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Quantum Mechanics

The first quantum revolution

If quantum mechanics hasn't profoundly shocked

you, you haven't understood it yet. Basic Science

(Niels Bohr)
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The beginning: Quantum simulation

Problem

Simulate the behaviour of quantum systems
(track exponential number of parameters)
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Observation disturbance: observing quantum systems disturbs them

Factoring

Breaking RSA
NIST Competition
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Quantum walks, Search, query algorithms
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The HHL algorithm [Harrow, Hassidim, Lioyd 2009]
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Quantum computers provide a quantum solutionto a system of linear
equationsin certain cases exponentially faster than classical algorithms.

“It opens the possibility of dramatic speedups for machine learning tasks, richer
models for data sets and more natural settings for learning and inference”

Quantum Machine Learning Workshop during NIPS 2015



Quantum Machine Learning



Machine Learning Applications

Quantum recommendation systems
[Kerenidis, Prakash "17]

Quantum algorithms for image recognition
[Kerenidis, Luongo 18]

Quantum neural networks
[Allcock, Hsieh, Kerenidis, Zhang 18]

Quantum algorithms for clustering
[Kerenidis, Landman, Luongo, Prakash 18]
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Recommendation Systems

Products
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Quantum computers
provide competitive

\recommendations fast!

Step2

Singular Value Estimation
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Efficient quantum algorithm
for Singular Value Estimation



Classification of MINIST dataset

Accuracy: 98.5%

Running time (n 1mages, d-dimensions)

Classical: O(n d?) ~ 10" (1 hour on 6Tb RAM HPC)
Quantum: O( k, u, 1/0, 1/0, 1/m, K, log(n, d, 1/¢)) ~ 10’

Hope (and some evidence)
Quantum classification algorithms can handle bigger

dimensions (hence in many cases be more accurate), since
their running time scales more favorably with the dimension.
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Q Neura | Nets [Allcock, Hsieh, Kerenidis, Zhang, arXiv:1812.03089]

Feedforward/backpropagation algorithms

- Distance estimation in superposition

- Quantum Linear algebra
- Clever weight storage
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Accuracy: similar to classical feedforward NNs
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Running time: scales as O(Neurons)
[classical as O(Edges)] O ((TM )N log(1/7) R)
€
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g-means clustering

Input: N points in d-dimensions

1. Start with some random points as centroids
Repeat until convergence
2. For each point
estimate distances to centroids and assign to
closest cluster
3. Update the centroids




g-means clustering

Input: N points in d-dimensions (quantum access)

1. Start with some random points as centroids
Repeat until convergence
2. For all points in superposition
estimate distances to centroids and assign to
closest cluster
3. Update the centroids
1. Quantum linear algebra to find new centroid
i1. Tomography to recover classical description
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g-means Clustering [Kerenidis,Landman,Luongo,Prakash, arXiv:1812.03584]

Accuracy: similar to robust classical k-means

Running time: [N d-dimensional points, K clusters]

Classical: O(K d N)
Quantum: O(K d logN)
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Bringing QML towards the NISQ era

1. Will QC ever be useful for Machine learning?

a. We are designing and rigorously analyzing new QML algorithms
(Exp. Max, Reinforcement Learning, Convolution NN, ...)
b. We optimize the most promising ones for specific use cases
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a. We are building QML APIs based on linear algebra subroutines, in order to
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1. Will QC ever be useful for Machine learning?
a. We are designing and rigorously analyzing new QML algorithms
(Exp. Max, Reinforcement Learning, Convolution NN, ...)
b. We optimize the most promising ones for specific use cases

2. How soon will QC be useful? (Resource analysis)
a. We are building QML APIs based on linear algebra subroutines, in order to
benchmark the practical behavior of quantum machine learning algorithms
on real data, using both simulators and real hardware.

3. Can we push some ML use cases to the NISQ era?
a. We are designing new heuristics/algorithms for specific hardware
b. We implement meaningful scaled-down versions on various hardware
c. We benchmark hardware platforms through ML applications



Quantum Optimization



Iterative methods

General Method

1. Start with an initial solution.
2. Update the solution according to Update Rule
3. Repeat until the solution 1s satisfactory

Gradient Descent
Quantum algorithms for affine gradients using Linear
System Solvers (can run in cases exponentially faster)

Interior Point Methods

Quantum algorithms for convex optimization with
polynomial time savings.

27



Iterative methods

General Method

1. Start with an initial solution.
2. Update the solution according to Update Rule
3. Repeat until the solution 1s satisfactory

Gradient Descent
Linear Regression, Weighted Least Squares,
Neural Net training

Interior Point Methods

Portfolio Optimization, Support Vector Machines,
Quadratic and Second Order Cone Programming
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Combinatorial Optimization

NP-complete problems

1. Traveling Salesman

2. Integer Programming
3. MAX-SAT, MAX-CUT

Quantum Algorithms

Quadratic improvement (Grover’s search)

Quantum Heuristics
Quantum Approximate Optimization Algorithm
Variational Quantum Eigensolvers



Conclusions

1. Quantum technologieshave the potential to
revolutionizeinformation and communication
technologies

2. Itwillbe alongbuthighly exciting journey

3. Thetime isright to investigate how quantum
computing can disrupt your industry




