optimisation towards the
better-represented samples:

1
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The value is computed for each unique input vector; it is based on the inverse diversity value
normalised to range [0; 1] and reweighted by the number of occurrences of each vector c in the
dataset. We also add a small constant e to the values to prevent multiplying the loss by 0, which has
the effect of removing samples from training. The reweighting ensures that the highly diverse vectors
common in the dataset are not overlooked during the optimisation, and only rare artefacts are less
important for the process. We compute these values from the training dataset, providing additional
external knowledge during the training, which focuses on the assimilation of the student into the
teacher.

4 Results

We divided the dataset into training, validation, and test sets (70:10:20), and evaluated four setups:
the baseline (with MSE-based assimilation - bs), the baseline with inverted diversity-based weighting
(bs+div), the baseline with channel loss (bs+ch), and the baseline with channel loss where both MSE
and channel loss are weighted (bs+ch+div). We present the results in Table ]

In the preparation stage, we trained five separate teachers: for four particle types (n, A, K2, and
¥7) and for the full dataset. Then, we performed the experiments independently for the five teachers
and four setups. We report means and standard deviations calculated over five runs of generating
responses on the test data.

The results show a weakness in the use of the Wasserstein score alone. A lower value does not always
come with a lower value of metrics measuring how well the model maps input features to a particular
output. It indicates that while the global structure is better captured, the physical dependencies are
(at least partially) broken. Thus, we propose to move the focus to the metrics measuring physical
relevance between inputs and outputs, with additional insights given by a global metric.

The experiments confirmed that the physical dependencies are better captured with the channel
loss; in all cases, the M AE. and M AFE ., values are lower when it is applied. While the inverted
diversity-based weighting alone does not have a consistent impact on the results, combining it with
channel loss (also weighted) gave the best results in 4 of 5 cases, and second-best in the one remaining.
The Wasserstein values do not deviate much between the models within the same particle group, and
we consider models with slightly worse Wasserstein and better MAEs more physically relevant. We
present sample results generated with dedicated students trained in the bs+ch+div setup in Fig.



Table 1: Comparison of IAF student performances in baseline and physics-based settings. The best
results for each particle group and each metric are in bold. For reference, teacher results are presented
in the first row.

n A K2 =+ all
teacher WS 3.56+0.07  16.00+0.26  10.94+0.23  31.52+0.64  1.74 £ 0.02
teacher M AE, 7.4140.12  8.88+0.25 9.26 + 0.15 12.934+0.46  8.89 +0.04
teacher M AEc., 6.11+£0.06  9.39+0.15 11.414£0.20  23.83+£0.55  5.1740.03
bs WS 3.37+£0.08 16.424+0.42  10.554+0.18  33.53+0.31  1.7340.02
bs MAE, 7.65+0.07  9.57+0.21 9.40 £ 0.14 13.84+0.19  9.16 £ 0.04
bs M AE.y 6.45+0.08  11.00+0.17  11.87+0.16  25.38+0.34  5.57£0.03
bs+div WS 3.45+0.05 16.32+0.14 11.024+0.25  33.60+0.16  1.62 =+ 0.02
bs+div M AE, 7.644+0.08  9.02+0.20 9.63 + 0.27 13.834+0.17  9.05 +0.04
bs+div M AE.,, 6.40 +0.05  10.56+0.24  12.294+0.13  25.75+0.33  5.40 £ 0.04
bs+ch WS 4.244+0.05  16.61+0.12  10.86+0.21  31.254+0.49  2.00 £ 0.02
bs+ch M AE, 7.4940.05  8.66 +0.25 9.30 + 0.08 11.134+0.12  8.89 +0.02
bs+ch M AE.q 6.32+£0.07  9.22+0.20 11.24 £0.25  18.47+0.66 5.17 +0.02
bs+ch+div WS 41940.07  16.49+0.38  10.49+0.16 31.64+0.32  1.71 +0.02

bs+ch+div M AE. 7.46 £ 0.07 8.18 £ 0.09 9.03 £ 0.08 11.98 £ 0.22 8.77 £ 0.06
bs+ch+div M AE.,, 6.20 = 0.04 8.88 £0.10 10.75 + 0.20 19.14 £ 0.84 5.00 £ 0.02

Original

Generated

Generated

Figure 1: Sample results generated with IAF students. We present two generated samples for each
input vector to show that the responses differ between runs.

Interestingly, some of the best-performing students exhibit even better performance than their teachers.
It is only in the case of models trained with an additional physics-based part, which highlights the
usability of dedicated physics-based elements in the training. Moreover, the students are 421 times
faster than the teachers - the generating time per sample equals 0.38 ms, which makes a significant
advancement to the previously reported 160.0 ms for NFs in ZDC modelling [30].

We additionally evaluated metrics that directly assess the accuracy of model predictions regarding
the position and shape of the generated showers. For spatial position, we compared the coordinates
of the reference and generated shower centres, defined as the energy-weighted centres of mass.
To characterise the shape, we used the radius of the circle containing 90% of the total number of
photons in each response. The values were computed for each unique input vector by calculating the
differences in the means and variances of these quantities from the reference and generated data, and
then aggregated using a weighted average. We analysed both the MAEs and the Root Mean Squared
Errors (RMSEs), evaluating the performance of the teacher, bs, and bs+ch+div setups. Accounting
for variance is crucial here, as all showers display inherent diversity, which can strongly influence
low-level statistics such as a shower position - often to a much greater extent than for the higher-level
channel values.

For the four individual particle types, the results were inconclusive; the differences were minor,
and different setups were favoured depending on the metric. In comparison, the findings presented



Table 2: Comparison of the performances of IAF student baseline (bs) and physics-based (bs+ch+div)
models regarding the correctness of the modelling of shower positions (centre and centre variance
errors) and shapes (radius and radius variance errors) in the "full dataset" (all) case. The best results
in each column are in bold. For reference, teacher results are presented in the first row.

centre error centre variance error radius error radius variance error

MAE RMSE MAE RMSE MAE RMSE MAE RMSE
teacher 1.60 £ 0.01 5.84 +0.02 11.25+£0.10  45.68 £ 0.54 2.224+0.02  6.62+0.02 11.29 £0.19 52.66 £+ 1.56
bs 1.64+0.01  5.86+0.02 11.16 +0.13 46.90 + 0.64 2.34+0.02  6.69+0.02 11.27 £0.17 55.00 4 1.42

bs+ch+div 1.63+0.01 5.83+0.02 10.86+0.13 4526+0.22 226+0.01 6.65+0.03 11.22+041 52.77+276

in Table ] clearly indicate the advantage of the physics-based approach. It suggests that excelling
separately in detailed statistics, such as shower position and shape, is not essential for producing better
higher-level results, e.g., channel values. Additionally, the limited size of the per-particle sub-datasets
may have prevented these low-level metrics from accurately reflecting performance differences across
student optimisation approaches. Nonetheless, we provide results for the full dataset in Table
In this comprehensive case, the student models consistently favour the physics-based setup in all
comparisons. Due to the much larger sample size, these results are more reliable than those obtained
for individual particle types.

5 Conclusions

Here, we introduce two physics-based approaches for obtaining high-fidelity IAF student models for
the ZDC fast simulation. We propose an additional loss based on the physical detector setting, which
helps in modelling the position and shape of the particle shower present in the detector response.
By weighting the loss with the response variability-induced scaler, we lessen the impact of the rare
artefacts on the overall training. Our experiments show that minor adjustments improve the modelling
of the underlying physical dependencies between input particles and detector outputs, which is crucial
in the particle physics research area. Moreover, our models are 421 times faster than the previously
reported NFs in ZDC simulation research, establishing them as a strong method for simulating this
detector.
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