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Overview

• Motivation: Large Problems 

• Machine Learning 

• Quantum Algorithms 

• Discussion & Outlook



Show of hands:  
Q? 

ML?



Machine Learning @ Leiden



Why  
Machine Learning?



Gene sequencing



Image Analysis



Drug Design



Materials Science



High Energy Physics



CMS



Astronomy



Astronomy



Sports Analytics



Social Network Analysis



Time Series Analysis



Time Series Analysis

Vibration

Strain

Temperature



Trajectory Optimization



Play a Game



Classical versus 
Quantum



• Data Set In 

• Cluster/Classify 

• Result/Model Out

Machine Learning/Quantum

• No Copying 

• Superposition: 
Exponential number of 
states 

• No Measuring



Propositions



Large Problems

• Exponential search spaces are a good match to 
quantum computing



No Cloning

• No copying means quantum algorithms are 
unsuited for big data processing



Grover’s Quantum Search 
Algorithm

• Machine Learning is based on search. Grover’s 
quadratic speedup bound precludes exponential 
improvements



No Speedup Yet

• No quantum machine learning algorithm has been 
shown to outperform a classical machine learning 
algorithm



Preliminaries



Machine Learning
• Supervised learning

• Training data is available  
learn to categorize 

• Reinforcement learning

• Some scoring method exists  
learn hidden model 

• Unsupervised learning

• No training data available  
Explore patterns, clusters
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• Reinforcement learning

• Some scoring method exists  
learn hidden model 

• Unsupervised learning

• No training data available  
Explore patterns, clusters

• Linear Regression, Polynomial Regression 

• Neural Nets, Deep Learning 

• Decision Trees, Random Forests 

• k-NN Classification, Support Vector Machines 

• Dynamic Programming 

• Monte Carlo Methods 

• Evolutionary Computation 

• Recurrent Neural Nets 

• Singular Value Decomposition 

• Principal Component Analysis 

• K-means clustering



Shor
• Quantum Factoring Algorithm 

• Prime Factors of 6:  2, 3 

• Peter Shor, 1994 

• Exponential Speedup 

• Breaks RSA & Classical Factoring-based 
Cryptography



Grover
• Quantum Search Algorithm 

• Finds a value in a domain N  

• Lov Grover, 1996 

• Quadratic Speedup 

• Grover Search is optimal. No faster algorithm is 
possible



QML Algorithms
• Grover’s Quantum Search 

• QPCA Quantum Principal Component Analysis 

• QSVM Quantum Support Vector Machine 

• QBN Quantum Bayesian Network 

• HQMM Hidden Quantum Markov Model 

• HHL Solving Linear System of Equations 

• D-Wave adiabatic combinatorial optimization 

• k-means clustering

• Quantum Neural Network



Two approaches

• Clustering: faster classical distance 
calculations 

• Neural nets: first exploration



k-means clustering
• k-means clustering aims to partition n observations into k 

clusters in which each observation belongs to the cluster 
with the nearest mean, serving as a prototype of the cluster. 
This results in a partitioning of the data space into Voronoi 
cells. 

• Lloyd, Mohseni, & Rebentrost. (2013) Quantum algorithms 
for supervised and unsupervised machine learning 

• Cluster assignment and cluster finding 

• Compute nearest centroid vector (the mean of the vectors 
already in that class) 

• Can take time logarithmic in both the number of vectors and 
their dimension, an exponential speed-up over classical 
algorithms (O(nm)). 

• However, only classifies, after the optimal clustering has 
been found 

• However2, needs QRAM



k-Nearest Neighbor
• k-means clustering has a loose relationship to the k-nearest neighbor 

classifier: apply the 1-nearest neighbor classifier on the cluster centers 
obtained by k-means to classify new data into the existing clusters. This is 
known as the nearest centroid classifier 

• Wiebe, Kapoor, & Svore. (2014) Quantum Algorithms for Nearest-Neighbor 
Methods for Supervised and Unsupervised Learning 

• Create a superposition of qubit states with the Euclidean distance between 
each training vector and the input vector. Without measuring, the 
amplitudes are transferred onto an extra register using coherent amplitude 
estimation. Grover’s search is then used to find the smallest valued 
register. 

• Provides a full and clear recipe for implementation (in contrast to previous) 

• Quantum Time Bound: O(n
1/2

log n). Classical Time Bound: O(nm). Near-
quadratic advantage over Monte Carlo algorithms 

• Number of elementary gate operations and logical qubits needed?



Quantum Neural Networks
• Schuld, Sinayskiy, & Petruccione. (2014) 

Quantum Walks on Graphs Representing the 
Firing Patterns of a Quantum Neural Network 

• The quantum walker position represents the 
pattern of the “active” neurons (the firing 
pattern)  

• Some successful simulations were run, 
illustrating the possibility of building an 
associative memory using Stochastic 
Quantum Walks  

• Only demonstrate some associative memory 
properties of the walk 



Quantum Neural Networks
• Wiebe, Kapoor, & Svore. (2014) 

Quantum Deep Learning 

• Classical Boltzmann Machine 
configurations are approximated 

• Quantum allows exact computation 
(quality of output, not efficiency) 

• Caveats apply, Classical 
equivalent of QDL has been found



Summary
• Exponential search spaces of large problems 

(Grand Challenges) appear a good match to 
quantum’s inherent parallelism
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Summary
• Exponential search spaces of large problems (Grand 

Challenges) appear a good match to quantum’s inherent 
parallelism 

• Some QML algorithms have been proposed 

• All have caveats for machine learning researchers coming from 
a classical world 

• How to load large vectors into a quantum computer?  
No physical realisation of QRAM yet 

• First Realizations, Much research needed.  
Need to “Think Different”





Progress is being made. We are learning 


