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Problem definition

Quantum computation
“ What quantum states allow for is much more complex information to be encoded into
a single bit. A regular computer bit is either a 1 or 0-on or off. A quantum state can be
much more complex than that because as we know, things can be both particle and
wave at the same time and the uncertainty around quantum states allows us to encode
more information into a much smaller computer. That’s what exciting about quantum
computing.”
Justin Trudeau. Prime Minister of Canada.

Quantum computation
Quantum computation (QC) aims to profit from the quantum properties of
elementary particles to devise new, more efficient ways for representing and
manipulating information.

Adiabatic quantum computing [Santoro_et_al:2002, Brooke_et_al:1999].

D-Wave quantum machine.
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Quantum computers

D-wave computer

http://gizmodo.com/the-quantum-d-wave-2-is-3-600-times
-faster-than-a-super-1532199369

Characteristics
Array of qubits coupled following a
predefined topology (Chimera graph).

Qubits have associated weights.

Each coupler has an associated
strength.

Uses quantum annealing to solve
problems.

It can tunnel through the landscape to
find the optimum.
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Chimera topology

Chimera graph Characteristics
Building blocks: Symmetric
subgraphs referred to as K4,4 graphs.

The eight qubits included in the K4,4
graph are connected as bipartite
graphs.

There are additional connections to
north/south grid and east/west
neighbors.

The Chimera graph is formed by n2

K4,4 subgraphs.
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Optimization problem

Ising model

H = −
∑

<i,j>∈L

Jijσiσj −
∑

i∈L

hiσi (1)

Sidon instances
We consider instances for which hi = 0, ∀i ∈ L.

Couplings selected from Sidon sets of the type
U5,6,7 = {±5, ±6, ±7}.

H. G. Katzgraber, F. Hamze, Z. Zhu, A. J. Ochoa, and H. Munoz-Bauza. Seeking quantum speedup through spin glasses: The good, the bad, and the ugly. Phys.
Rev. X, 5:031026, Sep 2015.
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Motivation

Addressing optimization problems in Chimera graphs
Can quantum algorithms outperform traditional algorithms on native Chimera
graph problems?

Which Ising instances are hard for quantum computers ? Is it possible to
characterize them?

How different optimization algorithms behave for problems defined on Chimera
graphs ?

How do EAs work for Ising problems defined on Chimera graphs ?

C. McGeoch and C. Wang. Experimental evaluation of an adiabiatic quantum system for combinatorial optimization. In Proceedings of the ACM International
Conference on Computing Frontiers, page 23. ACM, 2013.

V. S. Denchev et al. What is the computational value of finite range tunneling? arXiv preprint arXiv:1512.02206, 2015.

S. Mandrà, Z. Zhu, W. Wang, A. Perdomo-Ortiz, and H. G. Katzgraber. Strengths and weaknesses of weak-strong cluster problems: A detailed overview of
state-of-the-art classical heuristics vs quantum approaches. arXiv preprint arXiv:1604.01746, 2016.

Z. Zhu, A. J. Ochoa, S. Schnabel, F. Hamze, and H. G. Katzgraber. Best-case performance of quantum annealers on native spin-glass benchmarks: How chaos
can affect success probabilities. arXiv preprint arXiv:1505.02278, 2015.
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Motivation

Research questions

How different assumptions about the problem structure can
be used to define the appropriate EA approach ?

Do search principle of EAs add some gains to other
optimization approaches to Ising problems on Chimera
graphs ?

How do EAs perform compared to other optimization
approaches ?

What is the influence the Ising instance descriptors in the
behavior of EAs?
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Related work

Previous lessons from EC research on Ising models

Knowledge about the problem structure can be used to
define the variation operators.

Successful EDAs applications to large Ising models are in
fact hybrid algorithms.

Model-based EAs can capture information about the
problem structure.

A. Prügel-Bennett and J. L. Shapiro. The dynamics of a genetic algorithm for simple random Ising systems. Physica D: Nonlinear Phenomena, 104(1):75–114,
1997.

R. Santana. Estimation of distribution algorithms with Kikuchi approximations. Evolutionary Computation, 13(1):67–97, 2005.

M. Pelikan and A. K. Hartmann. Searching for ground states of Ising spin glasses with hierarchical BOA and cluster exact approximation. Scalable Optimization
via Probabilistic Modeling: From Algorithms to Applications, 333–349. Springer, 2006.

M. Pelikan and H. G. Katzgraber. Analysis of evolutionary algorithms on the one-dimensional spin glass with power-law interactions. In Proceedings of the 11th
Annual conference on Genetic and evolutionary computation, pages 843–850. ACM, 2009.
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Research questions and approaches

Research question
Whether and how knowledge about the underlying topology of the optimization
problem can be used to increase the efficiency of the EA approaches to this
problem?

Approaches
1 Using the Chimera structure to design building-block wise crossover operators.
2 Using factorized EDAs in which the factors comprise variables in each K4,4

subgraph.
3 Biasing the search for tree-based EDAs to include dependencies between

variables that are connected in the Chimera structure.
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A common framework: Different EA variants

Algorithm 1: EA framework

1 Set t ⇐ 0. Generate an initial population D0 of N ≫ 0
random solutions.

2 do {
3 For each solution, apply a greedy local search method

and output local optimum.

4 Select from population Dt a set DS
t of k ≤ N points

using truncation selection.

5 Generate a new population Dt+1 from DS
t applying the

variator operator of choice.
6 Apply random bit-flip mutation to solutions in Dt+1.
7 t ⇐ t + 1
8 } until Termination criteria are met.
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A common framework: Different EA variants

1 GA with 1-point crossover (1PCX-GA): Simple GA algorithm with a crossover
probability of 1 and where a crossover point is randomly selected between
positions 2 and n − 1. The two offspring are created by taking one segment from
each parent.

2 GA with uniform CX (uCX-GA): Similar to 1PCX-GA but the alleles of the
offspring are randomly taken from each of the two parents with probability 0.5.

3 GA with bit-wise CX (BWCX-GA): Similar to uCX-GA but instead of single bits,
blocks of variables are taken from each parent. There is one block for each
subgraph k4,4 involving 8 variables and for each edge joining these subgraphs.
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A common framework: Different EA variants

1 Factorized distribution algorithm (FDA): An EDA that uses the same structure as
BWCX-GA. Marginal probabilities for all configurations of the blocks are learned
and new solutions are generated sampling from a junction tree [Muhlenbein et
al:1999] constructed from this factorization.

2 Tree-based EDA (Tree-EDA): An EDA that learns the structure of the graphical
model from the matrix of mutual information between all possible pairs of
variables [Baluja and Davies:1997]. The pairs with the strongest mutual
information are used to build a tree structure from which solutions are sampled.

3 Tree-based EDA with a priori information (Tree-EDAr ): Idem to Tree-EDA but
only pairs of variables connected in the Chimera topology are used to learn the
probabilistic model.
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Greedy search

Algorithm 2: Greedy search

1 Set current solution to initial solution.
2 Initialize number of accepted negative nneg_moves = 0.

3 Evaluate the 2 possible assignments for the n variables of the initial solution
keeping other variables fixed.

4 do {

5 Select the variable Xi whose bit-flip improves the fitness the most

6 If improvement is negative, initial solution was already improved or
nneg_moves = maxneg_moves

7 Return current best solution
8 Else if improvement is negative, initial solution has not been improved, and

nneg_moves < maxneg_moves .

9 nneg_moves → nneg_moves + 1

10 Bit-flip Xi in current solution.

11 Update local fitness values for Xi and all its neighbors in the Chimera graph.

12 } while
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Experiments

Goals

Evaluate the behavior of EAs whether it offers clues about the Chimera
instances.

To identify which characteristics of the instances (descriptors) have an impact in
EAs.

Research questions

What is the impact of potential building block disruption?

Which is the added gain of considering the underlying structure of the Chimera
graph in the design of the crossover operator?

Can structured-informed EDAs make a difference over “blind” and more
intelligent crossover operators?

Should EDAs learn the structure of the interactions from the data instead of
inferring them from the Chimera structure?

Are the pair-wise interactions determined by the Chimera graph sufficient to
solve the problem?
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Experiments

Benchmark

1000 Ising instances defined on the Chimera graph, were generated with
couplings defined in the U5,6,7 = {±5, ±6, ±7} Sidon set.

Instance descriptors

1 GRstate: Fitness value of the ground state solution.
2 dJ+dh_RES: Resilience.
3 PEAK_1, PEAK_2: Position of the highest and second highest peaks in the P(q)

distribution plot.
4 HEIGHT_1,HEIGHT_2: Height of the highest and second highest peaks.
5 H_SCORE: Ratio between the height of second highest peak and the height of

highest peak.
6 NOISE_SCR: Ratio between the height of third highest peak and the height of

second highest peak.
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Figure : Cummulative success rate and computational time.
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Experiments

Results

Table : Number of instances (out of 1000) for which the ground state
was found in r% of the runs. For Tree-EDA and Tree-EDAr , 100 runs
were executed. For all other algorithms, 250.

r (%) 1P-CX U-CX BW-CX FDA Tree Tree-r

0.25 991 935 940 543 821 832
1 982 881 878 322 821 832

10 868 480 471 45 474 462
25 645 188 199 4 218 212
50 274 37 38 1 65 63
75 54 6 4 0 12 13
90 13 1 0 0 3 2
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Experiments

Results

Table : Summary of the pair-wise statistical tests. Cell (r , c) indicates
the number of instances for which algorithm in row r was significantly
better than algorithm in column c.

Alg. 1P-CX U-CX BW-CX FDA Tree Tree-r

1P-CX - 862 858 1000 671 707
U-CX 0 - 0 973 33 31

BW-CX 0 0 - 974 39 41
FDA 0 0 0 - 0 0
Tree 2 201 196 980 - 0

Tree-r 2 182 173 971 0 -
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Experiments

Correlation between success rate and instance descriptors
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Experiments

Results

Table : Correlation between the descriptors of the instance and
success rate of the EAs. Correlations that were not found significant
for p = 0.01 are underlined.

Descriptors 1P-CX U-CX BW-CX FDA Tree Tree-r

GRstate -0.21 -0.17 -0.17 -0.14 -0.17 -0.18
dJ+dh_RES 0.30 0.22 0.22 0.07 0.16 0.16
PEAK_1 0.16 0.11 0.12 0.03 0.12 0.12
HEIGHT_1 0.20 0.17 0.17 0.08 0.19 0.18
PEAK_2 0.19 0.13 0.12 -0.00 0.07 0.07
HEIGHT_2 0.05 0.02 0.02 0.00 -0.06 -0.04
H_SCORE -0.15 -0.13 -0.13 -0.07 -0.17 -0.15
NOISE_SCR -0.32 -0.27 -0.27 -0.09 -0.20 -0.19
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Figure : Success rate of 1PCX-GA versus SA variant designed for
bipartite lattices.
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Conclusions

Conclusions

We have investigated for the first time the behavior of EAs on problems defined
of the Chimera instances used by D-Wave architectures.

EDAs dot not produce an improvement over methods that do not incorporate any
type of modeling.

Using problem information does not provide improvements in terms of success
rate.

Some instance descriptors are clearly correlated with the behavior of EAs.
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