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Quantum Generative Adversarial Autoencoders:
Learning latent representations for quantum data generation

Background Limitations of the QAE Our Proposal

Quantum Autoencoder (QAE) - The QAE lacks generative capabilities. Architecture
The Quantum Generative Adversarial
Autoencoder (QGAA) - a novel approach
that leverages quantum adversarial
learning to model the latent space

- representation of a trained QAE.

Quantum - Unlike classical ML techniques of latent space

Latent Space

regularization, there is no well-defined quantum analogue
for the directly accessing a quantum latent space.

Application

We demonstrate the functioning and the potential utility of the QGAA approach using the following
quantum generative tasks:
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Original Compressed / Reconstructed
quantum Latent ' vanturn data . ' .
dete representaren Decoder - Learning the latent representation of a set of 2-qubit entangled states.
Fig.1
Quantum Machine Learning (QML) model for - Learning the ground state energy profiles of the parameterized molecular Hamiltonians, of H, (4 qubits)
compression and reconstruction of quantum states. and LiH (6 qubits).

The Quantum Generative Adversarial Autoencoder (QGAA)
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convergence to the
Nash equilibrium of
the min-max
adversarial
optimization, the
trained generator
Ug(e_;*) is able to
generate v, =1,.

Compressed / Trained Decoder

Latent
representation

Quantum data reconstructed from
the learnt latent representation

* Objective of the generator U_ (6): To optimize (f) to generate v, » The generated latent state v,=7, (assuming perfect learning of the
whose likelihood of being classified as fake is minimized. latent representation) is fed into the trained decoder U, (97)* ) (FIG. 1),

to reconstruct$ =p..
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» Objective of the discriminator U (6, ): To optimize (6 ) such that the

likelihood of correct classification, i.e., 7, as real (FIG. 1) and v, as « Assuming that the trained QAE performs perfect reconstruction,
fake is maximized based on the quantum state discrimination l.e, p,=o,then¢ =o,.
protocol.

. *ame Generation of the ground state energy profile of
Appllcatlon. molecular Hamiltonians of H,

. A QAE is trained on a subset of e =Trid(r)o, } | E  =Tri3 ()¢, }
molecular ground states, {o } of the
Hamiltonian H (r), to compress them
to a quantum latent space {n }. —o—Generated Points
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Conclusion and Outlook

e Tlraining Points )
- Our novel approach enables direct access to the
latent space of a trained QAE.

- Upon executing the two stages of the
QGAA, the trained generator is able to
directly generate latent states {v },
such that £~ Egen, upon
reconstructing {¢ }.

» Compared to training the QGAN on the original data,
our approach demonstrates a more resource efficient
implementation of the QGAN by enabling adversarial
training in a lower dimensional quantum latent space.

- Average Error over different values of
r.{|AE)=(|E, .~ E ., |)is 0.02 £ 0.01 Ha
for the case of H..

- Even learning approximate latent representations has
utility for warm starting in QML applications such as
initial state preparation for a Variational Quantum
Eigensolver (VQE).

- For similar experiments using LiH data,
(|AE|)=0.06= 0.02 Ha.
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(Plot is based on experiments on a
quantum simulator)
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