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Abstract. This paper extends Evolutionary eXploration of Augment-
ing Quantum Circuits (EXAQC), a unified framework for the automated
design and optimization of parameterized quantum circuits (PQCs) to
include reinforcement learning tasks. Designing effective quantum cir-
cuits is challenging as the performance of a circuit is highly depen-
dent on architecture, including gate composition, qubit interactions, and
depth, as well as the target quantum system. Traditional approaches
relying on fixed templates or heuristic designs often fail to generalize
across tasks. To address this, EXAQC formulates circuit construction as
a distributed evolutionary optimization problem, jointly exploring cir-
cuit structure and parameters in parallel worker processes using muta-
tion and crossover operators. Experiments on 4 standard classification
benchmarks demonstrate that EXAQC achieves competitive or supe-
rior accuracy with more efficient circuits. Additionally, evaluations on
4 different reinforcement learning environments show that evolved cir-
cuits can learn effective policies and reach near-optimal rewards with
relatively low parameter counts. Overall, EXAQC provides a scalable,
task-adaptive approach for quantum circuit discovery, highlighting the
potential of evolutionary methods in advancing quantum machine learn-
ing.
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1 Introduction

Quantum machine learning (QML) leverages principles such as superposition,
entanglement, and interference to enhance learning and decision-making pro-
cesses [8,16,23,53]. It has shown promise in improving efficiency across opti-
mization [17,21,44], pattern recognition [62], and data analysis [61]. Variational
quantum circuits (VQCs) underpin many QML approaches [15,21, 35, 52], but
their effectiveness depends heavily on architectural choices such as gate composi-
tion, qubit connectivity, and measurement design [54,58|. Existing methods rely
largely on hand-crafted or heuristic circuit templates, which often fail to general-
ize across tasks. Circuit topology significantly impacts expressivity, trainability,
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and robustness, often more than optimization or loss design [4, 12, 18]. Poor
architectures can lead to barren plateaus, weak gradients, and insufficient en-
tanglement [3,39,46]. This motivates automated circuit discovery methods that
jointly optimize structure and parameters rather than assuming fixed designs.
Evolutionary computation has shown strong performance in neural architecture
search [33], symbolic regression [28], and reinforcement learning [29]. Its ability
to explore large, discrete design spaces makes it well-suited for quantum cir-
cuit optimization [5,9,24,35,40,49,57,66], yet existing approaches often restrict
search spaces or have high computational cost, limiting real-world applicability.

Recent work in quantum circuit design tackles quantum architecture search
(QAS) as an optimization problem over large combinatorial spaces, often us-
ing evolutionary methods. Prior studies have explored circuit synthesis balanc-
ing fidelity and depth [56], as well as evolutionary approaches for classification
using measurement-based objectives [65]. Methods such as QNEAT [14] and
multi-objective formulations [10] jointly optimize circuit structure and parame-
ters, while supervised approaches including EQNAS [30], adaptive evolutionary
search [31], and continuous optimization methods [37] demonstrate effectiveness
on standard datasets. Other works focus on representation design [13,34] and
hybrid quantum-classical models [32,48]. In reinforcement learning, prior efforts
mainly optimize parameters of fixed circuit anséitze [1,7,19,26]. Overall, these
methods show strong results but typically rely on fixed circuit templates or
task-specific objectives. This motivates the need for a unified framework that
can adapt circuit structure, training objectives, and execution backends. Addi-
tional details on related works are provided in the Appendix (Section 6) in the
supplementary material.

Building on Kar et al. [20], this work provides an extensive analysis of EX-
AQC, our evolutionary framework for task-driven parameterized quantum cir-
cuit (PQC) discovery, providing additional results on classification tasks, as well
as extending it to reinforcement learning tasks. We include new evaluations on
Gymnasium reinforcement learning environments [60]. Results investigate the
utility of the various mutation and crossover operations, showing that these op-
erations and in particular a new n-ary crossover method are effective. Search
progress in terms of both loss/fitness and circuit size is analyzed, showing that
EXAQC is able to quickly achieve high performing PQCs with more compact
PQCs as compared other state-of-the-art works.

2 Methodology

This paper provides a full presentation of Evolutionary Exploration of Augment-
ing Quantum Circuits (EXAQC)? which was first briefly introduced with prelim-
inary results in [20]. EXAQC takes inspiration from the EXAMM neuroevolu-

! The Appendix and supplementary material are available at
https://doi.org/10.5281 /zenodo.19645683

2 EXAQC source code is open source and publicly available at:
https://github.com/travisdesell /exaqc
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tion algorithm [45] and its genetic programming variant EXA-GP [41,42], with
new mutation operators designed to handle the restrictions of quantum com-
puting gates (i.e., fixed numbers of input and output qubits per gate). EXAQC
adapts EXAMM and EXA-GP’s binary crossover, extending it into a novel n-
ary crossover operator. It also provides a new exponential crossover operator.
It leverages EXAMM /EXA-GP’s Lamarckian weight inheritance [36] to reduce
the amount of backpropagation and reinforcement learning episodes required
for the evolved circuits. It utilizes a distributed, asynchronous master-worker
framework with a steady state population for easy scalability and automated
load balancing (described in detail in Appendix 6.2). EXAQC provides a wide
range of potential gates that span nearly the entire range of available gates in
Qiskit or Pennylane, which are provided in Appendixes 6.4 and 6.5 for Qiskit
and Pennylane, respectively.

2.1 Genome Representation

Genomes are represented by a list of input qubit identifiers, a list of output qubit
identifiers (which may or may not overlap with the input qubit identifiers) and a
list of gates. Each gate has a depth (a float between 0.0 and 1.0), list of input and
output qubit identifiers, dictionary of trainable parameters and an innovation
number (similar to NEAT [55], EXAMM and EXA-GP) which is is utilized the
identify the same gate across multiple genomes for purposes of crossover. Unlike
other strategies which utilize a fixed genome size, the list of gates is unbounded
allowing for circuits to grow as large as needed. Genomes can be exported to
and imported from a given JSON format for easy portability.

2.2 Mutation and Crossover Operators

Due to space constraints, we refer the reader to Kar et al. [20] or Appendix 6.3 in
the supplementary material for a detailed description and visual representations
of each mutation and crossover operator. In short, add gate selects a random
depth in the circuit and adds a random gate whose input qubits are effected
by the circuits input qubits and output qubits have a computational path to
the circuits readout qubits. Reorder gate selects a gate at random in the circuit,
disables it and creates a copy of it at a new random depth; enable and disable gate
randomly selects a gate and enables or disables it; and swap gate selects a gate
at random, disables it and creates a new gate at a random depth between the
nearest gate before and after it in the network, and then randomly changes one
of its input or output qubits to a different qubit. Ezponential crossover selects
a pivot point at a random depth in both parent networks, and then utilizes all
gates up to the first parents pivot point in the child network, as well as all gates
after the second parents pivot point. N-ary crossover (N = 5 for this work)
creates a child with all gates that appear in the primary (most fit) parent and
any other parent. Gates which only appear in the most fit parent are added at
the best _keep rate (0.75 for this work), and if a gate exists in any other gate,
it is added to the child genome at the other keep rate (0.25 for this work).
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For parameterized gates in multiple parents, a randomized simplex approach is
used [22,59], where a randomized line search is performed between the weight
in the best parent and the average of the weights in the other parents.

Note that it is possible for the disable gate, reorder gate and swap qubits
mutations to result in circuits where the inputs do not affect the outputs. After
a genome is created by mutation (or crossover), a forward traversal is performed
over its gates in sorted order to make sure that at least one input flows to at
least one output. If this is not the case, the genome is discarded as invalid and
EXAQC will attempt to generate another one via mutation or crossover.

2.3 Loss Functions for Evolutionary Quantum Circuit Optimization

Evaluating candidate quantum circuits during evolutionary search requires ob-
jective functions that are informative, differentiable under simulation, and aligned
with the intended task. EXAQC implements a number of loss functions for clas-
sification (fidelity loss, cross entropy, focal loss, balanced focal loss) and rein-
forcement learning (REINFORCE [63], Proximal Policy Optimization [51] and
Actor Critic [27]). For this work we utilize cross entropy and balanced focal loss
for classification tasks, and REINFORCE for reinforcement learning tasks.

Balanced Focal Loss on Quantum Readout Probabilities The circuit for-
ward pass produces either a quantum state vector ¢ or measurement probabili-
ties, which are normalized and, if needed, converted via [1/|? or marginalized over
selected readout wires to obtain a valid probability distribution. This processed
output is then used in the loss computation, either directly comparing states
(e.g., fidelity loss) or comparing probabilities against target labels (e.g., cross-
entropy).To address class imbalance and improve focus on hard-to-classify sam-
ples, balanced focal loss modulates standard cross-entropy by down-weighting
well-classified examples. Let p € RX denote the marginal distribution mapped
to K classes, y the one-hot encoded label, ay, the class-balancing weight for class
k, and v > 0 the focusing exponent. The balanced focal loss is:

K

Lerr =~ aryk (1 —pr)" log(pe). (1)
k=1

Policy Gradient (REINFORCE) For RL, the EXAQC framework adopts
a hybrid quantum-—classical architecture in which the quantum circuit acts as a
feature extractor and directly parameterizes the policy. Specifically, environment
observations are encoded into a quantum state (via angle or basis encoding), and
the circuit outputs a vector of expectation values (or probabilities). This output
forms a fixed-length feature representation that is interpreted as policy param-
eters without requiring an additional learnable linear layer in the REINFORCE
setting. Formally, let the circuit output be denoted as z(s;#) € RX obtained
from measuring expectation values of the parameterized quantum circuit. The
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features are directly mapped to logits via

(s;0) =log (p(s;0)), (2)

where p(s;6) denotes normalized output probabilities. The stochastic policy is
then defined as
exp(lq(s;0))

mo(a|s) = S exp(lr (5:0))° (3)

A quantum circuit parameterized by 6 is thus interpreted as a policy mg(a | s),
mapping environment states s to action distributions a. The objective is to
maximize the expected cumulative return:

T
t

E YTt

t=0

where r; denotes the reward at time ¢ and « € [0, 1] is the discount factor.
For stochastic policies, we employ the REINFORCE objective:

T

Zlogm(at | s¢) Gy

t=0

J(e) =Er, ’ (4)

EPG - 7E7T9 9 (5)

where G = Z;‘::t 7*~tr is the discounted return. In this formulation, log 7 (ay |
s¢) is computed directly from the circuit outputs z(s;;6), meaning gradients
propagate from the policy loss through the log-probabilities into the quantum
circuit parameters. This enables the circuit to directly learn representations that
shape the action distribution to maximize long-term rewards.

3 Benchmark Tasks

We evaluate EXAQC using both classical supervised datasets and reinforcement
learning Gym environments as an extension of our previous work [20]. Classifica-
tion benchmarks were Iris (4 real valued features, 3 classes), Wine (13 real valued
features, 3 classes), Seeds (7 geometric features, 3 classes) and Breast Cancer (30
features, 2 classes) from the UCI machine learning repository. RL tasks included
CartPole-vl (a class control task with discrete actions), FrozenLake-vl (grid
based navigation with discrete states and actions), MountainCarContinuous-v0
(continuous control and continuous actions), and Walker2d-v5 (high dimensional
control with continuous states and actions).

These benchmarks were selected as they are well studied for comparison to
SOTA and that they capture fundamentally different learning paradigms. Su-
pervised datasets enable controlled analysis of circuit expressivity, parameter
efficiency, and generalization under well-defined input-output mappings; while
RL environments introduce sequential decision-making, delayed rewards, and ex-
ploration challenges, which are critical for assessing the adaptability and policy-
learning capabilities of evolved quantum circuits. Together, these benchmarks
provide a holistic evaluation framework, highlighting the capabilities of EXAQC
to generalize across static prediction tasks and dynamic control settings.
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4 Results and Discussion

The EXAQC experiments for classification utilized a single steady state pop-
ulation with a maximum size of 30 genomes. Pennylane was used as the tar-
get quantum framework. Individuals were only generated by mutating the base
empty genome (no gates), 1-3 times (selected uniformly at random) until the
population was full. The potential of multiple mutations provides a more diverse
initial population and the ability to break out of local minima. After the popu-
lation was initalized, 1-3 mutations were performed on the child (again selected
uniformly at random) 70% of the time. Crossover was performed otherwise, with
binary crossover at 10%, n-ary crossover (with n = 5) at 10%, and exponential
crossover at 10%. When mutation was applied, add gate was selected at 55%,
reorder gate at 10%, qubit swap at 10%, enable gate at 5%, and disable gate
at 10% and clone at 10%. Classification experiments were run until a total of
1000 genomes were evaluated. For training parameterized gates, each generated
circuit was trained for 10 epochs using the Adam optimizer with a learning rate
of 0.001 and weight decay of 0.0000 due to PQC weights being angles®. All runs
were performed utilizing 12 MPI processes (1 main process and 11 workers).
The RL experiments were run for 1000 genomes in case of CartPole, FrozenLake
and MountainCar-continuous. 2000 genomes were used for Walker2d to identify
convergence and highest reward. Each circuit was trained for 1000 episodes and
evaluated on 100 episodes. Search hyperparameters were the same as classifica-
tion, except using a maximum population size of 50 genomes. Instructions for
reproducing all experiments in this work are provided in the README of the
open source EXAQC repository?.

Best Avg Std. Dev. Best N Best N

Dataset Method Accuracy Accuracy Accuracy Parameters Gates
Iris Nguyen et al. [43] - 95.33 +0.0125 23 8
Benitez et al. [2] - 91.33 +0.0393 - 23
Maldonado et al. [38] - 94.0 +1.56 - -
Woun et al. [64] 100.0 - +1.6 - -
EXAQC (Ours) 100.0 96.33 +3.79 5 7
Seeds EXAQC (Ours) 100.0 95.71 +2.56 9 9

Wine Nguyen et al. [43] - 98.34 +0.0021 > 600 10(2 x 5)
Woun et al. [64] 96.0 - +1.3 - -
EXAQC (Ours) 97.22 91.94 +3.15 16 25

Breast Nguyen et al. [43] - 98.34 +0.0021 > 2500 14(2x7)
Cancer Woun et al. [64] 93.1 - +1.3 - -
EXAQC (Ours) 95.61 94.26 +0.55 20 27

Table 1: Comparison of EXAQC to fixed and evolved state-of-the-art methods.

3 Utilizing weight decay value would bias weights to 0 which aids standard neural
networks, however this bias is detrimental to PQC angular weights.
4 https://github.com/travisdesell /exaqc



EXAQC Framework 7

EXAQC (mean + std) (n_runs=10)

EXAQC (mean = std) (n_runs=10)

—— mean(top5_mean)
12 —— mean(best)
—— mean(pop_mean)

—— mean(top5_mean)
15.0 mean(best)
—— mean(pop_mean)

Reward / Loss
o
Reward / Loss

0 200 400 600 800 1000 0 200 400 600 800 1000
Insertion / step Insertion / step

(a) Iris (b) Seeds

EXAQC (mean + std) (n_runs=10) EXAQC (mean + std) (n_runs=10)

16 —— mean(top5_mean) —— mean(top5_mean)
mean(best) mean(best)
14 —— mean(pop_mean) —— mean(pop_mean)

Reward / Loss
©
Reward / Loss
IS

o 200 400 600 800 1000 0 200 400 600 800 1000
Insertion / step Insertion / step

(c) Wine (d) Breast Cancer

Fig.1: Combined loss plots across repeated experiments. Plots show the best
genome loss, loss of the top-5 genomes and the population average loss as a
whole.

4.1 Classification Benchmarks

The evolved quantum circuits were trained on the classification datasets using
balanced cross-entropy loss due to imabalanced datasets, utilizing the readout
probabilities for output quantum states against each of the class labels. We used
N, qubits as input, same as the number of input features and [log, n] as the
number of outputs where n is the number of classes. Results across the bench-
mark datasets are provided in Table 1 and compared to other state of the art
methods in terms of best and average performance across experiments, as well as
PQC sizes (when available). These works were selected based on their quantum
inspired approaches involving traditional models like SVM as well as equivalent
evolutionary approaches as well. To our knowledge these works highlighted the
best results in this specific domain. Even with a very modest budget of 1000
evaluated genomes, we find that EXAQC can quickly find well performing quan-
tum circuits for classification tasks. Appendix 6.6 provides visualizations of the
best found circuits for each classification benchmark.
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Fig.2: Gate and parameter complexity plots across different classification
datasets. Plots out the gates and parameters for the best identified genome
and the average metrics for the population.

From Table 1, EXAQC achieves consistently strong performance across all
benchmarks, attaining perfect or near-perfect best accuracy on Iris and Seeds,
and competitive results on Wine and Breast Cancer. These results are compara-
ble to or exceed prior approaches such as QSVM [64] and QES-TPE [43], demon-
strating the effectiveness of evolutionary search in discovering highly expressive
quantum circuit architectures. Notably, EXAQC achieves this performance with
significantly fewer parameters. Compared to other evolutionary approaches such
as EQAS [66], EXAQC achieves a favorable balance between circuit complex-
ity and performance, evolving highly efficient circuits that generalize well across
tasks. This highlights the ability of EXAQC to identify compact yet expressive
circuits, aligning with prior findings on the importance of circuit structure in
quantum model expressibility [50,54].

Figures 1 and 2 demonstrates the collective loss and circuit size plots across
10 independent runs for each of the classification benchmark problems, respec-
tively. Plots show that EXAQC swiftly finds well performing circuits, and then
refines them for higher performance, which requires steady growth as both gate
and parameter counts grow steadily over the course of evolution. This indicates
that improved predictive performance is generally associated with progressively
richer circuit structures. The best genomes consistently track above the popula-
tion averages, showing that the most successful solutions tend to exploit greater
structural and parametric capacity. The growth is also task-dependent: simpler
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Best Avg Std. Dev. Best N Best N

Dataset Method Reward Reward Reward Parameters Gates
CartPole Ding et al. [10] - 349.8 +71.3 19 <25
Chen et al. [6] 500 - - 26 -
Kolle et al. [25] 498.0 - +4.47 24 12
Giovagnoli et al. [14] 500 - - - -
EXAQC (Ours) 500 484.58  +15.13 1 2
FrozenLake Kolle et al. [26] 1.0 - - 5313 -
Giovagnoli et al. [14] 1.0 - - - -
Druagan et al. [11]  0.85 - +0.16 81 -
EXAQC (Ours) 1.0 0.7 +0.12 3 8
Mountaincar-C.  EXAQC (Ours) 99.351 94.517  £13.51 2 9
Walker-2d EXAQC (Ours)  1010.20 871.57 +191.403 3 9

Table 2: Comparison with other state-of-the-art methods involving PQCs as
well as evolutionary approaches for RL benchmarks. Please note that Giovagnoli
et al. [14] does not explicitly report the reward and standard deviation metrics
and Ding et al. [10] offers a proportional metric for number of gates.

datasets such as Iris and Seeds require more moderate increases in complexity,
whereas higher-dimensional problems such as Wine and especially Breast Cancer
drive substantially larger gate and parameter counts. This suggests that EXAQC
adapts circuit size to dataset difficulty, allocating deeper and more parameterized
quantum models when the classification boundary is more complex.

While EXAQC demonstrates strong best-case performance, the average accu-
racy and variance indicate some sensitivity to stochastic evolutionary dynamics,
particularly on simpler datasets such as Iris and Wine. However, on more com-
plex datasets such as Breast Cancer, the variance is substantially lower, suggest-
ing more stable convergence when richer representations are required. Overall,
these results suggest that EXAQC provides an effective and scalable framework
for quantum circuit design, capable of producing high-performing solutions with
reduced parameter overhead.

4.2 Reinforcement Learning Benchmarks

The evolved quantum circuits were trained on reinforcement learning environ-
ments using the REINFORCE policy gradient method, where the expectation
values of the output qubits were used to parameterize action distributions. For
each environment, the number of input qubits corresponded to the dimension-
ality of the state space, while the number of output qubits was determined by
the action space. Performance was evaluated using the average episodic return.
Results across the benchmark environments are summarized in Table 2, and
Figures 3 and 4 show reward and circuit size progress over the course of the
experiments. Appendix 6.7 provides visualizations of the best found circuits for
each RL benchmark.
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Fig. 3: Combined reward plots across repeated experiments. Plots show the best
genome loss, loss of the top-5 genomes and the population average loss as a
whole.

Even with a modest budget of evaluated genomes, we find that EXAQC is
able to rapidly discover high-performing policies, particularly in the CartPole en-
vironment. The best genome achieves the maximum reward early in the search
(within approximately 200-300 genome insertions), indicating that effective cir-
cuit structures can be identified quickly. FrozenLake shows interesting behavior
in that it takes awhile for the evolved PQCs to achieve enough complexity, af-
ter which the performance rapidly increases. The top-k mean fitness exhibits
a step-wise improvement pattern, reflecting the discrete nature of evolutionary
updates as improved genomes enter the elite set. Meanwhile, the population
mean increases more gradually, suggesting that beneficial circuit structures are
progressively propagated throughout the population.

Across all environments the number of gates and parameters initially in-
creases as evolution explores more expressive circuit structures, reflecting a phase
of architectural expansion. Over time, the best-performing genomes tend to sta-
bilize or even slightly reduce in complexity, indicating a pruning effect where
redundant gates and parameters are removed in favor of more efficient represen-
tations. Notably, more complex environments (e.g., FrozenLake) sustain higher
gate and parameter counts, while simpler or continuous control tasks (e.g., Cart-
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Fig.4: Gate and parameter complexity plots across different RL environments
for evolving genome populations. Plots out the gates and parameters for the best
identified genome and the average metrics for the population.

Pole, MountainCar) converge to relatively compact circuits, suggesting that the
evolutionary process adapts circuit complexity to task difficulty.

For the quantum circuit capable of solving CartPole (Figure 13a in Ap-
pendix 6.7) we can see that despite its small size, the circuit demonstrates that
only a handful of parametrized rotations and limited entanglement are sufficient
to capture the low-dimensional dynamics of CartPole. This compact structure
highlights that expressive policies can emerge from minimal quantum resources,
with the circuit efficiently encoding state information into a feature representa-
tion that is rich enough to solve the task. In contrast, for sparse and stochastic
environments such as FrozenLake, the learning dynamics are significantly more
challenging. Due to the sparse reward structure, most genomes receive near-zero
reward during the early stages of evolution, resulting in a prolonged exploration
phase. Once a successful trajectory is discovered, the best fitness exhibits sharp
improvements; however, the population mean increases more slowly due to the
difficulty of consistently reproducing successful policies under stochastic transi-
tions. This leads to a larger and more persistent gap between elite and average
performance compared to CartPole.

In continuous control environments such as MountainCarContinuous, EX-
AQC exhibits a more gradual but consistent learning trajectory compared to
dense reward settings. The best fitness improves rapidly once effective mo-
mentum building strategies are discovered, reaching near optimal performance
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early in the evolutionary process. However, the population mean increases more
steadily over time, reflecting the difficulty of propagating successful continuous
control policies across the population. The gap between elite and average perfor-
mance narrows slowly, indicating stable but progressive convergence as the evo-
lutionary process refines control strategies under continuous action constraints.
For more complex high-dimensional control tasks such as Walker2d, the learning
dynamics exhibit slower but sustained improvement over the course of evolution.
The best fitness steadily increases as increasingly coordinated locomotion strate-
gies are discovered, while the population mean improves at a more gradual pace
due to the difficulty of consistently evolving stable multi-joint control policies.
The persistent gap between elite and average performance reflects the complex-
ity of the task, where small structural differences in evolved circuits can lead
to significant variations in long-horizon reward accumulation. Nevertheless, EX-
AQC demonstrates the ability to progressively refine policies and achieve strong
performance even in challenging continuous control settings.

Cancer Iris Seeds Wine
exponential 21002l best  0.022 0.023 0.026  0.027
e inserted 0.461 0.405 0.410  0.446
discarded  0.517 0.572 0.564 0.527
binary | Blobal best 0.025 0.025 0.016 0.024
crossover inserted 0.465 0.417 0.319 0.473
discarded  0.510 0.558 0.665 0.503
corder _global best  0.020 0.026 0.016 0.021
inserted 0.411 0.365 0.348 0.398
gate  giscarded  0.568  0.610  0.636  0.581
dd global best  0.032  0.022 0.022 0.025
) inserted 0.423 0.341 0.331 0.394
gate discarded  0.545 0.637 0.647 0.581
dieable  8lobal best  0.019 0.020 0.022 0.013
inserted 0.351 0.345 0.296 0.324
B jiscarded  0.630 0.634 0.683 0.663
global best  0.032 0.026 0.023 0.021
clone  inserted 0.582  0.424  0.419  0.536
discarded 0.436 0.550 0.558 0.442
qubie | global best 0.016 0.018 0.015 0.017
inserted 0.352 0.305 0.276 0.330
SWaP giscarded  0.632 0.677 0.709 0.653
global best 0.022 0.029 0.017 0.027
enable 4 erted 0.466  0.398 0.851 0.429
gate discarded  0.513 0.573 0.631 0.545
pary | Bobalbest 0.057  0.035  0.026  0.042
inserted 0.464 0.392 0.297 0.459

CTOSSOVET giscarded  0.485  0.570  0.677 0.499

Table 3: Performance rates (%) for each mutation and crossover operation for
classification tasks. Best performance (high for inserts, low for discards) is bold
and italics, second best is bold, and third best is italics.
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CartPole FrozenLake Mountaincar-C Walker-2d

exponential 80021 best 0586 0.175 0.00 0.218
inserted 34.700 24.650 23.214 19.214
CTOSSOVET jiscarded  64.714 75.175 76.786 80.568
binary  Elopal best 0915 0.248 0.00 0.355
inserted 35.126 32.298 16.304 18.107
CTOSSOVET " jiscarded 63.959 67.453 83.696 81.538
cordor _ Blobal best 0422 0.215 0.719 0.307
. inserted 95.584 27.957 19.424 18.985
gate discarded  63.994 71.828 79.856 80.707
add global best  0.978 0.759 0.687 1.352
) inserted 35.014 28.325 23.482 23.771
gate discarded  64.013 70.916 75.830 74.877
Jiable  Blobal best  0.538 0.519 0.00 0.141
> inserted 29.247 20.561 20.988 20.845
gate discarded 70.215 78.920 79.012 79.014
global best 0.510 1.226 1.587 1.184
clone inserted 39.371 30.298 31.746 22.587
discarded  60.119 68.476 66.667 76.230
qubit | Boval best 0.578 0.155 0.00 1.025
o inserted 26.262 22.257 20.455 16.956
Swap discarded  72.860 77.589 79.545 82.019
enable global best 0.256 0.00 1.724 0.491
¢ inserted 36.923 19.330 12.069 16.953
8e giscarded  62.821 80.670 86.207 82.555
neary global best 0.586 1.107 1.00 0.326
oy . inserted 34.700 50.293 23.00 16.213
T discarded  64.714 68.660 76.00 83.460

Table 4: Performance rates (%) for each mutation and crossover operation for
RL tasks. Best performance (high for inserts, low for discards) is bold and italics,
second best is bold, and third best is italics.

4.3 Operator Evaluation

Tables 3 and 4 presents statistics for what happened to each genome across
each of the 10 repeated experiments on the classification and RL benchmarks,
respectively. If a genome was generated with a particular mutation or crossover
operation, the percentage of time that genome was inserted into the population
as a global best, inserted as a non-global best, or discarded was tracked. Un-
surprisingly, across both tasks the clone mutation shows the highest insertion
and lowest discard rates, as it refines existing good solutions with more back-
propagation. Following this, for classification, across all datasets, n-ary crossover
consistently found the most global best genomes, and additionally in three of
four cases had the second lowest number of discards, showing very strong per-
formance. Similarly, binary crossover, exponential crossover also showed good
performance, highlighting the utility of the crossover methods utilized in this
work. Mutations also mostly performed well with the exception of qubit swaps
having the highest discard rates, however it still was capable of finding global
best genomes. The higher discard rates from RL tasks (especially those who
found small but strong performing PQCs) reflect the search spending more time
on refinement than growth, as classification tasks tended to require larger PQCs.

These observations highlight the importance of exploration in evolutionary
reinforcement learning. Initially, mutation operators such as add gate play a crit-
ical role in constructing viable circuit structures that connect inputs to outputs
and enable meaningful policy representations. As evolution progresses, refine-
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ment operators such as reorder gate, disable gate, and parameter tuning become
increasingly important for improving performance of already well-structured cir-
cuits. Balancing exploration and exploitation through adaptive mutation strate-
gies could further enhance performance, particularly in sparse reward environ-
ments.

5 Conclusion

This work builds upon our prior research by extending the Evolutionary eX-
ploration of Augmenting Quantum Circuits (EXAQC) framework to a broader
and more versatile setting for quantum circuit design and training. The pro-
posed methodology remains framework-agnostic, supporting almost all avail-
able gates in both Qiskit and Pennylane, while incorporating parallelization,
advanced crossover strategies, and Lamarckian weight inheritance inspired by
neuroevolution and genetic programming. Empirical results demonstrate that
the evolved circuits not only achieve strong performance on classical classifica-
tion benchmarks but can also approximate target quantum circuits with high
fidelity. Notably, the extended framework further showcases promising results
on reinforcement learning environments, highlighting its capability to generalize
beyond supervised tasks. An analysis of EXAQC’s mutation and crossover op-
erations are provided, showing that all are effective in the evolutionary process,
with the interesting finding that our novel n-ary crossover is one of the most
effective operations.

Results reinforce the potential of EXAQC as a general-purpose quantum cir-
cuit optimization framework and motivate several directions for future work. The
flexibility to incorporate arbitrary objective functions enables its application to
diverse problem domains, including reinforcement learning, time series forecast-
ing, and more complex classification settings such as computer vision. Future
extensions will focus on enriching the framework with more comprehensive im-
age benchmarks and combinatorial optimization problems, as well as improving
the evolutionary search process through multi-population (island-based) models
and speciation strategies. Incorporating multi-objective optimization, especially
in regards to designing circuits which minimize error rates on specific quantum
architectures, will also be a key direction, allowing EXAQC to better balance
and exploit the variety of loss functions it can support and enabling it to design
PQCs refined for different target quantum systems.
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6 Appendix

6.1 Related Works

Recent advances in automated quantum circuit design are driven by two key
challenges: circuit structure strongly influences trainability, expressivity, and
hardware compatibility, and the search space over gate types, connectivity, and
depth is combinatorial. Consequently, quantum circuit synthesis and quantum
neural architecture search (QNAS) are increasingly formulated as optimization
problems, often using evolutionary or neuroevolutionary algorithms that jointly
explore discrete structures and continuous parameters.

One major direction focuses on constrained circuit synthesis. Siinkel et al. [56]
propose a hybrid multi-objective evolutionary approach optimizing fidelity and
circuit depth, achieving strong depth reductions with minimal fidelity loss. Un-
like such work, which targets synthetic objectives, the present approach em-
phasizes dataset-driven tasks and backend-agnostic training across frameworks
such as PennyLane and Qiskit. Similarly, Zhang and Zhao [65] apply evolu-
tionary search to classification using measurement-based metrics, whereas this
work additionally supports fidelity-based supervision when target mappings are
available.

Neuroevolution-based methods such as QNEAT [14] co-evolve circuit topol-
ogy and parameters, demonstrating effectiveness in RL settings. In contrast,
the proposed framework employs a unified genome representation that supports
both task-based losses and circuit-to-circuit or state fidelity objectives. Ding and
Spector [10] further emphasize multi-objective optimization, balancing accuracy
and circuit complexity, aligning with our use of structural metrics to discourage
inefficient architectures.

In supervised learning, EQNAS [30], Li et al. [31], and Ma et al. [37] demon-
strate evolutionary QNAS for classification tasks such as MNIST and CIFAR-10.
However, these methods typically rely on measurement-space objectives and pre-
defined templates. The present work extends this paradigm by enabling fidelity-
based supervision when a target circuit is available, while also supporting stan-
dard dataset-driven losses through readout distributions.

Representation design is another key aspect. Lourens et al. [34] propose hi-
erarchical encodings to improve scalability and genetic operations. Similarly,
the genome representation here emphasizes modularity through gate specifica-
tions, register-aware wiring, and flexible input-output mappings, while support-
ing backend-independent execution and multiple training objectives. Ewen et
al. [13] explore genetic programming with ZX-calculus transformations, high-
lighting semantics-aware mutation strategies compatible with this framework.

Hybrid quantum-classical architectures have also been explored. Liu et al. [32]
and Rubio et al. [48] investigate evolutionary search in hybrid models. The
present work instead focuses on a general-purpose circuit genome capable of
supporting both fidelity-based and dataset-driven learning, while incorporating
richer evaluation signals beyond accuracy.
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Prior work in quantum reinforcement learning largely focuses on optimiz-
ing parameters of fixed circuit architectures. Chen et.al. [7] replace classical
Q-networks with VQCs, while Jerbi et.al. [19] extend this to policy-gradient
methods. Other studies highlight optimization strategies and training stabil-
ity [26], or formulate circuit construction as an RL problem [1]. In contrast,
the proposed work shifts focus from parameter tuning within fixed ansétze to
evolving circuit structure itself, enabling discovery of transferable architectures
across both supervised and RL tasks.

6.2 EXAQC'’s Distributed Asynchronous Framework

The evolutionary search is parallelized using a master-worker paradigm imple-
mented with MPI via mpi4py (Refer Figure 5). The master process (rank 0) is
responsible for generating candidate genomes and maintaining the population,
while worker processes asynchronously request genomes, evaluate them using
the objective function, and return the evaluated genomes back to the master for
insertion into the population. This design enables efficient task distribution, as
workers operate independently without synchronization barriers, allowing het-
erogeneous evaluation times across genomes. The asynchronous communication
pattern ensures high resource utilization and scalability, significantly reducing
overall search time for computationally expensive quantum circuit evaluations.
The primary advantages of this parallelism include near-linear speedup with
additional workers, improved exploration of the search space through increased
evaluation throughput, and the ability to scale to large populations and complex
objective functions without introducing significant coordination overhead. In its
current initial implementation, EXAQC utilizes a single steady state population,
however the codebase has been designed to allow for plugging in varying popu-
lation strategies so it can be easily extended to utilize island or multiobjective
strategies in future work.

6.3 Mutation and Crossover Operators

Add Gate (Figure 6a) places a gate at a random depth d ~ U(0, 1). To prevent
adding gates which will not be used in useful computation, the gates in the
network are traversed in order from 0 to d, to determine which qubits are affected
by the inputs - these make the list of potential input qubits for the new gate.
Similarly, the gates are traversed in reverse order from 1.0 to d, to determine
which qubits are connected to the outputs by other gates — these make the list
of potential output qubits for the new gate. If the list of input and output qubits
are disjoint, only gates which have control (input) and target (output) qubits
are allowed. The input qubits for the new gate are selected from the possible
input qubits, and the output qubits for the new gate are selected from the
possible output qubits. If the gate is parameterized, its parameters are initialized
randomly ~ U(—m, 7). The parent circuit genome will be copied as the new child
(inheriting parental circuit parameters), and the gate will be added to the child
genome at depth d with a newly assigned innovation number.
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Enable/Disable Gate (Figure 6b) first copies the parent as a child genome, then
randomly selects from the child either an enabled gate to be disabled (for disable
gate), or a disabled gate to be enabled (for enable gate). If enable gate is selected
and there are no disabled gates, or disable gate is selected and there are no
enabled gates, this mutation will return False so another mutation or crossover
attempt can be made to generate a modified child.

Reorder Gate (Figure 6c) first copies the parent as a child genome, then ran-
domly selects a gate within the child genome. It disables that gate, creates a copy
of it (with a new innovation number), and assigns it a new depth d ~ U(0,1), a
new innovation number, and adds it to the child genome.

Swap Qubits (Figure 6d) first copies the parent as a child genome, then randomly
selects a gate within the child genome. It disables that gate, creates a copy of it
(with a new innovation number), and then selects a qubit parameter at random
with the gate and assigns it to a different qubit. If the qubit was an input qubit,
the new qubit is randomly selected from all possible input qubits at that depth,
if it was an output qubit, the new qubit is randomly selected from all possible
output qubits at that depth. Otherwise (if it was both an input and output)
it is randomly selected from all possible input and output qubits. Additionally,
to prevent the new gate from having the same depth as the gate it was copied
from, it is assigned a new depth d ~ U(dprev; dnest), where dpre, is the depth of

EXAQC — MPI Master-Worker Parallel Genome Evolution

Master Process (rank 0) ‘Worker Process (rank 1)

Step 1 Request
EXAQC Engine send(None, dest=0, tag-genoms_request)

Step 2 — Evaluate & Ret:

objectiva(genome) — circuit sim + fitness score,

Message Dispatch Loop
Step 1 — Request

NY_SOURCE) send(lone, dest=0, tag=genome_request)

--------- Step 2 — Evaluate & Return

objective(genome) 5 circuit sim + fitness score,

A J

Worker Process (rank 3)

Step 1 — Request

send(lone, dest=0, tag=genome_request)

Step2  Evaluate & Return

objective(genome) — circuit sim + fitness score

- J

——> genome (M—5W) --=--> genome_response (W—M)

Fig. 5: Master-Worker Architecture in Evolving Genome Circuits and Tracking
the Best Genomes (sim is short for simulation)
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the previous gate in the (sorted) gate list, or 0 if there was not a gate before it,
and dy,q, is the depth of the next gate in the gate list, or 1.0 if there was not a
gate after it. This new gate is assigned a new innovation number and added to
the child genome.

N-Ary Crossover (Figure 7) expands binary crossover to allow any number of
parents. Parents are divided into the best fit parent, and all other parents. If a
gate exists in the best fit parent and any other parent, it is added to the child
genome. If a gate is only in the best fit parent, it is added at the best keep rate
(0.75 for this work). If a gate exists in any other gate, but not the best fit parent,
it is added to the child genome at the other keep rate (0.25 for this work).
For parameterized gates in multiple parents, a randomized simplex approach is
used [22,59], where the randomized line search is performed between weight in
the best parent, pyes: and the average of the weights in the other parents pgyg,

1 qo . Genabled |_| Rz (9) |—

Q1 = Q <
» —o—{x}— qz o—{x}—
qo Chew R, (0) do I Gdlsmbled R, (0)
a1 Q1
a2 O X a2 O [x|—
(a) Add gate (b) Enable/Disable gate

G ————o——

a2 < [ x| Z .
=

o R (0) H Ghew position |— q0
q1

9o Gold position |—| R.(9) |_ 9o
Q1

q1

»—ar[d]

q3 ——o——

q2 &b X
(c) Reorder gate (d) Qubit swap

Fig. 6: Structural mutation operators used in hybrid evolutionary quantum cir-
cuit optimization. Highlighted gates indicate newly added or modified structures.
Figures first presented in Kar et al. [20].
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transfers with probability pp. If ¢ appears only in the other parents (), it transfers with

probability p,.

Parameter recombination (shared, parameterized gates): r < U(0,1)(ca — ¢1) + c1,
Oothers = ﬁ Zkeoi Ok, Ocnita = 0o + 7'(9;: - 90)

Other-only parameter averaging (when multiple others): For a selected other-only innova-
tion with parameters, set Bavg = % Z;n:1 Bj-

Fig. 7: N-ary crossover operator (from Kar et al. [20]).

where [; = —1.0 and l5 = 0.5 are used as hyperparameters:

r = (rand(0,1) x 1) — s

Prnew = Pother + 7 (pbest - pother)

(6)

Gates which only come from one parent utilize the same weights. This fol-
lows EXAMM/EXA-GP’s Lamarckian weight inheritance strategy [36]. Binary
crossover is n-ary crossover where n = 2.

Ezxponential Crossover Exponential crossover (Figure 8) was also implemented
as a way to recombine parents in a way that could potentially capture different
useful gates from each parent. This creates a new child genome, and computes
a random crossover depth depossover ~ U(0,1). All gates from the first parent
with depth d < dcrossover are copied into the child genome, and all gates from
the second parent with depth d > dgrossover are copied from the second parent
into the child genome.
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Parent 1 Parent 2
wAleRle]ple]F w—[m ]z H ]
. S . S
92 \v% 92 %

keep gates with depth < d. keep gates with depth > d.

|} Exponential Crossover(d.) |

Child (recombined)

q2

A >y

Rule: Sample d. ~ U(0,1). Copy all gates from Parent 1 with depth < d., and all gates from
Parent 2 with depth > d., into the child.

Fig. 8: Exponential crossover operator (from Kar et al. [20]).



6.4 Available Qiskit Gates
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Gate Method Qubits Parameters
Toffoli cex control _qubitl, control _qubit2, target_ qubit

Symmetric ccz control _qubitl, control _qubit2, target qubit

Controlled Hadamard ch control _qubit, target _qubit

Controlled Phase cp control _qubit, target _qubit theta
Controlled RX crx control _qubit, target qubit theta
Controlled RY cry control _qubit, target _qubit theta,
Controlled RZ crz control _qubit, target _qubit theta
“ontrolled S cs control _qubit, target qubit

Jontrolled ST csdg control _qubit, target qubit

Controlled SWAP (Fredkin) cswap  control _qubit, target _qubitl, target _qubit2

Controlled sqrt X (€519 control _qubit, target _qubit

Jontrolled U cu control _qubit, target qubit theta, phi, lam, gamma
Controlled X cx control _qubit, target _qubit

Controlled Y cy control _qubit, target _qubit

“ontrolled Z cz control _qubit, target qubit

Double CNOT dex qubitl, qubit2

Echoed Cross-Resonance ecr qubitl, qubit2

Hadamard h qubit

Identity id qubit

iISWAP iswap qubitl, qubit2

Phase P qubit theta

R r qubit theta, phi

Simplified 3-Controlled Toffoli

rceex

control _qubitl, control _qubit2, control _qubit3, target qubit

Simplified Toffoli (Margolus) rcex control _qubitl, control qubit2, target qubit

RV v qubit VX, VY, vz
RX X qubit theta
RXX XX qubitl, qubit2 theta

RY ry qubit theta
RYY ryy qubitl, qubit2 theta

RZ 17 qubit phi

RZX rZX qubitl, qubit2 theta
RZ7Z 172 qubitl, qubit2 theta

S s qubit

S-adjoint sdg qubit

SWAP swap qubitl, qubit2

sqrt X SX qubit

inverse sqrt X sxdg qubit

T t qubit

T-adjoint tdg qubit

U u qubit theta, phi, lam
X b'e qubit

Y y qubit

z z qubit

Table 5: Available Qiskit gates, their qubits and parameters (if parameterized).
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6.5 Available Pennylane Gates

Gate Method Qubits Parameters
Toffoli cex control _qubitl, control qubit2, target qubit

CCZ ccz control _qubitl, control qubit2, target qubit
Controlled Hadamard ch control _qubit, target qubit

Controlled Phase cp control _qubit, target_qubit phi
Controlled RX crx control _qubit, target qubit phi
Controlled RY cry control _qubit, target qubit phi
Controlled RZ crz control qubit, target qubit phi
Controlled SWAP (Fredkin) cswap  control qubit, target qubitl, target qubit2
Controlled X cx control _qubit, target_qubit

Controlled Y cy control _qubit, target qubit

Controlled Z cz control _qubit, target qubit

Hadamard h qubit

Identity id qubit

iISWAP iswap qubitl, qubit2

Phase p qubit phi
RX X qubit phi
RY Ty qubit phi
RZ rZ qubit phi
RZ7Z 177 qubitl, qubit2 theta
S s qubit

SWAP swap qubitl, qubit2

T t qubit

U u qubit theta, phi, delta
X b'e qubit

Y y qubit

Z z qubit

Table 6: Available Pennylane gates, their qubits and parameters (if parameter-
ized).
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6.6 Best Found Classification Circuits

Genome 328

IsingZZ

Fig. 9: Best found circuit for the iris benchmark.

Genome 388

RY

Lodhod

Fig. 10: Best found circuit for the seeds benchmark.
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Fig. 11: Best found circuit for the wine benchmark.
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Fig. 12: Best found circuit for the breast cancer benchmark.
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6.7 Best Found Reinforcement Learning Circuits

Genome 365

IsingZZ

Lo

Y

IsingXX

©
—
—4

~

| Ldbd

IsingYY

@@@@g@

]_
. oSl I
u

(a) Best found circuit for CartPole. (b) Best found circuit for Walker-2d.

Fig. 13: Best evolved circuits for RL environments.
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Fig. 14: Best found circuit for Mountaincar-Continuous.



