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

decoding methods
using synthetic and
real-world data
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Jacob L. Cybulski and Sebastian Zajac (2024): "The Art of Data
Encoding and Decoding for Quantum Time Series Analysis."
8th Intl Conf on Quantum Techniques in Machine Learning
University of Melbourne, Melbourne, Australia, 25-29 Nov 2024.

In preparation for journal publication

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)
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TS window
limited to the
number of qubits
feature map

Single trainable
ansatz at the circuit
end only

Investigation of novel quantum
models and architectures for
quantum time series analysis

QTSA

trainable ansatz
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Trainable
state preparation

Jacob Cybulski, keynote "Time Series Analysis Using Quantum
Machine Learning", Workshop on Quantum Machine Learning,

13 October 2022, organised in collaboration with QWorld, QPoland,
QIndia and Quantum Al Foundation. In assoc with IEEE Conf

Trends in Quantum Computing and Emerging Business Technologies
(TQCEBT), 2022.
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separate encoding |
blocks

Overloading and
Re-uploading
, Model for QTSA
Data overloading /
Unlimited size
of TS window

Potential for
~encoding multivariate TS




encoding qubits

extra qubits

Development of complex quantum models, such as

Quantum Autoencoder

Time Series Analysis with Noise Removal

Quantum Autoencoders (both pure and hybrid), for time
series and signal analysis. The models can reduce noise,
analyse and forecast temporal data, and detect complex
anomaly patterns.

Jacob L. Cybulski and Sebastian Zajac (2024): "Design Considerations for
Denoising Quantum Time-Series Autoencoder." In 24th Int Conf on Computational
Science (ICCS), Lecture Notes in Computer Science, LNCS, vol. 14837, Part VI,
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252-67, July 2-4, 2024, Malaga, Spain.

Training: original vs recovered from noise (data="2sins", samples=160, window size=8, step=4)
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*  QNNs have similar training difficulties as Nns

Barren plateaus * BPs are related to vanishing gradients in NNs

Making quantum models trainable - BPs presence does not mean the model is bad,
its training is just more difficult

Barren plateaus (BPs) are large “flat” areas in the quantum .  Bps are the natural feature of measurements in
model’s cost landscape, which impede model optimisation. high dimensional space of model parameters

*  BPs do not just “exist”, they emerge in training
*  BPs are commonly flat, however, their surface

may become rough and bumpy due to noise
+ 10 *  BP countermeasures can make your model worse
* There exist well-known causes of BPs and
/ Ver b T 0.9 there are well-known BP countermeasures, e.g.
ery bumpy .
7 Potential BP & plateau 1) use fewer qubits / layers / parameters
§  Training difficulties L T o8 2) use local cost functions
imisati V\ 3) beware of random params initialisation
Optimisation path S P
ggg’;}’;}%’g/’”’ - 0.7 4) use BP-resistant model design (e.g. layerwise)
' 5) use BP-resistant models (e.g. QCNNSs)
Optimum model a4 - 0.6
-10

Cybulski, J.L., Nguyen, T., 2023. “Impact of barren plateaus countermeasures on the
guantum neural network capacity to learn”, Quantum Inf Processing 22, 442.

Nguyen Ngo Cong Thanh and Jacob L. Cybulski (2023): "Investigation of Barren
Plateaus in Quantum Neural Network Development.” Presented at

10th Int Congress on Industrial and Applied Mathematics (ICIAM 2023),

=75 10 Waseda University, Tokyo, Japan, Poster 13568, August 20-25, 2023.



Neurons hum, entrained,
Quantum states in circuits chained—

l C u r re nt Wo r k Truth blooms, unrestrained.

Original QGraph Predicted QGraph (with optimum thr=0.06) Threshold vs Score / quasi R2-AUC=0.596
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= min MSE=0.0003 @ threshold=0.06
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Quantum Graphs
Development of concepts and formalisms related to
“quantisation” of classical data structures, such as time
series, signals and graphs.
Quantum graphs for instance will assist highly efficient This presentation has been released under the
representation and processing of very large interconnected Creative C CC BY-NC-ND i .
structures, e.g. when assisting management of social reative Commons -NC- Icense, I.e.
networks, identification of sub-graph communities and BY: credit must be given to the creator.
detection of anomalies in graphs. NC: Only noncommercial uses of the work are permitted.

ND: No derivatives or adaptations of the work are permitted.
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