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I. Introduction

Combinatorial optimization problems are ubiquitous
across science and industry [1-7], yet many of them
remain computationally challenging due to their NP-
complete nature [8, 9]. Classical methods therefore rely
on heuristics or approximation algorithms [10, 11] whose
performance can degrade with problem size [12-15].

Quantum computing offers a promising alternative,
with variational algorithms such as the Quantum Ap-
proximate Optimization Algorithm (QAOA) designed to
tackle such problems by encoding them into Hamiltoni-
ans [16-18]. A key challenge of implementing QAOA is
the depth of the resulting quantum circuits. The prob-
lem Hamiltonian typically induces interactions between
many pairs of qubits, which are implemented on digital
quantum computers using two-qubit gates. On hardware
with limited connectivity, additional SWAP operations
are required to route qubits into adjacent positions. This
routing process significantly increases circuit depth and
accumulated error, making efficient transpilation crucial.

Transpilation is the process of converting a high-level
quantum circuit into a logically-equivalent one that the
hardware can interpret. Finding an optimal transpila-
tion for general circuits is itself an NP-complete prob-
lem [19-21]. However, this task can be simplified for
circuits composed of commuting two-qubit gates, such as
those arising in QAOA. Current state-of-the-art trans-
pilers take advantage of this commutativity property to
design a pre-determined network of SWAP gates, called
a SWAP strategy, which can systematically generate all
pairwise interactions [22, 23]. While this approach was
proved to be practical on simple hardware connectivit-
ies, such as a line of qubits, designing SWAP strategies
for higher connectivities is a considerably harder task.
Furthermore, taking the pre-determined SWAP network
approach can also be suboptimal for sparse graph prob-
lems which might require many SWAPs for a few gates.

We address these challenges by introducing a problem-
dependent transpilation method for such circuits on two-
dimensional lattice architectures. Our approach con-
structs SWAP sequences that reduce circuit volume and
improve hardware performance. The outperformance of
our method over the standard one improves with system
size for both Random Regular graphs of degree 3 (RR3)
and Erdés—Rényi (ER) graphs. Hardware experiments
further confirm that our transpilation method is more
noise robust, leading to improved performance when us-
ing QAOA to solve combinatorial optimization problems.

II. Quantum Approach

We consider the Max-Cut problem which is an uncon-
strained combinatorial optimization problem defined over
n binary decision variables z € {0,1}"™ and often used to
benchmark QAOA performance [24-27]. The goal is to
split a set V' of n nodes of a graph G = (E,V) in two
parts such that the sum of the edges connecting the two
subsets is maximized. Formally, a decision variable z; is
assigned to each node i € V' to indicate which side of the
cut the node is on. Solving Max-Cut is then equivalent
to finding the binary string x that maximizes
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Quantum computers can tackle such problems by map-
ping f(z) to an Ising Hamiltonian H- whose ground state
minimizes f(x). This is done through the change of vari-
ables z; = 1_22"’ and promoting z; to Pauli Z operators
Z; [17). Mapping f(z) to a Hamiltonian [17] results in
the cost operator
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with a ground state that maps to the maximum cut.
Then, we use QAOA to find the ground state of Hg
by sampling from an Ansatz
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with optimized variational parameters (3,4). In QAOA,
the mixing Hamiltonian Hj; is chosen such that its
ground state is the initial state. This ensures that an
adiabatic evolution, obtained in the limit of p — oo,
transforms the initial ground state of H,; to the ground
state of Ho. Here, we consider a problem-independent
mixer operator Hy = — Y7~ X;, although other mix-
ing Hamiltonians have been proposed [28, 29].

III. Grid-based SWAP Strategies

The transpilation problem consists of two main tasks:
determining an initial qubit mapping and finding a se-
quence of SWAP layers that enables all required interac-
tions. The inputs are the hardware connectivity, a ‘basis’
set of SWAP layers, and the interaction graph instance.
A ‘basis’ of SWAP layers is defined as a set for which
there exists an ordering of its layers that realizes any
desired pairwise interaction, see Fig. 1(a). The state-of-
the-art approach for transpiling on higher-connectivity



hardware first identifies the longest line of qubits and
then applies problem-independent linear SWAP layers re-
ferred to here as the linear strategy.

We propose a transpilation method, called greedy,
that constructs SWAP strategies tailored to the specific
interaction graph. The method begins with an initial
qubit mapping obtained via a SAT-based approach ap-
plied to a fixed SWAP strategy [23] (see Fig. 1(b)). Start-
ing from this mapping, we iteratively build a sequence of
SWAP layers by exploring the tree of possible qubit con-
figurations up to a predefined depth ki ax.

At each step, we track which interactions can be ex-
ecuted and prioritize SWAP sequences that maximize the
number of newly enabled interactions. If a sequence fully
realizes all required interactions, it is accepted as a solu-
tion, with random tie-breaking if needed. Otherwise, we
greedily extend the most promising partial sequences and
repeat the exploration. This procedure yields a problem-
dependent SWAP sequence that is typically shorter than
fixed strategies. To further improve performance, we it-
eratively recompute the initial qubit mapping from the
current SWAP sequence and repeat the search. Altern-
ating between optimizing the mapping and the routing
helps escape from suboptimal configurations.

IV. Results

In this section, we quantify the advantages of our
transpilation method and identify the regimes where it
provides the greatest benefit. For benchmarking, we con-
sider only the time-evolution under the cost Hamiltonian.
As a result, the number of SWAP layers and entangling
gates corresponds to that of a depth-one QAOA circuit.

We first study RR3 graphs, a standard benchmark
for QAOA. Our problem-dependent transpilation con-
sistently outperforms existing approaches in terms of the
number of SWAP layers, see Fig. 2(a). This metric is
directly relevant, as it correlates with the number of CZ
gates in the compiled circuit, Fig. 2(b). Importantly, the
advantage persists across system sizes and becomes more
pronounced for larger graphs, see Fig. 3(d).

We next consider ER graphs with edge probability q.
Here, the reduction in CZ gates compared to a linear
SWAP strategy increases with both graph size and dens-
ity, see Fig. 2(c). However, denser graphs also lead to
larger and noisier circuits. For hardware with error rates
on the order of 1073, circuits exceeding ~ 3,600 gates be-
come effectively unusable. The white and black dashed
lines in Fig. 2(c) indicate the feasibility limits for the
linear and our method, respectively, with our approach
extending the accessible regime between them.

We probe this regime experimentally by running
QAOA for Max-Cut on IBM’s square-lattice hardware
for 80-node instances near the feasibility boundary, in-
cluding both RR3 graphs (edge density ~ 0.037) and ER
graphs, see highlighted squares. Performance is evalu-
ated using the mean approximation ratio, defined as the
ratio between the average cost over quantum samples and
the optimal classical cost.
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Figure 1: (a) The square ‘basis’ set of 2D SWAP layers for
a 3 x 3 square lattice, introduced in [22]. (b) Conceptual
overview of the problem-dependent circuit transpilation
algorithm. A tree search over SWAP layer sequences is
performed, where branches correspond to ‘basis’ SWAP
layers and nodes encode qubit layouts m and remaining
interactions F. For example, at depth k = 1, the possible
qubit orderings are denoted by 7g;, 714, T2;, T3;, where the
subscripts indicate the respective SWAP sequence. The
tree is explored up to a fixed depth k., after which the
leaf minimizing the number of remaining edges is selec-
ted and used to continue the search until all interactions
are implemented, yielding a SWAP layer sequence. The
outcome can be further refined via re-optimization of the
initial qubit mapping and repeating this process.

In noiseless MPS simulations, increasing the number of
QAOA layers p improves performance, as expected, see
solid lines in Fig. 3(a). On hardware, however, this trend
can reverse for larger systems due to more noise in deeper
circuits, see dashed and dotted lines for > 48 qubits. Des-
pite this, our greedy method consistently outperforms the
standard linear SWAP strategy across all tested system
sizes. This advantage is further illustrated by the cu-
mulative distribution functions (CDFs) of sampled cost
values, Fig. 3(b). Since higher cost values are desirable,
a right-shifted CDF indicates better performance. Our
method yields distributions that are consistently shifted
toward higher values compared to the linear strategy.

Finally, we quantify the improvement as the relative
increase in approximation ratio over the linear method,
Fig. 3(c). This improvement grows with circuit complex-
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Figure 2: Gate scaling versus graph size and edge density for time-evolution circuits on a square lattice under
different SWAP strategies. The linear strategy is the current state of the art; the hybrid and square strategies (the
latter from [22]) are discussed in the full version text. The performance of the greedy strategy depends on the choice
of SWAP-layer basis (pink curves). In (c), dashed lines indicate feasibility thresholds (~ 3,600 CZ gates) for the linear
(white) and greedy (black) strategies; the region between them marks instances enabled by our approach. The black
square highlights the hardware experiment in Fig. 3. Data points are averaged over 10 instances.
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Figure 3: Hardware performance analysis of QAOA circuits for Max-Cut with p = 1 (blue) and p = 2 (pink), transpiled
using linear (dashed) and greedy (dotted) strategies. Lower bounds in (a) are theoretical guarantees [30, 31| and
become difficult to resolve with our approximate MPS simulator at larger system sizes. Results are averaged over 10
graph instances, with 10,000 samples per circuit. No error mitigation or post-selection is applied.

ity, as measured by system size and C'Z gate count, re-
flecting the increasing number of gates avoided by our
method, see Fig. 3(d).

V. Conclusions and Discussion

We introduce a transpilation method for circuits of
commuting two-qubit gates, common in quantum al-
gorithms for combinatorial optimization and Ising sys-
tems. Our method produces significantly shallower cir-
cuits than the current best practices by constructing
problem-dependent sequences of SWAP layers, rather
than relying on fixed routing patterns. By minimizing
the number of SWAP layers required to realize all in-
teractions, we effectively reduce circuit depth and the
number of entangling gates. Although this comes at the
cost of additional classical pre-processing, scalability is
maintained by limiting the exploration depth, enabling
improvements for systems with up to 90 qubits.

Numerically, we find that the reduction in the C'Z gate
count increases with graph complexity. Hardware ex-
periments confirm that these reductions translate into
improved performance, with gains of up to 7% in ap-
proximation ratios for both Max-Cut and maximum in-
dependent set (MIS) at depth-one and depth-two QAOA.
Here, we only presented the results on Max-Cut, but in
the presentation, we would also present results for MIS
which show a similar behavior.

Future work may consider designing improved sets of
SWAP layers. While our method relies on a predefined
set, different choices can lead to varying performance,
and identifying optimal or near-optimal sets remains an
open problem. Extending this approach to other hard-
ware topologies is another promising avenue. Overall,
our results highlight the importance of problem-aware
transpilation and suggest that such strategies are key to
improve the performance of quantum algorithms on noisy
devices.
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