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Earthquakes

and signals from the preceding data
sequences? How?

Sample applications include: machine
condition monitoring, astronomical
observations, nationwide marketing and
sales, earthquake prediction, EEG or ECG
analysis, etc.
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l Problem: A hypothetical

Target value

Training: original vs recovered from noise (data="beer", samples=160, window size=8, step=4)

3.5
A fragment of the US beer sales The noise shown here is greatly
of the selected beer brand amplified and distorted to
3.0 } create the worst case scenario
i (noise of 10% was injected)
Question: 1
should we average True weekly sales
2.5 inaccurate forecasts or r |
should we try a model [ |
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QAE with qubis:latent=3, trash=2, extra=1
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Quantum Autoencoder (for Time Series)

Decoded - Measured
Measurement recovered TS

Autoencoders (AE) are deep learning (DL) e Optimization
models that compress input into its Typical QAE : parameters i
essential features and then recover the architecture | Compressed sequence !
original information from them i (e.g. signal essence) !

Encoded
TS

AEs lose the infrequent, insignificant or
unwanted parts of information

They are used for data denoising and —
anomaly detection, e.g. in images / signals

There are few applications of QML methods
to time-series analysis, TS applications of
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quantum AE (QAE) are even fewer Input sequence Tgﬁggg : g}gg%lé ngggg : Output sequence
QAEs have the potential to deal with highly (e.g. noisy signal)  ==--=oee- ' (e.g. noise-free signal)
complex noise and anomaly patterns A Lost information A
1 (e.g. noise) 1
Training of QAEs is difficult, due to: i i
- Potentially many features (e.g. TSs) e pmé‘g%%];?;fffgf%]sy _______________ |
(lots of qubits and/or parameters) and pure 15 sequences
« Complex measurement strategies
* Unsupervised learning In QAE development, the key concerns include:
(we do not know what is noise) overall model architecture, data encoding and decoding, 5/19

*  Possibility of barren plateaus ansatz design and its parameters optimisation strategy



Input encoding / embedding
for QAE processing

In general, QAE input and output is an unrestricted Amplitude encoding is probably the least

collection of real values (floats) - this guided our understood, however, it is one of the most
selection of data encoding methods. useful encoding schemes - attractive for QAEs.
We rejected the following encoding methods: It embeds input as a circuit .
Basis encoding, with qubits acting as state normally measured on "

bits in the encoded number (logical / int) output, i.e. each data point —
to be processed later in the circuit. is encoded as expectation

value of multi-qubit "

QRAM encoding, where all possible inputs are measurement (int / float)
known in advance, pre-coded in a circuit, and '
used by reference. The problem with this encoding
2 A . : : scheme is that for each unique
0 Ang/e_encod/ng suits QAE design, input value, the structure o? - .
- with input values represented as encoding gates is different. -

", qubit state rotations (float). The circuit is not differentiable,

Example: data encoded as

w9 In our experiments we used  which may be suitable for v was normalised vector
| e angle encoding relative to  simulators, but difficult to use [/ 2/8 38 2/8 The
©.+1] v |+) state, with values € ['1: 1] with GPUs and QPUS input data proportions.
scaled to arange [0, n], and coded

. Maria Schuld and Francesco Petruccione.
as rotations up (<0) or down (=0). Machine Learning with Quantum Computers. 2nd ed. Springer, 2021.
http://link.springer.com/book/10.1007/978-3-030-83098-4.
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Measurement &
Interpretation

There are many ways of decoding the circuit

state to form classical output data, e.g. we can:

measure all qubits
(as related to the global cost function)

measure a selection of qubits
(as related to the local cost function)

measure the circuit state in different ways
(e.g. as counts, expvals or probabilities)

reinterpret circuit measurements
into different combinations of outcomes,
e.g. to predict larger TS horizons (future)
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Repeated circuit measurement can be interpreted as
outcomes of different numeric types, e.qg. as a:

binary outcome
(e.g. a single qubit measurement),

bitwise representation of an integer number
(e.g. most frequent combination of multi-qubit
measurements), or

value of a continuous variable
(e.g. expectation value of a specific outcome).




An ato my Of QA E An Satze This model features mid-circuit measurement

which is not a unitary operation, hence it is not

QAE encoder and decoder (Qiskit) differentiable and hard to optimise.
input  rotation  entangling rotation entangling internal measurement / entangling rotation entangling output
block block block block block initialisation block block block block block
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being reset!

Y
QAE encoder

QAE encoder and decoder are often
symmetric (as shown here)

They are parameterized circuits (ansatze),
arranged into layers of trainable rotation
and entangling blocks

Ansatze may be of a different size than
the requirements of input/output blocks

Y
QAE decoder

The selection of the optimizer of ansatze parameters requires
some preliminary investigation of their effectiveness

This depends on the model architecture, ansatz design, data
encoding and decoding, as well as the nature of training data

In our project we evaluated gradient based optimizers (ADAM
and SPSA) as well as linear and non-linear approximation
methods (such as COBYLA and BFGS) - COBYLA was adopted



Experiments
with QAE TS denoising (Qiskit)

As the initial aim was to denoise TSs and use them

for forecasting, differencing was applied to data

A series of over 60 (Qiskit) experiments were
conducted to find the optimum QAE model

We determined the time series window size =
the size of QAE model input and output blocks

Then circuit parameters were varied, i.e. the size
of latent (and trash) space, the number of
additional qubits, and the number of parameters

The optimum model parameters were selected
based on the model validation scores (MAE)

The best QAE model was comparable to, but not
better than, the best equivalent DL model (14
additional experiments with PyTorch models)

Qiskit state vector simulator
Best quantum model (7, 3, 2)
Number of parameters: 180
Number of iterations: 2,000

PyTorch

Number of parameters: 9,741
Number of iterations: 30,000

Speed of model training: 15 mins Speed of model training: 20 secs

Equivalent classical model (7)
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Problems discovered

Solutions proposed

An approach adopted in the QAE
creation was to rely on the VQA
development in Qiskit

One of the issues found to affect the
QAE training performance was:

Dealing with deep quantum circuits consisting
of large numbers of unstructured parameters

The currently pursued solution is to
explore PennyLane / PyTorch ability to
create hybrid models of well integrated
quantum and classical components.
Large quantum models can be decomposed

into classical DL NNs and a number of smaller
quantum circuits.

Their parameters can be structured into layers
so that they could be managed effectively by
PyTorch during the optimisation process.

Qiskit recently adopted a similar open
source framework “torchquantum”.
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Solution:
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It is a “minimum” hybrid model

Anatomy of QAE Ansatze

QAE encoder and decoder (PennyLane)

Note that classical layers are optional, however they

greatly improve the model performance when
running on a quantum simulator.

They can also add features not available in pure
quantum models (e.g. nonlinearity).

They may, however, prevent quantum advantage.

input rotation entangling rotation entangling hybrid latent rotation entangling rotation entangling hybrid output
block block block block block space block block block block block
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QAE encoder and decoder do not need to be
symmetric (here, they are not)

The hybrid QAE separated the encoder and
decoder into two shallow circuits, which can be
trained very effectively and fast.

However, hybrid QAEs lose some quantum
information, to the detriment of their function.

layer (PyTorch)

layer (PyTorch)

PennyLane and PyTorch have excellent support for
gradient manipulation, offering several highly

efficient gradient optimisers.

Hence, we adopted a Nadam optimiser.

Note that Qiskit also provides some support for
passing gradients into its optimisers, however, this
is not being highlighted as Qiskit feature.



Comparing results 15 beersles

( Pe n nyLa he VS PyTo rc h ) Varying the latent space: DL CAE model in PyTorch @ 1000 epochs

Experiments Training Validation

Lat Tr TR2 TMSE TRMSE TMAE TMAPE VR2 VMSE VRMSE VMAE VMAPE

The experiments show:

. Run
The larger the QAE latent space, the better learning
(the accepted idea that reducing latent space helps abstraction is wrong) 0 8 0 09621 0.0087 0.0925 0.0716 0.0615 0.7475 0.0478 0.2105 0.1583 0.1444
: : 1 7 1 0.9636 0.0086 0.0925 0.0683 0.0607 0.7491 0.0463 0.2016 0.1614 0.1431
There is an optimum depth for the QAE model.
e ” . L 2 6 2 09631 0.0081 0.0911 0.0708 0.0604 0.7547 0.0466 0.2133 0.1554 0.1443
PennyLane “minimum” hybrid models outperformed Qiskit
. .. . . . 3 5 3 09592 0.0085 0.0925 0.0710 0.0624 0.7468 0.0455 0.2133 0.1633 0.1467
models in training, but not in validation.
L L 4 4 4 09609 0.0088 0.0941 0.0713 0.0618 0.7668 0.0445 0.2120 0.1604 0.1445
Within the limit of 1000 epochs, QAE outperformed CAE.
] 3 5 09625 0.0092 0.0973 00701 0.0646 0.7461 0.0453 0.2146 0.1677 0.1464
In general' QML models (?n Slmple tasks (SUCh _as DL AE) do 6 2 6 09515 0.0121 0.1096 0.0815 0.0697 0.7144 0.0516 0.2264 0.1694 0.1504
not outperform the classical models - so to gain quantum
) . ) 7 1 7 08575 0.0321 0.1788 0.1274 0.1098 0.4706 0.0937 0.3012 0.2217 0.1859
advantage you need to pick the application very carefully.
Varying the circuit depth: quantum model in PennyLane + PyTorch @ 1000 epochs Varying the latent space: quantum model in PennyLane + PyTorch @ 1000 epochs
Experiments Training Validation Experiments Training Validation
Lay Lat Tr Xtr TR2 TMSE TRMSE TMAE TMAPE VR2 VMSE VRMSE VMAE VMAPE Lay Lat Tr Xtr TRZ TMSE TRMSE TMAE TMAPE VRZ VMSE VRMSE VMAE VMAPE
Run Run
8 1 5 3 0 07663 0.0449 02112 0.1508 0.1285 0.1460 0.1019 0.3154 0.2192 0.2081 o 3 8 0 1 09732 00062 00770 0.0581 0.0541 07139 0.0417 02034 0.1545 0.1478
8 2 5 3 0 09635 0.0084 00910 00703 0.0652 06278 0.0475 02169 01656 0.1598 1 3 7 1 1 09736 0.0061 0.0764 0.0579 0.0545 07350 0.0373 0.1928 0.1467 0.1460
10 3 5 3 0 09589 0.0093 0.0953 0.0693 0.0631 0.6926 0.0400 0.1994 0.1470 0.1397 2 3 6 2 1 05667 0.0076 0.0864 0.0643 0.0602 0.6953 0.0438 0.2083 0.1518 0.1463
11 4 5 3 0 09644 0.0081 0.0885 0.0656 0.0592 0.6890 0.0413 0.2028 0.1545 0.1457 3 3 5 3 1 05540 0.0103 0.1003 0.0731 0.0653 0.6770 0.0455 0.2126 0.1620 0.1499
12 5 5 3 0 09572 0.0096 0.0971 00693 0.0624 0.7198 0.0386 0.1962 0.1474 0.1374 4 3 4 4 1 05244 0.0160 0.1221 0.0879 0.0765 06189 0.0499 0.2211 0.1688 0.1593
13 6 5 3 0 09528 0.0104 0.1015 0.0722 0.0642 0.6915 0.0408 0.2016 0.1531 0.1445 5 3 3 5 1 09056 0.0194 0.1346 0.0980 0.0866 0.6106 0.0553 0.2332 0.1765 0.1642
14 7 5 3 0 09499 00111 01052 00747 0.0659 0.6866 0.0412 02027 01502 0.1404 6 3 2 6 1 08435 0.0309 0.1703 0.1205 0.1035 04838 0.0653 0.2533 0.1814 0.1662

15 8 5 3 0 09525 0.0106 0.1027 0.0728 0.0649 0.7073 0.0400 0.1999 0.1503 0.1411 7 3 1 7 1 07197 00522 0.2284 0.1521 0.1263 02278 0.0895 0.2991 02136 0.1878



USA beer sales (IRI)
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Comparing results e WS I yalcaton (09 )

Mean MSE in Validation {sm.emt=0.60, iter# 1000)

(Pen nyLane vs PyTorc h) — e
R 2t =3 (i MEE0.0023 @ . 48
: ::: 3§ :::g ::; E:;: MSE:O:MZS g iters 950:
. . - 0 i3 o5 (i MEE-0.67 @ erk 00)
A more in-depth analysis of model training shows: — 08 a2 I SE-0079 8 e 420
In training and validation, the CAE models are less sensitive to the
size of their latent space Validation of classical models
The QAE models show a very definite differentiation of their |
performance in relation to the size of latent space.
While both CAE and QAE still have the capacity for further learning
(training), the CAE models reached their generalisation capacity 2
(validation), while QAE models can still improve (validation).
CAE training curves show a lot of volatility, while QAE curves are ’ 0 P e . o
smooth, indicating their training is more predictable. Mean MSE in validation (log y axis):
Note that the structural parameters for CAEs and QAEs may not PennyLane + PyTorch @ 1000 epochs
be optimal, so the performance scores are indicative only. Mean MSE in Validation (sm.emt=0.60, iter# 1000)
RO, fayen, lote?, e, excL. mi MEE-0.0367 & ek 300
o] = Run 02: lays=3, lat=6, tr=2, ex=1 [m?n MSE=0.0457 @ iter# 990)
Mean MSE in training (log y axis): Mean MSE in training (log y axis): v ot S saroa D s Lo
PennyLane + PyTorch @ 1000 epochs PyTorch @ 1000 epochs Rl i s e o S e
—— Run 07: lays=3, lat=1, tr=7, ex=1 (min MSE=0.0908 @ iter# 430)
z Validation of quantum models
- i Training of classical models
£ £ 0 10-1
o 200 400 Barston 600 800 1000 o 200 400 — 600 800 1000 (‘) 260 460 660 360 lubo

Iteration



Training: original vs recovered from noise (data="2sins", samples=160, window size=8, step=4)

Mean MSE score vs iterations, runs=[8, 9, 10, 11, 12, 13, 14, 15]
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= 08 d1-I5-t3-x0 (opt MSE=0.0467 @ 990) === 12 d5-I5-t3-x0 (opt MSE=0.0125 @ 990)
w09 d2-15-t3-x0 (opt MSE=0.0095 @ 990) =13 d6-15-t3-x0 (opt MSE=0.0146 @ 990)
1.0000 === 10 d3-I5-t3-x0 (opt MSE=0.0113 @ 990) 14 d7-15-t3-x0 (opt MSE=0.015 @ 990)
0.7500 4 = 11 d4-I5-t3-x0 (opt MSE=0.0101 @ 990)  ~— 15 d8-I5-t3-x0 (opt MSE=0.0133 @ 990)
0.5000
. 0.2500
j=J
2
% 0.1000 -
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USA beer sales (IRI)
Training
0.0100 -
o 200 400 600 800 1000

iteration

After PennyLane

More results
PennylLane+
PyTorch

PennyLane performed
consistently well on
both synthetic (simple
functions) and real-
world data (beer sales).

Mean valid MSE, runs [8, 9, 10, 11, 12, 13, 14, 15] of lays=3, lat=1, tr=7, ex=1 (sm.emt=0.90, iter# 1000)

training the QAE
models (left) seem to
fit the original data
much closer (better
denoising) than the
Qiskit models.

10°

MSE

Each model type was
trained 10 times,
randomly initialised.
Mean performance

107t

USA beer sales (IRI)
Validation

—— 8 (min MSE=0.1279 @ iter# 420)
~—— 9 (min MSE=0.0499 @ iter# 990)
—— 10 (min MSE=0.0447 @ iter# 990)
—— 11 (min MSE=0.0438 @ iter# 940)
—— 12 (min MSE=0.043 @ iter# 970)
—— 13 (min MSE=0.0437 @ iter# 970)
—— 14 (min MSE=0.0445 @ iter# 970)
—— 15 (min MSE=0.045 @ iter# 640)

with variance was

considered.
Mean MSE score vs iterations, runs=[8, 9, 14]

[ 200

Itoratian
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1.0000 o
0.7500 4 R
0:5000 Sample of experiment
— o500 ] means with variance
g bands across runs.
4 0.1000
=
0.0500 -
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T T T
[ 200 400 1000

iteration

600 800 1000

It is important to note
that in training, Qiskit
models converged
within 1000 epochs.

PennyLane models (as
can be observed here)
still have the capacity
to learn beyond the
1000 epochs.
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Summary
Simulated VQA QAE models

Model design insights

We have discussed design decisions
taken in the development of denoising
quantum time series autoencoders

Input encoding strategy determines what
ansatz can be employed, and vice versa

Methods of measuring and interpreting a
quantum state impact the choice of the
loss/cost function

Ansatz architectural properties must fit
the models aim and function

Ansatz width, depth, the number of
trainable parameters, additional degree
of freedom (extra qubits), and data used
in training, all influence the success of
the model optimisation

Selection of a suitable cost function and
an optimiser require experimentation

Model quality and performance insights

Assessment of the quantum model quality
requires a suitable theory and statistical analysis!

QAE pure quantum models are merely
approaching the performance of classical models

On simulators, hybrid quantum-classical models
perform better than either pure quantum or pure
classical models

Hybrid models lose their quantum efficiency when
trained and executed on quantum machines

Quantum models can take advantage of the
model features absent from classical systems

Hybrid models can inject the model features
missing from the pure quantum systems

Current and future work

Tighter integration between classical and
quantum methods - more effective optimisation

Investigation of different QAE architectures, their
quality and effectiveness

Moving beyond noise - anomalies and chaos
Moving beyond QAEs - QGANs and QTransformers



l Thank you!

Any questions?



Appendix:

Concepts in TS Analysis

Time series analysis aims to identify patterns in
historical time data and to create forecasts of
what data is likely to be collected in the future

Applications include heart monitoring, weather
forecasts, machine condition monitoring, etc.

Times series analysis is well established with
excellent tools and efficient methods, yet some
organisations aim to improve them further

Time series must have an unique index
- a time-stamp sequencing the series

Time series needs to be ordered by its index

Time series will also have some
time-dependent attributes to be modelled

Time series can be univariate or multivariate,
depending on whether a single or multiple
attributes are being investigated

Missing indeces and their dependent attributes
may need to be imputed (e.qg. interpolated)

Index needs to be of appropriate granularity,
e.g. years, months, weeks, days, hours, etc.

Attributes need to be aggregated to the
required index granularity

Time signal often shows seasonality in data,
i.e. a regular repeating pattern

With aggregation and smoothing seasonality
can be removed and trends visually identified

Majority of forecasting methods require
time-series to be stationary, i.e. its mean,
variance and auto-correlation are constant

Quantum time series analysis (QTSA) is a
promising approach to time series analysis and
forecasting!

Sales of beer in USA

Mean not constant

Variance not constant

Non-linear trend
Visibly not stationary

50 100 150 200 250 300



Abbas, Amira, David Sutter, Christa Zoufal, Aurelien Lucchi, Alessio Figalli, and Stefan Woerner. “The

Appendix:

Quantum Neural Networks

A typical QNN consists of two main
components, i.e. a feature map and an
ansatz (also called variational model)

The feature encodes the input data and
prepares the quantum system state, using as
many features as there are qubits

The ansatz consists of several layers and,
similarly to a classical NN, is responsible for
inter-linking the layers - this is accomplished
by trainable Pauli rotation gates and
entanglement blocks

Finally, the qubit states are measured and
interpreted as QNN output

Pattern
Matching

Power of Quantum Neural Networks.” Nature Computational Science 1, no. 6 (June 2021): 403-9.

https://doi.org/10.1038/s43588-021-00084-1.

Schreiber, Amelie. “Quantum Neural Networks for FinTech.” Medium, May 8, 2020.
https://towardsdatascience.com/quantum-neural-networks-for-fintech-dddc6ac68dbf.

* In contrast to function / data fitting,
QNNSs are able to perform pattern
matching, i.e. work with a sequence of
values themselves rather than with the
mapping between an index and values

* In the following experiments, we will
adopt a sliding window approach to
structuring the time series

*  However, the standard QNN model does
not lean itself to time series analysis, i.e.

- You are limited to the TS window of size
equal to the number of qubits

VQR Model

Feature Map

Ansatz
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