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Abstract

This paper investigates artificial intelligence (AI) methodolo-
gies for the synthesis and transpilation of permutation circuits
across generic topologies. Our approach uses Reinforcement
Learning (RL) techniques to achieve near-optimal synthesis
of permutation circuits up to 25 qubits. Rather than develop-
ing specialized models for individual topologies, we train a
foundational model on a generic rectangular lattice, and em-
ploy masking mechanisms to dynamically select subsets of
topologies during the synthesis. This enables the synthesis of
permutation circuits on any topology that can be embedded
within the rectangular lattice, without the need to re-train the
model. In this paper we show results for 5x5 lattice and com-
pare them to previous Al topology-oriented models and clas-
sical methods, showing that they outperform classical heuris-
tics, and match previous specialized Al models, and performs
synthesis even for topologies that were not seen during train-
ing. We further show that the model can be fine tuned to
strengthen the performance for selected topologies of inter-
est. This methodology allows a single trained model to effi-
ciently synthesize circuits across diverse topologies, allowing
its practical integration into transpilation workflows.

Introduction

Quantum computing requires bridging the gap between the-
oretical quantum algorithms and their implementation on
physical quantum devices. This gap necessitates quantum
circuit transpilation, the process of transforming abstract
quantum algorithms into equivalent circuits that adhere
to the physical constraints of specific quantum processors
(Nielsen and Chuang 2010; Preskill 2018). Quantum circuit
transpilation faces numerous challenges that make it a com-
putationally difficult problem. Finding optimal solutions of-
ten requires solving NP-hard optimization problems (Botea,
Kishimoto, and Marinescu 2018) particularly when deal-
ing with qubit mapping and routing under connectivity con-
straints (Li, Ding, and Xie 2019). Traditional approaches for
transpilation typically fall into three categories, each with
significant limitations: heuristic methods that produce fast
but sub-optimal results, pre-computed databases of optimal
circuits that are resource-intensive to generate and maintain,
and generic or brute-force optimization methods that pro-
duce high-quality results but scale poorly with circuit size
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(Murali et al. 2019; Tannu and Qureshi 2019; Bravyi, La-
tone, and Maslov 2022). Moreover, as quantum devices scale
beyond 100 qubits, traditional transpilation methods become
increasingly impractical due to exponential growth in solu-
tion space, creating an urgent need for more efficient ap-
proaches that can balance optimality with practical runtime
constraints. Recent efforts have explored artificial intelli-
gence techniques to address these challenges, including ma-
chine learning for qubit mapping prediction (Acampora and
Schiattarella 2021), neural networks for circuit optimization
(Fosel et al. 2021), and reinforcement learning for adaptive
compilation strategies (Niu et al. 2019). Specifically, recent
breakthrough results demonstrate that reinforcement learn-
ing has achieved quantifiable superiority over traditional
quantum circuit synthesis methods, with production deploy-
ments showing 40-60% improvements in CNOT layers and
30-70% reductions in circuit depth while operating orders
of magnitude faster than SAT solvers (Olle, Yevtushenko,
and Marquardt 2025; Kremer et al. 2025). RL’s sequential
decision-making framework uniquely aligns with the inher-
ently sequential nature of circuit construction, treating syn-
thesis as a Markov Decision Process where each gate se-
lection depends only on the current quantum state—a natu-
ral fit that traditional optimization methods cannot match.
Building on this emerging trend of Al-assisted quantum
compilation, our previous work (Kremer et al. 2025; Dubal
et al. 2025) introduced Reinforcement Learning (RL) tech-
niques to address these transpilation challenges, achiev-
ing near-optimal synthesis of various circuit types (Linear
Function, Clifford, Permutation, Pauli Networks) while re-
specting device-native instruction sets and connectivity con-
straints. This approach demonstrated significant improve-
ments in balancing circuit optimality and computational ef-
ficiency compared to traditional methods.

Building upon this foundation, the current work focuses
on extending the RL-based approach specifically for permu-
tation circuits, which are fundamental components in many
quantum algorithms including quantum Fourier transforms
(Coppersmith 2002), error correction codes (Fowler et al.
2012), quantum simulation (Kivlichan et al. 2018) and in
applications such as the calculation of ground state ener-
gies or the preparation of time-evolved states in condensed
matter systems (Babbush et al. 2018; Quantum et al. 2020;
Robledo-Moreno et al. 2024). While our previous work



demonstrated effective results for permutation circuit syn-
thesis up to 65 qubits, that approach required training spe-
cialized models for each specific device topology. In this
paper, we present a generalist approach to RL-based quan-
tum circuit transpilation for permutation circuits that over-
comes this limitation. Rather than training separate models
for different device topologies, our method employs a uni-
fied model architecture capable of adapting to various con-
nectivity constraints. This advancement improves the prac-
tical utility of Al-assisted transpilation by eliminating the
need to maintain multiple specialized models while main-
taining performance comparable to the topology-specific
models established in our previous work. Additionally, we
provide comprehensive benchmarks comparing our against
previous specialized RL models and Qiskit’s TokenSwapper
algorithm (Childs, Schoute, and Unsal 2019; Wagner et al.
2023). The results demonstrate that the generic RL model
presented here achieves similar performance to the specific
models and maintains the advantage against heuristic meth-
ods, especially for circuit depth, but providing much more
flexibility than the specialized models.

The paper is organized as follows: Section II presents
the materials and methods used for this paper. Section III
presents the main results related to training generic RL mod-
els for permutation circuits and how these result compare
against using specialized models for each coupling map.
Section IV discusses the results, presents some conclusions
and future directions for this work.

Materials and Methods

Permutation Synthesis With Reinforcement
Learning Across Generic Topologies

Our approach applies RL to circuit synthesis by formulat-
ing the task as a sequential decision-making process. In this
framework, synthesizing a permutation involves making a
series of decisions: at each step, given an operator, the goal
is to choose a swap from a predefined set of available oper-
ations, i.e. swaps between connected qubits. Applying this
gate evolves the operator to a new state. Extending our work
(Kremer et al. 2025) for a more generalist approach, in this
case, to train a model that works across different topologies,
we use a general square lattice topology where we can set a
specific topology. Starting with an initial operator (the target
operation we wish to implement) and a topology that can
be mapped onto a square lattice, the process continues for
several steps until the identity operator is reached. The final
circuit that implements the original permutation while fol-
lowing the selected topology is then obtained by inverting
the sequence of gates. In Figure 1 we show the square lattice
and a few topologies that we can embed in it.

At the heart of the method is an RL agent, which selects
the appropriate gate at each step based on the current op-
erator and the selected topology within the lattice. In order
to prevent the model from applying gates that are not valid
under the selected topology, we employ a method know as
action masking (Ye et al. 2020; Vinyals et al. 2017). In our
network architecture the network technically outputs the ac-
tion probabilities for all possible gates in the grid, but only
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the valid actions are considered when sampling from the dis-
tribution. This prevents the model from selecting swaps that
are not allowed by the specified topology. The topology is
also used as input to the network so that it allows specialized
strategies to be learned. A depiction of the network architec-
ture is shown in Figure 2.

Like other Al-based techniques, our method includes a
training phase during which the agent learns how to per-
form permutation synthesis. Once trained, the agent can syn-
thesize circuits during an inference phase by applying the
knowledge it has acquired.

Training

To train the RL agent, we follow a standard reinforcement
learning pipeline in which the agent attempts to synthesize
input operators and learns from the outcomes. As inputs we
use the current operator and the selected topology. The latter
is used as input and to mask the possible actions taken by
the agent. In addition we enhance this process by progres-
sively increasing the difficulty of the input operators as the
agent improves, a strategy commonly referred to as curricu-
lum learning in the RL literature (Narvekar et al. 2020).

The agent receives feedback on its actions through a re-
ward function. At each decision step, a reward is computed
based on the immediate outcome of the chosen action. Our
reward function consists of two main components:

1. A large positive reward is given when the agent reaches
the identity operator, signaling successful synthesis. This
encourages the agent to take actions that complete the
circuit.

2. Small negative rewards (penalties) are applied for each
gate used, promoting more efficient circuits with fewer
gates and reduced depth.

During the training process we perform the following op-
erations at each training step:

1. Generate a batch of random input pairs, each one con-
sisting of a target permutation and a specific topology.
The topology is created starting from a random qubit and
randomly selecting connections from there, in such a way
that we end up with a connected sub-graph of the main
lattice with a random number of qubits. Once we have the
topology, we randomly create a permutation depending
on the current difficulty level (see (Kremer et al. 2025)
for more details).

2. Collect the needed observations and rewards at each step
through the inference process for each (permutation tar-
get, topology) pair. The topology is used to mask invalid
actions, to avoid getting actions not compatible with the
connectivity restrictions in the inference process.

3. Use the collected data to update the network weights us-
ing the Proximal Policy Optimization (PPO) algorithm
(Schulman et al. 2017) as implemented in our own RL
framework twisteRL'. Action masking is also used in this
step.

"https://github.com/IBM/twisteRL
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Figure 1: Examples of topologies within the 5x5 square lattice, (a) Full 5x5 square lattice, (b) 7 qubits with ”L” connectivity,
(c) 8 qubits with ”F” connectivity, (d) 9 qubits with ”T” connectivity.
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Figure 2: Network architecture used as the RL policy. After a topology is selected, the permutation and the topology are encoded
and passed to the network. We use a simple feedforward network with three layers. The network outputs the probability assigned
to each possible action on the grid, but the sampling only happens among the actions that are allowed by the topology.

4. If the rate of input permutations successfully synthesized
is above a specific threshold (typically 0.85) the difficulty
is increased by 1.

Once the RL agent is trained, we can synthesize a permu-
tation for a specific topology by letting the RL agent take ac-
tions at each step. As we described, the RL agent consist of
a neural network that takes the given permutation and topol-
ogy as inputs (in a numerical representation) and outputs a
log-likelihood for each of the possible actions, i.e. each pos-
sible swap allowed by the topology. It is important to note
again that we use the input topology to mask the possible ac-
tions, making the probability to select a non-allowed action
effectively zero.

In the inference process one can follow two main ap-
proaches: greedy and sampling. In the greedy approach
we always select the action with the highest probability,
whereas in the sampling one we sample from the probability
distribution. At this point we see a fundamental difference
with the topology specific models. While for the specific
ones we can follow a greedy approach, for the generic model
we need to use sampling to reach a high level of success rate
when synthesizing permutations.
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Results

In this section we analyze the performance of the generic
topology models against models trained for specific topolo-
gies and Qiskit TokenSwapper algorithm.

We have chosen the following typical topologies 7qL,
7qF, 7qH, 7qT, 8qF, 8qJ, 8qT2, 9qT2, 9qH3 and 12qO,
which can be embed in our generic 5x5 square lattice model.
Find detailed information about these topologies in (Kremer
et al. 2025)’s supplementary information. Specialized mod-
els for these topologies have been previously trained follow-
ing the approach we used in (Kremer et al. 2025). To per-
form the comparison, first we create a set of random per-
mutations for each of the specific topologies. We run both
the generic and the specific model for each permutation to
obtain the number of swaps implemented by each model to
synthesize the permutation. In the case of the generic model,
for each permutation, we randomly select a subgraph within
the square lattice that matches the specific topology, and
map the permutation to it. We run the comparisons running
the inference following the greedy strategy for the specific
models and the sampling one for the generic one, perform-
ing 10 runs.

In Figure 3 we show the histograms for the ratios of num-
ber of swaps for a specific model over the number of swaps
in the generic model Nypecific/Ngeneric and the number of
gates obtained with Qiskit TokenSwapper (with 1000 tri-
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Figure 3: Comparison of number of gates. Each plot presents a histogram with the ratios of gates for the different specific
models. In blue, number of swaps obtained with the specific model over circuit depth obtained with the generic model. In
orange, number of swaps obtained with Qiskit TokenSwaper algorithm over circuit depth obtained with the generic model.
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Figure 4: Comparison of circuit depths. Each plot presents a histogram with the ratios of depths for the different specific models.
In blue, circuit depth obtained with the specific model over circuit depth obtained with the generic model. In orange, circuit
depth obtained with Qiskit TokenSwaper algorithm over circuit depth obtained with the generic model.
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Specific model Qiskit TokenSwapper
N/Ngenemc depth/depthgeneTlC t/tgenemc N/Ngenemc depth/depthgeneT‘10 t/tgenemc

Topology | < 0.95 | > 1.05 | <0.95 > 1.05 avg <0.95 | >1.05 | <0.95 > 1.05 avg
7qL 0.3% 0% 44% 11% 0.08 0.3% 0% 12% 44% 15
7qF 1.2% 0% 36% 16% 0.08 0.5% 2.5% 10% 44% 10
7qH 1.5% 0% 31% 14% 0.08 0.0% 6.1% 8% 44% 10
7qT 1.1% 0% 36% 17% 0.08 0.1% 4.2% 12% 43% 10
8qF 2.3% 0.1% 43% 17% 0.07 0.6% 4.3% 14% 50% 10
8qJ 3.5% 0% 48% 8% 0.07 0.3% 9.6% 9% 50% 12
8qT2 3.0% 0.2% 49% 13% 0.07 1.0% 3.1% 11% 52% 11
9qT2 5.8% 0% 53% 13% 0.07 2.1% 4.9% 13% 58% 12
9qH3 7.2% 0.1% 41% 20% 0.07 1.6% 9.2% 11% 58% 13
12q0 54% 0% 67% 11% 0.05 35% 31% 33% 48% 11
12qO FT 17% 0.2% 48% 20% 0.07 10% 30% 17% 56% 13

Table 1: Methods Comparison.

als) over the generic model. Values higher than one imply
the generic model is performing better while the opposite
is true for values lower than one. As observed in the fig-
ure, the generic model performs similarly to the specific
models. Comparing to those specific models, the generic
one achieves the same number of gates for a large fraction
of input set (> 90%) across all topologies, except for the
topology 12qO, which we will discuss later. In the fraction
of permutations synthesized where the generic model per-
forms worse, the specific models typically achieves a 10% -
20% reduction in the number of gates. In a small fraction of
cases we can see the generic model outperforms the specific
model, generating ~ 10% less gates. If we use the sampling
strategy for both specific and generic models, the results are
quite similar. When comparing to Qiskit TokenSwapper, re-
sults are significantly better, with the generic model outper-
forming the TokenSwapper in several topologies. In Figure 4
we do an analog comparison but considering the depth of the
circuits instead of the number of gates. Comparing with the
specific models, we see that these perform slightly better on
average, but in this case we also see that the generic model
is better for a fraction of the input sample. In general, there
is greater deviation from equality in both directions. Com-
pared to Qiskit’s TokenSwapper, the generic model yields
overall better results, although the values also exhibit more
spread around the equality line in this case.

In terms of execution speed, the specific models are usu-
ally one order of magnitude faster than the generic model,
while the Qiskit TokenSwapper (QiskitSDK v2.0) is one or-
der of magnitudes slower than the generic model, while pro-
viding worse results on average.

In Table 1 we summarize the results comparing both spe-
cific models and Qiskit TokenSwapper to the generic model.

The case for the 12 qubits using a ring connectivity (O)
is interesting. In this case the generic model clearly per-
form worse than the specific model, even though for half
the test sample it synthesize circuits with the same number
of gates. The probability of randomly selecting a ring topol-
ogy in our training process is negligible. Thus, the model
has never seen this topology in the training, and even though
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the model is able to synthesize the circuits, it clearly can im-
prove. In this case we see that the specific model synthesizes
circuits with less than ~ 95% gates than the generic model
for ~ 55% of the test sample. However, the generic model is
capable of synthesizing circuits with at most 20% more gates
in approximately ~ 90% of the cases, and at most 10% more
gates in ~ 70%. This means that, for a target permutation re-
quiring 20 swaps, the generic model will produce a circuit
with 24 swaps or fewer in around 90% of instances, and with
no more than 22 swaps in roughly 70% of the cases.

To check our hypothesis that the problem lies in the lack
of ring connectivity topologies in the training, we performed
a simple fine tune of the generic model. We changed the al-
gorithm that generates the random topologies and force the
inclusion of a specific 12qO topology, and continue train-
ing the generic model from its current weights. In Figure 5
we show the comparison between the regular and fine tuned
generic models. We can clearly see that if the generic model
sees the 12qO connectivity during the training, the perfor-
mance for that particular topology improves. In particular,
the fraction of circuits for which the generic model gener-
ates more than 5% more gates decreases from ~54% for the
regular generic model to ~17% for the fine tuned generic
model.

In Table 2 we compare network parameters and size of
the different models. The generic model is heavier in terms
parameters and disk size compared to the specific models
(2.5Mb versus ~700Kb). However, the generic model alone
is capable of perform similarly than the specific models in
most cases and avoids the burden of having to train all the
specific models, storing them and managing them, in case
they are used as part of a any software library or service.

Discussion

In this work we have presented an RL-based method for the
synthesis of permutations to generic topologies. The method
addresses one of the main limitations of previous RL-based
approaches (Kremer et al. 2025; Dubal et al. 2025), i.e. the
need for training specific models for synthesis to different
topologies. By including dynamic action masking during
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Figure 5: Comparison of generic regular and fine tuned
model for 12qO topology. In orange, number of gates for
specific model over number of gates for generic model. In
green, number of gates for specific model over number of
gates for fine tuned generic model.

Train configuration
#Topology | #Network Parameters (10°) | Size (KB)

7qL 159 623
7qF 159 623
7qH 159 623
7qT 159 623
8qF 167 654
8qJ 167 654
8qT2 167 654
9qT2 176 689
9qH3 176 689
12q0 209 819
Generic 614 2500

Table 2: Model characteristics

training, we show how one generic model can be trained
to do synthesis of permutations to arbitrary topologies con-
tained within a base coupling map, by just specifying the
adequate mask during the synthesis and without the need to
retrain.

In our benchmarks, we see that the generic RL model per-
forms on pair with the specialized RL models for a wide
range of topologies. We also observe that the model still
works for topologies that are very scarce or non-existent in
the training set, such as the 12 qubit ring, even if they ini-
tially perform worse than the specific models. We further
show how these deficiencies can be improved by fine-tuning
the generic model to improve on the specific topologies of
interest.

Through this work we demonstrate that action masking
can be an effective way to scale RL-based synthesis of per-
mutations, where the network learns common patterns that
help it perform effective synthesis across different topolo-
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gies. A straightforward next step would be to validate if
this approach can also be applied to synthesis of other types
of circuits (e.g. Clifford, etc.). Another direction for future
work would be to improve the network architecture in order
to include generic transformations that allow to overcome
the limitation of a fixed size grid, such as transformer-based
architectures or graph neural networks.
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