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We won an award!



What’s wrong with quantum machine learning?

2013: First exponential speedup result in “machine learning” by using quantum
resources.
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Where it goes wrong: quantum BLAS

Quantum states are vectors in a Hilbert space.

Quantum computing transforms these vectors.

Therefore you can do linear algebra fast on quantum computers.

Terms and conditions apply.



Where it goes very wrong: quantum neural networks

Bad idea #1: Put all weights in superposition. Grover’s search. Done.

Bad idea #2: Build some vaguely defined quantum optical system and interfere.

It gets worse:

Quantum cognition and the quantum brain.
Add blockchain and black holes to it for additional impact.
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The premise: you need quantum data

State preparation from classical data.

Reverse is hard: state tomography.
This is why exponential speedup claims have to be taken with a pinch of salt.

QRAM.

Quantum simulations.

Internal workings of a quantum computer



What you need for Bayesian deep learning on a quantum computer



Quick refresher: Gaussian processes

We are in the supervised regime: {(xi , yi )}Ni=1.

A Gaussian distribution is defined by its mean and variance. In other words, its
first and second moments.

Thing of the variance as a kernel: f ∼ N (0,K ), where Kij = k(xi , xj).

Forward pass: calculating the posterior. Also Gaussian.

p(f (x)|data) = N (m, s2)

Where:

m = k∗T (K + σ2
nI)−1y , where k∗

i = k(x∗, xi );
s2 = k(x∗, x∗)− k∗T (K + σ2

nI)−1k∗.
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Things Bayesian, things quantum

In Bayesian methods, we like ‘easy’ posteriors.
In quantum computing, we like linear operations.
Consequence: the kernel of the GP must be well behaved. ReLU works – it goes back
to arccos calculations.



Three tricks

Equivalence between (Bayesian) deep networks and Gaussian processes.

Recent result in machine learning.

Modify the self-exponentiation routine of quantum PCA.

Allows clever element-wise matrix manipulation and calculating the outer product.
This is where the new science is in this paper.

Quantum matrix inversion for Gaussian processes.

First author’s earlier paper.



The main steps in quantum matrix inversion

We want to calculate Ax = b for some b.
Instead, we will sample the solution x
We want to expand the b vector in the eigenbasis of A.

1 State preparation.

2 Quantum simulation

3 Quantum phase estimation to extract the eigenvalues.

4 Controlled rotation.

5 Uncomputation and post-selection.

A fantastic primer on HHL: arXiv:1802:08227



State preparation

Assume that A is Hermitian (i.e. A = A†).

Assume that b is normalized and can be efficiently prepared. We write it as a
quantum state in the bra-ket notation as |b〉.
The thing about kets: yes, it is just a normalized vector in Cd . But it is also a
probability distribution.

Big assumption: |b〉 can be efficiently prepared.

An eigenvector of A is uk . Taking it as a column vector, we write it in the bra-ket
notation as |uk〉.
We want to expand the |b〉 vector in the eigenbasis of A.



Quantum simulation

Next we prepare a carefully chosen ancilla state |ψ0〉 =
√

2
T

∑T−1
τ=0 sin

π(τ+ 1
2
)

T |τ〉.

Apply the conditional Hamiltonian evolution U =
∑T−1

τ=0 |τ〉〈τ | ⊗ eıAτ t0/T on
|ψ0〉 ⊗ |b〉 for some time t0.

Why do we do this?

How is classical information encoded?

T : bit width for accuracy.

Huge assumption: Hamiltonian to be simulated must be sparse.



Quantum phase estimation

Goal: given U|ψ〉 = e2πiθ|ψ〉, where |ψ〉 is an eigenvector of U, write an approximation
of the λ = e2πiθ into an ancilla register.

This is where the scaling becomes bad: QFT needs O(n2) gates.
The state of the system after this decomposition is approximately:

∑N
j=1 βj |uj〉|λj〉.



Uncomputing the eigenvalue register and post-selection

A technicality: we have to uncompute the phase estimation. Why?

Finally, we postselect on the last ancilla qubit:∑N
j=1 βj |uj〉

(√
1− C2

λ2k
|0〉+ C

λk
|1〉
)

.



So why does it break again?

Condition number: κ2 logN.

Size of ancillas in error terms.

Circuit depth.



How bad is it?

Quantum matrix inversion of a 2× 2 matrix on real hardware in 2018.
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Want to go deeper?

Download the slides: https://peterwittek.com/tdls_qml.pdf

Code repo: https://gitlab.com/apozas/bayesian-dl-quantum/

Upcoming events:

Every other Thursday at 4pm, we have a quantum lecture in the Vector Institute.
Next one: Oct 11.

Half-day QC & QML workshop: Dec 14, Rotman.

First MOOC on QML: February 2019.

A twelve-minute intro to QML:
https://medium.com/xanaduai/quantum-machine-learning-1-0-76a525c8cf69

LinkedIn Group: https://www.linkedin.com/groups/8592758/

https://peterwittek.com/tdls_qml.pdf
https://gitlab.com/apozas/bayesian-dl-quantum/
https://medium.com/xanaduai/quantum-machine-learning-1-0-76a525c8cf69
https://www.linkedin.com/groups/8592758/


Questions to consider

Variational quantum algorithms for achieving the same end?

Personal take: people avoid Bayesian methods because they require more thinking
to get the posterior.

Quantum computing imposes additional constraints. Yet, can it be a killer app?

Other kernels are hard: think reverse, starting from what the hardware can do.


