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Abstract

While realistic detector simulations are an essential component of particle physics
experiments, current methods are computationally inefficient, requiring significant
resources to produce, store, and distribute simulation data. In this work, we propose
the Intra-Event Aware GAN (IEA-GAN), a deep generative model which allows
for faster and more resource-efficient simulations. We demonstrate its use in
generating sensor-dependent images for the Pixel Vertex Detector (PXD) at the
Belle II Experiment, the sub-detector with the highest spatial resolution. We show
that using the domain-specific relational inductive bias introduced by our Relational
Reasoning Module, one can approximate the concept of a collision event in the
detector simulation. We also propose a Uniformity loss to maximize the information
entropy of the IEA-GAN discriminator’s knowledge and an Intra-Event Aware loss
for the generator to imitate the discriminator’s dyadic class-to-class knowledge. We
show that the IEA-GAN not only captures the fine-grained semantic and statistical
similarity between the images but also finds correlations among them, leading to a
significant improvement in image fidelity and diversity compared to the previous
state-of-the-art models.
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1 Introduction

The “Fast Simulation” campaign in Particle Physics [1] sparked the search for faster and more
storage-efficient simulation methods for collider physics experiments. These simulations play an
essential role in various downstream tasks, including optimizing detector geometry, designing physics
analyses, and searching for new phenomena beyond the Standard Model (SM). To simulate a sufficient
amount of detector background at the Belle II [2] experiment, Generative Adversarial Networks
(GANs) [3] have been explored for the first time [4, 5]. Since the introduction of class-conditional
Generative Adversarial Networks [6], many schemes for capturing the class conditions in a more
sophisticated way have been proposed. However, they are prone to class confusion [7] when they face
a fine-grained dataset and fail to capture inter-class dependencies in a manner suitable for simulating
multiple detector components within a single physics collision event.

In this work, we introduce Intra-Event Aware GAN (IEA-GAN), a novel method to capture intra-
event dependencies and to generate correlated sensor-dependent Pixel Vertex Detector (PXD) [8]
background images at Belle II with the highest fidelity while satisfying all relevant metrics. As a
result, we propose new methods for training conditional GANs that not only seize both statistical-level
and semantic-level information but also capture correlation among samples in a fine-grained image
generation task.

2 Dataset

The Pixel Vertex Detector (PXD) [8], the innermost sub-detector of the Belle II experiment, measures
the position of traversing charged particles originating from particle collision events by ionization of
semi-conductor sensors in order to perform precise reconstruction of decay vertices. The configuration
of the PXD consists of 40 modules within two layers, with 16 modules assembled in 8 planar ladders
on the inner layer and 24 modules in 12 ladders in the outer. Each module consists of a pixel matrix
sensor, resulting in a 250× 768 hitmap image.

The PXD images are spatially asymmetric, have high resolution, and have statistical and semantic
similarities. The occupancy of each image, defined as the fraction of non-zero valued pixels, shows
statistical similarities between the two sensor layers and among the sensors in each layer. At the
semantic and visual level, as the PXD images show extreme similarity, they can be classified as fine-
grained images with small inter-class and significant intra-class variations [9], culminating in class
confusion [7] because the discrimination between generated classes that are visually similar becomes
very hard. Furthermore, since the information in an event comes from a single readout window for the
PXD, the background processes happening in this window affect all sensors simultaneously, leading
to a collective correlation among them as shown in fig. 3.

The data in each collision event in this work consists of 40 sensor-dependent grayscale 256× 768
images1. For training, we used 40 000 simulated events, and for evaluation we used 10 000 simulated
events. The dataset was produced with the basf2 [10] software, where the detector simulation was
carried out using Geant4 [11]. For sampling, we consider the data sample as a single Monte-Carlo
simulated collision event and each sensor as its class, such that in each sample, we have 40 unique
classes of images corresponding to all 40 sensors.

3 Methods

3.1 Relational Reasoning Module

We propose the “Relational Reasoning Module” (RRM), a trainable layer that can capture contex-
tualized embeddings from each image or class and is specifically designed to be compatible with
GAN training policies. The outputs of this module are the updated features of each node, weighted
by their importance or similarity. In the IEA-GAN Discriminator, this module takes the set of
image embeddings from a sample as input nodes within a fully connected event graph, applies a
pre-norm self-attention [12] over them, then updates each node’s embedding via the attentive message

1Images are zero-padded on both sides from their original size of 250× 768 in order to be divisible by 16,
for training purposes.
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propagation [13, 14, 15]. It then compactifies the information by projecting the normalized event
graph onto a Hypersphere as a compact manifold.
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Figure 1: IEA-GAN architecture. The red lines correspond to the forward and backward passes of
the Generator. The black lines correspond to the forward and backward passes of the discriminator.
The discriminator is trained via the Adversarial Hinge loss [16] (Adv. Loss), 2C loss [17] and the
Uniformity loss (see eq. (2)). On the other hand, the generator uses the Adversarial loss, 2C loss [17],
and the IEA-loss (see eq. (1)).

In the IEA-GAN Generator, the RRM acts on all class token embeddings 2 and their learnable contex-
tual embedding for each event. As conditions change for each event, having merely a class embedding,
as is used in conditional GANs [6], is not enough. Thus, at each event, the Generator samples from a
per-event shared normal distribution ri ∼ N (0, 1) as random degrees of freedom (Rdof). This acts
as learnable contextual embedding for each class token that will be fused to it via the feature mixing
layer.3 Then, the IEA-GAN Generator does a message propagation amongst the fused tokens with
the RRM. This way, we ensure that the Generator is aware of intra-event local changes. As a result,
the Generator generates images that show intra-event correlations.

3.2 Intra-Event Aware Loss

To transfer the intra-event knowledge of the discriminator to the Generator in a more direct way, we
introduce an Intra-Event Aware (IEA) loss for the Generator that captures class-to-class relations.

ℓIEA(xr,xf ) =
∑
i,j
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where xr = {x(r)
i }mi=1 is the set of real images, and xf = {G(zi, yi, ri) = x

(f)
i }mi=1 the set of

generated images. The softmax function, σ : Rm → [0, 1]m, normalizes the dot-product self-
attention between the image embeddings. The map h : Rk×m → Sn×m is the unit hypersphere
projection of the discriminator. DKL(.||.) is the KL divergence [18] which takes two m×m matrices
that have values in the closed unit interval (due to the softmax function). By minimizing ℓIEA, we are
putting a discriminator-supervised penalizing system over the intra-event awareness of the Generator,
encouraging it to look for more detailed dyadic connections [19] among the images. Ultimately, we
want to maximize the consensus between the hyperspheres of real and generated image embeddings.
The Intra-Event Aware loss will be added to the Generator’s losses (The Adversarial Hinge loss [16]
and 2C Loss [17]).

3.3 Uniformity Loss

The other crucial loss function comes from contrastive representation learning. The task of learning
fine-grained class-to-class relations among images means we also want to ensure the feature vectors
have as much hyperspherical diversity as possible. Thus, by imposing a uniformity condition over
the feature vectors on the unit hypersphere, they preserve as much information as possible since the
uniform distribution carries a high entropy. This idea stems from the Thomson problem [20], where a

2One-Hot encoding of each PXD sensor number
3The feature mixing layer is a single linear layer without any activation functions.
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static equilibrium with minimal potential energy is sought to distribute N electrons on the unit sphere
in the evenest manner. To do this, we use the uniformity metric proposed by [21, 22], which is based
on a Gaussian potential kernel,

Luniform(x; t) = logExi,xj∼pdata
[exp(−t∥h(xi)− h(xj)∥22)]. (2)

Upon minimizing this loss for the discriminator, it tries to maintain a uniform distance between
samples that are not well-clustered and thus not similar. This loss is necessary for capturing the
exact distribution of the mean occupancy and balancing the inter-class pulling force of the RRM. The
Uniformity loss will be added to the Discriminator’s losses (The Adversarial Hinge loss [16] and 2C
Loss [17]).

4 Result

We compare IEA-GAN with four state-of-the-art conditional image generation baselines and the
Geant4-simulated reference: BigGAN-deep [16], ContraGAN [17], and our previous works, PE-
GAN [5] and WGAN-gp [4]4. As we are interested in optimal pixel-level properties, diversity,
and correlations of generated images while minimizing generator complexity due to computational
limitations, we choose the model’s weight with the best Frechet Inception Score (FID) [23]. Based on
the recent Clean-FID project [24], we fine-tune the Inception-V3 [25] model on the PXD images, as
the PXD images are very different from the natural images used in its initial training. Table 1 shows
that IEA-GAN images have the lowest FID score, ergo better diversity and fidelity compared to the
other models. Furthermore, since in GAN training there is no meaningful way to define a minimal
loss, our stopping point is the divergence of the FID which is very correlated with the quality of other
metrics.

WGAN-gp PE-GAN BigGAN-deep ContraGAN IEA-GAN
FID 12.09 5.21 4.40 2.54± 0.43 1.50± 0.16

Table 1: FID comparison between models (all models in the benchmark are highly tuned to the
current problem and dataset). The lower the FID, the better the image quality and diversity.

At the image level, we look at the Pixel Intensity Distribution, the Occupancy Distribution, and the
Mean Occupancy. The Pixel Intensity Distribution is the cumulative sum of pixel values over the
given number of events which defines the distribution of the background hit energy. The Occupancy
Distribution and the Pixel Intensity Distribution are evaluated over all sensors of a given number
of events, while the Mean Occupancy corresponds to the mean value of sparsity across events for
each sensor. This pixel-level information defines each sensor’s sparsity, hence background levels,
during physics analysis with the basf2 software [10] at Belle II. The Pixel Intensity Distribution and
Occupancy Distribution are shown in fig. 2.

The aforementioned metrics are equivariant under permutation between the samples among events.
Therefore, we compute Spearman’s correlation between the sensors’ occupancy along the population
of generated events. Although the desired correlation is different from IEA-GAN, as shown in
fig. 3, IEA-GAN understands a positive correlation for intra-layer sensors and a primarily negative
correlation for inter-layer sensors. At the Physics-reconstruction level with the basf2 software [10],
the discrepancy in the correlation affects the correspondence between the underlying Background
processes that are responsible for the PXD hits.

5 Conclusions and Outlook

In this work, we have proposed a novel way to generate correlated high-resolution particle detector
background data. IEA-GAN captures the pair-wise class-to-class relations and exhibits intra-event
correlations among the generated high-resolution images in an end-to-end way for a fine-grained
conditional image generation task. In the future, we think that injecting the physics information
and mask-conditioning over them while respecting the symmetries of the new modality would solve

4WGAN-gp are used only for FID
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Figure 2: Pixel Intensity Distribution in log scale (left) and Distribution of the occupancy for 10 000
events
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Figure 3: Spearman’s correlation between the occupancy of real sensor images (left), sensor images
from IEA-GAN (center), and sensor images from ContraGAN (right).

the remaining discrepancy between the real and generated images. As the fine-grained conditional
generation of collider events is omnipresent in all fast and efficient detector simulations, we believe
that the Intra-Event Aware GAN (IEA-GAN) offers a robust solution for other particle physics
experiments and simulations at Belle II [2] and LHC [26].
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