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l ML/QML objective and categories

Objective Category Core Goal Common Quantum Counterpart (QML)
Classification Supervised Assign a discrete label or category Quantum Support Vector Machines (QSVM)
Estimation Supervised Predict a continuous numerical value Variational Quantum Regressors (VQR)
Clustering Unsupervised Find hidden groupings in data Quantum K-Means / Quantum Clustering
Association Unsupervised Discover rules and relationships Quantum Association Rule Mining
Dimension Reduction Unsupervised Compress data while retaining essence | Quantum PCA/AE (QPCA/ QAE)

Ranking Hybrid/Supervised | Determine relative order or relevance Quantum-enhanced Recommendation
Anomaly Detection Unsupervised Identify outliers or abnormal data Quantum Kernel Anomaly Detection
Synthesis / Generation Generative Create new, realistic synthetic data Quantum Circuit Born Machines (QCBM)
Transformation / Mapping | Reconstruction Map data from one form/state to another | Quantum Autoencoders (QAE / DQAE)

Action Optimization

Reinforcement

Learn a policy to maximize rewards

Quantum Reinforcement Learning (QRL)

In this workshop, we will only discuss quantum
classifiers, estimators and autoencoders.




Multilayer Perceptron (MLP) ..

A class of Neural Network (NN) models B

* MLP is capable of learning any “smooth”

function by associating inputs with outputs

* Other NNs: CNN, AE, GAN, LSTM + QNNs

Now we will look for the best NN model, i.e.
the model which generates the lowest MAE

The cost of each NN
model is a point in a S

. initial
mul'tl-D space of params
weights

wlxw2x.. X MAE

All such points form
a “cost” surface. i

The shape of such a
surface we call the
cost landscape.

When a model has
many weights, the wl
cost surface is multi-

dimensional and

called a manifold.

The optimizer controls this
process via hyper-parameters,
i.e. parameters of the

gradient descent itself:

learning rate
momentum
decay
epsilon

We can start at any point
on the cost surface given

gradient
descend

isiybram Auew

by w1, w2 ... and MAE
We then search for

the optimum model

by walking down the
steepest slope,

this is called:

gradient descent
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cost
landscape

optimum weights
at min(MAE)

Gradients

By using gradient descent, the
optimum cost (and thus the
model), was found at:

A=1060 (Lot_Frontage)
B=90000 (Intercept)
MAE=53473.097 (Error)



Variational quantum circuits are not executable!

Val‘iational Quantum |V|Od6|S They must first be instantiated, i.e. all of their

- : : : input and weight parameters must be assigned values!
= Parameterised Quan tum Circuits Ansatz parameters are trainable.
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y Classical
he output data
feature map Ansatz
(with angle encoding) (with trainable parameters / weights + biases)
We can create a “variational” model = Classical input data is encoded into the feature map’s

a circuit template with parameterised
gates, e.g. P(a), Ry(a) or Rz(a), each measurement
allowing rotation of a qubit state in

X, y or z axis (as per Bloch sphere).

parameters, setting the model’s initial quantum state.

The quantum state is then altered by an ansatz, which
consists of parameterised gates (operations), which alter
the circuit state. Ansatz parameters are trainable. Qubits
and parameters increase the model dimensionality.

The quantum state of the circuit is then measured and
interpreted as the model’s output in classical data form,
e.g. as binary values, integer or real value, a single
event’s probability or the probability distribution.

Pauli
rotations
Typically, but now always, the circuit
consists of three blocks:

* afeature map (input)
* an ansatz (processing)
° measurements (output)



Maria Schuld and Francesco Petruccione global cost local cost
Data. Machine Learning with Quantum Computers. variable a

E nCOd i n g 2nd ed. Springer, 2021.

Many encoding methods, e.g. Basis encoding or

basis, angle, amplitude, QRAM, ...
The simplest data —
Measuring expectation values of each qubit o encoding and Very
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Angle encoding
The Good, the Bad and the Ugly

This example shows encoding values wrapping around
the range of 0..pi of the Bloch sphere, ensuring that
z different values are represented by unique angles.

The problem may arise if we may have the same
value represented by two distinct amplitudes,
e.g. values of sin(x) represented by x

Two principles of
guantum data
encoding:

1) distinct data values
should map onto
distinct angles

This example shows encoding (violates principle 2) and amplitudes
values wrapping around the 2) the same data
Bloch sphere (e.g. -6 to 6), ) values should
so that different values are :

z always map into

mapped into the same
(or very close) angles.

(violates principle 1)

Special care must be taken
in those cases where the
values form some kind of

symmetry or repetition. e.g.

in a case values x and
2pi+x effectively represent
the same angular position
and their encoding should
also be identical.

The red dot represents

the same value which on

two occasions maps onto
two different angles and

identical angles
and amplitudes

This example shows
encoding values wrapping
around the range of
-pi/2..pi/2 of the Bloch
sphere, ensuring that
different values are
represented by unique
angles.

Y

However, some angles
can be measured as
identical amplitudes

(violates principle 1)

Positive values are
represented by blue
vectors and negative
values by red vectors.

thus two amplitudes.



Ansatz design & training

A simple quantum classifier ...

input rotation entangling
block  block block
A

rotation entangling rotation entangling rotation
block block block block block

}

Beware that
adding qubits adds
parameters and entanglements!

The number of states represented by the
circuit grows exponentially with the
number of qubits!

Beware that
adding 1 measurement
doubles the number of outcomes!

So... having n
measurements leads to
2" outcomes

rotation  entangling
block block measurements

[ : n—

encoding
qubits
A

feature map
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Ansatz Data reuploading across circuit’s width and depth

(with angle encoding)

feature maps vary in:
structure and function

ansatze vary in:

* width (qubits #)

* depth (layers #)

* dimensions (param #)
 structure (e.g. funnelling)

* entangling (circular, linear, sca)

ansatz layers consist of:
rotation blocks and entangling blocks
of R(X, y, z) and CNOT gates

(with trainable parameters / weights + biases)

rotation gates
alter qubit states
around x, Y, z
axes

Pauli
rotations
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To execute a circuit we just apply it to input data
and the optimum parameters

different cost functions:

R2, MAE, MSE, Huber, Poisson, cross-entropy, hinge-

embedding, Kullback-Leibner divergence

different optimisers:

gradient based (Adam, NAdam and SPSA)
linear approximation methods (COBYLA)
non-linear approximation methods (BFGS)
quantum natural gradient optimiser (QNG)

circuit execution on:
simulators (CPUSs), accelerators (GPUs) and
real quantum machines (QPUS)



- - The story of the Hilbert space, the circuit states,
What is the Hilbert SpaCE? the state vector paths and manifolds —

Example: Consider the following ZZ feature map and this is just the beginning...

|@(x)) = Us(x)|0)*"

[NV

o the final state: 1 « |00
0 1 2 3a function @(x), here with 3b 3¢ ei(2$0+2$1) — ‘]_]_

o o | )
Q0 : — AP (2.0 % x[0]) 9 l i(221+24(z))
— L | e « |01)
1 P (2.0 *x|1 . where: =0 p—— — .
q ( 1) i 5 P29(x)). where: ¢(z) = O(zox1) [ |®(x)) = ci(2z0+26(2)) | 110)
' ' ' ' We can use a custom ' >
O trainable parameter

Step 0: Initial State Step 3: Entanglement (CNOT — Phase — CNOT)
[10) = [0) ® |0) = |00) 3a. First CNOT (Control g0, Target q1)

Step 1: Superposition (Hadamard Gates |+) = |0>j§|1> ) |1h3a) = ; (\00) +€271|01) + e |11) + 6“'(2“*2“”10))
Y1) = (H ® H)|00) = % (100) + [01) + [10) + [11)) 3b. Middle Phase Gate P(2¢) on ql1

Step 2: Phase Gates (adds phase when qubit is in state |1>) |P3s) = % (\00> +e1e22|01) + e*0e?|11) + ei(zm”ﬂ“)\lo))
) = ; (|00> +€21(01) + €2%0|10) + ei(2$o+2m1)|11>) 3c. Second CNOT (Control g0, Target 1)

1 : . .
|,¢}3€> _ 5 (‘00> + 61(2.9:14-24#)‘01) + ez(2x0+2¢)|10> + ez(2x0+2x1)|11>)
The Hilbert space is a coordinate system and a space of directions that the state of your model could take during its execution. As it executes it
leaves a path, a “trail” its state vector follows. Because of entanglement, the state vector is a “complex” arrow and the trail becomes “knotted”.
Because of Heisenberg uncertainty and noise, each time the model executes, it takes a slightly different path. Trainable parameters allow
adjusting the direction we take. By varying encoded data and model parameters, all possible paths create a smooth curved surface — a manifold.
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Parameter space

(dim = the number of params)
is a classical multi-dim
space of trainable gate
parameters, which the
optimiser navigates

Classical parameters
The optimiser can only
manipulate the gate
parameters but is not
aware of their action on
gubits states or their
correlations via qubit
entanglements.

Measurement

of individual qubits
collapses their states,
consequently projecting
the circuit state onto
classical outcomes, the
only information
reaching the optimiser.
In the process we lose
much of quantum
information (e.g. phase).

Taking the blindfold from

the puppeteer’s eyes

Optimisation process

: Gradients

Cost/ : Optimisers can only

Fidelity see gradients shaping

gFr{:c?iueI;Stsagge : the parameter space

used here
Parameter Nonlocal interactions Optimisation
due to entanglements
Space ( 3 ) Path

Model and

Cost A
its cost

Landscape

Minimum

Entanglements twist
and deform the
parameter space
creating non-local
interactions

Minimum
o

Mapping from quantum
space to parameters
space loses information!

Hilbert
Space

A

E)
i

Parameterised
Quantum Circuit

- Each point represents
many models and their
state evolutions

Circuit execution
takes place here

Results and
gradients are
calculated here

Uncertainty
& Noise o
SE Evolving model states,
as influenced by unitary - 0.
ops and their params -

-
-
-

Hilbert state space
(dim =2 the number ofqubits)

is the quantum realm
where the models and
their states evolve in
response to unitary
operations as defined
by the circuit gates

Data encoding

brings in classical data
into the Hilbert space as
unique and correlated
guantum states during
the model execution

Entanglements
(CNQOTSs) create non-
separable qubit states,
which cause non-local
interactions, and which
alter the state space
geometry, and as a
side-effect, also the
cost landscape

Circuit layers
determine the evolution
of the quantum model's
initial state into its final
state during the circuit
execution



PennyLane Demo

Everything is a function!

PennyLane (PL) ...

Supports differentiable programming paradigm
Integrates seamlessly with the Python

Has a range of operations for state preparation,
gates and measurements

Supports creation of flexible quantum algorithms
Executes on simulators and quantum hardware
Supports error mitigation

Extends its quantum gradients with those from JAX,
PyTorch, Keras, TensorFlow, or NumPy

Supports hybrid quantum-classical models

Allows training with hardware-compatible gradients
and higher-order derivatives

Provides numerous quantum models, such as:
QNNs, quantum kernels and Fourier models

Can be extended with models and optimisers from
other SDKs, e.g. PyTorch and TensorFlow

PennyLane Demo:

Create a simple PL model to fit a simple function

Learn to initialise model weights

Explore the impact of ansatz structure on performance
Create minimalistic quantum models

Learn the interaction of data encoding and ansatz
Investigate different types of entangling

Apply the best solution to more complex data

Learn about stamina and wisdom in QML development

Key takeaways:

Plan model development, tests and experiments
Bad data encoding spoils the bunch!

Strong entanglement improves the data fit

More width and depth = the curse of dimensionality
Carefully consider your quantum model initialisation
Surprise - a single qubit model still works! (and well)
More training does not solve the problems

Data reuploading makes a huge difference!
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Hands-on Approach to Modern Quantum Algorithms Abstract

In these Lecture Notes, we provide a comprehensive introduction to the most recent ad-
vances in the application of machine learning methods in quantum sciences. We cover
the use of deep learning and kernel i snperviszd ised, and reinforce-
ment learning algori ificat ion of many-body quantum
) states, quantum feedback control, and quantum circuits optimization. Moreover, we in-

ELIAS F. COMBARRO troduce and discuss more specialized topics such as di i ing, gener-
SANUEL GONZALEZ-CASTILLO ative models, statistical approach to machine leaming, and quantum machine learning.

d by Alberto Di Megiio,
ad of Innovation - Coordinator CERN Quantum Technology Initative




Any questions?

This presentation has been released under the
Creative Commons CC BY-NC-ND license, i.e.

BY: credit must be given to the creator.
NC: Only noncommercial uses of the work are permitted.
ND: No derivatives or adaptations of the work are permitted.
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