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Agenda

* More QML models
* QAOA
* Quantum Reinforcement Learning
* Quantum LSTM

* |ssues in QML

 Barren-Plateaus
e Effect of Noise
* Ansatz Design

* Flooding Predication Case Study
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QAOA

* The Max-Cut graph problem

* The Hamiltonian Formulation
* He = X jyee ZiZ;

* Adiabatic Quantum Computing
 Gama and Alpha operators

* Formulation in machine learning problem
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Quantum Reinforcement Learning

* Quick introduction to reinforcement learning
* State
* Action
* Reward

* The goal is learning a policy:

T:SxA—|0,1]
7(s,a) = Pr(A;=a | S;=s)
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Quantum LSTM

* Long Short Term Memory
* Recurrent Neural Network
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QLSTM
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Issues: Barren-Plateaus

~ = Slope=-0.694
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Barren-Plateaus

e Causes:
* The curse of dimensionality
* Handling:
* Avoid hardware Efficient Ansatz

* Use shallower circuits
* Don’t randomly initialise the model parameters
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Effect of Noise

e Can cause Barren-Plateaus

* But VQA has generally
* Noise immunisation
* Noise mitigation

* The general strategy is again using shallow circuits
 Also error-correcting codes (fault tolerant quantum computer)
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Ansatz Design

e Hardware Efficient Ansatz

* Problem Efficent Ansatz
* The Expressibility of the Ansatz
* How uniformly do parameters explore the Hilbert Space

* The Entangling Capability of the Ansatz
* How strong are the states entangled
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Low expressibility
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Entangling Capability

* Meyer-Wallach Measure
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Entangling Capability
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Flooding Prediction (Lin et al. 2024)

Evaluate Gradients & Update Parameters 5’,7
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Flooding Prediction (Lin et al. 2024)

* A classical LSTM has M parameters

* The approach uses Log M qubits!

* This is done by using the fact that n qubits has 2*n probabilities
* A NN is used with feature-based, prob

* The NN maps that into the corresponding LSTM parameter
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The problem

* Predict the water level on the
Wupper river at a specific station

* Features:

* Water levels and discharge rates
from five river stations

* VVolume and fill levels of four water
reservoirs

 Weather data and forecast from
three weather stations

* 1to 7 time lags points in the target
station
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The problem/approach

e 30 features
 Several hours to two days of input data to the LSTM
* Predict the maximum water level for the next 24 hours
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Water Level Prediction for 2023 (Classical)
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Conclusions

* QML has shown comparative results to classical ML in terms of
performance

* Initial results indicate fewer parameters
* However, we still do not know how scalable the approach is
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