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Expectations Comes with limitations

What we expect from quantum computing :

Solve intractable problems (e.g. chemistry)

Having all possible bitstrings using superposition is attractive for Combinatorial
Optimization

Native parallelism as well

Speed up algorithms (Grover's quadratic speedup)

Find new ones with advantages

Maybe more...

But limitations :

Cannot copy qubits

Computation must be unitary (hence reversible)

Instability (noisy computers)

Hard to design algorithms

But it is still the beginning.
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Hybrid quantum-classical Algorithms

Source: arXiv:1710.01022
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Examples of trial states

Source: arXiv:1710.01022
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Quantum Approximate Optimization Algorithm

QAOA* is a hybrid quantum-classical algorithm introduced in the context of
Combinatorial optimization. ε-approximation algorithms give lower bound guarantees
of ε times the optimum on returned solutions. There exist ε that are NP-hard to
achieve.

Seek to maximize :

C : {−1; 1}n → R;C(z) =
m∑

a=1

Ca(z),Cmax = max
z

C(z)

Example of Maxcut : ∑
<ij>∈E

wij (1− xixj )/2

Zhou et al: arXiv:1812.01041
Best classical algorithm (Goemans-Williamson semi-de�nite programming)
guarantees an expected ratio of 0.878.

*Farhi et al.: arXiv:1411.4028
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Quantum Approximate Optimization Algorithm on Maxcut

Algorithm :
Requires an integer p, a cost hamiltonian HC and a so-called mixer hamiltonian HB :

HC =
∑

<ij>∈E

wij (I − σz
i σ

z
j )/2

HB =
n∑

i=1

σX
i

Zhou et al: arXiv:1812.01041
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QAOA circuit p=1 and properties

Circuit example p=1 QAOA :

lim
p→∞

max
~γ,~β
〈HC 〉 = Cmax

At p=1, on all 3-regular Maxcut instances, the approximation ratio is .6924.

No lower bounds proven for ratios at higher depths.

Computing optima for the circuit optimization (doubly) exponentially expensive
in p

E�cient classical sampling from arbitrary shallow circuits would cause unlikely
collapses in hierarchy of complexity theory

True for QAOA circuit even at depth 1 (arXiv:1602.07674).
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Expectation values on Paulis Hamiltonian

Given a quantum circuit output a quantum state ψθ〉, evaluate:

〈ψθ|HC |ψθ〉 = −
∑

wij 〈ψθ|σz
i σ

z
j |ψθ〉

Procedure :

1 expectation = 0

2 Measure in the Z-basis on the qubits where the Paulis operators act.

3 If bitstring represents an even number, add 1 to expectation, substract otherwise.

4 Divide expectation by number of samples.

5 If you have σX
i , apply before measuring RY (−π/2) on i-th qubit. For σY

i ,
RX (π/2).
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QAOA problematics

Examples of types of research lines in the QAOA domain:

Performance of QAOA as an approximate algorithm ?

How to set hyper-parameters (parameterized circuit, classical optimizer...) ?

Challenges given current hardware constraints:

Performance under noise; Optimal optimization techniques under the presence of
noise.

Feasibility analyses: at what range of device-performance-parameters, and size
can we expect real-world improvements over conventional methods.

Hybrid method: connections to divide & quantum methods.

And certainly many more...
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Di�erent modi�cations for di�erent use cases

Other versions of QAOA were introduced for :

More suitable optimization objective * ,
* Li L et al. : �Quantum Optimization with a Novel Gibbs Objective Function
and Ansatz Architecture Search�, 2019; [http://arxiv.org/abs/1909.07621
arXiv:1909.07621].
* Panagiotis Kl. Barkoutsos et al.: �Improving Variational Quantum Optimization
using CVaR�, 2019; [http://arxiv.org/abs/1907.04769 arXiv:1907.04769].

Taking into account feasible space of a problem:
Stuart Had�eld et al.: �From the Quantum Approximate Optimization Algorithm
to a Quantum Alternating Operator Ansatz�, 2017, Algorithms 12.2 (2019): 34.
(Special issue "Quantum Optimization Theory, Algorithms, and Applications");
[http://arxiv.org/abs/1709.03489 arXiv:1709.03489]. DOI:
[https://dx.doi.org/10.3390/a12020034 10.3390/a12020034].

Machine Learning : Clustering, Botzmann machines...
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Current projects

PhD on Quantum Optimization and Quantum Machine Learning for industrial
applications

QAOA vs GW ,
Characterizing QAOA advantage against GW by using interpretable Machine
Learning

Hybrid Divide and Quantum Strategy for Euclidian TSP:
Solve the TSP by divide and conquer with QAOA as a subproblem solver.

Optimizers for variational quantum eigensolvers : Determinating power of
classical optimizers by benchmarking.
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Thank you!
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