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• “Applying generative neural networks for fast 
simulations of the ALICE (CERN) experiment”
• Generative neural networks

• Fast simulations

• Analysis

• Summary
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Generative neural networks

• Variational autoencoder (VAE)

• Generative adversarial network (GAN)

• Autoregressive models

• Normalizing flows (NFs)

• Vector-Quantized Variational Autoencoder (VQ-
VAE)

• Diffusion models
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VAE from ChatGPT

Variational Autoencoders (VAEs) 是一種生成模型，可以對數據進行壓縮和重建，
同時還能生成新數據。這裡是對 VAE 的詳細解釋：

### 主要概念

1. **編碼器 (Encoder)**：

-編碼器將輸入數據 \(x\) 映射到潛在空間 \(z\) 的分佈上。

-與傳統自編碼器不同，VAE 將輸入編碼為概率分佈的參數（通常是高斯分
佈），即輸出均值 \(\mu\) 和標準差 \(\sigma\)。

2. **潛在空間 (Latent Space)**：

-潛在空間是一個低維空間，代表壓縮後的輸入數據。

-從這個空間中采樣可以生成新的數據點。

-目的是確保潛在空間連續且結構良好。

3. **解碼器 (Decoder)**：

-解碼器將潛在空間中的樣本映射回原始數據空間。

-確保從潛在分佈中抽樣的數據點與原始數據分佈相似。
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VAE from ChatGPT

### 核心組件

- **重參數化技巧 (Reparameterization Trick)**：

-為了使模型可微分並啟用反向傳播，使用了重參數化技巧。

-這樣做的目的是將樣本從標準正態分佈中抽取輔助變量 \(\epsilon\)，
並計算 \(z = \mu + \sigma \cdot \epsilon\)。

-這允許梯度通過 \(\mu\) 和 \(\sigma\) 傳播。

- **損失函數 (Loss Function)**：

- VAE 的損失函數包含兩個主要部分：

- **重建損失 (Reconstruction Loss)**：測量解碼器重建輸入數據的
效果。通常使用均方誤差 (MSE) 或二進制交叉熵來計算原始數據與重
建數據之間的差異。

- **KL 散度 (KL Divergence)**：測量編碼分佈 \(q(z|x)\) 與先驗分佈
\(p(z)\)（通常是標準正態分佈）之間的差異。正則化潛在空間，確保
其遵循先驗分佈，促進潛在空間的平滑和連續性。
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VAE
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VAE with noise
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Posterior collapse
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Posterior collapse
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Visualization of  “Posterior 
collapse”
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VQ-VAE
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Codebook
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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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GAN
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GAN
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VQ-GAN
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VQ-GAN; ViT-VQ-GAN
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Diffusion Model
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Normalizing flows (NFs)
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Normalizing flows (NFs)
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Detector
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Analysis

26



Dataset
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Dataset
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Dataset visualizations
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principal component analysis (PCA)



Dataset visualizations
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principal component analysis (PCA)



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 sums.

• Mean absolute error (MAE), which compares the l1 
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.
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Evaluation metrics
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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, β1, β2, ϵ, 
and the use of the cosine learning rate schedule, weight 
decay, and Nesterov momentum.
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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.
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Performance
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Model Size vs. Performance
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Performance vs. Framework
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Systematic Study

• Autoencoder
• Latent space size and posterior collapse

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

• Vector quantization
• Codebook utilization
• Codebook size
• Loss functions
• Transformer settings

• Diffusion
• Noise scheduler
• Number of denoising steps
• Denoising Diffusion Implicit Models
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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.
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Conclusion (2)
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Github Repository
https://github.com/m-wojnar/zdc
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Github Repository
https://github.com/m-wojnar/zdc
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