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T Quantum machine learning?

UNIVERSITY

Current (NISQ) era:

1. Classical machine learning applied to quantum data
2. Quantum assisted machine learning

3. Hybrid models

4. Truly guantum machine learning

VQE, QAOA, ...
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y p(tf) = Output state vector

* {K, €,{} = Weights of the network, which can be adjusted
experimentally as functions of time for physical
implementation

Our goal is to train the external parameters {K, ¢, ('}
(weights) via supervised learning using target outputs
paired with specified inputs

Once trained, the parameters can be tested on additional
inputs.
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i What can we calculate?

UNIVERSITY

* Our QNN is a universal quantum computer

* Bennett showed (1970s): any classical calculation can be made
reversible

* Thus: any universal quantum computer is also a universal classical
computer!

e Caveat: this doesn’t mean that it is easy!
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G s What can we calculate, cont?

UNIVERSITY

e Can it do known classical neural network calculations?
* Logic gates yes
* Pattern recognition/classification yes
e Function reproduction yes

* Can it do known quantum calculations? yes
* Can it do UNKNOWN gquantum calculations?

QC+AI 2025 @ AAAI 3.3.2025



wsu What quantum tasks?

WICHITA STATE
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* What is essentially non-classical/quantum
mechanical?

* Entanglement —a consequence of superposition — crucial
to most quantum computing/information applications!

e Separability is NP-hard! (2003, Gurvitz)
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Experimental measure for entanglement?
* Prepare a highly entangled state?
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wsu Classical Generative Adversarial Networks
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This deep-learning-based generative model uses a pair of neural networks pitted
against each other — the generator and the discriminator.

Generator
Given real data (ex. images), the generator will generate fake data samples
aiming to mimic the distribution of the real data.

Discriminator

The discriminator (D) takes as input either real data samples or fake data
samples. Its’ goal is to discriminate between FAKES and REALS.

* Dis trying to minimize the probability of misclassifying the fake data as real
* G is trying to maximize the discriminator’s probability of misclassifying fake
data as real.

The GAN finishes training when it reaches a point called Nash equilibrium

e generator produces FAKES that corresponds to the REALS probability
distribution

e discriminator IDs them as FAKES with a 50% accuracy.



G GAN — Generative Adversarial Networks

UNIVERSITY

Generator (G)

Generates fake data samples aiming to mimic the real data.
Vector With training G (the generator), gets better at transforming
a set of Random Input Vectors into fakes that mimics the
distribution of real data.

Random Input

Generator
Model

Discriminator (D)
Takes as input either real data samples or fake data samples
GEex"ae;;‘Zd W Real Example and wants to discriminate between reals and fakes.

\/ * While the D is trying to minimize the probability of

| Discriminator || misclassifying the fake data as real ...

e Model | N . e , -

: model i * Gis trying to maximize the discriminator’s probability
’ ,‘7’7’;‘;2‘/9 i of misclassifying fake data as real.

Binary Classification
Real/Fake
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QGAN — Quantum Generative

Adversarial Networks

Generator
Model

R =

Generated
Example

W Real Example

Update
i model

\/

Discriminator
Model

-----------------

Binary Classification

Real/Fake

Quantum Generator G

A guantum system (computer) that time propagates a
uniform FLAT quantum state under a Hamiltonian Hg

containing trainable time varying system parameters.

STYLE NETWORK S
A classical shallow network that maps a set of Random Input
Vectors to a set of Modifications to the G Hamiltonian H

Discriminator

A guantum system (computer) that time propagates the Fake
(from G) or Real data under its own Hamiltonian H,
containing trainable time varying parameters. A binary
classification is done via a correlation measure on the output

Like the classical GAN, G and D compete.
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i e Entanglement witness

UNIVERSITY

Hilbert-Banach theorem: let S be a convex, compact set in a finite
dimensional Banach space, and let p be a point in that space with p not
in S. Then there exists a hyperplane that separates p from S.
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Wi Generator and Discriminator Training

UNIVERSITY

1. A set of Product States (Reals) are generated from products of
random 1 qubit Kets

The Generator quantum parameters are trained on all Reals
The Generator Stylenet is trained to reproduce each Real separately
The Discriminator is trained to correctly ID all Reals

The Generator and Discriminator are then trained in a repeated
loop
a) The Dis to separate Reals from Fakes (both from Gen)

b) The Gen on Fakes that the Dis detects correctly (to move Dis output in a
direction to detect incorrectly)

Yo 29 e



RMS plots of initial training of G and

ey Stvlenet on Reals
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Training Progress Plots of Real and Fake
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* Minimize number of hyperplanes

» “Bootstrapping” to larger systems

* Robustness: introduce noise/decoherence
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