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Abstract

Running a quantum circuit on hardware with lim-
ited qubit connectivity requires inserting SWAP
gates, each adding depth and exposing qubits to de-
coherence, so that two qubits that must interact be-
come physically adjacent on the chip. Reinforce-
ment learning (RL) is an increasingly used, adap-
tive alternative to hand-engineered routing heuris-
tics, but how an RL agent’s observation and action
encodings should be designed has received little at-
tention, even though environments such as qgym
leave both choices to the user. We study these two
encodings one at a time. The first is the observa-
tion reach, or how many upcoming gates the agent
can see; the second is the action-space granularity,
ranging from single SWAPs through a heuristically
pruned set to multi-SWAP macro actions. Hold-
ing the reward, algorithm, hyper-parameters, and
hardware fixed, we evaluate both on the coupling
graphs of a 7-qubit and a 16-qubit IBM device.
The observation reach has little effect on routing,
and the full-circuit view fails on the larger de-
vice. Action-space granularity matters much more:
macro actions solve substantially more circuits and
route them with fewer SWAPs, and this advantage
grows with device size. Injecting the same routing
heuristic as a soft prior on the action distribution,
rather than as a hard mask, preserves completeness
while roughly halving the SWAP overhead. A dis-
joint held-out evaluation suggests these results re-
flect transferable routing skill rather than memo-
rized training circuits.

1 Introduction

In the current Noisy Intermediate-Scale Quantum (NISQ) era,
quantum hardware is limited by physical constraints such as
restricted qubit connectivity and gate error rates [8]. On the
superconducting devices targeted in this work, a fixed cou-
pling graph defines which physical qubits are adjacent, and a
two-qubit gate can act only on an adjacent pair.

When a quantum algorithm is written, it is expressed in
terms of virtual qubits assuming all-to-all connectivity, where
a two-qubit gate may be applied to any pair of qubits directly.
Real hardware, however, offers no such freedom: the program
must first be compiled to respect the connectivity of the target
device. This compilation pipeline involves three main steps:
mapping virtual qubits to physical ones, routing the compu-
tation so that interacting qubits are brought next to each other
on the chip, and scheduling gate operations.

This work focuses on the routing step. When two qubits
need to interact but are not physically adjacent, the com-
piler inserts SWAP gates to move them together (Figure 1).
Each SWAP makes the circuit deeper and exposes the involved
qubits to more decoherence. Routing must insert SWAPs un-
til every two-qubit gate of the circuit can be executed on the
device’s coupling graph (formalized in Section 2). Among
the several objectives studied in the literature, such as gate

fidelity, runtime, or crosstalk, we adopt the common choice
of minimizing the total number of inserted SWAPs, which in
turn limits the added circuit depth. Even under this single ob-
jective the problem is NP-complete [13], with a search space
that grows rapidly in circuit size.

Classical compilers tackle this problem with hand-
engineered heuristics such as SABRE [5] and the routing
layer of t|ket) [1]. These methods are fast and produce
strong baselines, but the rules they encode are fixed and adapt
poorly when the hardware topology, gate set, or noise profile
changes. Reinforcement learning (RL) has been proposed as
a more adaptive alternative [7; 9; 6]: an agent interacts with
the routing environment step by step and receives reward sig-
nals that gradually shape its policy toward better routing deci-
sions. For qubit routing, each agent action corresponds to in-
serting a SWAP (or skipping when none is needed), and the re-
ward reflects progress toward executing the remaining gates.

While prior RL formulations show that learned policies
can match, and in some cases improve on, classical heuris-
tics in specific settings [7], substantial freedom remains in
how the interaction between agent and environment is de-
signed. The qgym framework [17] consolidates much of this
design space into a configurable routing environment, but al-
lows the user to design the observation and action encodings.
These two design choices, the observation space (what the
agent sees) and the action space (what the agent is allowed to
do), strongly shape how easily a policy can be learned, how
sample-efficient training is, and how well the resulting policy
generalizes to unseen circuits.

Research questions. This work investigates these encod-
ings under tightly controlled conditions. The main research
question is: how do the observation-space and action-space
encodings of an RL agent affect routing performance, learn-
ing stability, sample efficiency, and generalization in the
qubit-routing pass? We decompose it into two controlled ab-
lation studies, each varying a single interface design choice
while holding the rest of the experimental setup fixed:

¢ SQ1 (observation). How does the observation encod-
ing, that is, how many upcoming gates of the circuit the
agent can see (its lookahead reach), affect routing per-
formance?

* SQ2 (action). How does the action-space granularity —
atomic single-SWAP actions versus a heuristically pruned
top-k action set versus high-level macro (multi-SWAP)
actions — affect routing performance?

Within SQ2 we also explore a softer way to apply this heuris-
tic: a prior that biases the policy toward good SWAPs rather
than a hard mask that forbids the rest.

Contributions. The contributions of this paper are:

* A controlled ablation harness, built on qgym, that iso-
lates the observation reach (SQ1) and the action-space
granularity (SQ2) while holding the reward function,
hyper-parameters, and hardware fixed across arms (us-
ing PPO for SQ1 and MaskablePPO for SQ2).

* An evaluation across two IBM coupling graphs of dif-
ferent scale (the 16-qubit Guadalupe and the 7-qubit
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Figure 1: Qubit routing. A two-qubit gate needs qubits a and b, but they sit on non-adjacent physical qubits (a); a SWAP along a coupling edge

brings them together (b), after which the gate executes (c).

Casablanca) to probe how the encoding effects interact
with device size.

* A generalization protocol that separates memorization
of training circuits from transferable routing skill, by
training on a mixture of randomly generated and struc-
tured interaction circuits and evaluating on a disjoint,
held-out benchmark suite.

* A soft-prior alternative to hard action masking that in-
jects the routing heuristic as a bias on the action dis-
tribution rather than forbidding SWAPs, preserving com-
pleteness while reducing SWAP overhead.

2 Background and Related Work

2.1 The routing problem

A quantum circuit is compiled against a device whose con-
nectivity is a graph G = (V| E), where V is the set of physi-
cal qubits and an edge (u, v) € E means a two-qubit gate may
be applied directly to qubits v and v. Following the qgym
routing formulation [17], we abstract a circuit over a set of
virtual qubits Vi into its interaction circuit: the ordered list
of two-qubit gate pairs {(q1,¢2), (¢3,94), - - . ). Single-qubit
gates impose no connectivity constraint and are ignored in
the routing process. A mapping 7 : Viix — V assigns each
virtual qubit to a physical one, and a two-qubit gate on vir-
tual qubit pair (a, b) is executable only if (7(a), 7 (b)) € E.
When it is not, the agent inserts SWAP gates along edges of
G until the pair becomes adjacent. The objective is to make
every gate executable while inserting as few SWAPs as possi-
ble. The initial mapping is reset to the identity each episode
(virtual qubit ¢ on physical qubit ¢), so each interaction circuit
defines a fully determined routing instance. Framed as a se-
quential decision process, this is a Markov decision process
(MDP) [14]: the state is the current mapping together with
the remaining interaction circuit, an action inserts a SWAP on
an edge of G or surpasses the next gate, transitions are de-
terministic, and a per-step reward (defined below) charges for
SWAPs while crediting executed gates.

2.2 The qgym routing environment

All experiments use the qgym Routing environment [17], a
Gymnasium-compatible [16] simulator in which an episode
routes one interaction circuit on a fixed coupling graph until
all gates are executed. The environment exposes two encod-
ings as configuration choices, which are exactly the variables
we study (Section 3): the observation space and the action
space.

Observation space. The default observation comprises the
current mapping, a lookahead window over upcoming in-
teraction gates, and a legality mask over candidate actions.
Its key tunable parameter is max_observation_reach, the
number of upcoming gates exposed to the agent: a short reach
shows only the next few gates, a wide reach shows more of
the circuit at the cost of a larger observation. The optional
adjacency-matrix observation is disabled, since on a fixed
topology it is constant and carries no learnable signal.

That observation does not expose the full MDP
state: the mapping is complete, but only the next
max_observation_reach gates are shown. Even so, it
can be a Markov state (a sufficient statistic for optimal ac-
tion) [14]: the mapping already summarizes every SWAP so
far, so a memoryless policy can in principle act optimally,
and a bounded reach withholds only part of the future cir-
cuit. The global reach is the limiting case, recovering the full
MDP state. SQ1 therefore reduces to a sharp question: how
far ahead must the agent see to route well?

Action space. In the atomic encoding, an action either per-
forms a SWAP on one edge of GG or issues the surpass action
that executes the next gate (defined above). Alternative en-
codings either prune the SWAPs to the £ that most reduce the
total distance between qubits still waiting to interact, or ag-
gregate several SWAPs into a single high-level move; these are
formalized as the SQ2 arms in Section 3.

2.3 Reward function

To keep reward design from confounding the encoding study,
all experiments use qgym’s built-in SwapQualityRewarder.
The per-step reward sums four event-based components: —5
for an illegal action, —1 per SWAP, +1 when a previously
blocked two-qubit gate becomes executable (surpass), and
+0.8 for a SWAP that makes more upcoming gates immedi-
ately executable (good SWAP). An action is illegal only when
the agent surpasses a gate whose qubits are not yet adjacent;
the SQ2 action masks (Section 3) make this unreachable, so
the penalty is operative only for the unmasked SQ1 agent.
The agent thus receives dense feedback every step rather than
a single terminal signal, mitigating the sparse-reward prob-
lem typical of qubit routing [7].

2.4 Reinforcement-learning algorithm

The base algorithm is Proximal Policy Optimization
(PPO) [12], used through Stable-Baselines3 [11]. SQI
uses standard PPO; SQ2 uses MaskablePPO [2] because
its variant-specific action spaces need an explicit feasibility
mask. PPO is a stable, widely used default for Gymnasium



environments and has been applied to quantum-circuit compi-
lation [9; 6]. Core hyper-parameters are matched across both
sub-questions; only the encoding under study varies. The full
table is in Section 4.

2.5 Related work

Classical routing heuristics. The qubit mapping and rout-
ing problem has been studied extensively from a compiler-
engineering perspective. SABRE [5] introduced a bidirec-
tional look-ahead heuristic (it routes the circuit forward and
then in reverse, using each pass to refine the initial mapping
for the next), now widely used as a baseline and shipped in
several production compilers. The routing layer of t|ket) [1]
provides a similar hand-engineered solver. Beyond fast look-
ahead heuristics, the problem has also been approached with
informed graph search such as A* [21], and formulated as
an exact optimization problem, where constraint- and SMT-
based solvers return a provably SWAP-minimal mapping [20;
15]; these exact methods, however, scale only to small cir-
cuits. SABRE and t|ket) are fast and effective, but their static
rules must be re-tuned by hand for each new device or noise
model, motivating learning-based approaches.

Reinforcement learning for routing and compilation.
Several works cast quantum-circuit compilation as a sequen-
tial decision-making problem. Pozzi et al. [7] apply RL di-
rectly to qubit routing, showing a learned policy can rival
classical heuristics; but the observation and action encodings
are fixed throughout, so the reported performance gap be-
tween the learned policy and classical baselines reflects a par-
ticular interface choice as much as the learning method itself.
Quetschlich et al. [9] use RL to choose and order compiler-
optimization passes, and Oancea et al. [6] apply deep RL to
selecting good initial mappings under fixed gate-error rates.
Van Veen et al. [18] study action-space engineering for RL-
based routing in distributed quantum systems, showing that
exposing multi-SWAP “macro” actions has a large effect on
what the agent learns. Our SQ2 builds on this but isolates the
granularity axis within a single, controlled environment.

Benchmarking environments and circuits. The qgym
framework [17] provides a configurable Gymnasium envi-
ronment for RL-based quantum compilation. It exposes the
observation lookahead reach as a tunable parameter and sup-
plies a default atomic action space; finer action-space control
requires user-built wrappers, which is the design space this
paper probes. For circuits, MQT Bench [10] provides a large,
categorized collection of parameterized circuits, from which
we draw disjoint slices for the structured training pool and the
held-out evaluation suite.

Positioning. Unlike prior RL-routing studies, we treat the
encodings themselves as the object of a controlled ablation,
holding the reward, algorithm, hyper-parameters, hardware,
and circuits fixed and varying only the observation reach
(SQ1) or the action granularity (SQ2).

3 Methodology

The research question is answered through two controlled ab-
lation studies. Each varies a single interface choice while

holding the reward (Section 2), the RL algorithm, the pol-
icy architecture (a feedforward MultiInput network), the
hyper-parameters, the hardware, and the circuits fixed, so any
difference in routing performance is attributable to the encod-
ing under study rather than to a confounder. We refer to each
trained configuration (one observation reach for SQ1, one ac-
tion space for SQ2) as an arm. This feedforward policy is
deliberately simple, with no structural inductive bias toward
the circuit or coupling graph; whether a structure-aware al-
ternative such as an attention- or graph-based policy would
change the picture is a question we return to in future work.

3.1 SQ1 — observation reach

SQ1 varies only max_observation_reach, the number of
upcoming two-qubit gates the agent can see at each step. We
sweep seven reaches, from a single upcoming gate to one that
covers the whole circuit:

e reach-1, reach-2, reach-3 — narrow windows that ex-
pose only the next one to three gates;

* local — a reach of 5 gates: a compact, reactive view of
what is coming next;

e reach-10 and reach-20 — intermediate reaches that
progressively widen the window;

e global — a full-circuit reach, set to the longest cir-
cuit the agent can see during training (80 gates on
Casablanca, 261 on Guadalupe), so it sees every remain-
ing gate at once.

These values are set relative to the circuits: the structured
training circuits have a median of 9 (Casablanca) and 15
(Guadalupe) two-qubit gates, so a reach of 1-5 exposes only
part of a typical circuit, 10-20 spans most of one, and global
reaches even the longest. SQ1 uses standard PPO. Because
a wider reach produces longer, slower episodes, all SQI
arms are trained for the same number of episodes (via the
StopTrainingOnMaxEpisodes callback), rather than the
same number of steps, so a slower-learning arm is not cut
short by a step-based budget.

3.2 SQ2 — action-space granularity

SQ2 compares three action encodings, all trained with
MaskablePPO:

» atomic — every individual SWAP on the coupling graph
is its own action, plus the surpass action that executes
the next gate. This is the most expressive but largest
action space.

¢ heuristic (top-k) — at each step the agent is restricted
to the k£ SWAPs that most reduce the total distance be-
tween qubits still needing to interact. We sweep k €
{1,2,3,5,7} (k = 3 is the default arm), interpolating
between a nearly greedy action set and the full atomic
one.

* macro — following Van Veen et al. [18], a single action
executes a pre-computed shortest-path chain of SWAPs
that brings a chosen interacting pair together, so one ac-
tion stands in for a whole sequence of individual SWAPs.
Our action mask restricts this choice to the frontier’s first



unresolved gate, so the agent decides only whether to
surpass that gate or route its two qubits together (and
along which path), keeping the action space compact and
the routing target unambiguous.

Because the three encodings induce different episode lengths
per decision, SQ2 arms are trained under a fixed training-
step budget; the resulting differences in episode counts are
reported and revisited in the discussion.

A soft heuristic prior. Motivated by a weakness of the
heuristic encoding (hard masking can forbid a distance-
increasing SWAP that a route requires), we also study a soft
alternative. Instead of masking, the policy samples from

m(a | s) = softmax(fp(s)s + B - score(a)),

where fy(s), is the network’s logit for action a, score(a) is
the same normalized distance-reduction the heuristic uses,
and [ sets the prior’s strength. Every action keeps non-
zero probability, so the policy can still choose a distance-
increasing SWAP when a route needs one. It is trained with
plain PPO (no mask), and 8 = 0 recovers the unbiased atomic
policy. We sweep 8 € {0, 1,2, 4} on the atomic action space.

3.3 Hardware: two device scales

To test whether the encoding effects depend on device size,
we run every arm of both sub-questions on two IBM coupling
graphs: the 16-qubit Guadalupe and the 7-qubit Casablanca
(Figure 2). Both are simulated backends from Qiskit’s fake-
backend interface [3], reproducing the connectivity of the cor-
responding real IBM devices. Casablanca holds circuits of at
most seven qubits, so a full circuit fills almost the entire chip
and leaves few spare qubits; routing is then harder than on the
16-qubit device, where empty qubits give the agent room to
move qubits around.

3.4 Training distributions and the generalization
protocol

A learned router is only useful if it generalizes beyond its
training circuits. To separate memorization of training cir-
cuits from a transferable policy, every agent is trained on a
mixed distribution: at each episode it draws, with fixed prob-
ability, either a freshly sampled random interaction circuit or
a circuit from a structured pool. The random half blocks
memorization, since the agent rarely sees the same circuit
twice, while the structured half exposes it to realistic algo-
rithmic interaction patterns. Each arm is then evaluated two
ways: in-sample, on the very circuits in its training pool (a
per-instance ceiling), and held-out, on a disjoint suite of MQT
Bench [10] circuit families not seen in training; the gap be-
tween the two separates memorized performance from trans-
ferable skill. Because the held-out circuits are also substan-
tially larger than the training pool, this measures transfer to
novel, harder circuits of similar families, not domain transfer
to a different distribution or topology, so a high held-out rate
reflects genuine routing skill. The protocol layers onto the
same SQ1 and SQ2 arms, so both can be read in- and out-of-
sample.

4 Experiments

4.1 Hardware and software

Experiments run in the qgym Routing environment [17]
on top of Qiskit’s [3] fake-backend interface, using Stable-
Baselines3 [11] for PPO and MaskablePPO. Two coupling
graphs are used: IBM Guadalupe (16 qubits) and IBM
Casablanca (7 qubits). Training is CPU-only. On top of the
Routing environment we add three wrappers: a custom info-
stripping wrapper, then Gymnasium’s TimeLimit (the per-
episode step cap) and Monitor (per-episode logging). The
info-stripping wrapper is a performance fix: qgym’s per-step
info dictionary holds the full, growing list of inserted SWAPs,
which Stable-Baselines3 deep-copies every step, making long
episodes progressively slower; since the agent never reads
info, we replace it with an empty dictionary.

4.2 Circuits
Two circuit sources are used:

* Random interaction circuits — used by the mixed
training distribution, with a fresh circuit drawn at the
start of every episode. Each circuit has a uniformly
random number of two-qubit gates (between 1 and 80),
where every gate connects a uniformly random pair of
distinct qubits on the device.

* MQT Bench [10] — generated at MQT Bench’s target-
independent level. At this level each circuit is ex-
pressed using only single- and two-qubit gates (any
larger gate, such as a Toffoli, has been decomposed into
these smaller ones), but the circuit is not yet mapped to
any device’s connectivity, so the routing problem is still
open. These circuits are split into two disjoint folders,
a structured training pool and a held-out evaluation suite
spanning random, real-algorithm, and synthetic families,
with no circuit appearing in both.

4.3 Classical baseline

We compare the RL agents against SABRE [5], the classi-
cal heuristic shipped with Qiskit. A circuit is solved when
the router makes every one of its two-qubit gates executable
within the evaluation step budget; the solve rate is the fraction
of the evaluation suite that is solved. SABRE is a complete
router that solves every circuit, while an RL agent may get
stuck and fail some circuits. Comparing average SWAP counts
over different circuit sets would therefore be misleading, so
we compare SWAP counts only on circuits that both SABRE
and the RL agent solve.

We use SABRE-trivial: the identity initial mapping (vir-
tual qubit ¢ on physical qubit ¢, the same starting point the RL
agents use; Section 2) followed by SabreSwap, so any differ-
ence reflects routing effort alone. We do not compare against
SABRE-full, which first runs SabreLayout to optimize the
initial mapping. The RL agents never optimize layout, so
that comparison would conflate routing quality with layout
choice. SABRE is stochastic, so each circuit is routed under
five transpiler seeds and we report the minimum SWAP count,
matching the best-of-five protocol used for the RL agents.
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Figure 2: Coupling graphs of the two IBM devices, obtained from Qiskit’s fake-backend interface: nodes are physical qubits and edges are
the qubit pairs that may interact directly. Casablanca (left, 7 qubits) is the Falcon layout; Guadalupe (right, 16 qubits) is a heavy-hex lattice

with longer routing distances.

4.4 Episode bounds and evaluation cap

Training episodes are truncated by the Gymnasium
TimeLimit wrapper, after 600 steps on Casablanca and
1,500 on the larger Guadalupe. The caps are scaled to
device size: Guadalupe has more qubits and a larger graph
diameter, so routing a circuit there requires more SWAPs, and
its cap is correspondingly higher. Both caps sit well above
what a competent policy needs to route a typical training
circuit (median 9 and 15 two-qubit gates on Casablanca
and Guadalupe respectively), so the cap mainly terminates
episodes in which the policy is stuck rather than cutting short
genuine progress. Evaluation uses a fixed 3,000-step cap,
applied identically across sub-questions. For most circuits
this far exceeds what a competent policy needs, so a failure
indicates a stuck policy. It is, however, a fixed budget:
six of the 39 held-out Guadalupe circuits (the grover and
qwalk families at 10-16 qubits) contain between 3,666 and
234,300 two-qubit gates, more than the cap permits any
router to clear, since each gate requires at least one step.
The maximum achievable Guadalupe solve rate is therefore
33/39 = 84.6%, exactly the score macro attains; we verified
separately that, with an evaluation cap scaled to circuit
length, macro routes those long circuits to completion. A
reported Guadalupe failure thus means either a stuck policy
or a circuit longer than the fixed budget, and macro solves
every circuit the budget admits.

4.5 Training budget and seeds

SQ1 arms are trained for an equal number of episodes per
arm (StopTrainingOnMaxEpisodes); SQ2 arms are trained
for a fixed number of environment steps. Casablanca con-
figurations are repeated across ten random seeds (1-10);
Guadalupe, which is far costlier per seed (a single global-
reach arm trains for roughly fifteen hours), is repeated across
three. Because the learning-stability metric is the standard
deviation of solve rate across seeds, we prioritise seed count
on the device where it is affordable. Shared hyper-parameters
are listed in Table 1.

We did not tune hyper-parameters per arm. The config-
uration follows the PPO example shipped with qgym [17]:

Setting Value

Algorithm (SQ1 /SQ2) PPO / MaskablePPO
Policy Multilnput

Discount y 0.99 (SB3 default)
Learning rate 3-10~* (SB3 default)
Batch size 256 (default 64)
Nsteps 2048 (SB3 default)
Epochs per update 10 (SB3 default)
Entropy coefficient 0.01 (default 0)

PPO clip range 0.2 (SB3 default)
GAE )\ 0.95 (SB3 default)

0.5 (SB3 default)
0.5 (SB3 default)

Value-function coefficient
Max gradient norm

Parallel environments 6

Train episode cap (steps) 600 (Casa.) / 1,500 (Guad.)
Eval step cap 3,000

Seeds 1-10 (Casa.) / 1-3 (Guad.)

Table 1: Hyper-parameters shared across both sub-questions. Only
the variant-specific encoding under study (observation reach for
SQI; action space for SQ2) differs between arms.

every value in Table 1 is the Stable-Baselines3 default except
two: the minibatch is enlarged from 64 to 256 for steadier
gradients, and a small entropy bonus (0.01) is added to en-
courage exploration. SQ1 uses PPO and SQ2 MaskablePPO,
which share these settings (the action mask aside). Keeping
every value fixed across arms is deliberate: per-arm tuning
would reintroduce the confounder we are removing, so we
report performance under one fixed configuration rather than
peak performance. Because every arm shares the same un-
tuned setup the comparison stays fair, and given the large ef-
fect sizes (Section 9) it is unlikely tuning would reverse the
ranking.

Budgets and coverage. Because the two sub-questions use
different training budgets (Section 3), their absolute numbers
are read separately, not compared directly. The Guadalupe
runs (seeds 1-3) serve as a scale check that the Casablanca
findings hold at 16 qubits.



4.6 Metrics

Each trained agent is evaluated with stochastic, best-of-5 roll-
outs on the held-out suite: rather than taking the determinis-
tic argmax, the policy is sampled five times per circuit, and a
circuit counts as solved, as defined in Section 4.3, if at least
one of the five rollouts routes every two-qubit gate before the
step cap. The policy-quality metrics are: solve rate, the frac-
tion of held-out circuits solved; average SWAPs on solved cir-
cuits; average episode length; and wall-clock training time.
Two additional metrics characterize training dynamics. Sam-
ple efficiency is the number of episodes until the rolling 100-
episode mean reward first reaches 90% of its initial-to-final
improvement. Learning stability is the standard deviation of
solve rate across seeds for each arm. Lower is better for both.
Per-circuit results are persisted so individual circuits can be
compared across variants, sub-questions, devices, and seeds.

Statistical analysis. With as few as three seeds
(Guadalupe), a seed-level rank test is underpowered: at
three seeds a two-sided Mann—Whitney test cannot fall
below p = 0.10 regardless of effect size. We therefore
use seeds for variance (the o above) and test differences
between encodings per circuit on the held-out suite, which
provides 19 (Casablanca) and 39 (Guadalupe) paired ob-
servations: McNemar’s exact test for solve/fail outcomes
and the Wilcoxon signed-rank test for SWAP overhead on
jointly-solved circuits, with Holm correction within each
family. Bootstrap 95% confidence intervals on solve rate
resample circuits.

5 Results

We report Casablanca (7 qubits) across ten seeds and
Guadalupe (16 qubits) across three seeds. All numbers are
held-out: each agent is evaluated with stochastic best-of-five
rollouts on the disjoint test families (Section 3.4). SWAP over-
heads are reported relative to SABRE-trivial, the like-for-like
baseline that starts from the same identity mapping as the RL
agents (Section 4). Throughout, we treat local and atomic
as the default configurations against which the other encod-
ings are compared. Seeds report variance (the standard devia-
tion o of solve rate); differences between encodings are tested
per circuit on the held-out suite (McNemar for solve/fail,
Wilcoxon for SWAP overhead, Holm-corrected), as detailed
in Section 4.

5.1 SQ1: observation reach

Widening the observation reach does not improve complete-
ness. On Casablanca every reach solves essentially the same
fraction, about 89.5%: the narrowest reach-1 solves one extra
circuit (94.2% on average) and the global reach one fewer
(88.9%), and these differences are not statistically signifi-
cant (McNemar, one to two discordant circuits). So reach
is judged on efficiency (Table 2), where two things stand out.
First, learning is stable across seeds for the mid-range reaches
(o = 0 from reach-2 through reach-20); only the narrowest
reach-1 and the full-circuit global reach vary (2.8 and 1.6 pp),
reflecting the single circuit they inconsistently solve. Sec-
ond, the narrowest reaches are the most SWAP-efficient (1.6 x
SABRE at reach 1-3 against local’s 2.5x) but take many

Reach Solve% o Sample-eff. SWAPx Steps Train
(pp)  (episodes) (median)

Casablanca (10 seeds)

reach-1 942 2.8 2582 1.6 372 17m
reach-2 89.5 0.0 1302 1.6 139 22m
reach-3 89.5 0.0 775 1.6 145 2Im
local (5) 89.5 0.0 746 2.5 173 24m
reach-10 89.5 0.0 586 22 192 30m
reach-20 89.5 0.0 557 1.6 193 31m
global 88.9 1.6 571 29 224 55m
Guadalupe (3 seeds; global seed 1)

local (5) 46.2 0.0 - 9.7 452 223m
reach-10 41.0 2.1 - 13.6 327 277m
reach-20 41.0 2.1 - 150 483 255m
global 0.0 - - - - 902m

Table 2: SQ1 observation reach. Completeness is statistically indis-
tinguishable across reaches, so the comparison is one of efficiency.
Sample-eff. is the number of episodes until the rolling 100-episode
mean reward reaches 90% of its initial-to-final improvement; o is
the standard deviation of solve rate across seeds. SWAPX is the
median overhead relative to SABRE-trivial on solved circuits (best-
of-seeds).

more episodes to converge, while the wider reaches converge
faster yet cost more wall-clock time (Table 2). So a wider ob-
servation buys faster convergence, a narrower one buys rout-
ing efficiency; neither improves completeness. The global
reach is strictly dominated: it matches the others on com-
pleteness at best, is among the least stable, and is the most
expensive to train.

On Guadalupe the picture is consistent and the cost of
a wide observation becomes severe. Local, reach-10, and
reach-20 cluster at 41-46% (local leads on both completeness
and efficiency), while global collapses to 0% after roughly fif-
teen hours of training, unable to make use of an observation
that spans 261 upcoming gates. The Guadalupe reach-1/2/3
arms are omitted: under the equal-episode SQ1 budget a sin-
gle Guadalupe reach arm takes four to five hours, making the
low-reach sweep there computationally infeasible. Taken to-
gether, the observation reach is not a productive design lever:
a single upcoming gate already suffices, and widening the
window never improves completeness and, on the larger de-
vice, only hurts efficiency.

5.2 SQ2: action-space granularity

Action-space granularity is the main factor (Table 3). The
macro encoding solves every Casablanca circuit (100%) and
84.6% of Guadalupe’s, above atomic (89.5% / 42.7%); the
heuristic top-k arms fall between the two, rising with k& up
to k=5 (77.4% on Casablanca) before levelling off, and all
remain below atomic and macro. On Guadalupe, macro’s
advantage over both atomic and local is statistically signifi-
cant on the per-circuit tests, in completeness (McNemar, 14—
15 discordant circuits, p < 0.001) and in SWAP overhead
(Wilcoxon, p < 0.004). On Casablanca the completeness
gap between macro and atomic is two circuits and is not sig-
nificant (p = 0.50), but macro’s SWAP-efficiency advantage is
(p = 0.04). The extremes are also the most stable: atomic
and macro have o = 0 across seeds on both devices, while



Variant Solve% o Sample-eff. SWAPx Train
(pp)  (episodes) (median)

Casablanca (10 seeds)

atomic 89.5 0.0 441 30 12m
k=1 353 4.1 244 1.0 14m
k=2 60.5 2.6 237 1.2 14m
k=3 674 32 484 1.2 14m
k=5 774 34 364 1.5 13m
k=7 747 4.6 297 1.2 13m
macro 100.0 0.0 1044 20 14m
Guadalupe (3 seeds)

atomic 427 32 614 240 49m
k=1 5.1 0.0 220 1.0 44m
k=2 154 0.0 189 14 43m
k=3 23.1 3.6 451 20 43m
k=5 222 1.2 433 32 45m
k=T 265 24 608 4.1 46m
macro 84.6 0.0 1264 1.9 45m

Table 3: SQ2 action granularity (held-out). Macro maximizes com-
pleteness; the extremes (atomic, macro) are perfectly stable while
the heuristic arms carry the seed variance. Sample-eff. is as in Ta-
ble 2. SWAPX is the median overhead relative to SABRE-trivial on
each arm’s solved circuits, and should be read together with solve%
and the matched-set numbers in Section 5.2.

the intermediate heuristic arms carry essentially all of the
seed variance (o up to 4.6 pp). Macro’s completeness does
carry a sample-efficiency cost: it is the slowest arm to con-
verge (1,044 episodes on Casablanca against atomic’s 441),
echoing the SQ1 pattern that the most capable arms converge
slowest. Training cost is flat across the SQ2 arms (they share
a fixed step budget), so the less complete arms are not cheaper
to produce, only less capable.

Because each arm solves a different set of circuits, a raw
efficiency comparison would be confounded, so we also com-
pare SWAP overhead on the same circuits, those solved by
all of atomic, macro, and local (17 on each device). On
this matched set macro is the most efficient on both de-
vices, and the gap widens sharply with scale: on Casablanca
macro routes them at 2.0x SABRE against atomic’s 3.0x (lo-
cal 2.5x%), and on Guadalupe macro needs only 1.8x where
atomic requires 21.4x (local 9.6x). Macro’s advantage is
thus not an artifact of which circuits it solves; it holds, and
grows, when the circuit set is held fixed.

5.3 Interaction of observation reach and action
granularity

SQ1 and SQ2 each vary one encoding at a time; to check that
they do not interact, we re-ran all three action spaces at every
observation reach on Casablanca. The two axes are essen-
tially independent. Macro solves every circuit (100%) at ev-
ery bounded reach and dips only at the full-circuit global view
(96.5%); atomic is flat at 89.5% regardless of reach; and the
heuristic not only stays below both but degrades as the win-
dow widens (73.7% at reach-1 down to 56.1% at global). The
action-space ranking (macro > atomic > heuristic) therefore
holds at every reach, and a wider observation never lifts any
action space above its narrow-reach score. Widening the win-
dow is thus no substitute for a better action space: granularity

dominates, and the only consistent effect of more observation
is to make the pruned heuristic worse. Guadalupe shows the
same pattern (macro flat at 84.6%, atomic 38-43%, heuristic
20-28% across reaches). The non-baseline reaches use three
seeds (only reach-5 has ten), so these numbers are a direc-
tional check that the two axes do not interact—indicative, not
definitive.

5.4 A soft heuristic prior versus hard masking

The heuristic top-k arms reveal a weakness of hard mask-
ing: by forbidding every SWAP outside the k most distance-
reducing ones, they occasionally rule out a distance-
increasing SWAP that a route requires, and so lose complete-
ness (Table 3). A natural alternative is to keep the heuristic
signal but apply it softly: instead of masking, we add a -
weighted bias toward the same distance-reducing SWAPs to
the policy’s logits, so every action keeps non-zero probabil-
ity (Section 3; plain PPO). Sweeping 3 on Casablanca, this
matches atomic’s completeness (89.5% at every [, against
the hard heuristic’s 77.4% at best) while roughly halving
the SWAP overhead: average SWAPs on solved circuits fall
from 200 at =0 (no bias) to 102 at =2, saturating there-
after. On the jointly-solved circuits this reduction is signifi-
cant (Wilcoxon, p = 0.001 versus atomic). The bias is what
drives the gain, since S=0 reproduces atomic. On Guadalupe
the effect points the same way (matched median 94 SWAPs for
the soft prior versus 230 for atomic) but is not significant on
the smaller matched set (p = 0.08). The soft prior improves
routing efficiency, not training speed: like the narrow-reach
arms in SQI, it takes more episodes to converge. We treat this
as a promising direction rather than a fully validated method,
since it is evaluated on the atomic action space and primarily
on the smaller device.

5.5 Generalization: in-sample versus held-out

On both devices, held-out solve rate is lower than in-sample,
but the variant ranking is preserved and macro generalizes
best (Table 4). On Casablanca macro transfers without loss
(100% in- and out-of-sample), while atomic and the lo-
cal/global reaches drop about ten points and the heuristic
drops more; on Guadalupe the same ordering holds with
larger drops. The drop reflects two distinct factors: genuine
novelty (the test families are disjoint from training) and a dif-
ference in difficulty (the held-out circuits are larger than the
training pool, a median of 113 versus 15 two-qubit gates on
Guadalupe). The gap is therefore a conservative estimate of
generalization, not a pure measure of memorization.

5.6 Effect of device scale

The Casablanca conclusions carry over to Guadalupe, but
their magnitude grows sharply with device size. Macro’s
completeness lead over atomic widens from about ten per-
centage points at 7 qubits (not significant) to roughly forty at
16 (p < 0.001); its matched-set SWAP-efficiency lead grows
from 2.0x versus 3.0x to 1.8 versus 21.4x; and the global
reach degrades from a one-point deficit (88.9%) to total fail-
ure (0%) as its observation grows from 80 to 261 gates.
Action-space granularity therefore matters more as the de-
vice scales up, not less. (These Guadalupe magnitudes rest



Casablanca Guadalupe
Arm In-sample Held-out In-sample Held-out
macro 100% 100% 100% 85%
atomic 100% 90% 70% 46%
k=3 91% 67% 38% 21%
local 100% 90% 71% 46%
global 100% 89% 0% 0%

Table 4: In-sample (training pool) versus held-out solve rate. The
ranking is preserved on both devices, and macro transfers best,
losing nothing on Casablanca. Held-out is over all seeds (ten
Casablanca, three Guadalupe); Casablanca in-sample is likewise
over ten seeds, while Guadalupe in-sample is seed 1 only.

on three seeds, a scale check rather than tightly-estimated ef-
fects, though the per-circuit significance does not depend on
seed count.)

6 Discussion

6.1 Observation reach (SQ1)

The central SQI1 finding is that enlarging the observation
reach does not improve routing, and at the extreme it harms
it. Because the SQ1 arms share an equal-episode budget, this
cannot be blamed on wider reaches being under-trained: ev-
ery arm sees the same number of training circuits, yet the
wider ones gain nothing in completeness.

We can test the natural explanation, that the routing deci-
sion is largely local, directly with the reach sweep. Since the
mapping already makes the process memoryless (Section 2),
reach is purely forward visibility, so if the decision were lo-
cal a narrow window should match a wide one. It does: a
single-gate observation is no worse than any wider reach, and
the heuristic even degrades as the window grows. We can-
not, however, fully separate “the decision is local” from “‘a
flat MLP cannot exploit the wider observation even where it
would help.” The contrast with SABRE is telling: SABRE
plans over the entire remaining circuit (the full Markov state)
and routes with fewer SWAPs than any of our arms, so that in-
formation is demonstrably useful; yet handing our agent the
same full MDP state (the global reach) yields no gain and
never closes the gap to SABRE. The bottleneck is therefore
representational, not informational.

The global reach makes this concrete. Its observation
grows with circuit length, so on Guadalupe a median train-
ing circuit fills only a few of the 261 slots: the input is mostly
padding and the signal sparse and positionally shifting. The
policy collapses to a degenerate SWAP-cycling regime that
rarely surpasses (an entropy bonus and stochastic evaluation
only partly mitigate it), giving 0%. A sequence- or graph-
structured policy, a richer observation, or a longer-horizon
reward could plausibly exploit the global reach where a flat
MLP under a myopic reward cannot; we develop these in fu-
ture work.

6.2 Action granularity (SQ2)

SQ2 shows the opposite. The action encoding, unlike the ob-
servation, matters a great deal. The atomic space requires
the agent to assemble every multi-SWAP route from single

steps, which is a long-horizon credit-assignment and explo-
ration problem, whereas the macro space collapses each rout-
ing operation into a single action along a precomputed short-
est path, shortening the effective decision horizon by an order
of magnitude. We read macro’s dominance as a consequence
of this horizon reduction rather than of any extra informa-
tion: it is given the same circuits and the same reward, only
a coarser way to act. The heuristic top-k arms are reveal-
ing in the same way. Pruning the menu to the %k distance-
reducing swaps shrinks the action space but leaves the single-
step structure, and so the long horizon, intact, while its dis-
tance filter can withhold the occasional distance-increasing
swap a route requires. These arms therefore trade away com-
pleteness without easing the underlying difficulty, and ap-
proach atomic as k grows. This diagnosis is confirmed by
the soft-prior variant (Section 5.4): biasing the policy toward
the same distance-reducing SWAPs without forbidding the oth-
ers recovers atomic’s completeness while roughly halving its
SWAP overhead, so it is the hard forbidding of actions, not
the heuristic signal itself, that costs completeness. The fixed
step budget has one further consequence: because a macro
episode resolves a circuit in fewer decisions, the macro agent
completes more episodes within the fixed budget. This is a
property of the encoding rather than a confound, since the
step budget equalizes environment interaction, which is what
costs compute.

6.3 Generalization

That the variant ranking survives from in-sample to held-out,
with macro dropping the least, confirms the encoding effects
are genuine rather than memorized. Disentangling true gen-
eralization from the held-out circuits’ larger size would, how-
ever, require a held-out suite matched to the training circuits’
size.

6.4 Device scale

A single theme connects the two devices: the encoding ef-
fects are governed by problem dimensionality, so they inten-
sify as the device grows. The action-side difficulty, assem-
bling routes from single SWAPs, worsens with more qubits and
longer routes, which is why macro’s lead over atomic widens
sharply at 16 qubits; the observation-side failure scales for
the same reason, as the global reach’s input triples in size and
its performance falls from competitive to degenerate. The
seven-qubit device is small enough to mask both weaknesses;
the sixteen-qubit device exposes them, suggesting the con-
clusions would sharpen further on larger hardware, though
confirming that is beyond our compute budget.

6.5 Threats to validity

Several limitations bound these conclusions. We sample each
axis at finitely many points (seven reaches, five values of k),
so we describe trends but cannot pinpoint the optimal reach
or k. All experiments use one reward function: fixing it iso-
lates the encoding effect, but a different reward could shift the
balance between completeness and SWAP economy.

The two sub-questions use different training budgets, so
their absolute numbers are read separately. Compute is CPU-
only, so Guadalupe, at hours per arm, is limited to three seeds



(one for the global reach); its variance is a scale check, not
a fully seeded study. Crucially, our headline comparisons
do not rest on seed counts: they are tested per circuit (19
on Casablanca, 39 on Guadalupe), so adding seeds would
only tighten the low-seed arms, a compute limit rather than
a methodological one.

The initial mapping is always the identity, so the agents
never optimize layout, and part of the gap to SABRE comes
from this rather than routing quality. The observation is a
fixed, flat encoding, and we did not test a structure-aware
policy; the SQ1 null result therefore bounds what this repre-
sentation extracts, not what a richer one might. Finally, each
device has a single fixed topology, so our generalization is
across circuit families and sizes, not across hardware.

7 Responsible Research

This work involves no human subjects or personal data, so the
main responsibility considerations are reproducibility, honest
evaluation, and transparent use of compute and third-party
software.

Reproducibility. Every training run is seeded (ten seeds on
Casablanca, three on Guadalupe), and the hyper-parameters
are held identical across all arms. We deliberately do not
tune them per variant, so that any difference in routing per-
formance is attributable to the encoding under study rather
than to tuning (Section 4, Table 1). The values are the Stable-
Baselines3 defaults except for two documented choices, a
larger batch size and a small entropy bonus. Each run writes
its output to a file whose name encodes the full configuration
(sub-question, variant, device, seed, and evaluation suite),
so that no two runs can overwrite each other’s results. The
source code, the benchmark-generation scripts, and the per-
circuit result files are released,! so the full pipeline of train-
ing, evaluation, and the figures in this paper can be repro-
duced.

Honest evaluation. A learned router can look strong sim-
ply by being tested on the circuits it was trained on. To avoid
this, training and evaluation use disjoint circuit families from
MQT Bench: no evaluation circuit, and no evaluation family,
appears in the training pool (Section 3.4), so reported solve
rates are measured on genuinely unseen circuits. Each policy
is also sampled five times per circuit (stochastic, best-of-five)
rather than run once deterministically; we state this explicitly
so the numbers are not mistaken for single-shot performance.

Use of third-party assets. The experiments build on
ggym [17], Stable-Baselines3 [11], Qiskit [3], and MQT
Bench [10], each used within its open-source license and
cited at first use. All results use a corrected version of qgym’s
Routing environment, which otherwise applies SWAP actions
to non-adjacent physical qubits; the patch is included in our
released code.

Broader impact. Reducing the number of SWAPs a circuit
requires lowers its depth and the errors that accumulate with
it, which can make near-term quantum computation more re-
liable. The work is foundational and methodological, and we
see no direct dual-use or misuse concern.

"https://github.com/andacdurmaz2/rl-for-quantum-circuit

Compute footprint. All training is CPU-only, and we re-
port the wall-clock training time of every arm alongside the
results so the cost of the study is transparent. The most ex-
pensive single arm is the full-circuit (global) observation on
Guadalupe, at roughly 15 hours. We flag this cost precisely
because it yields a degenerate policy, which makes it a cau-
tionary data point rather than a useful configuration.

Al usage. During this research, an LLM model was used
as a tool to correct grammatical errors in the paper and para-
phrase long or unclear sections. While writing the code and
debugging the compilation errors for the experiment, Al as-
sistance was also utilized.

8 Conclusions and Future Work

8.1 Conclusions

We studied how an RL router’s observation and action encod-
ings affect its routing, training, and generalization, through
two controlled ablations on qgym: observation reach (SQ1)
and action granularity (SQ2). Both run on the coupling
graphs of a 7- and a 16-qubit IBM device, simulated via
Qiskit’s fake-backend interface rather than physical hard-
ware. The two encodings behave very differently. Widening
the observation reach does not help: a single upcoming gate
already suffices, and the full-circuit view fails on the larger
device. This is not because the extra information is useless;
SABRE exploits the whole circuit to route better than any of
our agents. Rather, a flat policy under a myopic reward cannot
use it, so the bottleneck is representational, not informational.
Action granularity matters far more: macro solves many more
circuits than atomic or heuristic and routes them with fewer
SWAPs, both effects growing with device size. The variant
ranking holds in- and out-of-sample, so these are properties
of the encodings, not memorized circuits.

In practice, effort spent on the action space is better re-
warded than effort spent widening the observation, and how
heuristic knowledge is injected matters: a soft prior pre-
serves completeness while markedly cutting SWAP overhead,
whereas a hard mask over the same heuristic loses complete-
ness. More broadly, the paper offers a controlled, encoding-
focused comparison of RL-based routing and a held-out pro-
tocol that separates transferable routing skill from memoriza-
tion.

8.2 Future Work

Several directions follow. The clearest, from our SQI1 re-
sult, is how the agent processes the observation: because a
flat MLP could not exploit even the global reach that SABRE
uses to advantage, a structure-aware policy (attention over the
upcoming gates [19] or a graph neural network over the de-
vice’s coupling graph and the circuit’s interaction graph [4]),
paired with a longer-horizon reward, is the natural way to turn
a wider observation into better routing. On the action side, the
soft heuristic prior is a first step beyond hard masking (Sec-
tion 5.4); confirming it on larger devices and pairing it with
lookahead-aware candidate heuristics is open. Further exten-
sions follow from our limitations: a fuller joint sweep of the
two axes (Section 5.3), more device topologies (which would


https://github.com/andacdurmaz2/rl-for-quantum-circuit

re-activate the adjacency observation that is constant here),
and an equalized cross-sub-question budget.
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