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Applications for Quantum Computers

● Factoring 

● Grover Search 

● Matrix Operations (HHL) 

● + Other ML applications (SVM, Clustering, 
Recommendation Systems)

✘
➢ Not Near Term - Not Enough Qubits, Noise too high, not enough 

Connectivity … > 10 years

https://rigetti.com/qpu

https://rigetti.com/qpu


(Near Term) Applications for Quantum Computers 

Quantum Classical Hybrid - Variational

● Variational Quantum Eigensolver 

● Hybrid Quantum Classifiers  

● Quantum Generators  

● Quantum Diagonalisation

● Quantum Compiling

✓

➢ Near Term - Need Fewer Qubits, Noise is not too destructive, Classical 
Optimisation.



First Question, what is Quantum Machine Learning?

Zeroth Question: What is Classical Machine Learning?

“Machine learning (ML) is the scientific study of algorithms and statistical models that 
computer systems use in order to perform a specific task effectively without using explicit 
instructions, relying on patterns and inference instead.” - Wikipedia

Example: A cat/dog classification algorithm - Supervised Learning

Untrained 
Classifier

Cat

Cat?

Cat

Dog

Dog

Trained 
Classifier

Cat!

New Image

Training

https://en.wikipedia.org/wiki/Machine_learning


Now, what is Quantum Machine Learning?

“Quantum machine learning is an emerging interdisciplinary research area at the 
intersection of quantum physics and machine learning. The most common use of the 
term refers to machine learning algorithms for the analysis of classical data executed on 
a quantum computer.” - Quantum Machine Learning - Wikipedia

 
● (2009) Harrow-Hassidim-Lloyd (HHL) Linear Equation solver ArXiv: 0811.3171

● (2013) - Lloyd-Mahsoud-Rebentrost - Quantum Algorithms for clustering

● (2016) - Kerenidis-Prakash - Quantum Recommendation Systems

● (2017+) Variational Quantum Algorithms

● (2018+) - Tang et. al. - Quantum Algorithm Dequantisations 

https://en.wikipedia.org/wiki/Quantum_machine_learning
https://arxiv.org/abs/0811.3171


Parameterized Quantum Circuits as Machine Learning 
Models - ArXiv : 1906.07682

Parameterized Quantum Circuits (PQC’s) have become very popular recently due to their 
versatility, and their applicability to near term (NISQ) Quantum devices.

In this talk, I will focus on the above recent review paper, and present some of the models 
which have been proposed as use cases for PQC’s.

In particular, we will look at some applications in Machine Learning to see that these models 
can be manipulated and trained in similar ways to Neural Networks.

They can be used for the following tasks (for example):
●  Classical:

○ Classification.
○ Generative modelling.

● Quantum:
○ Learning quantum algorithms.
○ Quantum state estimation

 

https://arxiv.org/abs/1906.07682


Neural Networks are outdated...

Let’s make them quantum!

Machine 
Learning Model

Neural Network



Three stages of Quantum Computation.
1. Preparation: 

Prepare an initial 
quantum state:

2. Evolution: Evolve this state 
using a sequence of (unitary) 

operations: 3. Measurement: 
Measure the state in 

some basis (e.g. 
‘computational’) basis:

Think bit register in all ‘0’ state.
Born’s Measurement Rule.



Let’s Make it Variational!
1. Preparation: 

Prepare an initial 
quantum state:

2. Evolution: Evolve this state 
using a sequence of 

parameterized (unitary) 
operations:

3. Measurement: 
Measure the state in 

some basis (e.g. 
‘computational’) basis:

Think bit register in all ‘0’ state.
Update parameters based on 
some measurement results



Why Make it Variational?
● The reason this type of model is suitable for near term quantum devices 

is that the ‘depth’ of the parameterized unitary,      , is relatively small.
● The actual quantum chip will not run for a very long time, so the qubits 

need to be kept ‘coherent’ for a short amount of time.
● It can be defined from the native hardware of the chip (i.e. use native 

entangling gates instead of Control-Z/Control-NOT).
● Rather than having one big circuit which is run a few times (like with 

Shor’s algorithm etc.), we use a small circuit which is run many, many 
times.

● Classical pre and post processing does most of the heavy lifting.
● It mimics the structure of Neural Networks, so we can use a QC like a 

black box NN (with some caveats)



Why Make it Variational?



Structure of PQC’s
For some problems, we may need to encode data into the quantum circuit 
before we run the parameterized unitary. 

The encoding will depend on the problem that one wants to solve.

Encoding in some classical function

Encode classical function in unitary
‘Encoding unitary’

Apply parameterized unitary

Measure some observables & 
Compute function of observables



Classification using
(near term)

 Quantum Computers



Supervised learning (classification/regression)

Given data samples, 

Want to learn some function:

By minimising a (regularised) loss function:



How can we make a Classifier from a QC?

We need some data encoding method - encoding classical data in a 
quantum state. ArXiv: 1802.06002 - Farhi & Neven

We will try and classify binary strings into classes according to a ‘label’ 
function:

‘True’ labels

https://arxiv.org/abs/1802.06002


How can we make a Classifier from a QC?

Quantum 
Classifier

Training. . .. ..



How can we make a Classifier from a QC?

We need some data encoding method - encoding classical data in a 
quantum state. ArXiv: 1802.06002 
Then apply the parametrized unitary, and measure an ‘ancilla’ (extra) qubit

Measurement 
of Pauli - Y 
observable

https://arxiv.org/abs/1802.06002


Data Encoding

Encode the binary strings (datapoints) in a ‘basis’ encoding - a string 
0010 is encoded in a quantum state |0010>



How do we train?

As in most of ML, we need a cost/loss function, to measure ‘how well’ we 
are doing. For this case, the loss function is the following:

‘True’ label for sample

Loss per sample ‘Label’ outputted by quantum circuit

Overall loss is given by the average loss over the entire dataset.
This ‘objective function’ is given to a classical routine to minimise.



Generative Modeling using
(near term)

 Quantum Computers



What is a generative model?
Generative Modeling is the use of Artificial Intelligence (AI), statistics and probability in applications to 
produce a representation or abstraction of observed phenomena or target variables that can be 
calculated from observations. https://searchenterpriseai.techtarget.com/definition/generative-modeling

Untrained 
Generative 

Model

Trained 
Generative 

Model

Train the model using ‘samples’ - images of cats
Trained Model will be able to (approximately) 
generate a ‘new’ cat image probabilistically.

~ Cat

https://searchenterpriseai.techtarget.com/definition/generative-modeling


How can we make a Generative Model from a QC?

We want some procedure to generate samples from a distribution which we 
will ‘learn’ to approximate.
Quantum computers are very good at producing samples. 

(In fact it is believed QC’s are better at this than Classical computers for some cases)



What does training a generative model mean?

It means we want the output distribution from the ‘model’ (quantum circuit)
To match the target ‘data’ distribution.



How do we train this generative model?

● To do so, we need to be able to check how well we are doing.
● How do we compare two probability distributions? - This is hard.



How do we train this generative model?
This is even harder in practice, because we do not have access to the 
probabilities:

But instead, just samples from the distribution (which means approximations 
of the true probabilities):

And for Quantum generative models, we actually cannot have the actual 
probabilities - computing probabilities is #P-hard in general!



How do we train this generative model?
We need some distance function to minimise between the quantum circuit, 
and the data, to find the optimal parameters:

The distance (or cost function), D, should have some nice properties:

● Easy to compute from samples.
● As ‘strong’ as possible.



We need to choose wisely

Could use the Kullback-Leibler Divergence:

Strong? ✓
Easy to compute?✘

Metric?✘



We need to choose wisely

Could use the Maximum Mean Discrepancy (MMD):

Strong? ✘

Easy to compute?✓Metric?

✓

‘Feature map’ - related to kernel methods



Parameterized Quantum 
Circuits for Quantum 

Problems



Quantum Problems need quantum solutions
● We can use a PQC to variationally learn some well known algorithms - 

Grover, Shor, Deutsch.

● For example, to learn the SWAP test, a primitive used to compare how close two 
quantum states are. NJ Physics 10.1088/1367-2630/aae94a

● Approximate Quantum States - NJ Phys, 10.1088/1367-2630/ab14b5 

● Diagonalise quantum states - determine eigenvalues and eigenvectors of a 
quantum state: npj QI volume 5,  57

● Quantum Circuit Compilation Quantum 3, 140

https://iopscience.iop.org/article/10.1088/1367-2630/aae94a
https://iopscience.iop.org/article/10.1088/1367-2630/ab14b5
https://www.nature.com/articles/s41534-019-0167-6
https://quantum-journal.org/papers/q-2019-05-13-140/


Conclusions
● Parameterized quantum circuits are very versatile and can be useful for near 

term quantum devices.

● We can use them to perhaps outperform Neural networks for some problems, 
perhaps in classification or generative modeling.

● Training them can be difficult, and there is still plenty of work to do there.

● Finding good problems to solve with them is a hot research topic.

Thanks a lot!

Questions?


