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Evolutionary and Adiabatic Quantum Algorithms are good

\ \ | candidates for training Variational Quantum Algorithms requiring
\&Z=\ SN ANENY less training iterations to convergence and helping to overcome
e/ |\ | \U | i IR AY ;
E E ), the barren-plateau effect.
o W Here we compare these two new approaches.
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petween evolutionary computation and quantum libraries IF: Quantum Annealers are known to be great optimizers o - ~\
ike Qiskit, while ensuring ease of use, for both gquantum Aelebatic optimizer

computing and EAs communities. AND: Training VQASs is an optimization task, 0) — .
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X, 311/4 31/8 3,248
ﬁ @ N T v 8T 6. Update angles and calc. Accuracy.
[[{ B ) /. If accuracy < tolerance, STOP.
: 8. Repeat step 3 for next segment
mutation crossover Minimization function:
Range: [-2x, 27]
] Result: a=x; B,y,0=-7
EVOVAQ Package details .
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Algorithms included in EVOVAQ framework:
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Classical optimizer operates by assuming a default value for
the hyper-parameters, such as the population size and the Results
stopping criterion.

VQA classical VQA Adiabatic ANN = Same accuracy with less execution time (ET) and
References execution cycles (EC).
Accuracy 66% 66% 64% = EC is constant and ET is smaller for a fixed number of
[1] Acampora, G., Cano, C., Chiatto, A., Soto Hidalgo, Table 1. Accuracies. binary variables.
J.II\/I.,Mhellg A.,CI:;\{O\//bAQ:fE\/\C/)Alub%mryl Quant = [terative approach helps to find the best angles with
algorithms-based toolbox for VAriational Quantum : - :
%%ué.t%%%gwarex, Volume 26. (2024) 1SSN Parts Variables Options ANN Time (s) A@;S Leshc?uice.s.. R t t
- = Adiabatic training is the firs rid guantum-quantum
https://doi.org/10.1016/j.s0ftx.2024.101756 3 12 4.076 61 0926 VQA . / - -
4 16 65.536 256 0,92 -
2] E. Acosta, C. Cano, G. Botella, R. Campos Adiabatic 5 20 1.048.576 625 0.927
training for Variational Quantum Algorithms, 4 24 16777916 1296 113

FuroQHPC Workshop (2024)
https://doi.org/10.48550/arXiv.2410.18618

Table 2. Adiabatic complexity

Conclusions

= Accuracy of QRNN with adiabatic training is comparable to classical gradient-descend training on less computing cycles.
= A new research path is presented towards trying to avoid the Barren Plateau effect thanks to the non-gradient dependency.
= The iterative approach overcomes the hardware limitation imposed when trying to optimize in a single scanning step.
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