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ABSTRACT
Effectively leveraging quantum computing requires generating and
manipulating a desired quantum state using a quantum circuit.
Quantum circuit synthesis (QCS) is bottlenecked by the exponential
complexity of circuit verification via quantum simulation. Diffusion
models are promising QCS candidates, because they circumvent
quantum simulation during training. Existing diffusion-based QCS
models demonstrate success for unconstrained circuits, but prove
insufficient for producing hardware topology-constrained circuits–
a common restriction for modern quantum machines. This work
introduces a novel hardware-aware conditioning framework that
enables topology-constrained QCS. Our approach delivers up to 8𝑥
higher success rate compared to the baseline for a state-of-the-art
hardware-agnostic QCS model, proving the necessity for hardware-
aware QCS.

CCS CONCEPTS
•Hardware→ Quantum error correction and fault tolerance;
• Computer systems organization→ Quantum computing.
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1 INTRODUCTION
Although quantum computing offers potential exponential speedups
in fields including biology, chemistry, material science, and machine
learning, a quantum algorithms broadly require users to manually
build complex circuits to generate and manipulate quantum states,
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Figure 1: IBM Sherbrooke’s hardware topology is far from
fully connected: most qubits only connect to two neighbors.

hampering accessibility. The task of calculating a quantum circuit
to generate a quantum state is termed quantum circuit synthesis
(QCS). QCS faces two main challenges: the vast search space of pos-
sible gate sequences and the exponential time and space required
for quantum simulation. A promising direction in QCS leverages
diffusion models due to their unique training procedure that avoids
quantum simulation entirely [1–6].

However, existing generative QCS methodologies are hardware-
agnostic. They operate under the assumption of an unconstrained
qubit architecture with all-to-all connectivity, where a two-qubit
gate can apply to any arbitrary pair of qubits. While these models
are effective in this abstract setting, their output is incompatible
with the physical constraints of contemporary quantum hardware,
which often have restrictive topologies as shown in Figure 1. While
an arbitrary quantum circuit can be transpiled to run on any hard-
ware topology through the addition of SWAP gates, doing so sig-
nificantly increases circuit depth and accumulates error.

Alternatively, hardware-aware synthesis promises shallower,
higher-fidelity quantum circuits by avoiding transpilation entirely,
but poses its own challenges. The number of topologies grows
exponentially with the number of qubits, which is far from ideal
for training a hardware-aware QCS model. Furthermore, hardware
topologies may have large differences in circuit compatibility, which
can introduce significant dataset and training imbalances.

This work introduces a novel and scalable conditioning pipeline
that provides the benefits of hardware-aware QCS to any diffusion-
based QCS approach. Our approach uses graph isomorphism and
sub-topology search to eliminate irrelevant sub-topologies to avoid
class explosion. We also employ cartesian-product-based dataset
balancing to ensure equal training across classes. Our key contri-
butions are as follows:
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Figure 2: Our work applied to GenQC pipeline. We add
the green shaded steps, the rest remains the same. For any
hardware-unaware QCS diffusion model, our method unin-
trusively provides hardware awareness.

Figure 3: Data generation pipleine. We include only sub-
topologies which occur in real semiconductor hardware. Rep-
resenting both sub-topologies and circuit dependency graphs
as LSAM allows us to remove isomorphic duplicate topolo-
gies and match circuits to a topology.

(1) We present a novel and scalable conditioning pipeline that
augments existingQCSmodels to enable topology-constrained
circuit generation

(2) We demonstrate two topology-encoding methods, analyze
their performance, and provide insights on their trade-offs.

Our approach delivers significant improvement over hardware-
agnostic approacheswhen constrained to realistic topologies, achiev-
ing up to 8𝑥 higher success rate than the original hardware-agnostic
model. Our success demonstrates the necessity of hardware-aware
conditioning.

2 METHODOLOGY
Our methodology addresses the two main challenges in topology
conditioning: class explosion and dataset imbalance.

To ease the exponential growth of topologies with qubit count,
we eliminate isomorphic topologies using the Lexigraphically Small-
est Adjacency Matrix (LSAM) graph representation. LSAM is a
canonical representation,meaning all isomorphic graphs aremapped
to an identical representation. The LSAM representation reduces
the set of labeled hardware topologies to the set of unlabeled topolo-
gies, a 𝑁 !-scale reduction on 𝑁 qubits.

Additionally, most graphs are not realistic hardware topologies.
Quantum hardware schedulers allocate a connected, 𝑁 -qubit sub-
graph of the full device hardware topology to a given quantum ap-
plication. Therefore, we search the full-device hardware topologies
of leading superconductor machines for a set of all non-isomorphic
size 𝑁 subgraphs. This set serves as our minimal dataset of realistic
hardware topologies.

Figure 4: Accuracy of generated circuits constrained by hard-
ware topology. Both topology-conditioned models outper-
form GenQC’s masking approach.

We also analyze the effect of two embedding schemes for condi-
tioning. In the first, we encode LSAM, written as a coordinate list,
with a CLIP encoder. In the second, train a matrix encoder alongside
the model. After embedding, conditioning inputs are incorporated
as defined by the model.

3 RESULTS
Weevaluate our approach usingQCSmodel GenQC [4]. The hardware-
agnostic GenQC model uses topology-based masking to gener-
ate topology-constrained circuits. Figure 4 shows that both of our
topology-conditioning methods significantly improve GenQC. De-
spite minor decline for 6-8 qubits, hardware-aware conditioning
prevents the exponential decline of hardware-agnostic GenQC. This
indicates that our hardware-topology-conditioning improves scala-
bility for higher qubit-counts.

4 CONCLUSION
This work proposes a novel conditioning framework to enable
topology-constrained QCS in previously hardware-agnostic mod-
els. We evaluate two conditioning embeddings with a state-of-the-
art hardware-agnostic model, and demonstrate that our approach
significantly improves scalability and accuracy. Future work will
further analyze the model architecture and tunable encoding tech-
niques to extend this work to larger, more complex quantum states.
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