
The          term is Kullback-Leibler Divergence, which measures
how different two distributions are over the same variable:

And finally,      is a condition penalty term, which increases
when the conditions gave to the network do not match:

Where        is the condition tensor and         is the weight term
for each condition.
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Fig. 1: VAE architecture representation.

To optimize the network, we use a loss function to evaluate
the efficiency of data reconstruction, which can be expressed
as:

This penalty term defines a Conditional Variational
Autoencoder (CVAE) neural network.

RESULTS
Implementing the CVAE network with PyTorch and using
Optuna to optimize the network hyperparameters, we are
being able to get some daughters 4-momentum distributions:
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Fig. 3: Reconstructed vs input data pions’ 4-momentum.

The main goal of VAEs is to reconstruct data that closely
resembles the input. It consists of three components: [5, 6]

Encoder: reduces the input data's dimensionality and
stores it in latent space.
Latent space: represents the data in a given probability
distribution;
Decoder: reconstructs the input data from the latent
space, returning it to its original dimensionality.

Minimum bias PbPb collisions simulated with Hydjet. [3]

With the advancement of generative neural networks, their
application in HEP has become increasingly natural. One
potential use is data generation, serving as an alternative to
Monte Carlo (MC) generators, which often demand significant
computational power and may struggle to produce
representative data. [1, 2]
We developed a Variational Autoencoder (VAE)-based network
to generate D  meson kinematics by reconstructing the four-
momenta of its daughter particles.
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CONCLUSION
We applied Conditional Variational Autoencoders to generate
the kinematics of D  mesons. So far, we have achieved better
precision in modeling the transverse momentum (relative to
the beam direction) of the D   meson decay products. Our
next steps involve further optimizing the network parameters
before proceeding with studies using data from the CMS
experiment.

D  mesons decaying into charged pions and kaons are
embedded in events using the Pythia8. [4]
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The input file includes the 4-momentum of the D  mesons
decay products.
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Where     is the error term, composed by the mean squared
error between the value from the reconstructed variable and
its input value, and between the reconstructed D  mass and
the real one:
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Fig. 2: Reconstructed vs input data kaons’ 4-momentum.


