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6.1.1 Potential flaws

While some of the results we achieved were interesting, we realize the methodology has
a few shortcomings (both at the implementation level and the experimentation level),

which we shall try to address here.

Lack of data

Machine learning requires data [6,04] on which to operate and from which to learn; hence
the three EDA-based GP instances all require data to learn from. During a GP run this
data comes from candidate solutions which have a better relative fitness; however, the
knowledge an EDA model acquires is recycled at cach iteration and fed back into a new
sample population which then proceeds to reinforce or improve the model. Tt is difficult
to realize great amounts of data from which to learn, as the limitations imposed on a
quantum simulation force us to keep solution set size small. The fewer solutions a model

has to work with at a particular iteration, the less it can learn.
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Abstract

Manual quantum programming is generally difficult for humans, due to the often
hard-to-grasp properties of quantum mechanics and quantum computers. By outlining
the target (or desired) behaviour of a particular quantum program, the task of program-
ming can be turned into a search and optimization problem. A flexible evolutionary
technique known as genetic programming may then be used as an aid in the search for
quantum programs. In this work a genetic programming approach uses an estimation of
distribution algorithm (EDA) to learn the probability distribution of optimal solution(s),

given some target behaviour of a quantum program.
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CHAPTER 6. CONCLUSIONS AND FUTURE WORK 6.2. IMPROVEMENTS

dst to ensure that the destination register may become clear. With such knowledge we
could bias the priors to include SWAP operations on the work qubits and qubits of dst.
For EDA-QP-II, where operators and their inputs are modelled versus node locations we
can ensure that for example, the first nodes are such SWAP operations to clear out dst

before we attempt to copy src into it.

As another example for the same problem, we could restrict 2-qubit operations be-
tween qubits of src and qubits of dst to only go one way; that is, control qubits would
always be those of src and target qubits could be those of dst, but not the other way
around.

As a third example, recall the quantum teleportation protocol of Chapter 2, whose
GP evolution in previous work was discussed in Chapter 3. In the protocol two parties
own different qubits and they may not perform operations on each other’s qubits. Such
restrictions could easily be incorporated by the prior models.

As a final example, it would be possible to bias the length model to longer solutions,
if we know for sure that a solution cannot possibly be made up of 1 or 2 nodes, or if we

have some specific idea about how large a solution might be.
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