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Abstract
With the ongoing advances in noisy intermediate-scale quantum hardware,
variational quantum algorithms have demonstrated significant potential in a range of
quantum applications. However, obtaining high-performance, shallow-parameterized
quantum circuits typically requires repeated optimization of the gate parameters over
a large set of candidate circuits, resulting in prohibitively high evaluation costs. To
address this challenge, this study proposes a novel predictor-based quantum
architecture search (PQAS-ZX) method that leverages ZX-calculus. In this approach, a
quantum circuit is first represented as a ZX diagram that supports multi-step
equivalent simplifications at the diagram level. By applying these equivalence
transformations, multiple circuit variants that share the same performance metric are
generated, thereby significantly expanding the training dataset and enhancing the
ability of the predictor to manage diverse circuit structures. ZX diagrams offer more
flexible characterizations of multi-qubit entanglement and phase interactions, as well
as higher-level equivalent transformations, compared with the state-of-the-art
predictor-based quantum architecture search with graph measures (PQAS-GM).
Numerical simulations of three variational quantum eigensolver tasks, namely the
transverse-field Ising, Heisenberg, and BeH2 molecular models, demonstrated that
PQAS-ZX required only approximately 80.9%, 82.9%, and 76.1% of the queries
required by PQAS-GM, respectively, to achieve the same probability of reaching the
target ground-state energy. These results highlight the advantage of using ZX
diagrams to identify high-quality circuits efficiently and alleviate the evaluation
burden of quantum architecture searches.

Keywords: Quantum Architecture Search; Variational Quantum Algorithm;
ZX-Calculus

1 Introduction
With the continuous improvements in qubit numbers and gate fidelity, quantum com-
puting has evolved from theoretical studies towards practical applications [1, 2]. Never-
theless, current experimental platforms remain in the noisy intermediate-scale quantum
(NISQ) era, constrained by limited qubit numbers, restricted connectivity, and hardware
noise. These factors hinder reliable execution of deep circuits and large-scale quantum
algorithms [3].

Hybrid quantum-classical frameworks, particularly variational quantum algorithms
(VQAs), have emerged to leverage NISQ hardware effectively. These algorithms iteratively
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employ shallow parameterized quantum circuits (PQCs) and classical optimizers, mitigat-
ing noise accumulation while maintaining high performance even at limited circuit depths
[4, 5]. VQAs have shown promising results in quantum chemistry [6, 7], combinatorial op-
timization [8, 9], and quantum machine learning [10, 11].

However, the effectiveness of VQAs is strongly dependent on the PQC design. Simply
increasing the circuit depth to enhance expressivity exacerbates hardware noise, inten-
sifying gate errors and triggering the “barren plateau” phenomenon, in which gradients
vanish rapidly in high-dimensional parameter spaces [12, 13]. Although heuristic circuit
templates such as hardware-efficient circuits and UCCSD partially alleviate these issues
[3, 14], effectively balancing trainability and expressivity under realistic hardware condi-
tions remains challenging [15–17]. Thus, the selection of appropriate circuit architectures
is critical.

Quantum architecture search (QAS), inspired by neural architecture searches in ma-
chine learning [18–20], has emerged as an automated optimization approach. QAS typ-
ically comprises a search module that iteratively generates or modifies candidate archi-
tectures, and an evaluation module that measures or simulates their performance. Com-
mon search techniques include reinforcement learning [21, 22], evolutionary algorithms
[23, 24], greedy strategies [25], and differentiable searches [26]. However, evaluating nu-
merous candidate circuits often demands repeated training, leading to significant compu-
tational and experimental overheads, thereby limiting the QAS scalability.

Zhang et al. [27] introduced a predictor-based QAS (PQAS) framework to reduce evalu-
ation costs. Their method unfolds quantum circuits into linear sequences, training neural
networks to estimate circuit performance quickly and filter out suboptimal candidates ef-
ficiently before expensive evaluations. He et al. [28] proposed the use of directed acyclic
graphs (DAGs) combined with graph neural networks to capture multi-qubit entangle-
ment and inter-gate dependencies more effectively beyond linear representations. Never-
theless, neither linear lists nor DAGs sufficiently represent complex entanglement struc-
tures and intricate phase interactions. In particular, DAG topologies may increase expo-
nentially with the circuit size, complicating advanced optimization and equivalence check-
ing. Consequently, high-level reasoning and effective simplification of quantum circuit
representations remain significant challenges.

This study introduces ZX-calculus [29–32] in QAS for the first time to overcome the
limitations of traditional representation methods in capturing multi-qubit entanglement
and complex phase interactions. ZX-calculus is an intuitive and flexible graphical lan-
guage for quantum computation, which uses graphical rewriting rules to transform and
optimize quantum circuits at a high-level topology effectively. ZX-calculus has demon-
strated substantial advantages in quantum circuit optimization, entangled-state analysis,
and measurement-circuit design by clearly representing multi-qubit entanglement and in-
tricate phase relationships.

A ZX diagram consists primarily of two fundamental nodes, namely Z-spiders and X-
spiders, which represent operations or measurements in the Z-basis and X-basis, respec-
tively. These spiders are interconnected via Hadamard edges, creating a flexible and in-
tuitive graph structure. ZX diagrams preserve the circuit functionality under structural
transformations (such as spider fusion and color changing), making them more expres-
sive than traditional linear-list and DAG representations. This unified graphical frame-
work enables a circuit and its multiple structurally equivalent variants to serve as a rich,
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consistent dataset, thereby significantly enhancing the training efficiency of the predictor,
especially when labeled data are limited. The explicit representation of entanglement and
phase interactions in ZX diagrams naturally improves the prediction accuracy and model
generalization.

This study proposes a novel predictor-based quantum architecture search method based
on ZX-calculus, known as PQAS-ZX. PQAS-ZX leverages the flexible topological trans-
formations of ZX diagrams for effective data augmentation, significantly enhancing the
predictive model generalization. Experimental results on three representative variational
quantum eigensolver (VQE) tasks—the transverse-field Ising model (TFIM), Heisenberg
model, and BeH2 molecular model—demonstrate that PQAS-ZX substantially reduces
the number of required circuit evaluations compared with the state-of-the-art graph-
measure-based method (PQAS-GM) [33], requiring only approximately 80.9%, 82.9%, and
76.1% of the evaluations, respectively, to achieve the target ground-state energy. These re-
sults highlight the distinct advantage of ZX-calculus in capturing critical circuit features
and significantly reducing the computational overhead in QAS. With the continued ad-
vances in quantum hardware capabilities, the proposed PQAS-ZX framework provides
essential theoretical support and practical guidance towards scalable, cost-effective, and
highly efficient quantum circuit design.

The remainder of this paper is organized as follows. Section 2 reviews related work on
QAS and ZX-calculus. Section 3 introduces the PQAS-ZX framework and its integration
into QAS. Section 4 presents the experimental validations on representative VQE tasks.
Finally, Sect. 5 concludes the study and outlines future research directions.

2 Related work
The aim of QAS is to automate the design of high-performance quantum circuits for
VQAs, improving algorithmic efficiency under noisy hardware conditions [27, 34]. A typ-
ical QAS framework comprises a search module, which iteratively generates or modifies
circuit architectures from a large candidate space, and an evaluation module that assesses
their performance through quantum simulations or hardware measurements. Previous
studies have demonstrated QAS to be superior to manually designed circuits in terms of
flexibility and performance across various VQA tasks. However, evaluating numerous can-
didate circuits typically requires repeated optimization of the gate parameters, resulting
in substantial computational and experimental overheads. Thus, reducing the evaluation
costs while maintaining the search efficacy is a central focus in QAS research.

Various acceleration strategies have been proposed to address the high costs of large-
scale evaluations. Representative methods include the following: (1) One-shot supercir-
cuits train a “supercircuit” encompassing all candidate gate configurations. Each sub-
circuit inherits optimized parameters from the supercircuit, thereby reducing repetitive
training [23]. Although this approach reduces the training overhead, optimizing the su-
percircuit itself is highly complex and lacks theoretical guarantees regarding individual
subcircuit performance. (2) Predictor-based QAS trains neural networks on small sets of
circuit performance data to predict the circuit quality rapidly. Thus, low-performing can-
didates can be filtered out, allowing intensive evaluation only for the most promising cir-
cuits [27]. Although this method efficiently reduces the number of evaluations, it demands
high accuracy and generalization capabilities from predictors, as well as effective circuit
representations that capture the operational and structural features. (3) Training-free fast
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evaluation methods include universal or heuristic metrics (e.g., circuit path lengths and
expressibility measures) that quickly estimate the circuit quality without full parameter
optimization [35]. Despite reducing the overhead further, these methods often lack task-
specific precision and require careful fine-tuning or custom metric design, limiting their
generalizability across different quantum tasks.

The circuit representation critically influences the performance prediction accuracy
in predictor-based QAS frameworks. Previous studies have explored various represen-
tations, including linear sequences, DAGs, and general computational graphs [27, 28, 33].
Although linear-list representations are realistic and simple, they often fail to represent
multi-qubit entanglement structures and complex phase relationships adequately. DAG-
based methods effectively encode inter-gate dependencies, but their complexity increases
exponentially with the circuit scale and connectivity, complicating high-level circuit sim-
plifications and equivalence checks. Some methods, such as PQAS-GM [33], employ com-
putational graphs enriched with node-level features like node degree, distance, or cluster-
ing coefficients to capture the internal correlations more effectively and reduce the re-
liance on large labeled datasets. Although this partially alleviates the data requirements,
fine-grained gate-level details and specific operational characteristics are still insufficiently
captured.

In summary, despite significant progress in QAS methodologies, accelerating large-scale
evaluations and devising expressive circuit representations for effective predictor training
remain major challenges. Traditional methods such as linear lists and DAGs increasingly
exhibit limitations in capturing complex entanglement structures and phase interactions
with greater circuit complexity. Therefore, recent research has explored alternative circuit
representations that facilitate high-level simplification and equivalence transformations.
ZX-calculus, which is a graphical language based on intuitive and flexible graph repre-
sentations, has emerged as a promising approach. For instance, Ewen et al. [36] recently
combined ZX-calculus with genetic programming to optimize quantum circuits through
topological mutations such as local complementation and pivoting. However, their work
primarily focused on evolving ZX diagrams via topological operations, without explic-
itly leveraging ZX transformations for systematic data augmentation to enhance predictor
generalization. To address these limitations, this study proposes PQAS-ZX, which system-
atically leverages the high-level graphical rewriting and flexible equivalence transforma-
tions of ZX diagrams to generate structurally diverse yet logically equivalent circuits for
effective data augmentation. This approach explicitly captures essential circuit features,
improving the prediction accuracy and generalization performance while significantly re-
ducing the computational overhead associated with performance evaluations. PQAS-ZX
offers significant advantages in quantum circuit optimization by exploiting the rich struc-
tural representations provided by ZX diagrams, establishing an essential theoretical foun-
dation and practical roadmap for scalable and efficient QAS.

3 Method
In the previous section, we discussed challenges that are faced by current QAS approaches
and introduced ZX-calculus as an effective alternative to conventional gate-level and
DAG-based representations. In this section, we present the proposed PQAS-ZX method
in detail, highlighting its core principles, key workflow, and main innovations. Specifi-
cally, we discuss how multi-step equivalence transformations of quantum circuits in their
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Figure 1 Schematic overview of the PQAS-ZX workflow. (1) Candidate quantum circuits are converted into
ZX diagrams, followed by iterative simplification to yield multiple equivalent circuit variants. (2) A small subset
of circuits undergoes full VQA training to obtain accurate performance labels. (3) The remaining candidates
are rapidly evaluated and screened using the trained predictor. (4) Parameter optimization is performed on
the screened subset to determine the true performance and select the optimal quantum circuit architecture

ZX representation can generate multiple functionally equivalent variants, thereby signif-
icantly enriching the training dataset to enhance the accuracy and generalization of pre-
dictor models.

3.1 Overview of PQAS-ZX
As shown in Fig. 1, our method comprises the following four main stages:

1. ZX Diagram Generation and Multi-step Simplification
Each candidate quantum circuit is first converted into a ZX diagram. Graphical rewrit-

ing rules such as spider fusion, the identity rule, phase-free simplification, and scalar re-
duction are iteratively applied to yield multiple functionally equivalent yet structurally
distinct circuit representations.

2. Predictor Training
A small subset of candidate circuits is selected from the pool for comprehensive VQA

training to determine accurate performance labels. The ZX-derived variants of each orig-
inal circuit inherit the same ground-truth performance, thereby significantly enriching
the training dataset without requiring additional expensive evaluations. These circuit-
performance pairs are subsequently used to train a neural predictor model that can ef-
ficiently estimate the performance of arbitrary ZX diagram representations.

3. Candidate Screening
The trained predictor is employed for the remaining large set of candidate circuits (and

their corresponding ZX diagram variants) to estimate the circuit performance rapidly.
Only candidates that are predicted to have high potential undergo comprehensive pa-
rameter optimization, substantially reducing the computational overhead associated with
circuit evaluations.

4. Final Selection
Finally, complete VQA training is conducted on the selected high-potential subset to de-

termine their true performance accurately, as a result of which the best-performing quan-
tum circuit architecture is identified.

Compared with the classical PQAS pipeline, PQAS-ZX systematically exploits ZX-
calculus to generate multiple topologically distinct yet logically equivalent circuit repre-
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Figure 2 Construction of node and edge feature matrices from a ZX diagram. (a) Gate-level representation of
a candidate quantum circuit. (b) Corresponding ZX diagram composed of Z-spider and X-spider nodes
interconnected by Hadamard edges. (c) Node feature matrix constructed from the attributes of spider nodes,
capturing the node type, phase values, and local edge attributes. (d) Edge feature matrix representing the
connectivity patterns, topological relationships, and phase interactions among spider nodes. These matrices
constitute structured numerical inputs for the neural predictor

sentations from a single original circuit. PQAS-ZX significantly improves predictor accu-
racy and generalization, particularly in scenarios with limited labeled data, by effectively
enriching the training data and explicitly capturing the entanglement and phase relation-
ships. Moreover, the proportion of circuits that are retained during the candidate screen-
ing stage can be flexibly adjusted to balance the evaluation costs and prediction accuracy.

3.2 Feature extraction from ZX diagrams
Each candidate quantum circuit is first converted into structured numerical representa-
tions that are compatible with the prediction model to integrate ZX diagram representa-
tions into the neural predictor effectively. As illustrated in Fig. 2, the initial step involves
transforming quantum circuits into their corresponding ZX diagrams, which consist of
interconnected Z-spiders and X-spiders. ZX diagrams explicitly encode essential multi-
qubit entanglement structures and intricate phase interactions within a compact graphi-
cal form, offering intuitive visualization and structurally rich information that are crucial
for accurate circuit performance prediction.

Subsequently, structured numerical information is extracted from these ZX diagrams by
systematically constructing two numerical feature matrices—the node and edge feature
matrices—as depicted in Fig. 2(c) and (d), respectively. Specifically, the node feature ma-
trix encodes key attributes of each spider node, including the node type (Z- or X-spider),
associated phase values, and local connectivity details such as the count and types of di-
rectly connected edges (e.g., Hadamard or standard edges). The edge feature matrix ex-
plicitly represents inter-node relationships, capturing the detailed connection patterns,
phase interactions, and structural dependencies that are intrinsic to ZX diagrams. Both
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the local operational characteristics and global topological features of quantum circuits
are comprehensively encapsulated by jointly leveraging these node and edge matrices.

The resulting numerical feature matrices serve as direct inputs to the neural predictor,
the architecture and training methodology of which are detailed in Sect. 3.4.

3.3 Equivalent circuit generation and data augmentation
We propose a systematic data augmentation strategy based on ZX-calculus simplifica-
tions to enrich the training dataset and enhance the generalization capability of our neu-
ral predictor. The initial quantum circuit is first converted into its equivalent ZX dia-
gram. Starting with this diagram, we iteratively apply four primary ZX-calculus simplifica-
tion rules: spider fusion, identity removal, phase-free simplification, and scalar reduction.
These transformations significantly alter the topology and structure of the ZX diagram
while preserving its logical functionality. We explain each simplification rule below, with
illustrative examples depicted in Fig. 3.

Spider fusion (Fig. 3(a)): Adjacent spiders of the same color (either Z- or X-type) are
merged into a single spider by combining their phases, thereby reducing the node count
and simplifying the diagram structure.

Identity removal (Fig. 3(b)): A spider node with exactly two edges (one input and one
output) and no phase represents an identity operation, and can thus be removed directly,
simplifying the diagram without altering the logical functionality.

Phase-free simplification (Fig. 3(c)): This rule systematically redistributes internal node
phases towards the boundaries, minimizing or eliminating phases in central nodes,
thereby yielding a simplified canonical diagram form that facilitates further optimization.

Scalar reduction (Fig. 3(d)): This rule eliminates global scalar factors (e.g., redundant
loops), simplifying the overall diagram. Although these scalar components do not affect
the measurement outcomes, their removal streamlines the circuit representation.

Multiple logically equivalent yet structurally diverse circuit variants are produced from
a single initial circuit by iteratively applying these ZX-calculus rules in various combina-
tions and orders. As illustrated in Fig. 3, each simplification step generates distinct ZX
diagram representations exhibiting significant topological and structural variations. This
“one-circuit, multi-representation” strategy significantly enhances the dataset diversity for
the subsequent neural predictor training.

The ZX-calculus-based multi-equivalent representation strategy provides several no-
table advantages for data augmentation compared with conventional PQAS pipelines.
First, it supports multi-step simplifications and unified performance labeling. Once an
original circuit (denoted as Z0) is comprehensively trained and evaluated (e.g., by obtain-
ing the ground-state energy via VQA), the same ground-truth performance label is consis-
tently assigned to all logically equivalent ZX variants {Z0

0, Z1
0, . . . , Zk

0}. This approach sig-
nificantly increases the dataset diversity without additional costly evaluations. Second, it
provides rich structural variations. Equivalent circuits exhibit substantial diversity in node
types, phase configurations, and subgraph structures, greatly enhancing the generalization
capabilities of the predictor. Third, label scarcity is mitigated. Generating labeled data
via quantum evaluations and parameter optimizations is resource intensive. Our multi-
representation, single-performance strategy effectively addresses the label scarcity issues
that are commonly encountered in large-scale QAS tasks, maximizing information uti-
lization from each evaluation, and thus, improving the predictor robustness.
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Figure 3 Illustrations of the primary ZX-calculus simplification rules used in PQAS-ZX for data augmentation.
(a) Spider fusion merges adjacent spiders of the same color by combining their phases. (b) Identity removal
eliminates identity operations represented by phase-free spiders with exactly two edges. (c) Phase-free
simplification redistributes the internal node phases towards the diagram boundaries, simplifying the
diagram structure. (d) Scalar reduction removes global scalar components. These rules hold equally for spiders
of the opposite color despite being explicitly illustrated using spiders of one color. Each step preserves logical
functionality, producing structurally diverse yet functionally equivalent ZX diagram variants

In summary, the proposed ZX-calculus-based data augmentation strategy significantly
enriches the training dataset, enhancing the predictor accuracy and generalization. The
number and sequence of applied simplification rules can be flexibly adjusted according to
the circuit complexity and computational resources, providing a practical balance between
the simplification depth and overheads. The enriched and structurally diverse dataset
obtained in this manner serves directly as input for the neural predictor described in
Sect. 3.4.

3.4 Neural predictor construction
A neural predictor is constructed based on the structured numerical representations de-
scribed in Sects. 3.2 and 3.3 to estimate quantum circuit performance accurately and ef-
ficiently. As illustrated in Fig. 4, our predictor employs a dual-branch neural architecture
that independently processes the node and edge feature matrices extracted from the ZX
diagrams.

Specifically, the node and edge feature matrices serve as inputs to two parallel process-
ing branches. Each branch comprises a long short-term memory (LSTM) layer followed
by convolutional (Conv) layers, effectively capturing both the temporal dependencies and
local structural patterns within each type of feature. The resulting feature embeddings
from both branches at each of the five timesteps (t0 to t4) are temporally aggregated and
concatenated into a unified representation. This integrated representation is further re-
fined through a fully connected (FC) layer, ultimately producing a scalar output to predict
performance metrics of the quantum circuit, such as the ground-state energy.

During training, structurally diverse yet logically equivalent circuit variants that are de-
rived from the same original quantum circuit share identical ground-truth performance
labels. The predictor is trained by minimizing the mean squared error between the pre-
dicted values and actual circuit performance metrics. Leveraging diverse ZX diagram rep-
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Figure 4 Schematic of the neural predictor architecture used in PQAS-ZX. The node and edge feature
matrices extracted from the ZX diagrams are separately processed by two parallel branches, each consisting
of an LSTM layer followed by Conv layers. Subsequently, the outputs of these branches are concatenated and
refined through an FC layer, resulting in a final scalar prediction of the quantum circuit performance

resentations enriches the training dataset, enhancing the generalization capabilities of the
predictor across unseen circuit architectures.

4 Results and discussion
To evaluate the effectiveness of the proposed PQAS-ZX method, numerical simulations
were performed on three representative VQE tasks using the Qiskit platform: (1) six-qubit
TFIM, (2) five-qubit Heisenberg model, and (3) ground-state energy estimation of a six-
qubit BeH2 molecule. We adopted task definitions, parameter settings, and search-space
configurations identical to those used in Ref. [33] to ensure a direct comparison with the
state-of-the-art approach PQAS-GM [33]. The core Hamiltonians and success criteria are
summarized in the following, and further details can be found in Ref. [33].

4.1 Tasks
TFIM:

The target Hamiltonian is

HTFIM =
n∑︂

i=1

ZiZi+1 +
n∑︂

i=1

Xi, (n = 6), (1)

where the energy E ≤ –7.72 is assumed to have reached the ground state.
Heisenberg:
The target Hamiltonian is

HHeis =
n∑︂

i=1

(XiXi+1 + YiYi+1 + ZiZi+1) +
n∑︂

i=1

Zi, (n = 5) (2)

under periodic boundary conditions. The estimated energy E ≤ –8.47 is assumed to be
the ground state.

BeH2 Molecular Ground State:
We used the Hamiltonian coefficients and Pauli operators provided in Ref. [3]. This re-

sult is considered to achieve chemical accuracy if it satisfies the condition

|E – E0| ≤ 1.6 × 10–3Hartree (Ha).
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We performed 10 independent simulations for each task to reduce variability arising from
random parameter initialization. We recorded the final converged energies and number
of optimization iterations to evaluate the convergence efficiency and accuracy.

4.2 Search space definition and experimental setup
We defined the QAS search space according to Ref. [27], which includes three single-
qubit rotation gates {Rx(θ ), Ry(θ ), Rz(θ )} and three two-qubit rotation gates {XX(θ ), YY(θ ),
ZZ(θ )}. For instance, Rx(θ ) = e–iθX/2 and XX(θ ) = e–iθXiXj/2. We applied an initial layer of
Hadamard gates to all qubits in the six-qubit TFIM task. This method is consistent with
the approach used in Ref. [27]. As single-qubit gates generally exhibit high robustness to
noisy hardware, we prioritized their placement to minimize noise accumulation while en-
suring sufficient multi-qubit entanglement.

We adopted the hierarchical sampling strategy introduced in Ref. [27], generating cir-
cuits through two pipelines, namely gatewise and layerwise, to avoid excessively random
gate selections and placements that could result in highly irregular layouts or severe barren
plateau effects. In the former, each gate slot is assigned either a single-qubit or two-qubit
gate, with two-qubit gates restricted to adjacent qubit pairs. In the latter, the circuit depth
is organized into alternating “half layers,” each comprising n / 2 operations for an n-qubit
system, which are applied to alternating pairs of qubits. This approach yields structured
and diverse circuit layouts.

Rotation angles θ for each gate were uniformly sampled from the interval [–2π , 2π ]
for parameter initialization and training. We employed the L-BFGS-B optimizer for VQE
training and recorded the final energies upon convergence or reaching a predefined max-
imum number of iterations. Unless otherwise specified, all other experimental settings
followed those described in Ref. [27]. This setup balanced hardware constraints, noise
considerations, and exploration diversity, enabling effective performance evaluation for
each candidate circuit.

4.3 Queries required to achieve ground state
In this experiment, we sampled 40,000 circuits from a predefined search space and used
a trained predictor to estimate their performance. Subsequently, we ranked all circuits
in terms of their predicted performance (from best to worst) and sequentially queried the
true energy of each circuit until one that achieved the ground state was identified. Figure 5
shows the number of queries required to achieve the ground-state energy (curves), along
with the total number of queries (bars), including those from both the training and search
phases, across varying training set sizes.

As the training-set size increased, the predictor became more accurate in identifying
high-performance circuits, thereby reducing the number of queries required. However,
beyond a certain point, using additional training data resulted in diminishing returns, in-
dicating that further expansion yielded minimal improvements. Notably, PQAS-ZX con-
sistently required fewer total queries than PQAS-GM [33] across most training set sizes,
probably because the ZX-based representation captured excellent structural features that
were beneficial to the predictor. The total number of queries exhibited a “decrease-then-
increase” pattern as the training set size increased, implying that extremely small or large
training sets were suboptimal in terms of efficiency.

PQAS-ZX achieved the optimal query cost with training set sizes of 10, 20, and 60 for
the TFIM, Heisenberg, and BeH2 tasks, respectively, whereas PQAS-GM [33] typically
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Figure 5 Comparison of the number of circuit evaluations (queries) required to reach the target ground-state
energy (orange curves, labeled “Search queries”) and total cumulative queries including initial training
samples (blue bars, labeled “Total queries”), for PQAS-GM [33] (top row: a–c) and the proposed PQAS-ZX
(bottom row: d–f ). Results are presented across three representative VQE tasks: (a, d) the TFIM, (b, e)
Heisenberg model, and (c, f ) BeH2 molecular model. Each data point represents the mean value calculated
over 10 independent runs. The number of queries required to achieve the target ground-state energy
generally decreased as the training set size increased. PQAS-ZX consistently achieved lower total query costs
compared with PQAS-GM [33], indicating greater efficiency

required 10, 20, and 80 training samples. Unless otherwise noted, these optimal settings
were used in subsequent experiments.

Figure 6 compares the minimum number of queries required by PQAS-ZX, PQAS-GM
[33], and random search (RS). RS randomly selected circuits as a naive baseline. Compared
with PQAS-GM [33], PQAS-ZX required only approximately 80.9%, 82.9%, and 76.1% of
the number of queries for the TFIM, Heisenberg, and BeH2 tasks, respectively, highlight-
ing the advantage of ZX-based representations for efficiently identifying top-performing
circuits. PQAS-ZX could improve the sampling efficiency by over 85.6 times on the TFIM
task compared with RS.

4.4 Performance distribution and comparative analysis
We sampled 40,000 candidate circuits from the search spaces of the TFIM, Heisenberg,
and BeH2 VQE tasks to assess the effectiveness of our predictor in identifying high-
performance quantum circuits further. The trained predictor was used to estimate the
energies of these candidates rapidly, following which the circuits were ranked from best
to worst. Subsequently, the top 300 circuits identified by the predictor underwent full pa-
rameter optimization and precise energy evaluations. We employed RS, which uniformly
sampled 300 circuits at random from the same set of 40,000 candidates, as a baseline for
the comparison.

Figure 7 presents the energy distributions of the 300 selected circuits for each VQE task
(TFIM, Heisenberg, and BeH2). The orange histograms represent the energy distributions
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Figure 6 Comparison of the minimum number of circuit evaluations (queries) required by RS (blue),
PQAS-GM [33] (green), and the proposed PQAS-ZX (red) to achieve the target ground-state energy across
three representative VQE tasks: the TFIM, Heisenberg model, and BeH2 molecular model. Each result was
averaged over 10 independent experimental runs. Lower query counts correspond to higher search
efficiency, indicating that PQAS-ZX consistently outperformed both PQAS-GM and RS

of circuits selected via predictor-based screening, whereas the blue histograms depict cir-
cuits that were selected randomly (RS). Each panel explicitly highlights a defined “low-
energy region” (TFIM: E ≤ –7.50, Heisenberg: E ≤ –8.25, BeH2: E ≤ –1.92), and the
exact ground-state energy for each task is indicated by a vertical red dashed line. Cir-
cuits selected by the predictor exhibited dense clustering within these low-energy regions,
demonstrating the high success rate of the predictor in identifying top-performing can-
didates. In contrast, circuits selected by RS exhibited broader energy distributions with
significantly fewer high-quality solutions within the specified low-energy range.

These findings confirm that our predictor effectively filters out poorly performing cir-
cuits from a large candidate pool, efficiently directing computational resources towards
circuits with greater potential. Thus, the predictor-based screening mechanism achieves
an improved balance between the training cost and search efficiency, providing a scalable
pathway towards larger and more complex quantum circuit design problems.

4.5 Comparison under different query budgets
Finally, we constrained the maximum query budget to Ns / 10, where Ns denotes the num-
ber of queries required to reach the ground state in an unconstrained scenario. Each ex-
periment was independently repeated 10 times, and the success rate (the probability of
reaching the ground state within this constrained budget) was evaluated. Table 1 sum-
marizes and compares the success rates achieved by PQAS-ZX and PQAS-GM [33] in
the TFIM, Heisenberg, and BeH2 VQE tasks. Although the success rate of both methods
improved as the query budget increased, PQAS-ZX consistently achieved higher success
rates under identical query constraints.
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Figure 7 Energy distributions of the 300 quantum circuits selected by the predictor (orange histograms) and
RS (blue histograms) across three VQE tasks: (a) TFIM, (b) Heisenberg, and (c) BeH2. The vertical red dashed line
indicates the true ground-state energy for each task. The insets provide zoomed-in views of the low-energy
regions (TFIM: E ≤ –7.50, Heisenberg: E ≤ –8.25, and BeH2: E ≤ –1.92). The histogram bin sizes were set to
100 for the main plots and 50 for the insets, resulting in differing y-axis scales

These results highlight the significant advantage of adopting a ZX-based representation
under limited query budgets. Specifically, PQAS-ZX required only approximately 52.9%,
70.0%, and 79.3% of the queries required by PQAS-GM [33] to achieve a 100% success
rate for the TFIM, Heisenberg, and BeH2 tasks, respectively. This improvement primar-
ily arises from the multi-step equivalence transformations enabled by ZX diagrams, which
allow for systematic data augmentation by generating multiple distinct yet logically equiv-
alent circuit variants from a single evaluation. Consequently, the predictor benefits from a
substantially richer and more diverse training dataset, even under limited query budgets,
leading to improved accuracy in screening high-performance circuits. In contrast, PQAS-
GM relies on a fixed set of graph-measure features and provides fewer opportunities for
such systematic data augmentation, thereby limiting the predictor accuracy and efficiency
under similar training conditions. Consequently, PQAS-ZX reliably achieved the desired
success rate using significantly fewer queries within the constrained query budget of Ns /
10, highlighting its potential for rapidly identifying high-quality quantum circuits in large-
scale search tasks.

5 Conclusions
We have introduced PQAS-ZX, which is a predictor-based QAS method that uses ZX-
calculus to capture the rich structural information of quantum circuits and efficiently
screen large candidate pools. Our experimental results demonstrated that PQAS-ZX suc-
cessfully identified high-performance quantum circuits with significantly fewer evaluation
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Table 1 Success rates (%) of PQAS-ZX and PQAS-GM [33] under constrained query budgets (Ns / 10)
for three VQE tasks: TFIM, Heisenberg, and BeH2. The number of training circuits, the number of
queries per training circuit (“#Queries”), total query budget, and the corresponding success rates
(averaged over 10 independent runs) are presented for each task and method. A higher success rate
indicates superior efficiency in identifying optimal quantum circuits within limited query budgets

Task Method #Training circuits #Queries Total budget Success rate

TFIM PQAS-GM [33] 10 80 90 90%
10 160 170 100%

PQAS-ZX 10 40 50 80%
10 80 90 100%

Heisenberg PQAS-GM [33] 20 60 80 90%
20 80 100 100%

PQAS-ZX 20 40 60 80%
20 50 70 100%

BeH2 PQAS-GM [33] 80 400 480 90%
80 500 580 100%

PQAS-ZX 60 300 360 80%
60 400 460 100%

queries, thereby accelerating convergence to the target ground-state energies. Specifically,
PQAS-ZX required only approximately 80.9%, 82.9%, and 76.1% of the queries to achieve
equivalent success rates for three representative VQE tasks, namely TFIM, Heisenberg,
and BeH2, respectively, compared with the state-of-the-art graph-measure-based PQAS-
GM method [33]. These findings highlight the efficacy of ZX-calculus representations in
accurately modeling quantum circuit structures and effectively identifying high-quality
circuit candidates. The proposed PQAS-ZX method provides valuable insights for lever-
aging ZX-calculus in high-level quantum circuit optimization and reasoning, offering ro-
bust theoretical and practical support for scalable and efficient QAS.

In future work, we plan to enhance ZX-based representations further by incorporating
advanced visualization techniques and optimized data structures to capture subtle cir-
cuit correlations more effectively. In addition, we aim to address critical challenges associ-
ated with large-scale quantum systems, such as exponential state-space growth and hard-
ware coherence-time limitations. Potential solutions include integrating advanced quan-
tum compilation strategies, developing novel hybrid quantum-classical algorithms, and
strategically controlling the circuit depth. Furthermore, we intend to validate the perfor-
mance of PQAS-ZX experimentally on real quantum hardware and systematically inves-
tigate its robustness under realistic noise models. We anticipate that these extensions will
further unlock opportunities for efficient, scalable, and practical quantum circuit designs
in near-term quantum computing platforms.
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