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Unsupervised representation learning
presents new opportunities for advanc-
ing Quantum Architecture Search (QAS)
on Noisy Intermediate-Scale Quantum
(NISQ) devices. QAS is designed to op-
timize quantum circuits for Variational
Quantum Algorithms (VQASs). Most QAS
algorithms tightly couple the search space
and search algorithm, typically requiring
the evaluation of numerous quantum cir-
cuits, resulting in high computational costs
and limiting scalability to larger quan-
tum circuits. Predictor-based QAS algo-
rithms mitigate this issue by estimating
circuit performance based on structure or
embedding. However, these methods of-
ten demand time-intensive labeling to op-
timize gate parameters across many cir-
cuits, which is crucial for training accu-
rate predictors. Inspired by the classi-
cal neural architecture search algorithm
Arch2vec, we investigate the potential of
unsupervised representation learning for
QAS without relying on predictors. Our
framework decouples unsupervised archi-
tecture representation learning from the
search process, enabling the learned rep-
resentations to be applied across various
downstream tasks. Additionally, it inte-
grates an improved quantum circuit graph
encoding scheme, addressing the limita-
tions of existing representations and en-
hancing search e Lciehcy. This predictor-
free approach removes the need for large
labeled datasets. During the search, we
employ REINFORCE and Bayesian Opti-
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mization to explore the latent represen-
tation space and compare their perfor-
mance against baseline methods. We fur-
ther validate our approach by executing
the best-discovered MaxCut circuits on
IBM’s ibm_sherbrooke quantum processor,
confirming that the architectures retain
optimal performance even under real hard-
ware noise. Our results demonstrate that
the framework e [ciehtly identifies high-
performing quantum circuits with fewer
search iterations.

Researchers and practitioners in quan-
tum machine learning, quantum architec-
ture search, and quantum circuit optimiza-
tion, particularly those interested in ap-
plying unsupervised learning techniques to
improve e [ciehcy and scalability of cir-
cuit design for near-term quantum devices

(NISQ).

1 Introduction

Quantum Computing has made significant
progress over the past decades. Advances in
guantum hardware and new quantum algorithms
have demonstrated potential advantages [1] over
classical computers in various tasks, such as im-
age processing [2], reinforcement learning [3],
knowledge graph embedding [4], and network ar-
chitecture search [5-7]. However, the scale of
guantum computers is still limited by environ-
mental noise, which leads to unstable perfor-
mance. These noisy intermediate-scale quantum
(NISQ) devices lack fault tolerance, which is not
expected to be achieved in the near future [8].
The variational quantum algorithm (VQA), a hy-
brid quantum algorithm that utilizes quantum
operations with adjustable parameters, is consid-
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ered a leading strategy in the NISQ era [9]. In
VQA, the parameterized quantum circuit (PQC)
with trainable parameters is viewed as a gen-
eral paradigm of quantum neural networks and
has achieved notable success in quantum ma-
chine learning. These parameters control quan-
tum circuit operations, adjusting the distribu-
tion of circuit output states, and are updated
by a classical optimizer based on a task-specific
objective function. Although VQA faces chal-
lenges such as Barren Plateaus (BP) and scal-
ability issues, it has demonstrated the potential
to improve performance across various domains,
including image processing, combinatorial opti-
mization, chemistry, and physics [10-12]. One
example of a VQA is the variational quantum
eigensolver (VQE) [12, 13], which approximates
the ground state and o Lerk flexibility for quantum
machine learning. We are considering using VQE
to evaluate the performance of certain quantum
circuits.

Unsupervised representation learning seeks to
discover hidden patterns or structures within un-
labeled data, a well-studied problem in computer
vision research [14]. One common approach is the
autoencoder, which is e [edtive for feature repre-
sentation. It consists of an encoder and decoder,
which first maps images into a compact feature
space and then decodes them to reconstruct sim-
ilar images. Beyond images, autoencoders can
also learn useful features from graphs, such as en-
coding and reconstructing directed acyclic graphs
(DAGS) or neural network architectures [15-18].
In most research, architecture search and repre-
sentation learning are coupled, which results in
ine [cieht searches heavily dependent on labeled
architectures that require numerous evaluations.
The Arch2vec framework aims to decouple rep-
resentation learning from architecture search, al-
lowing downstream search algorithms to operate
independently [15]. This decoupling leads to a
smooth latent space that benefits various search
algorithms without requiring extensive labeling.

Quantum architecture search (QAS) or quan-
tum circuit architecture search is a framework
for designing quantum circuits e [ciehtly and au-
tomatically, aiming to optimize circuit perfor-
mance [7]. Various algorithms have been pro-
posed for QAS [5-7, 19, 20]. However, most al-
gorithms combine the search space and search al-
gorithm, leading to ine Lciehcy and high evalu-

ation costs. The eledtiveness of the search al-
gorithm often depends on how well the search
space is defined, embedded, and learned. Find-
ing a suitable circuit typically requires evaluat-
ing di Lerent architectures many times. Although
predictor-based QAS [20] can separate represen-
tation learning from the search algorithm, it of-
ten relies on labeling dilerknt architectures via
evaluation, and the training performance depends
heavily on the quantity and quality of evalu-
ations and the embedding. In this work, we
decouple unsupervised architecture representa-
tion learning from the search process, enabling
learned representations to be reused across dif-
ferent downstream tasks. This design is moti-
vated by prior observations that the structure
of parameterized quantum circuits strongly in-
fluence their expressibility, entanglement prop-
erties, and ultimately the performance of vari-
ational quantum algorithms [21-23]. Inspired
by the success of Arch2vec, our approach learns
structure-preserving representations of PQC ar-
chitectures in an unsupervised manner, encour-
aging circuits with similar structural properties
to occupy nearby regions in latent space, which
empirically correlates with performance similar-
ity even without labels. We seek to explore
whether decoupling can embed quantum circuit
architectures into a smooth latent space, bene-
fiting predictor-free QAS algorithms. We sum-
marise our contributions as follows:

We have successfully incorporated decou-
pling into unsupervised architecture repre-
sentation learning within QAS, significantly
improving search e [ciehcy and scalability.
By applying REINFORCE and Bayesian op-
timization directly to the latent representa-
tion, we eliminate the need for a predictor
trained on large labeled datasets, thereby re-
ducing prediction uncertainty.

Our proposed quantum circuit encoding
scheme overcomes limitations in existing rep-
resentations, enhancing search performance
by providing more accurate and e [edtive em-
beddings.

Extensive experiments on guantum machine
learning tasks, including quantum state
preparation, max-cut, and quantum chem-
istry [12, 24, 25], confirm the e [edtiveness of
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our framework on simulator and real quan-
tum hardware. The pre-trained quantum ar-
chitecture embeddings significantly enhance
QAS across these applications.

2 Related Work

Unsupervised Graph Representation
Learning. Graph data is becoming a crucial
tool for understanding complex interactions
between real-world entities, such as biochemical
molecules [26], social networks [27], purchase
networks from e-commerce platforms [28], and
academic collaboration networks [29]. Graphs
are typically represented as discrete data struc-
tures, making it challenging to solve downstream
tasks due to large search spaces. Our work
focuses on unsupervised graph representation
learning, which seeks to embed graphs into
low-dimensional, compact, and continuous repre-
sentations without supervision while preserving
the topological structure and node attributes. In
this domain, approaches such as those proposed
by [18, 30-32] use local random walk statistics
or matrix factorization-based objectives to learn
graph representations. Alternatively, methods
like [33, 34] reconstruct the graph’s adjacency
matrix by predicting edge existence, while
others, such as [35-37], maximize the mutual
information between local node representations
and pooled graph representations. Additionally,
[38] investigate the expressiveness of Graph
Neural Networks (GNNs) in distinguishing
between dilerknt graphs and introduce Graph
Isomorphism Networks (GINs), which are shown
to be as powerful as the Weisfeiler-Lehman
test [39] for graph isomorphism. Inspired by
the success of Arch2vec [15], which employs
unsupervised graph representation learning for
classical neural architecture search (NAS), we
adopt GINs to encode quantum architecture
structures, as quantum circuit architectures can
also be represented as DAGs.

Quantum Architecture Search (QAS). As
discussed in the previous section, PQCs are es-
sential as ansatz for various VQAs [23]. The ex-
pressive power and entangling capacity of PQCs
play a crucial role in their optimization perfor-
mance [21]. Poorly designed ansatz can suled
from limited expressive power or entangling ca-

pacity, making it di Ccult to reach the global
minimum for an optimization problem. More-
over, such ansatz may be more prone to noise
[40], ine Lciehtly utilize quantum resources, or
lead to barren plateaus that hinder the optimiza-
tion process [41, 42]. To address these challenges,
QAS has been proposed as a systematic approach
to identify optimal PQCs. Recent progress in
QAS can be broadly grouped into several method-
ological families. Reinforcement-learning—based
approaches, such as QCDS, RL-QMLAS, RL-
VQC, RL-QAOA [43-46], and DRL-based circuit
rewriting [47], use policy agents to explore dis-
crete circuit spaces or apply rewrite rules to im-
prove existing circuits. Dilérentiable or gradient-
based QAS methods have been proposed by re-
laxing discrete gate choices into continuous mix-
tures [5, 48]. While e [edtive in settings where cir-
cuit architectures themselves can be continuously
parameterized and optimized via gradients, these
approaches rely on relaxation-specific assump-
tions and gradient access at the architecture level.
In contrast, our work treats PQC architectures
as discrete objects that are evaluated via task-
level VQA executions, without assuming diLert
entiability with respect to architectural choices.
Exploration is instead carried out through a con-
tinuous latent embedding learned in an unsuper-
vised manner. This distinction makes dilerkn-
tiable QAS complementary rather than directly
comparable to the search setting considered in
this work.Evolutionary methods such as QAS-EA,
EQAS, EQAS-PQC, QNEAT, MoG-VQE, and
NACL [6, 7, 49-54] evolve circuit structures via
mutation-selection mechanisms, often incorpo-
rating multiobjective criteria or hardware-noise
awareness.  Other approaches include greedy
search [55, 56] and Bayesian optimization [57].
However, these methods require the evaluation of
numerous quantum circuits, which is both time-
consuming and computationally expensive. To
mitigate this issue, predictor-based approaches
[19, 58] have been introduced, but they also face
limitations. These approaches rely on large sets
of labeled circuits to train predictors with gener-
alized capabilities and introduce additional un-
certainty into the search process, necessitating
the reevaluation of candidate circuits.

While these approaches explore circuit archi-
tectures directly in discrete or relaxed spaces,
they do not leverage unsupervised representa-
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tion learning to decouple structure learning from
performance-driven search, which is the focus of
our work. In contrast, our method dilerk from
these lines of work in that the search is not
performed directly in the discrete circuit space,
nor via dilerkntiable relaxation, but instead
through a latent embedding learned in an unsu-
pervised manner. This representation greatly re-
duces the combinatorial search complexity while
eliminating the need for labeling or predictor
training, allowing Reinforcement Learning (RL)

and Bayesian Optimization (BO) to operate e =1

ciently in a continuous latent space.

3 QAS with Unsupervised Representa-
tion Learning

In this work, we present our method, as il-
lustrated in Figure 1, which consists of two
independent components: (1) unsupervised
representation learning and (2) predictor-free
architecture search. The search space is defined
by the number of gates in a circuit and an oper-
ation pool comprising general gate types such as
X, Y, Z, H, Rx, Ry, Rz, U3, CNOT, CY, CZ
A random generator creates a set of circuit ar-
chitectures based on predefined parameters,
including the number of qubits, the number
of gates, and the maximum circuit depth.
These architectures are then encoded into two
matrices and input into the autoencoder. The
autoencoder independently learns a latent dis-
tribution from the search space and produces
pre-trained architecture embeddings for the
search algorithms. The evaluation strategy takes
the circuit architectures generated by the search
algorithm and returns a performance assessment.
For evaluating circuit architectures, we use the
ground state of a Hamiltonian for max-cut and
quantum chemistry problems, and fidelity for
quantum state preparation tasks.

Definition 1. We are given a circuit created by
m gate types, h gates and g qubits. Then, the cir-
cuit can be described by a DAG G = fV; Eg with
n = h+2 = jVj gate nodes including START and
END. The adjacency matrix of graph G is sum-
marized in n n matrix A and its gate matrix X

is in size of n (m+ 2+ g). We further intro-
duce d-dimensional latent variables z composing
latent matrix Z =fz 1;::; 2« gT.

3.1 Circuit Encoding Scheme

Following Definition 1, we represent quantum cir-
cuits as DAGs, extending the encoding strat-
egy used in ECSQAS [4920]. Each quantum
gate in the circuit is treated as a node, and di-
rected edges encode execution dependencies be-
tween gates acting on the same qubit. Because
a quantum circuit is a sequence of quantum op-
erations, we additionally introduce a global start
node and a global end node so that all qubit lines
originate from the former and terminate at the
latter. This guarantees a consistent topological
ordering and ensures that the resulting structure
forms a DAG. From this DAG, we construct two
complementary representations. The adjacency
matrix A captures the structural topology of the
circuit, where Aj = 1 if there exists a directed
edge from node i to node j, and A j = O oth-
erwise. In parallel, we construct the gate ma-
trix X 2 RNM(M2+9)  where each row corre-
sponds to a gate and is encoded using a one-hot or
embedding-based representation of its gate type.

Limitations of prior encodings. However,
the original ESQAS encoding treats all occupied
qubits uniformly and does not distinguish con-
trol and target roles in two-qubit operations (e.g.,
CNOT, CZ). This ambiguity may lead to represen-
tation loss and suboptimal circuit reconstruction.
Moreover, the adjacency matrix in the original
scheme assigns uniform edge weights, which fails
to reflect the structural importance of multi-qubit
interactions.

Enhanced encoding scheme. To address
these limitations, we introduce an enhanced en-
coding scheme. For two-qubit gates as shown in
Figure la, we explicitly encode operational roles
by assigning 1 to the control qubit and +1 to

the target qubit in the corresponding row of X.
Additionally, we assign edge weights proportional
to the number of qubits involved in the operation
(e.g., weight 2 for two-qubit gates) in the adja-
cency matrix. These modifications retain oper-
ational structure, qubit roles, and gate-type dis-
tinctions, enabling a more expressive and faithful
circuit representation. As demonstrated in later
sections, this refined encoding improves unsuper-
vised representation learning and enhances the
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(a) Architecture encoding scheme

(b) Representation learning and search process

Figure 1: Illustration of our algorithm. In Figure 1a, each circuit’s architecture is first transformed into a DAG and
represented by two matrices. Each row of the gate matrix corresponds to a node in the graph, with one-hot encoding
used to indicate the node type, and additional columns encoding position information, such as the qubits the gate
acts on. For two-qubit gates, 1 and 1 represent the control and target qubits, respectively. The weights in the
adjacency matrix reflect the number of qubits involved in each interaction. In Figure 1b, the left side depicts the
process of representation learning, where Z represents the latent space of circuit architectures. In the middle, the
encoder is shown as the mechanism used to learn this latent space. On the right, Bayesian optimization (BO) and
reinforcement learning (RL) are employed to explore the latent space for various quantum machine learning tasks.
The algorithm ultimately outputs a set of candidate circuits.

performance of latent-space architecture search.

3.2 Unsupervised representation learning

The objective of this stage is to learn latent rep-
resentations of quantum circuits without relying
on performance labels or VQA evaluations. We
jointly train a GIN-based encoder and a fully con-
nected decoder by maximizing the ELBO over
100,000 randomly generated circuits using only
structural inputs (A; X).

3.2.1 Preliminaries

Graph autoencoders (GAESs) provide a general
framework for unsupervised graph representation
learning, consisting of an encoder that maps a
graph to a latent space and a decoder that re-
constructs the graph from this representation. A
representative example is the variational graph
autoencoder (VGAE), which uses a graph convo-
lutional network as the encoder and optimizes a
variational objective [33].

In this work, we adopt the graph autoencoder
paradigm but depart from the standard VGAE
design. Specifically, we employ a Graph Isomor-
phism Network (GIN) [38] as the encoder, which
has been shown to be theoretically more expres-
sive than common GCN-based encoders in dis-

tinguishing graph structures. This choice is par-
ticularly important for quantum circuits, where
subtle diLerknces in connectivity and gate order-
ing can lead to significant dilerknces in circuit
behavior.

3.2.2 Encoder

The encoder GIN maps the circuit structure and
node features to a set of latent variables Z. We
approximate the posterior distribution over latent
variables as
Az jX;A) = Az j X;A); (1)

i=1
where q(zjX;A) = N(z ij i;diag( 2)). During
representation learning, this variational poste-
rior provides circuit-dependent latent encodings,
while after training latent vectors are sampled
from the prior p(z) for architecture search.

The GIN consists of L message-passing lay-
ers, which generate intermediate node embed-
dings M ® according to:

MO =MLP ©® @1+ ©O)MED + Am D
s=1;2;:::L; (2)

where M@ = X denotes the initial node fea-
ture matrix derived from the gate encoding. The
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term AM &1 performs neighborhood aggrega-
tion by summing feature vectors of gates that are
connected in the circuit graph, thereby propagat-
ing structural information along circuit depen-
dencies. The term (1+ ©)M &1 introduces a
learnable self-loop that controls the relative con-
tribution of a node’s own features at layer s. The
symmetrized adjacency matrix A= A+A > en-
ables bidirectional message passing between con-
nected gates. Finally, MLP®) applies a shared
nonlinear transformation to the aggregated fea-
tures to produce the updated node embeddings
at layer s.

After L GIN layers, we aggregate the learned
node embeddings to parameterize the variational
posterior. Instead of relying solely on the final
GIN layer, we introduce a fusion layer that aggre-
gates information from all layers to improve rep-
resentation robustness. The mean and standard
deviation are computed as = GIN (X; A) =
FC:(M®) and = FC (M), respectively.
Latent variables are then sampled using the repa-
rameterization trick zz =  + ; i, where

i N(@O;1).

For all experiments, we use L =5 GIN layers,
a latent dimension of 16, and a hidden dimension
of 128 for the GIN encoder. Additional hyperpa-
rameter details are provided in Appendix A.4.

3.2.3 Decoder

The decoder takes the sampled latent variables Z
as input to reconstruct both the adjacency matrix
A and the gate matrix X = [X !; X 9], where X!
corresponds to the one-hot encoding of the gate
type for each node, and X 9 encodes the qubit po-
sitions associated with each gate. The generative
process is summarized as follows:

P(AJZ) = P(Aj jzi; Zj); 3)
i=1 j=1
with p(Aj jzi;z) = ReLU ; (F1(z 7)),
(4)
p(XjZ) = p(xijzi), (5)

i=1
with p(x}jzi) = softmax(F 2(zi)),  (6)
p(x{jzi) = tanh(F 2(z))), (7)

where both F; and F, are trainable linear func-
tions.

3.2.4 Obijective Function

The weights in the encoder and decoder are op-
timized by maximizing the evidence lower bound
(ELBO) L, which is defined as:

L=E gz [logp(X¥Pe; X W0 AjZ)]
KL[(a(ZiX; A)iip(2)],  (8)

where KL[g()jjp()] represents the Kullback-
Leibler (KL) divergence between q() and p().
}gle further adopt a Gaussian prior p(Z) =

i N(zijO;1). The weights are optimized using
minibatch gradient descent, with a batch size of
32.

The representation learning stage is fully un-
supervised and operates solely on circuit struc-
ture (A;X). Because the GIN encoder aggre-
gates local gate patterns and connectivity, cir-
cuits with similar structural characteristics tend
to yield similar node embeddings, and the re-
construction objective encourages these embed-
dings to form a smooth latent space. This intu-
ition aligns with prior studies showing that circuit
structure strongly influences expressibility and
entangling capability, and thereby the expressive
behavior of PQCs in variational algorithms [21-
23]. As observed in Arch2vec, a variational graph
isomorphism autoencoder trained only on archi-
tectural structure (without using performance la-
bels) encourages architectures with similar con-
nections to cluster in latent space, and architec-
tures with similar performance tend to occupy
nearby regions in that space [15]. As a result,
shared structural patterns often correlate with
performance-relevant properties in variational al-
gorithms, an eledt that is also reflected in the
smooth organization of circuits observed in our
latent space visualizations (Figure 2).

3.3 Predictor-free architecture search

In the search stage, we freeze the pretrained en-
coder and explore the latent space using RL/BO.
Candidate architectures are evaluated only for re-
ward computation, resulting in a predictor-free
search process.

3.3.1 Reinforcement Learning (RL)

After conducting initial trials with PPO [59] and
A2C [60], we adopt REINFORCE [61] as a more
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e [edtive reinforcement learning algorithm for ar-
chitecture search. In this approach, the environ-
ment’s state space consists of pre-trained embed-
dings, and the agent uses a one-cell LSTM as its
policy network. The agent selects an action, cor-
responding to a sampled latent vector based on
the distribution of the current state, and transi-
tions to the next state based on the chosen ac-
tion. For the MaxCut and quantum chemistry
tasks, we adopt an energy convention in which
the ground-state energy Eground is negative and
0 corresponds to a trivial upper bound. The re-
ward used in the REINFORCE search is defined
as

E )
r= candidate : (9)
Eground

Under this convention, r 2 [0; 1] for valid evalu-
ations, where r = 1 indicates reaching the ground
state and r = O corresponds to E cangigate = O.
During early optimization or in the presence of
numerical noise, Ecandidate May become slightly
positive, producing a negative ratio; in such cases,
we clip the reward to O to ensure a stable and
interpretable reward signal. For the state prepa-
ration task, circuit fidelity is used as the reward.
We employ an adaptive batch size, with the num-
ber of steps per training epoch determined by the
average reward of the previous epoch. Addition-
ally, we use a linear adaptive baseline, defined by
the formulaB= B+(1 ) R avg» Where B
denotes the baseline, is a predefined value in
the range [0,1], and Rayg is the average reward.
Each run in this work involves 1000 searches.

3.3.2 Bayesian Optimization (BO)

As another search strategy used in this work
without labeling, we employ Deep Networks for
Global Optimization (DNGO)[62] in the context
of BO. We adopt a one-layer adaptive BO regres-
sion model with a basis function extracted from
a feed-forward neural network, consisting of 128
units in the hidden layer, to model distributions
over functions. Expected Improvement (EI)[63]
is selected as the acquisition function. EIl identi-
fies the top-k embeddings for each training epoch,
with a default objective value of 0.9. The train-
ing begins with an initial set of 16 samples, and
in each subsequent epoch, the top-k architectures
proposed by El are added to the batch. The net-

work is retrained for 100 epochs using the archi-
tectures from the updated batch. This process
is iterated until the predefined number of search
iterations is reached.

4 Experimental Results

To demonstrate the e [edtiveness and generaliza-
tion capability of our approach, we conduct ex-
periments on three well-known quantum com-
puting applications: quantum state preparation,
max-cut, and quantum chemistry. For each ap-
plication, we start with a simple example involv-
ing 4 qubits and then progress to a more com-
plex example with 8 qubits. We utilize a ran-
dom generator to create 100,000 circuits as the
search space, and all experiments are performed
on a noise-free simulator during the search pro-
cess. Detailed settings are provided in Appendix
A.2. We begin by evaluating the model’s pre-
training performance for unsupervised represen-
tation learning (Appendix 4.1), followed by an
assessment of QAS performance based on the pre-
trained latent representations (Appendix 4.2).

4.1 Pre-training Performance

Observation (1): GAE and VGAE [33] are two
popular baselines for NAS. In an attempt to
find models capable of capturing superior latent
representations of quantum circuit architectures,
we initially applied these two well-known mod-
els. However, due to the increased complexity of
guantum circuit architectures compared to neu-
ral network architectures, these models failed to
deliver the expected results. In contrast, mod-
els based on GINs [38] successfully obtained valid
latent representations, attributed to their more
e [edtive neighbor aggregation scheme. Table 1
presents a performance comparison between the
original model using the EGSQAS encoding and
the improved model with our enhanced encoding
for 4, 8, and 12 qubit circuits, evaluated across
five metrics: Accuracyops, which measures the
reconstruction accuracy of gate types in the gate
matrix for the held-out test set; Accuracyqubit,
which reflects the reconstruction accuracy of
qubits that the gates act on; Accuracyad, which
measures the reconstruction accuracy of the adja-
cency matrix; Falposmean, which represents the
mean false positives in the reconstructed adja-
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cency matrix; and KLD (KL divergence), which
indicates the continuity and smoothness of the la-
tent representation. The results in the table indi-
cate that the improved model with our enhanced
encoding achieves comparable or better than the
original. This improvement can be attributed to
two factors: first, the new encoding better cap-
tures the specific characteristics of the circuits,
and second, the fusion of outputs from multiple
layers of GIN helps retain shallow information,
resulting in more stable training.

Observation (2): In Figure 2, we employ two
popular techniques, PCA [64] and t-SNE [65], to
visualize the high-dimensional latent representa-
tions of 4- and 12-qubit quantum machine learn-
ing (QML) applications based on our pre-trained
models. The results highlight the e [edtiveness of
our new encoding approach for unsupervised clus-
tering and high-dimensional data visualization.
The figures show that the latent representation
space of quantum circuits is smooth and compact,
with architectures of similar performance cluster-
ing together when the search space is limited to 4
qubits. Notably, high-performance quantum cir-
cuit architectures are concentrated on the right
side of the visualizations. In particular, PCA
yields exceptionally smooth and compact repre-
sentations with strong clustering e [edts, making
it easier and more e [cieht to conduct QAS within
such a structured latent space. This provides a
robust foundation for our QAS algorithms.

For the 12-qubit latent space, high-
performance circuits (shown in red) are less
prominent, likely due to the fact that the 100,000
circuit structures represent only a finite subset
of the possibilities for 12-qubit circuit. As a
result, the number of circuits that can be learned
is limited. Most high-performance circuits are
distributed along the left edge of the latent
space, with a color gradient transitioning from
dark to light as one moves from right to left.

Compared with subfigures 2i, 2j, 2k, 2I,
2m, and 2n, which utilize the encoding scheme
ECGSQAS and show more loosely distributed red
points, our new encoding results in a more con-
centrated and smoother latent representation, as
demonstrated in subfigures 2a, 2b and 2c.

4.2 Quantum Architecture Search (QAS) Per-
formance

Observation (1): In Figure 3, we present the av-
erage reward per 100 searches for each experi-
ment. The results show that both the REIN-
FORCE and BO methods e [edtively learn to nav-
igate the latent representation, leading to notice-
able improvements in average reward during the
early stages. In contrast, Random Search fails to
achieve similar improvements. Furthermore, al-
though the plots indicate slightly higher variance
in the average reward for the REINFORCE and
BO methods compared to Random Search, their
overall average reward is significantly higher than
that of Random Search.

Observation (2): In Figure 4, we illustrate the
number of candidate circuits found to achieve a
preset threshold after performing 1000 searches
using the three search methods. The results
show that the 8-qubit experiments are more com-
plex, resulting in fewer circuits meeting the re-
guirements within the search space. Addition-
ally, within a limited number of search iterations,
both the REINFORCE and BO methods are able
to discover a greater number of candidate circuits
that meet the threshold, even in the worst case,
i.e., when comparing the minimal number of can-
didates. Notably, their performance significantly
surpasses that of the Random Search method,
especially REINFORCE, despite the fact that
the dilerknce between the minimal and maxi-
mal number of candidates indicates that REIN-
FORCE is more sensitive to the initial conditions
compared to the other two approaches. These
findings highlight the clear improvements and ad-
vantages introduced by QAS based on the latent
representation, which enables the e [cieht discov-
ery of numerous high-performance candidate cir-
cuits while reducing the number of searches re-
quired.

Observation (3): In Table 2, we compare var-
ious QAS methods with our approach on the
4-qubit state preparation task, using a circuit
space of 100,000 circuits and limiting the search
to 1000 queries. GNNYRL and GSQASVRL rep-
resent predictor-based methods from [58] and
[20], respectively, both employing our pre-trained
model. QASz[ig, denotes the QAS approach
with REINFORCE (BO) used in this work. The
average results over 50 runs indicate that both
the predictor-based methods and our approach

Accepted in {Yuantum 2026-01-23, click title to verify. Published under CC-BY 4.0. 8



Qubit Model Metric
Accuracyoeps  Accuracyquoit Accuracyag FalpoSmean KLD

4 GSQAS | 99.99 99.99 99.91 100.00 0.061
4 Ours 100 99.97 98.89 23.41 0.045
8 GSQAS | 86.69 99.98 99.82 100.00 0.038
8 Ours 100 98.65 97.34 7.35 0.029
12 GSQAS | 86.69 99.94 99.70 100.00 0.028
12 Ours 98.67 99.14 97.79 4.75 0.022

Table 1: Pretraining model performance of 4-, 8-,

and 12-qubit circuits across the four metrics.

Method Task Fthr N i N rest N>o0:95 Nevar  Noas Nqas =Neval
Fidelty 05 1000 21683 780 2000 36 0.0180

GNN URE Max-Cut 0.9 1000 45960 35967 2000 783 0.3915
QC-4y, 08 1000 65598 18476 2000 278 0.1390
Fidelty 05 1000 21014 768 2000 37 0.0185

GSQASURt Max-Cut 0.9 1000 43027 33686 2000 785 0.3925
QC-4y, 08 1000 30269 19889 2000 658 0.3290
Fidelty - 0 100000 1606 1000 15 0.0150

Random Search |\ cut - 0 100000 57116 1000 568 0.5680
QC-4y, - 0 100000 37799 1000 371 0.3710
Fidelity - 0 100000 1606 1000 69(63)  0.0690(0.0630)

QASRI(Eo) Max-Cut - 0 100000 57116 1000 898(820)  0.8980(0.8200)
QC-4y, - 0 100000 37799 1000 817(739) 0.8170(0.7390)

Table 2: Compare the QAS performance of di Lerbnt QAS methods for the 4-qubit tasks. URL denotes unsupervised
representation learning, Fy, is the threshold to filter poor-performance architectures, Ny, Nyest and Nsg.95 refer
to the number of required labeled circuits, rest circuits after filtering and the circuits that achieve the performance
higher than 0.95 in the rest circuits respectively. Neyq represents the number of evaluated circuits, i.e. the sum of
the number of labeled and sampled circuits, Noas is the number of searched candidates in average of 50 runs.

Method Encoding E N rest Neval N QAS N QAS =Neval
GSQAS, GSQAS 25996 2000 625 0.3125

Ours 30269 2000 658 0.3290
GSQAS12 GSQAS 60088 2000 283 0.1415

Ours 60565 2000 276 0.1380

GSQAS 100000 1000 760 0.7600
QASRL4

Ours 100000 1000 817 0.8170

GSQAS 100000 1000 160 0.1600
QASRLs

Ours 100000 1000 167 0.1670

GSQAS 100000 1000 422 0.4220
QASRL 12

Ours 100000 1000 392 0.3920

Table 3: We compare the QAS performance of dierknt encodings using various search methods. For the 4- and
12-qubit quantum chemistry tasks, we select H, and LiH, respectively, while for the 8-qubit task, we use the TFIM.

The results represent the average of 50 runs.

are capable of identifying a significant number
of high-performance circuits with fewer samples.
However, predictor-based methods rely on la-
beled circuits to train predictors, introducing un-
certainty as they may inadvertently filter out

well-performing architectures along with poor
ones. While a higher Fy,, value filters out more
low-performance circuits, increasing the propor-
tion of good architectures in the filtered space,
it also sacrifices many well-performing circuits,
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(a) PCA4 QChx, (b) PCA4 Max-cut

(e) t-SNE4 QCh, (f) t-SNE4 Max-cut

(i) PCAs Q () PCAs M (k) PCA, F

(c) PCA4 Fidelity (d) PCA12 QCuin

energy distribution

(g) t-SNE4 Flde“ty (h) t-SNE 1> QCLiH

() t-SNE4 Q (M) t-SNE4 M (n) t-SNE4 F

Figure 2: The 2D smooth visualizations of the latent representations for the 4- and 12-qubit cases, using PCA
and t-SNE. The color encoding reflects the achieved energy of 100,000 randomly generated circuits. These latent
representations are introduced for three QML tasks: Quantum Chemistry, Max-cut, and fidelity. The graphs illustrate
the energy or fidelity distribution of the circuits, where red denotes circuits with an energy lower than 0:80= 0:90=

7:01; Ha or a fidelity higher than 0.5. QC stands for Quantum Chemistry in figures. The subfigures in the first two
rows display the results of our model with KL divergence, while the subfigures at the bottom visualize the 4-qubit
latent space using the existing encoding scheme E®SQAS | Performance values (e.g., energy or fidelity) are shown
only for visualization and analysis; they are not used during the unsupervised representation learning stage and do
not serve as training targets for the autoencoder.Best circuits correspond to those achieving the highest VQA reward
or objective value during the latent-space architecture search. VQA evaluations are not used during the unsupervised

representation learning stage.

which can lead to improved Random Search per-
formance but at the cost of excluding some opti-
mal circuits. Despite these trade-o [S,Jour method
achieves comparable performance to predictor-
based methods, demonstrating higher e [ciehcy
in terms of Ngas =Neval While requiring fewer cir-
cuit evaluations. In Appendix A.5, we present
the best candidate circuits acquired by each of
the three methods for every experiment.

Observation (4): In Table 3, we present the
search performance across dilerent frameworks
and encoding methods, focusing on 4-, 8-, and
12-qubit quantum chemistry tasks for compari-
son. In most cases, our encoding method achieves
the highest search e [ciehcy, although the perfor-
mance for the 12-qubit task is slightly lower than
with another encoding method. Combined with
the representation learning results in Figure 2,

we observe that the search is significantly more
e Lcieht when the learned circuit representation
is smooth and concentrated. For the 12-qubit
experiments, the circuits used for representation
learning may be insu [cieht to fully capture the
search space, leading to representation learning
failures, as shown in Figure 2d, and resulting in
a decline in search e [ciehcy.

We further study the robustness of our frame-
work with respect to the latent dimension and
the depth of the GIN encoder; ablation results
for both RL- and BO-based search are reported
in Appendix A.3.

4.3 Evaluation on Real Quantum Hardware

To evaluate the deployability of the circuits dis-
covered by our architecture search, we perform
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(a) State preparation (b) Max-cut

(c) Quantum chemistry

Figure 3: Average rewards from the six sets of experiments. In subfigures (a), (b), and (c), the left panels show
results from the 4-qubit experiments, while the right panels show results from the 8-qubit experiments. Each plot
presents the average reward across 50 independent runs (each with di Cerbnt random seeds) given 1000 search queries.
The shaded areas in the plots represent the standard deviation of the average rewards.

(a) 4-qubit experiments (b) 8-qubit experiments

Figure 4: The candidate quantities for the 4-qubit and 8-qubit applications. RS, RL, and BO refer to Random
Search, REINFORCE, and Bayesian Optimization, respectively. The reward threshold for all 4-qubit experiments is
0.95, while for the more complex 8-qubit experiments, the thresholds are softer: 0.75 for state preparation, 0.925
for max-cut, and 0.95 for quantum chemistry. Each experiment is performed with 1000 queries, meaning only 1000
samples are drawn from a search space of 100,000 circuits. Additionally, the left-hand side of subfigures (a) and (b)
shows the average results over 50 runs (with di[erent random seeds), while the right-hand side shows the maximum
and minimum candidate guantities across the 50 runs.

additional experiments using IBM’s real quan- eters on a noise-free simulator. Once trained, we
tum device ibm_sherbrooke. For both the 4- directly executed these circuits—without any fur-
node and 8-node MaxCut tasks, we selected the ther optimization—on the real device using the
best-performing circuits and trained their param-  same parameters.
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Metric 4-node MaxCut 8-node MaxCut
Simulator Real Device Simulator Real Device
Probability of Optimal Bitstring ~ 100.0% 100.0% 100.0% 100.0%
Average Cut Value 4 4 12 12
Number of Shots 10,000 10,000 10,000 10,000
Noise Model Noise-free Physical (NISQ) Noise-free Physical (NISQ)
Device Simulator ibm_sherbrooke Simulator ibm_sherbrooke

Table 4: Comparison between simulator and real quantum device on 4-node and 8-node MaxCut problems using the
best discovered circuits. Parameters were trained on a simulator and transferred directly to the real device. Results

are averaged over 10,000 shots.

Observation. As shown in Table 4, despite the
presence of hardware noise and decoherence in
the NISQ device, both MaxCut circuits retained
their optimal output performance when trans-
ferred from simulator to real hardware. The cir-
cuits achieved a 100% probability of measuring
the optimal bitstring in 10,000 repeated shots,
identical to the simulator outcome. These re-
sults validate that the discovered quantum archi-
tectures not only perform well in idealized envi-
ronments but also translate reliably to real-world
guantum processors without requiring parameter
re-tuning.

5 Conclusion

In this work, we focus on exploring whether unsu-
pervised architecture representation learning can
enhance QAS. By decoupling unsupervised ar-
chitecture representation learning from the QAS
process, we successfully eliminate the need for a
large number of labeled circuits. Additionally,
our proposed quantum circuit encoding scheme
addresses limitations in existing representations,
improving search performance through more ac-
curate and eledtive embeddings. Furthermore,
our framework conducts QAS without relying
on a predictor by directly applying search algo-
rithms, such as REINFORCE and Bayesian Opti-
mization (BO), to the latent representations. We
have demonstrated the e [edtiveness of this ap-
proach through various experiments on simula-
tor and real quantum hardware. In our frame-
work, the success of QAS depends on the quality
of unsupervised architecture representation learn-
ing and the selection of search algorithms. Thus,
we recommend further investigation into architec-

ture representation learning for QAS, as well as
the development of more e Lcieht search strate-
gies within the latent representation space.
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A Appendix

A.1 Circuit Generator Settings

The predefined operation pool which defines
allowed gates in circuits is important for QAS
as well, because a terrible operation pool such
as one with no rotation gates or no control
gates cannot generate numerous quantum
circuits with excellent expressibility and en-
tanglement capability. This makes the initial
quantum search space poor, so it will influence
our further pre-training and QAS process.
Therefore, we choose some generally used
quantum gates in PQCs as our operation pool
X, Y, Z, H, Rx, Ry, Rz, U3, CNOT, CZ, CYg
for the circuit generator to guarantee the gen-
erality of our quantum circuit space. Other
settings of the circuit generator are summarized
below:

A.2 Application Settings

Quantum State Preparation. In quantum
information theory, fidelity [24] is an important
metric to measure the similarity of two quantum
states. By introducing fidelity as the performance
index, we aim to maximize the similarity of the
final state density operator with a certain desired
target state. We first obtain the target state by
randomly generating a corresponding circuit, and
then with a limited number of sample circuits, we
use the search methods to search candidate cir-
cuits that can achieve a fidelity higher than a cer-
tain threshold. During the search process, the fi-
delity can be directly used as a normalized reward
function since its range is [0, 1]. Figure 5 shows
the circuits used to generate the corresponding
target states.

Max-cut Problems. The max-cut problem
[25] consists of finding a decomposition of a
weighted undirected graph into two parts (not
necessarily equal size) such that the sum of the
weights on the edges between the parts is max-
imum. Over these years, the max-cut problem
can be e [ciehtly solved with quantum algorithms
such as QAOA [67] and VQE (using eigenval-
ues). In our work, we address the problem by
deriving the Hamiltonian of the graph and using
VQE to solve it. We use a simple graph with
the ground state energy 10 Ha for the 4-qubit

experiment and a relatively complex graph with
the ground state energy 52 Ha in the case of the
8-qubit experiment. Furthermore, we convert the
energy into a normalized reward function integral
to the search process. The visual representations
of these graphs are presented below:

Quantum Chemistry. In the field of quantum
chemistry, VQE [12, 13] is a hybrid quantum al-
gorithm for quantum chemistry, quantum simu-
lations, and optimization problems. It is used to
compute the ground state energy of a Hamilto-
nian based on the variational principle. For the
4- and 12-qubit quantum chemistry experiment,
we use the Hamiltonian of the molecule H, and
LiH and its common approximate ground state
energy 1:136 Ha and 7:88 Ha as the optimal
energy. As for the 8-qubit experiment, we con-
sider n = 8 transverse field Ising model (TFIM)
with the Hamiltonian as follows:

X
H=" 1}
i=0

£i+l) mod 6 + ;( (10)

We design some circuits to evaluate the ground
state energy of the above Hamiltonian and get
an approximate value 10 Ha as the optimal en-
ergy. According to the approximate ground state
energy, we can use our methods to search candi-
date circuits that can achieve the energy reaching
a specific threshold. In the process of searching
for candidates, the energy is normalized as a re-
ward function with the range [0, 1] to guarantee
search stability.

A.3 Ablation Studies

In this subsection, we analyze the sensitivity of
our method to key hyperparameters of the un-
supervised representation learning stage, namely
the latent dimension d, and the depth L of the
GIN encoder. We evaluate both representation
quality and downstream QAS performance us-
ing REINFORCE-based and Bayesian Optimiza-
tion-based search on the 4-qubit MaxCut task.
In Table 6, we observe that the reconstruction
objective (VAE loss) varies with the latent di-
mension and GIN depth, whereas the down-
stream QAS performance is much less sensitive:
both REINFORCE and Bayesian Optimization
achieve comparable rewards across these configu-
rations.
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Hyperparameter Hyperparameter explanation Value for 4/8/12-
qubit experiments

num-qubits the number of qubits 4/8/12

num-gates the number of gates in a circuit 10/20/30

max-depth the maximal depth in a circuit 5

num-circuits required the number of circuits 10°

Table 5: Description of settings predefined for the circuit generator.

(a) The target circuit of the 4-qubit state preparation

(b) The target circuit of the 8-qubit state preparation

Figure 5: The circuits used to generate the target states.

A.4 Hyperparameters of Pre-training

Table 7 shows the hyperparameter settings of the
pre-training model for 4-qubit and 8-qubit exper-
iments.

A.5 Best Candidate circuits

Observation (5): In Appendix A.5, we present
the best candidate circuits acquired by each of
the three methods for every experiment. These
circuits exhibit a higher likelihood of being dis-
covered by REINFORCE and BO in contrast to
Random Search. This observation underscores
the superior search capabilities of REINFORCE
and BO in navigating the large and diverse search
space generated by our approach, which is based
on a random generator derived from a fixed op-
eration pool. Unlike conventional approaches
that adhere to layer-wise circuit design baselines,
our method excels in discovering circuits with
fewer trainable parameters. This characteristic is
of paramount importance when addressing real-
world optimization challenges in QAS. In con-

clusion, our approach not only enhances the e [=_1

ciency of candidate circuit discovery but also ac-
commodates the distinct characteristics of vari-

ous problem domains through a large and diverse
search space.
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(a) The 4-qubit max-cut graph (b) The 8-qubit max-cut graph

Figure 6: The graphs of the experiments on max-cut problems.

d;, L VAEloss avg.reward (RL) avg. reward (BO)

8 5 0.11 0:95 0:001 0:89 0:030
16 5 0.09 0:98 0:006 0:93 0:013
32 5 0.14 0:975 0:009 0:92 0:017
16 3 0.10 0:95 0:013 0:93 0:021
16 7 0.09 0:97 0:010 0:92 0:022

Table 6: Ablation on the latent dimension d, and GIN depth L in the unsupervised pretraining stage on 4-qubit
circuits. The VAE loss is the final-epoch training objective (reconstruction + KL), where lower is better. The avg.
reward is obtained from the RL- / BO-based search strategy on the 4-qubit MaxCut problem and is reported as the
mean standard deviation over 10 random seeds, where higher is better.

Hyperparameter Hyperparameter explanation Value for 4/8/12-
qubit experiments

bs batch size 32

epochs training epochs 16

dropout decoder implicit regularization 0.1

normalize input normalization True

input-dim input dimension 2+#gates+#qubits

hidden-dim dimension of hidden layer 128

dim dimension of latent space 16

hops the number of GIN layers (L in eq. 2) 5

mips the number of MLP layers 2

Table 7: Description of hyperparameters adopted for pre-training.
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(a) 4-qubit state preparation (b) 4-qubit max-cut

(d) 8-qubit state preparation (e) 8-qubit max-cut

(c) 4-qubit quantum chemistry

(f) 8-qubit quantum chemistry

Figure 7: Best candidates of the six experiments in 50 runs.
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