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Generative neural networks

* Variational autoencoder (VAE)

* Generative adversarial network (GAN)
e Autoregressive models

* Normalizing flows (NFs)

* Vector-Quantized Variational Autoencoder (VQ-
VAE)

e Diffusion models



Table 2.1.: Chronological overview of papers applying generative neural networks for fast
simulations in high-energy physics.
Year | Reference | GAN | Autoencoder | NF | VQ | Diffusion
2017 |
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2018 |
2018 |
2019 |
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VAE from ChatGPT
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VAE from ChatGPT
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VAE

Sampling

l

I Encoder —p |atent space |—P Decoder G

To construct a generative model. VAE incorporates variational inference of a posterior
distribution of a latent variable [19]. The main objective of VAE is to represent the probability
distribution p(x) of the data x by estimating a latent variable model p(z|2), where 2 is the
latent variable. Since the true posterior p(z|z) is usually intractable, VAE approximates it
with a tractable distribution ¢(z|z) determined by the output of the encoder. Typically, a

L(0.6:7) = Egy o) [log ps(2]2)] — Drr(ge(z|2)||p(2)). (3.1)

where # and ¢ represent the parameters of the encoder E and decoder D, respectively, Dk,
denotes the KL divergence, and p(2) stands for the prior distribution over the latent variables.
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VAE with noise
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Figure 3.4.: The autoencoder with noise generator design.




Posterior collapse
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Posterior collapse
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Visualization of “Posterior
collapse”

Figure 3.2.: Visualization of a properly structured latent space (left) and a collapsed latent
space of a VAE (right).
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VQ-VAE

VQ-VAE [10] introduce a discrete latent representation through vector quantization. This|
design involves the use of quantized vectors z, that are selected as the nearest neighbors
from the codebook Z:

2(z) = argggin|\Eg($) — z||2. (3.15)

Codebook

Gradient
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Codebook
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Codebook Collapse
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Codebook Collapse
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GAN
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VQ-GAN; ViT-VQ-GAN

The VQ-VAE was further extended to the VQ-GAN [25]. Apart from VQ-VAE functioning
as a generator, the authors leverage a transformer as a learnable prior, and to address the
challenge of processing very long sequences, they introduce a sliding attention window. The
VQ-GAN loss function includes a patch-based adversarial loss. The discriminator attempts
to distinguish fragments of the generated image from the corresponding fragments of the
real image, instead of evaluating the entire output. Consequently, a grid of values ranging
from 0 to 1 is produced, as depicted in Figure 3.8.

Instead of 12 loss as a reconstruction loss, VQ-GAN employs a perceptual loss [17]. This
method evaluates the similarity between two images, leveraging feature representations ex-
tracted from a pre-trained convolutional neural network (CNN) to better capture textural
and structural differences. The concept is depicted in Figure 3.9, where CNN embeddings of
real and generated images are compared using the [2 loss.

Vision transformer-based VQ-GAN (ViT-VQ-GAN) [19] extends the VQ-GAN design by
incorporating ViT into the generator and enhancing the utilization of the codebook (as
detailed in Section 3.5.2). Regarding the loss function, ViT-VQ-GAN integrates logit-laplace
loss [50], 12 loss, perceptual loss, and adversarial loss in the reconstruction loss term.
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Diffusion Model

q(x|ria) = N(a|y/our o, (1 — o)1),

(3.25)

where a, = 1 — 3, and (3, is a variance schedule. The variance schedule controls the amount
of noise added at each step, ensuring a gradual and stable diffusion, which is essential for
the model’s performance and the stability of the reverse process. The data point any time

step t can be derived analytically. Given a; = [T, .. the expression is:

q(x|zo) = N(xp; Vayxo, (1 — ay)I).

pr— —_— s, —

S S S —

Figure 3.10.: The diffusion models design.

(3.26)
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Normalizing flows (NFs)
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Normalizing flows (NFs)
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Detector

The Zero Degree Calorimeter (ZDC) [7] in the ALICE experiment measures particle show-
ers to determine the centrality of collisions, helping to understand their dynamics [%]. Com-
prising four calorimeters, the system includes two dedicated for proton detection (ZP) and
two for neutron detection (ZN). An image of ZN is provided in Figure 1.2.

(a) The quartz fibers divided (b) The matrix of quartz (c) The ZN detector.
into channels. fibers.
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(a) Channel 1. (b) Channel 2. (d) Channel 4. (e) Channel 5.

The following columns are the responses to different particles, the first from the
left is 7+, followed by 7 particles (the most common in this dataset), and the
last is K2. The rows show independent runs for the same particles.



Dataset

The dataset consists of two parts: particle properties, which serve as conditional variables,
and ZN responses, which have dimensions 44 x 44 x 1, making them suitable to be treated as
images by generative models. The particle properties are represented as 9-dimensional vectors
that contain information on energy, primary vertex positions in the x, vy, and z dimensions,
momenta in the x, y, and z dimensions, mass, and charge. Furthermore, PDG identifiers can
be included to specify the type of particle.

The dataset contains 306780 samples, with all detector responses having at least 10 photons
(filtering out zero responses is a separate problem and is not covered in this work, but can
be found in the literature [J0]). Among all examples, 99695 have a different sum of photons,
and there are only 1805 unique feature vectors, indicating that the dataset might not cover
the entire space of possible particle features. Additionally, the dataset is highly imbalanced —
60.83% are photons (7), 23.34% are neutrons (n), 5.30% are protons (p), 3.08% are lambda
baryons (A), 2.09% are short-lived kaons (K2), 1.79% are long-lived kaons (K7} ), 1.30% are
pions (m+), and the others represent less than 1% of the dataset size. In general, the dataset
includes 21 different types of particles.
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Table 4.1.: The features importance for particle diversity.
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Dataset visualizations

principal component analysis (PCA)
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(b) Particle features visualization using ker-

nel PCA. The colors indicate the mass,

(a) Particle features visualization using lin- and the labels identify clusters with dif-
ear PCA. The colors indicate the charge. ferent charges.
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Dataset visualizations

e principal component analysis (PCA)
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(c) Particle features visualization using t- (d) Response channels visualization using

SNE. The colors denote the types of the UMAP. The colors indicate the channel
particles. with the highest value.
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Evaluation metrics

* Wasserstein metric is the most commonly used
measure of model performance. This metric is
calculated as the mean Wasserstein-1 distance
between the original and generated histograms of the
photon sumes.

 Mean absolute error (MAE), which compares the |1
distance of the channel values. Unlike the Wasserstein
metric, this is a local metric that directly compares the
channel values of the original and generated samples.

 Pixel-wise root mean square error (RMSE), which
directly compares pixels.



Evaluation metrics

5 1
Wasserstein-1(w, w) = %Z/ ‘FQI(E) - F?-E_'il(z}‘dz’ (42)
5= Jo
MAE (w lem i (4.3)
14 44
RMSE(z, &) = 1.4
= J S s

where Fq_l is the inverse cumulative distribution function of the distribution ¢, w; denotes the
distribution of the i-th channel, n refers to the number of evaluated examples, wF represents
the value of the i-th channel of the k-th response, zF i; 1s the value of the pixel Wlth i and j
coordinates of the k-th response, and w and & are the corresponding predicted values.
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Training

* The dataset was divided into training, validation, and testing
subsets in proportions of 70%, 10%, and 20%, respectively.

* Training was carried out on the training set, the parameters
were tuned on the validation set, and the final results were
calculated on the test set.

 The AdamW optimizer was used, with hyperparameters
fine-tuned through more than 100 trials per model with
Optuna software optimizing the Wasserstein metric.

* The optimization procedure leveraged the tree-structured
Parzen Estimator (TPE) sampler without pruning and
considered the following parameters: learning rate, B1, B2, €,
and the use of the cosine learning rate schedule, weight
decay, and Nesterov momentum.



Training

* The training was performed on a single NVIDIA
A100 GPU with 40 GB of memory on the Athena
supercomputer2. All models were trained for 100
epochs in batches of size 256.

* At the end of each epoch, the weights were stored
to allow for reconstruction at any time during the
training.



Performance

Table 4.3.: Performance of autoencoders across various architectures (part I).?

Architecture CNN ViT
Metric Wasserstein | MAE | RMSE || Wasserstein | MAE | RMSE
VAE 11.52 17.7 50.38 11.90 18.05 49.48
VAE + Embedding 15.93* 20.16* | 49.59* 11.61 17.98 49.47
Supervised AE 23.71 31.90 72.32 20.43 30.60 74.64
AE + Sinkhorn NG 26.53 29.07 66.16 11.34 15.88 44 .17
AE + MSE NG 37.56 39.32 02.28 11.19 15.47 43.49

Table 4.4.: Performance of autoencoders across various architectures (part I1I).*

Architecture MLP-Mixer
Metric Wasserstein | MAE | RMSE
VAE 12.22 18.00 49.51
VAE + Embedding 12.12 18.20 49.73
Supervised AE 17.08 26.90 | 104.83
AE 4 Sinkhorn NG X X X
AE + MSE NG X X X

35



Model Size vs. Performance

Table 4.5.: VQ-VAE autoencoder specification depending on model size.

Model size || #blocks | #heads | Hidden dim | Embedding dim
0.25M 3 3 48 128
1M 4 4 96 256
4M 4 4 192 256
13M 6 6 288 512
52M 8 8 512 512

Table 4.6.: VQ-VAE reconstruction performance depending on model size.

Model size || Wasserstein | MAE | RMSE
0.25M 11.54 12.96 38.46
1M 9.86 11.84 | 37.22
4M 11.73 13.78 43.54
13M 11.40 12.87 37.90
52M 12.12 13.73 39.74
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Performance vs. Framework

Table 4.7.: Performance comparison of generative frameworks.

Model Wasserstein | MAE | RMSE
GEANT (original data) 0.53 16.41 59.87
Autoencoder 11.19 15.47 43.49
GAN 5.70 24.71 | 100.98
VQ-VAE 0.61 21.95 65.82
VQ-GAN 4.58 22.90 85.45
Diffusion 3.15 20.10 73.58

Table 4.8.: Generation time of various generative models.

Model Time [ms]
Autoencoder 0.015
GAN 0.023
VQ 0.091
Diffusion 5.360




Systematic Study

e Autoencoder
* Latent space size and posterior collapse

* Generative adversarial network
* Improving training stability
* Improving fidelity of simulations

* Vector quantization
e Codebook utilization
e Codebook size
* Loss functions
* Transformer settings

Diffusion
* Noise scheduler
 Number of denoising steps
* Denoising Diffusion Implicit Models



Conclusion (1)

* The GAN research showed that a classically
formulated GAN, especially when combined with a
postprocessing step, yields the best performance.

 Diffusion models outperform others, even with a
limited number of denoising steps, and adjusting
their parameters can further improve performance.
They havea longer generation time.

* VQ-GAN, while slightly less accurate, offers a good
compromise with a faster generation time, making
them suitable for scenarios that involve extremely
fast simulations. VQ-GAN is recommended.



Conclusion (2)

The findings of this thesis enable the formulation of several goals for future research that
will further improve the fast ZDC simulation:

e Future research could focus on further refining |VQ-GAN |due to its balance between
performance and throughput. The goal is to improve simulation fidelity by integrating
the latest ViT developments [105], testing different sampling techniques, and evaluating
new strategies for codebook updates [100].

e | Diffusion.|as a state-of-the-art model, should be the subject of additional research. The
key goal is to improve the generation speed by operating in the latent space [50] and
reducing the number of denoising steps. Investigating knowledge distillation [55] and
rectified flows [02], which have shown promise in recent models, might be beneficial.

e Exploring approaches to incorporate physical loss terms [70] and regularize neural net-
works to produce physically consistent ZDC responses would also be advantageous.



Github Repository

https://github.com/m-wojnar/zdc

Repository Structure

The repository follows a structured layout to organize code modules, scripts, and utilities:

* zdc: Main directory containing the source code.
o architectures: Directory containing implementations of CNN, ViT, and MLP-
Mixer-based encoders and decoders.

o layers: Directory containing custom layers and modules used in neural

networks.
o models: Directory containing implementations of generative models.

o scripts: Directory containing scripts for various tasks such as hyperparameter

tuning, plots, generation time.

o utils: Directory containing utility functions and helpers for data handling,
training, and evaluation.
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Github Repository

https://github.com/m-wojnar/zdc

zdc / zdc / models / (5

m-wojnar Fix GP formulation in WGAN

MName

., .

W autoencoder
fm diffusion
M gan

M quantization

Y _init_.py

65fc55d - 2 months ago @ History

Last commit message Last commit date
Apply ViT generator and discriminator in G... 3 months ago
Add reconstruct function to VQ-GAN 3 months ago
Fix GP formulation in WGAN 2 months ago
Move VQ-GAN to quantization directory 3 months ago
Add supervised autoencoder 6 months ago
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