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QUBO formulation is very general, the physical hardware of 
a Quantum Processing Unit (QPU), or Quantum Annealer, 
exhibits a specific topology and connections between the 
physical qubits. Typical optimization problems in machine 
learning and other domains are not natively compatible with 
the hardware connectivity and must be transformed into 
other equivalent ones having a structure that is compatible 
with the QPU, in a process called Minor Embedding (ME).

Minor embedding requires mapping the problem vari-
ables to the hardware and then adjusting the weights asso-
ciated with the problem graph in order to account for this 
new topology. The mapping phase, in particular, is an 
optimization problem of its own and often acts as a com-
putational bottleneck (Ferrari Dacrema et al. 2022), requir-
ing a time that exceeds by orders of magnitude the actual 
quantum annealing process. Furthermore, existing heuris-
tics lack flexibility because they do not include objective 
functions that can be adjusted according to the scenario of 
interest. While their computational cost could be mitigated 
by pre-computing minor embeddings or developing ad-hoc 

1  Introduction

Among the different paradigms of Quantum Computation, 
Quantum Annealing (QA) operates by representing an opti-
mization problem as an energy minimization one, and then 
evolving a physical quantum system from an initial default 
configuration towards a final one that is constructed based 
on the target problem (Kadowaki and Nishimori 1998; 
Johnson et al. 2011). QA is often used to solve combinato-
rial optimization problems formulated as Quadratic Uncon-
strained Binary Optimization (QUBO) ones. While the 
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Abstract
Quantum Annealing (QA) is a quantum computing paradigm for solving combinatorial optimization problems formulated 
as Quadratic Unconstrained Binary Optimization (QUBO) problems. An essential step in QA is minor embedding, which 
maps the problem graph onto the sparse topology of the quantum processor and then adjusts the problem weights. The 
process of mapping the problem variables to the hardware is computationally expensive and scales poorly with increasing 
problem size and hardware complexity. Existing heuristics are often developed for specific problem graphs or hardware 
topologies and are difficult to generalize. To address this limitation, we explore the use of machine learning methods, 
which would allow a much greater degree of flexibility, in particular of Reinforcement Learning (RL). RL offers a promis-
ing alternative by treating minor embedding as a sequential decision-making problem, where an agent learns to construct 
minor embeddings by iteratively mapping the problem variables to the hardware qubits. We propose a RL-based approach 
to minor embedding using a Proximal Policy Optimization agent, testing its ability to embed both fully connected and 
randomly generated problem graphs on two hardware topologies, Chimera and Zephyr. The results show that our agent 
consistently produces valid minor embeddings even when they span over more than a thousand qubits, in particular on the 
more modern Zephyr topology. Our proposed approach is also able to scale to moderate problem sizes and adapts well to 
different graph structures, highlighting RL’s potential as a flexible and general-purpose framework for minor embedding in 
QA but also pointing to limitations that will need to be addressed, for example in reducing the number of qubits required.
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heuristics for fixed problem graphs, such as fully connected 
graphs, on specific hardware topologies (Boothby et al. 
2016), this strategy is limited by the large number of pos-
sible problem graphs and hardware variations due to inac-
tive qubits or differing topological layouts. Moreover, the 
minor’s structure can significantly affect solution quality. 
For example, longer qubit chains increase the likelihood 
of errors and inconsistencies during annealing, as well 
as making it more difficult for the qubits to change their 
state and therefore optimize the desired objective function. 
These issues can be mitigated with encoding and decod-
ing schemes to improve robustness (Vinci et al. 2015). The 
relationship between minor embedding and solution quality, 
however, also depends on other characteristics of both the 
problem and the minor embedding itself that go beyond the 
chain length, including the distribution of the weights (Pel-
lini and Ferrari Dacrema 2024).

These limitations of existing heuristics motivate the 
search for alternative, more flexible machine learning 
approaches to minor embedding, that would also allow the 
freedom to define new objective functions. In this work, we 
explore the potential of Reinforcement Learning (RL) to 
build the node mapping required by the minor embedding 
process by formulating it as a sequential decision-making 
problem. While RL methods are a recent and relatively 
underexplored direction, and bring a set of challenges of 
their own, e.g., long training time and instabilities, they also 
provide a much higher degree of flexibility and adaptability 
to changing conditions, which can support their generaliza-
tion across problem instances and hardware topologies. On 
account of the limited literature on this task, we design a 
MLP-based agent architecture aiming to develop a simple, 
dependable and fast RL-based approach that can be used 
in practice with limited fine-tuning and serve as a basis for 
further work.

In summary, the contributions of this work are as follows:

	● We approach minor embedding as a sequential decision-
making problem and propose a Proximal Policy Optimi-
zation (PPO) based agent to generate the mapping be-
tween problem variables and hardware qubits required 
by minor embedding.

	● To improve learning efficiency and exploit the inherent 
symmetries of the hardware topology, we propose a set 
of data augmentation strategies that enhance general-
ization and policy robustness in particular on randomly 
generated problem graphs.

	● We conduct a detailed comparison of minor embedding 
quality, success rate, and qubit efficiency across two 
widely used quantum hardware topologies, Chimera 
and Zephyr, highlighting the differences in agent perfor-
mance under varying connectivity constraints.

The methods, experiments, and results presented in this 
paper are an extension of our prior work in Nembrini et al. 
(2024). Our results show that RL agents can produce valid 
variable-to-qubit mappings for minor embedding, particu-
larly on modern topologies such as Zephyr. The agent is able 
to generate relatively easily valid minor embeddings that 
span several hundreds of qubits, sometimes over a thousand, 
indicating that its modelling is robust and can scale to the 
large hardware graphs of existing quantum annealers. Taken 
together, the findings suggest that RL is a promising and 
flexible framework for addressing minor embedding in QA 
complementing existing heuristic methods, yet it remains 
an emerging approach that needs to mature, for example to 
reduce the number of qubits required. In the discussion we 
highlight some limitations of the proposed method and sug-
gest possible directions for future developments.

2  Background

This section provides the necessary background on the 
three key topics: the computational paradigm of Quantum 
Annealing, the Minor Embedding problem, and the Rein-
forcement Learning paradigm which our proposed method 
is based on.

2.1  Quantum annealing

Quantum Annealing (QA) is a metaheuristic quantum algo-
rithm designed to solve combinatorial optimization prob-
lems by exploiting the principles of quantum mechanics 
(Kadowaki and Nishimori 1998; Farhi et al. 2000; Johnson 
et al. 2011). The approach relies on formulating the optimi-
zation problem as an energy minimization of a real physi-
cal system, encoding it as a Hamiltonian HP  (known as the 
problem Hamiltonian) whose ground state corresponds to 
the optimal solution.

QA operates by initializing the quantum system in the 
ground state of a simple Hamiltonian H0, for which the 
ground state is easy to prepare, typically an equal superpo-
sition. Over the course of the annealing schedule, the system 
evolves according to a time-dependent Hamiltonian of the 
form:

H(t) = (1 − s(t))H0 + s(t)HP ,� (1)

where t ∈ [0, T ] is the time parameter, T  is the total anneal-
ing time, and s(t) is a monotonically increasing function 
that controls the evolution schedule satisfying s(0) = 0 and 
s(T ) = 1. If the evolution is sufficiently slow, according to 
the requirements of the adiabatic theorem (Born and Fock 
1928), the system will remain in its instantaneous ground 
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state. At the end of the evolution, when H(T ) = HP , the 
ground state of the system will also correspond to the ground 
state of HP  hence to the solution of the problem.

The problem Hamiltonian HP  is typically constructed 
from a QUBO (Quadratic Unconstrained Binary Optimiza-
tion) formulation:

min
x∈{0,1}n

x⊤Qx,� (2)

where Q ∈ Rn×n is a symmetric matrix defining the cost 
function. This classical problem is mapped onto an Ising 
Hamiltonian of the form:

HIsing = −
n∑

i=1
hisi −

n∑
i=1

n∑
j=i+1

Jijsisj ,� (3)

where si ∈ {−1, +1} are spin variables representing the 
state of qubit i, hi ∈ R are linear biases, and Jij ∈ R are 
quadratic couplings between qubits. By looking at Eq. 2 
and 3 one can see that there is a biunivocal correspondence 
between the two. Hence, by constructing a quantum sys-
tem that implements and minimizes an Ising Hamiltonian, 
one can also minimize QUBO problems. This approach 
has gained popularity because it allows to formulate many 
difficult problems rather easily (Lucas 2014; Glover et al. 
2022). Many applications of QA have been proposed in the 
fields of machine learning (Neven et al. 2009; Mandrá et 
al. 2016; O’Malley et al. 2017; Mott et al. 2017; Kumar 
et al. 2018; Ottaviani and Amendola 2018; Neukart et al. 
2018a, b; Willsch et al. 2020; Nembrini et al. 2021, 2022; 
Ferrari Dacrema et al. 2022; Pasin et al. 2024; Carugno et 
al. 2024), chemistry (Hernandez and Aramon 2017; Xia et 
al. 2018; Streif et al. 2019; Micheletti et al. 2021), as well as 

logistics and optimization (Rieffel et al. 2015; Stollenwerk 
et al. 2017; Ikeda et al. 2019; Ohzeki 2020; Carugno et al. 
2022; Chiavassa et al. 2022).

Despite its general formulation, in practice QA is imple-
mented on hardware platforms such as D-Wave quantum 
processors, where the qubits are laid out in sparsely con-
nected topologies, see Fig. 1. These topologies are typically 
composed of a repeated grid of small subgraphs called unit 
cells, whose structure depends on the topology. Given that 
the optimization problem must be physically encoded into 
the hardware, there must be a biunivocal correspondence 
between the two. This is obtained via the Minor Embedding, 
in which the optimization problem is first represented as a 
graph, where problem variables that have a non-zero qua-
dratic coefficient are connected, and then it is transformed 
in a new and equivalent one which can be directly imple-
mented on the physical hardware.

2.2  Minor embedding

When a problem is expressed in the QUBO formalism, it 
is typically assumed that all problem variables can inter-
act freely. However, executing such a problem on a quan-
tum annealer requires mapping it to the physical hardware, 
which imposes strict topological constraints. Each qubit in 
the quantum processing unit (QPU) can only interact with a 
limited set of neighbouring qubits, determined by the archi-
tecture (e.g., Chimera or Zephyr), see Fig. 1. As a result, 
the problem must be transformed to conform to the physi-
cal connectivity of the device, a process known as Minor 
Embedding (ME).

The central idea of ME is to first represent the optimiza-
tion problem as a graph, where the variables that are asso-
ciated with a quadratic coefficient are connected. Then, if 
a problem variable must be connected to more variables 

Fig. 1  Portions of the currently existing topologies of physical quan-
tum annealers produced by D-Wave, from oldest (Chimera) to most 
recent (Zephyr). The main difference between them is the number of 

connections between qubits, up to 6 in Chimera, up to 15 in Pegasus 
and up to 20 in Zephyr
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a hardware graph like Chimera or Zephyr. However, these 
methods are often developed for specific hardware or graph 
topologies and, being heuristics, do not allow direct control 
over the actual optimization objective.

2.3  Minorminer

One of the most commonly used tools for ME is 
minorminer (Cai et al. 2014), developed by D-Wave, 
which implements a stochastic algorithm to construct a 
minor embedding of a problem graph into a hardware graph 
like Chimera or Zephyr.

The basic idea is to embed one problem variable at a 
time. minorminer selects a not-yet-embedded problem 
variable and tries to assign it to a chain of physical qubits 
that would allow it to reach the other problem variables it 
must be connected with, according to the problem graph. If 
a suitable chain is found, the variable is added to the minor; 
otherwise, the algorithm can backtrack, removing previ-
ously assigned chains and trying different paths. To do this, 
minorminer uses a greedy and randomized strategy:

	● Problem variables are considered in an order that priori-
tizes high connectivity or other heuristics.

	● For each variable, it attempts to grow a chain using 
shortest paths to already embedded neighbors.

	● If no valid chain is found, it probabilistically selects a 
different placement or backtracks.

This makes minorminer able to escape from local fail-
ures. The process continues until all problem variables are 
embedded, or a timeout or failure condition is reached. The 
output is a mapping from problem variables to chains of 
physical qubits. An example of minor embedding of a fully 
connected graph on different hardware topologies is reported 
in Fig. 2. minorminer does not guarantee optimality, and 
it is sensitive to the ordering of the problem variables and 
to random choices during search. For this reason, the minor 
embedding varies from one run to another. In practice, it is 
often run multiple times to find better minors, especially for 
dense problem graphs.

The main strengths of minorminer are its ability to 
handle large and irregular graphs, and its efficiency on mod-
ern hardware topologies it is optimized for. However, the 
time required to find a minor embedding will still be sub-
stantial compared to the quantum annealing time, the minor 
embeddings it finds will still use long chains, depending on 
the problem, and it does not allow easy customization to tai-
lor its behaviour to specific goals. This motivates the explo-
ration of alternative approaches based on machine learning.

than the physical connectivity of the hardware allows, that 
variable will be represented using multiple physical qubits, 
i.e., a chain, and the connections will be split among them. 
The chains form connected sub-graphs within the hardware 
topology and are forced to act coherently by applying strong 
coupling coefficients (Jij) between their qubits. These cou-
plings encourage all qubits in a chain to be in the same state 
during the annealing process.

Formally, ME involves two main steps: node map-
ping, where each node of the problem graph G is assigned 
to one or more physical qubits in the hardware graph H , 
and parameter setting, which distributes the bias (hi) and 
coupling (Jij) values among the embedded variables. The 
node mapping phase is typically the most computationally 
expensive one, which is why we chose to focus on it. The 
resulting embedded graph Gemb ⊆ H , also called minor, 
contains intra-chain edges (within chains) and inter-chain 
edges (between different chains). The minor embedding is 
valid if contracting all intra-chain edges in Gemb recovers 
the original problem graph G.

The embedded Ising energy function can be written as:

E =
∑

i∈V (G)


 ∑

ik∈V (Ci)

h′
ik

sik
+

∑
ip,iq∈E(Ci)

F pq
i sip

siq


 +

∑
i,j∈E(G)\E(C)

Jijsisj ,� (4)

where V(G) is the set of nodes in graph G, E(G) is the set of 
edges in graph G, Ci denotes the chain assigned to problem 
variable i, and F pq

i < 0 are the intra-chain couplings. The 
original bias hi is partitioned among the qubits in the chain 
such that 

∑
ik∈V (Ci) h′

ik
= hi, while inter-chain couplings 

Jij  remain unchanged.

Minor embedding quality plays a crucial role in the effec-
tiveness of quantum annealing. Long chains are more prone 
to chain breaks, which occur when qubits within a chain 
do not reach the same final state, meaning that the quan-
tum annealer has moved away from the ground state. Chain 
breaks can yield suboptimal or unfeasible solutions, where 
constraints are not met. Therefore, minimizing chain length, 
maintaining compact minors, and tuning chain strengths 
appropriately are essential objectives in the minor embed-
ding process.

In light of this, it is clear that the node mapping phase of 
minor embedding is NP-hard and that exact solutions are 
computationally intractable in the general case. For this rea-
son various heuristic methods have been proposed (Cai et al. 
2014; Boothby et al. 2016; Fang and Warburton 2020; Ber-
nal et al. 2020; Pelofske 2024). One of the most commonly 
used tools is minorminer (Cai et al. 2014)1, developed by 
D-Wave, which as we will describe implements a stochastic 
algorithm to construct a valid minor of a problem graph into 

1  ​h​t​t​p​​s​:​/​​/​g​i​t​​h​u​​b​.​c​​o​m​/​d​​w​a​v​​e​s​y​​s​t​e​m​s​/​m​i​n​o​r​m​i​n​e​r
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(MDP) (Sutton and Barto 2018). At each discrete time 
step t, the agent observes a state st of the environment and 
selects an action at based on this observation. The chosen 
action influences the environment, causing a transition to a 
subsequent state st+1 according to the dynamics defined by 
the underlying MDP, and results in receiving a scalar reward 
signal rt. This interaction is cyclically repeated, as repre-
sented in Fig. 3, until a termination condition is reached at 
the final step T. At that point, the agent has completed an 
episode, collecting a number of rewards. The goal of the 
agent is to maximize the expected cumulative reward, also 
known as the return, obtained during each episode and 
defined as Gt =

∑T −t
k=0 γkrt+k+1, where γ ∈ [0, 1] is a dis-

count factor that balances the importance of immediate ver-
sus future rewards. Maximizing this return allows the agent 
to learn an optimal strategy, called policy, for navigating the 
state-action space. Episodes are thus repeated to allow the 
agent to systematically explore diverse state-action configu-
rations, thereby enabling learning of effective strategies.

As an illustrative example, consider a robotic agent 
tasked with traversing a field containing obstacles. In such 
a scenario, the state observation might include the robot’s 

2.4  Reinforcement learning

Reinforcement Learning (RL) is a machine learning para-
digm that involves an agent iteratively interacting with 
an environment described by a Markov Decision Process 

Fig. 3  The fundamental interaction loop of RL. At time step t the agent, 
after observing the environment’s state st, performs actions at. The 
environment reacts to such action by giving reward rt to the agent and 
then transitioning to state st+1. The new state will be subsequently 
observed by the agent at the next time step

 

Fig. 2  Example of node mappings from a fully connected graph 
G of 12 nodes on different QA hardware topologies, obtained with 
minorminer. Highlighted in 2b, 2c and 2d are only the nodes and 

edges that are part of the minor embeddings (respectively 47, 23 and 
22 nodes). The chains are not differentiated for readability
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vπ(s) = Eπ[Gt | St = s],� (7)

which quantifies the expected cumulative reward start-
ing from a given state s and following the current policy 
π thereafter. Alternatively, the critic may approximate the 
state-action value function:

qπ(s, a) = Eπ[Gt | St = s, At = a],� (8)

representing the expected cumulative reward obtained by 
taking action a from state s and subsequently following 
policy π.

By comparing the state-action value function and the 
value function, actor-critic methods estimate the advantage 
function:

Aπ(s, a) = qπ(s, a) − vπ(s),� (9)

which measures how favourable selecting action a in state 
s is relative to the average action selection dictated by 
policy π at that state. Actions yielding positive advantage 
values are thereby reinforced, whereas actions with nega-
tive advantages are discouraged, guiding the policy toward 
optimal behaviour. Actor-critic methods thus explicitly 
maintain separate policy and value estimators in order to 
improve stability, especially in environments characterized 
by continuous or high-dimensional action spaces (Konda 
and Tsitsiklis 1999; Grondman et al. 2012).

The subsequent section details the Proximal Policy Opti-
mization (PPO) algorithm, an actor-critic method specifi-
cally adopted for training the agents in this work.

2.4.2  Proximal policy optimization

Proximal Policy Optimization (PPO) is an actor-critic algo-
rithm proposed by Schulman et al. (2017), specifically 
designed to overcome some of the stability and efficiency 
issues that affected earlier policy gradient methods. PPO 
aims at improving policy optimization performance while 
maintaining computational simplicity, achieving a beneficial 
balance between robustness and ease of implementation.

The PPO algorithm employs two separate neural net-
works with distinct roles but typically similar structures, 
see Fig. 4. The first is the policy network, i.e., the actor, 
which parameterizes the policy πθ(a|s), explicitly defining 
the probability distribution over actions given state s. The 
second is the value network, parameterized by parameters 
ϕ, which approximates the value function vϕ(s), estimating 
the expected cumulative return starting from a state s under 
the current policy.

Training in PPO relies on iteratively collecting trajectories 
of state-action pairs from interactions with the environment, 

current position within the field and the locations of nearby 
obstacles. Available actions could consist of discrete move-
ments, such as steps in one of the four cardinal directions. 
Following each action, the agent receives a numerical 
reward reflecting its effectiveness; for instance, a small 
negative reward for each move could incentivize efficient 
paths by penalizing unnecessary steps and a large negative 
reward could discourage attempting to move in a direction 
that is obstructed. Upon execution of an action, the environ-
ment transitions to a new state corresponding to the updated 
position of the robot. An episode concludes upon reaching 
a specified destination or encountering a termination condi-
tion (e.g., collision with an obstacle or successful traversal). 
By repeating episodes under varying conditions, the agent 
progressively learns improved strategies to navigate the 
environment effectively.

This framework exemplifies the fundamental reinforce-
ment learning paradigm adopted throughout this work. The 
training algorithm is introduced in the next sections.

2.4.1  Actor-critic methods

Actor-critic methods constitute a prominent class of rein-
forcement learning algorithms characterized by employ-
ing two complementary structures: the actor, which selects 
actions based on the current policy, and the critic, which 
estimates the value associated with states or state-action 
pairs (Sutton and Barto 2018; Konda and Tsitsiklis 1999; 
Mnih et al. 2016). Within this framework, the policy π is 
formally defined as a probability distribution over possible 
actions given a state:

π(a|s) = P (at = a | st = s).� (5)

The agent aims to find an optimal policy π∗, which maxi-
mizes the expected cumulative reward, known as the return, 
defined as:

Gt =
T −t∑
k=0

γkrt+k+1,� (6)

where γ ∈ [0, 1] is a discount factor balancing immediate 
versus future rewards, and T denotes the terminal step of 
the episode.

In actor-critic methods, the actor directly represents the 
policy, i.e., the learned model that chooses the actions, and 
is parameterized by a set of parameters θ as πθ(a|s), while 
the critic estimates the expected returns associated with 
states or state-action pairs through a separate parameterized 
structure, typically denoted by parameters ϕ. Specifically, 
the critic approximates the value function:

1 3
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learning applications, ranging from robotic control tasks to 
complex combinatorial optimization problems, such as the 
minor embedding scenario addressed in this work (Schul-
man et al. 2015, 2017).

2.4.3  Invalid action masking

In some cases, based on the state the environment is in, 
some of the actions may not be available. The set of the 
available actions can be constrained by Invalid Action 
Masking (IAM) (Silver et al. 2018; Huang and Ontañón 
2022), ensuring the agent is only able to select valid actions. 
This method consists in masking out invalid actions by set-
ting their probability to zero at the output end of the policy 
network, thus restricting the set of actions from which the 
agent chooses.

2.5  Minor embedding and machine learning

While the application of Machine Learning to the minor 
embedding problem is an emerging area, the literature on 
this specific task remains limited. One notable contribution 
that also employs Reinforcement Learning is the CHARME 
framework, presented by Ngo et al. (2025). This method 
adopts a different RL formulation from the one explored in 
our work. First of all, to process the environment state, com-
posed of the problem graph G, the hardware graph H, and 
the partial embedding’s current status, CHARME utilizes a 
Graph Neural Network architecture. The network is trained 
to learn an optimal policy for ordering the logical variables 
from G. At each sequential step, the RL agent selects a 
single logical variable, while the subsequent task of iden-
tifying and placing the entire corresponding chain onto the 
hardware graph H is delegated to a deterministic algorithm, 
based on subroutines previously developed for a heuristic, 
see Ngo et al. (2023).

CHARME’s evaluation was performed on two groups 
of very sparse problem graphs. The first set consisted of 
Barabási–Albert graphs with up to 150 nodes and a degree 

then performing updates to the network parameters using 
gradient ascent on an objective function carefully designed 
to maintain stability. The objective used in PPO is based on 
a clipped surrogate function, formulated to prevent exces-
sively large policy updates. Specifically, the PPO objective 
function is defined as:

LCLIP(θ) = Et

[
min

(
rt(θ)Ât, clip(rt(θ), 1 − ϵ, 1 + ϵ)Ât

)]
,� (10)

where Ât is an estimate of the advantage function (9), com-
puted from the collected trajectories, rt(θ) denotes the prob-
ability ratio of selecting action at under the updated policy 
relative to the previous policy:

rt(θ) = πθ(at|st)
πθold(at|st)

,� (11)

and ϵ is a hyperparameter controlling the range within which 
updates to the policy are allowed, ensuring that the policy 
does not shift excessively during a single update step.

Simultaneously, PPO updates the parameters of the value 
network by minimizing the squared-error loss between pre-
dicted and observed returns, formally expressed as:

Lv(ϕ) = E
[
(vϕ(st) − Gt)2]

,� (12)

where ϕ denotes the value network’s parameters. Optionally, 
an additional entropy term may be included in the combined 
loss function to encourage exploration and prevent prema-
ture convergence to suboptimal deterministic policies.

The PPO update procedure typically involves multiple 
epochs of mini-batch stochastic gradient ascent on the col-
lected trajectory data, thereby improving sample efficiency 
and further enhancing stability. The choice of hyperparam-
eters, including the clipping threshold ϵ, the discount factor 
γ, and the learning rate, significantly impacts the perfor-
mance and convergence behavior of the PPO algorithm.

Due to these desirable properties, PPO has become widely 
adopted as a powerful baseline for various reinforcement 

Fig. 4  State st is processed by the 
agent’s neural networks. The value 
network outputs an estimate vϕ(st) 
of the value function (7), while the 
policy network outputs a prob-
ability distribution πθ(a|st) on the 
actions (5). Action at is sampled 
from this probability distribution
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that those properties are learned by the agent, we design 
a set of data augmentation strategies to provide the agent 
with symmetric variants of the same partial minor embed-
ding encouraging a more robust and general learning 
process. While other architectures such as Graph Neural 
Networks would allow natively to better account for the 
graph structure, their training poses other challenges such 
as the need to choose aggregation functions for neigh-
bouring nodes, the over-smoothing effects in deeper mod-
els, and a substantially more computationally expensive 
training in particular for dense graphs, therefore we leave 
them for future work.

3.1  State observation and actions

In our proposed model the agent is tasked to perform an 
action based on a partial minor embedding of the problem 
graph G (with |G| nodes) onto the hardware graph H (with 
|H| nodes) at each step t, where it receives an observation 
of the state st. The observation is a one-dimensional array, 
partitioned into sections, each relating to aspects of either 
the problem graph G or the hardware graph H. Each compo-
nent corresponds to nodes of the respective graph, following 
a predetermined mapping. The state observation has four 
components: two related to the partial minor embedding and 
two used to restrict the action space of the agent. The two 
components related to the partial minor embedding are:

	● Available qubits: This part is denoted by SH ∈ {0, 1}|H|, 
with each component indicating whether that qubit in 
the hardware graph is available (value 1) or already as-
signed to a chain and therefore unavailable (value 0). At 
the beginning of each episode, all its values are set to 1.

	● Missing G  links: This part is denoted by SG ∈ Z|G|, 
with each component indicating how many problem vari-
ables that node still needs to be connected with. More 
precisely, for every node Gj  that is connected to node 
Gi in the problem graph, the corresponding qubit chain 
Cj  must be connected to Ci. This measure of how many 
inter-chain connections are missing serves as an indica-
tion to the agent of which parts of the minor embedding 
are still incomplete.

When designing the action space for a RL agent it is impor-
tant to ensure that the number of actions does not grow 
excessively with the problem size. A naive space where the 
agent could be tasked to select both a node from G and a 
corresponding node from H would result in an action space 
of size |G| × |H| which would rapidly become too large. 
In order to constrain the dimensionality of the action space 
to avoid combinatorial growth, we build our RL model so 
that the agent is provided with a problem variable and has 

of 10, resulting in a graph density of approximately 6%. 
The second set included 185 graphs derived from a biologi-
cal optimization problem, with sizes from 6 to 165 nodes. 
These were partitioned by density, where the highest-den-
sity category was defined as graphs having an edge count 
at least three times their node count. Despite not having 
access to specific association between node count and den-
sity, it can be seen that the density is ≥ 31% for a 20-node 
graph, but only ≥ 6% for a 100-node graph. This evaluation 
context is important, as the density of the QPU hardware 
itself is extremely low (e.g., a Zephyr topology with  2000 
qubits has a density of ≈ 1%). The problem graphs used to 
test CHARME are therefore much closer in density to the 
QPU topology than to the fully connected graphs common 
in optimization. While ME remains a challenging problem, 
this setting likely requires less complex and shorter qubit 
chains, presenting a different challenge than embedding 
dense graphs. Furthermore, the target hardware graphs used 
in their evaluation (around 16.000 qubits) were significantly 
larger than those on currently available quantum hardware. 
This suggests the method is effective at handling large hard-
ware graphs, but leaves open the question of its ability to 
compress embeddings into the limited-qubit space of real-
world QPUs.

3  Reinforcement learning for minor 
embedding

This section describes our proposed RL model, which is 
built on simple yet flexible architectures. The basis of our 
model is a RL Agent developed using a Multi-Layer Percep-
tron (MLP) architecture and trained with Proximal Policy 
Optimization (PPO) to iteratively assign a problem variable 
to a qubit in order to build the mapping between problem 
variables and hardware qubits required by minor embed-
ding. This choice is motivated by the limited established 
literature on RL for minor embedding. We therefore start 
with a relatively simple and dependable architecture, that 
will allow to better understand and explore the task dynam-
ics, its feasibility, and its challenges without confounding 
factors that more complex architectures would introduce. 
Our approach offers several practical advantages: MLPs are 
easy to implement and relatively fast to train, while PPO 
is robust, stable across a wide range of tasks, and exhibits 
strong empirical performance in high-dimensional action 
spaces which makes it well-suited for the minor embedding 
problem.

One disadvantage of the MLP agent architecture is 
that its structure does not natively allow leveraging graph 
properties such as permutation invariance, graph symme-
tries, locality, or connectivity patterns. In order to ensure 
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from G. At the beginning of each episode, all its values 
are set to 0.

Furthermore, the available qubits vector SH  is additionally 
constrained such that only the qubits that are both available 
and adjacent to the chain of the currently selected G node 
in RR are marked as available (value 1). This results in SH  
being the same mask applied via IAM (see Section 2.4.3) to 
the policy, as shown in Fig. 5.

An illustrative example of the entire observation vector 
during an intermediate minor embedding state is depicted 
in Fig. 6.

3.2  Reward function

After selecting an action based on the current state, the agent 
receives a scalar reward from the environment. The design 
of the reward function depends directly on the objective one 

to identify which node of H to allocate it to. At each step t 
the node from G is selected with a round-robin (RR) strat-
egy that iterates over the problem variables, then the action 
at performed by the agent only selects a node from the 
hardware graph H, which will be added to the chain associ-
ated to the current node from G. After the action, the next 
node from G is selected according to the RR sequence, only 
among those nodes that still lack all the required inter-chain 
connections.

In order to let the agent understand the RR approach, the 
last two components of the state observation are:

	● Current node: Denoted by SR ∈ {0, 1}|G|, is a one-hot 
encoded vector where the node from G which should be 
added to the minor embedding is marked with 1.

	● Chain of current node: Denoted by SC ∈ {0, 1}|H|, 
this component is a binary vector indicating which qu-
bits belong to the chain of the current node selected 

Fig. 6  Example of the state’s components in an intermediate phase of 
the RL minor embedding procedure. The agent has to embed a G graph 
with 4 nodes into an H Chimera graph with 8 nodes. There are four 
chains already embedded in H, solid blue (5), dashed green (1), dotted 
red (2), dashed and dotted brown (3). The current round-robin G node 

is 1 (SR). Node 0 has already completed all connections in the minor, 
while nodes 1, 2 and 3 are still missing 2 links (SG). H nodes 4, 6 and 
7 are available (SH ) to be added and adjacent to the chain of G node 1, 
composed of only H node 2 (SC )

 

Fig. 5  Application of Invalid Action Masking to the agent’s policy. On 
the left there is the partial minor embedding on which the agent is 
working, with three different chains (green, red and blue) containing 
respectively nodes 1, 2 and 5. This is the environment’s state, whose 
observation is received by the agent on the right. The policy network 
gets the state as input and outputs a series of values, one for each pos-

sible action, i.e., nodes from 0 to 7. Since the current round-robin G 
node is the one corresponding to the red chain (containing only H node 
2), the applied mask comprises all the nodes in the chain (2), the ones 
that are not adjacent to the chain (0, 1, 3) and the ones already embed-
ded in other chains (1, 5). Therefore, the only nodes which will have a 
non-null value in the actual output will be 4, 6 and 7

 

1 3

Page 9 of 38     15 



Quantum Machine Intelligence            (2026) 8:15 

ensure the number of qubits is comparable. We should note 
that the size of H directly controls the number of actions 
available for the agent. In our setting this produces two 
coupled effects. First, the policy network must encode a suf-
ficiently informative representation of a larger H. Second, 
training a RL agent becomes more challenging because PPO 
must explore a much larger action space effectively. Given 
that a minor embedding found on a smaller H can be seam-
lessly applied to any larger H with the same topology, we 
test the agent on multiple Hsize to track how problem com-
plexity scales with the action space.

4.1  Randomly generated graphs

In order to evaluate the effectiveness of our proposed RL 
model we train and evaluate it also on a set of randomly 
generated problem graphs2. While it could be argued that a 
random graph is not necessarily representative of the types 
of topologies and structures one could observe when apply-
ing ME to real problems, these random graphs serve the 
purpose of testing the RL model on a set of highly hetero-
geneous problems.

We generate graphs G ranging in size from 3 nodes 
upwards, and with varying number of edges. For a graph 
with n = |G| nodes, the number of edges ranges from n − 1 
to n(n−1)

2 . We also ensure that all graphs are connected, i.e., 
from every node there should exist a path to each other node 
in the graph. For each number of nodes we aim to generate 
1000 graphs to use during the training phase and an addi-
tional 250 to use for testing. Based on the experimental 
results (see Section 5) the largest problem graph tested is 
n = 10.

The process used to generate the graphs depends on their 
number of nodes:

	● Graphs with 3 to 5 nodes: Starting from a fully con-
nected graph, we generate a set of all the graphs that 
can be obtained from it by removing one edge. Then, 
for each of those graphs we repeat the process remov-
ing one further edge. We discard all graphs that have 
non-connected components. Due to the small number of 
nodes it is not possible to reach the desired number of 
graphs, as such the same training graph will be sampled 
multiple times during training.

	● Graphs with 6 to 8 nodes: We follow the same ap-
proach used for the smaller graphs with 3 to 5 nodes, but 
we also ensure to keep only one instance of graphs that 

2  The dataset of randomly generated graphs is available at ​h​t​t​p​​s​:​/​​/​g​i​t​​h​
u​​b​.​c​​o​m​/​q​​c​p​o​​l​i​m​​i​/​R​L​x​M​E​_​D​a​t​a​s​e​t

wants to optimize during minor embedding. Given that our 
main goal is to obtain a valid minor but also to minimize 
the length of the chains, each action gives a fixed negative 
reward, so that the agent is encouraged to maximize the 
cumulative reward by creating shorter chains. In particular, 
in the experiments presented in Section 5, we use a negative 
reward of −0.1 for each action.

At the same time, one of the advantages of the RL frame-
work is its flexibility, which allows the reward function to be 
changed or redesigned depending on different optimization 
goals. For example, it would be possible to define a reward 
based on the actual solution quality of the embedded prob-
lem when executed on a quantum annealer. Another option 
would be to use a sparse reward scheme, where the agent 
receives a non-zero reward only when a complete and valid 
minor is produced. While these examples show the adapt-
ability of the reward mechanisms, they would each present 
new challenges to address and, therefore, the exploration 
of these options constitutes a broad research direction that 
goes beyond the scope of this paper.

4  Experimental protocol

The goal of the experimental analysis is to assess the effec-
tiveness of the proposed RL model in finding valid map-
pings between problem variables and hardware nodes in two 
scenarios: fully connected problem graphs, and randomly 
generated ones. In the fully connected scenario, the agent 
is trained to perform Minor Embedding (ME) of a specific 
fully connected graph G onto a specific topology graph H. 
In the random graph scenario, each agent is trained to per-
form ME of problem graphs G with different sizes and den-
sities onto a specific topology graph H, with the objective of 
evaluating whether the model is capable of generalizing to 
unseen instances and varied topologies.

The two scenarios are tested on graphs G of different 
topologies and sizes. The number of nodes of the fully con-
nected G ranges from 3 to 10, while for the randomly gener-
ated graphs we test on G with up to 30 nodes, on account of 
the sparser topology producing an easier minor embedding 
problem and allowing the agent to scale to larger problem 
graphs. The process used to generate the random graphs is 
described in Section 4.1.

For what concerns the hardware graph H, we generate 
them based on the number of unit cells per side, Hsize, with 
two topologies: Chimera, with a number of nodes rang-
ing from 32 to 2048 (Hsize ∈ [2, 16]), and Zephyr, with a 
number of nodes ranging from 160 to 2176 (Hsize ∈ [2, 8]). 
These topologies correspond to the oldest (Chimera) and 
newest (Zephyr) topology available at the time these experi-
ments were conducted, and their Hsize has been chosen to 
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connected graph. The training budget is of 1 million steps, 
however, as we observed in the results (see Section 5.3), the 
agent tends to reach convergence much faster especially 
when H is small. This means that the main Reinforcement 
Learning (RL) interaction loop described in Section 2.4 is 
repeated that number of times before stopping the training 
phase.

In the random graph scenario the training is performed 
by feeding all the training graphs to the agent ordered by 
increasing number of nodes. The purpose of this strategy is 
to allow the agent to initially focus on structurally simpler 
instances. Given that the training process is performed on 
many more graphs and to ensure the agent has the time to 
train on each of them, the training continues until all the 
graphs in the dataset have been observed at least once.

During training it is guaranteed that at least 103 graphs 
for each number of nodes are used. When the number of 
nodes is small, i.e., 3-5, the number of existing training 
graphs is lower than this threshold, therefore the same train-
ing graph may be sampled multiple times. Once all graphs 
up to |G| = 10 have been sampled, the process repeats from 
|G| = 3, until the step budget is depleted.

In both scenarios the training is done on 10 independent 
agents each starting from a different random initialization. 
During testing, each agent is tasked to generate 10 minor 
embeddings for each test graph. In the fully connected sce-
nario the testing graph is the same the agent has been trained 
on, while in the random graph scenario the testing graphs 
are those held-out as described in Section 4.1.

4.3  Training graph augmentations

The hardware graphs H possess several symmetries, stem-
ming from their graph nature but also from the highly 
regular structure of the hardware topologies. These include 
global symmetries such as node permutations, reflections, 
and rotations of the layout of the hardware graph, particu-
larly when H is formed by repeating patterns like Zephyr 
or Chimera unit cells. As a consequence, multiple minors 
can be functionally equivalent up to a relabelling or spatial 
transformation of the physical qubits. For example, a valid 
minor can be rotated 90◦ across a regular 2D layout of cells 
or flipped horizontally without altering its correctness or 
quality. This permutation invariance implies that an optimal 
policy for minor embedding should ideally be invariant (or 
at least equivariant) under these transformations.

However, MLP-based policy architectures lack any 
inherent mechanism to model this invariance. Since they 
operate on a flattened, fixed-size observation vector, the 
agent will consider two isomorphic states as completely dif-
ferent, leading to slow training and poor generalization. In 
order to improve the robustness of the MLP agent to those 

are isomorphic.3 Once this phase is completed, we ob-
tain a set of graphs each defining an isomorphism class. 
Based on their number we compute how many instances 
for each class are required in order to reach the target 
number of training and testing graphs, and finally we 
generate them by applying a random node permutation. 
We always ensure that no two graphs are identical.

	● Graphs with more than 9 nodes: For graphs of this 
size the exhaustive generation of both instances as well 
as one instance for each isomorphism class becomes un-
feasible. The approach we adopt here is to first identify 
what is the minimum and maximum number of edges 
these graphs could have (i.e., n − 1 to n(n−1)

2 ), then we 
compute how many graph instances for each of the val-
ues in this range we should generate in order to reach 
the target number of training and testing graphs. Given 
a number of edges, a new graph instance is generated 
at random.4 We guarantee that the set does not contain 
isomorphic graphs.

The testing data is created with a 20% random holdout of 
the graphs, stratified on the number of nodes, hence 1000 
are used for training and 250 for testing for each node size. 
The process accounts for the strategies adopted to construct 
graphs of each size: for small graphs from 3 to 5 nodes we 
apply a simple random holdout; for graphs of 6 to 8 nodes 
the random holdout is stratified on the isomorphism classes; 
finally, for graphs of more than 9 nodes the holdout is strati-
fied on the number of edges in the graph. Note that while the 
testing data will never contain graphs that also appear in the 
training data, the testing data of small graphs (from 3 to 5 
nodes) may contain isomorphic ones. We believe this is not 
a problem as it serves as a way to test whether the RL model 
has learned to model graph symmetries, and it only occurs 
for small graphs.

4.2  Training protocol

The agent is trained using Proximal Policy Optimization 
(see Section 2.4.2) and Invalid Action Masking (see Section 
2.4.3, an example shown in Fig. 5).

In the fully connected graph scenario the agent is trained 
on performing minor embedding of a specific graph G on a 
specific topology H, therefore it only observes a single fully 

3  Verifying whether two graphs are isomorphic is computationally 
expensive. We rely on an approximate method of the networkx pack-
age which checks the degree sequence of the nodes and identifies rap-
idly graphs that are surely non-isomorphic based on that ​h​t​t​p​​s​:​/​​/​n​e​t​​w​o​​
r​k​x​​.​o​r​g​​/​d​o​​c​u​m​​e​n​t​​a​t​i​​o​n​/​s​​t​a​​b​l​e​​/​r​e​f​​e​r​e​​n​c​e​​/​a​l​​g​o​r​​i​t​h​m​​s​/​​g​e​n​​e​r​a​t​​e​d​/​​n​e​t​​w​o​r​​k​
x​.​​a​l​g​o​​r​i​​t​h​m​​s​.​i​s​​o​m​o​​r​p​h​​i​s​m​​.​f​a​​s​t​e​r​​_​c​​o​u​l​d​_​b​e​_​i​s​o​m​o​r​p​h​i​c​.​h​t​m​l
4  We rely on the following function of the networkx package ​h​t​t​p​s​:​​​/​​/​n​
e​t​w​o​​r​k​​x​​.​o​r​​​g​/​d​​o​c​u​​m​e​n​​t​a​t​​i​​o​n​​/​s​t​​a​b​​​l​e​/​r​​e​f​e​​r​e​​​n​c​e​​/​g​e​n​​e​r​a​​​t​e​​d​/​n​​e​t​w​​​o​r​k​x​​.​g​​e​n​
e​​r​a​​t​​o​r​s​.​​r​​a​​n​d​o​​m​_​g​​​r​a​p​​​h​s​​.​g​n​m​_​​r​a​n​d​o​​m​_​g​r​a​p​h​.​h​t​m​l
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This corresponds to a total of 8 possible data augmentations. 
At each training step, a set of zero or more augmentations, 
without repetitions, is selected at random and applied to the 
H graph. Each transformation results in a shuffled version 
of the state: if, for example, nodes 0 and 7 are swapped, 
the state vector is also updated accordingly. This process is 
illustrated in Fig. 8.

This strategy is conceptually aligned with successful 
practices in other domains, such as data augmentation in 
computer vision, where image transformations (e.g., flips, 
crops, rotations) help convolutional networks learn transla-
tional invariance. In reinforcement learning, analogous tech-
niques have been employed to improve sample efficiency 
and policy generalization, especially in spatially structured 
environments such as robotic control or grid-based naviga-
tion tasks. In our case, the augmentation serves to regularize 
the policy and promote invariance to graph isomorphisms 
and spatial symmetries.

While effective in the small to medium-scale setting, 
this data augmentation approach faces inherent limitations 

symmetries, at each step of the training process we can 
modify the partial minor embedding by applying an iso-
morphic transformation on the environment. This strategy 
is inspired by similar techniques in image recognition and 
structured decision-making problems (Shorten and Khosh-
goftaar 2019; Silver et al. 2016). The core idea is to expose 
the agent to different but semantically equivalent versions 
of the environment state, so that the learned policy becomes 
more robust to the symmetries of the underlying problem.

The data augmentation strategies we implemented can be 
grouped in three categories:

	● 90° Rotations: clockwise and counter-clockwise.
	● Mirroring: along the vertical axis, horizontal axis, main 

diagonal (see Fig. 7b) and anti-diagonal.
	● Permutation: along the vertical axis (given a row of 

the topology we apply the same permutation to all verti-
cal qubits, with a different permutation applied on each 
row of the topology, see Fig. 7c), similarly along the 
horizontal axis.

Fig. 8  Example of data augmentation on the same state shown in Fig. 6. 
A permutation on the horizontally-place nodes is applied after a clock-
wise rotation of 90◦. On the right the effect of such transformation is 

shown on the part of the state related to H. The original values (above) 
are reordered accordingly to the transformation, as if they occupy the 
new place assigned to them (7 instead of 0, 4 instead of 1 and so on)

 

Fig. 7  Example of augmentations on a Chimera hardware graph with Hsize = 2 (4 unit cells). From the original graph (7a) we show the main 
diagonal symmetry (7b) and the permutation on vertical qubits (7c). Colours are used just to improve the visibility of the augmentations
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4.6.2  Qubit Efficiency Ratio (QER)

We also assess the quality of the minor embeddings by 
comparing the number of physical qubits used by the model 
against those used by the minorminer baseline. This is 
captured by the Qubit Efficiency Ratio (QER), defined as:

Qubit Efficiency Ratio = |EMM|
|ERL|

,� (13)

where |ERL| denotes the number of qubits used by the model 
in its best minor embedding (i.e., the one using the fewest 
qubits among the different testing trials), and |EMM| is the 
minimum number of qubits used by minorminer on the 
same problem graph, among 100 minors for the fully con-
nected scenario and 10 minors for each of the testing graphs 
in the randomly generated graphs scenario. Given that 
minorminer typically produces highly compact minors 
for problems of the scale used in this work, it serves as a 
near-optimal baseline for this comparison. A higher QER 
value (i.e., closer to 1) indicates that the model’s minor 
embedding is close in quality to the baseline. In contrast, 
excessive qubit usage w.r.t. to minorminer will increase 
the denominator in Eq. (13), pushing the ratio towards 0.

5  Results and discussion

In this section we present the results of the experimental 
analysis along the two scenarios: fully connected graphs 
and randomly generated ones. For the first scenario we use 
both topologies Chimera and Zephyr and discuss in details 
the results on each of them. For the random graph scenario 
we instead focus on Zephyr.

5.1  Fully connected problem graphs

5.1.1  Chimera topology

Chimera is the oldest topology where each qubit is con-
nected only to up to 6 other ones, as such it represents a 
hardware graph where the minor embedding will tend to be 
rather large. A selection of the results for the Chimera topol-
ogy is reported in Table 1, the full results are reported in 
Appendix A (Tables 5 and 6).

Success rate  First, we will discuss the results of the base 
version of the agent, without data augmentations. By analys-
ing the success rate of the minor embedding, i.e., the quota 
of minor embeddings generated by the agent that constitute 
a correct and complete minor of graph G on the hardware 
graph H, we can see how for small Hsize (2 to 6) the success 

as the size of the hardware graph H increases. The number 
of possible augmentations grows rapidly, and the diversity 
of states the agent needs to generalize over increases com-
binatorially. Moreover, designing augmentation rules that 
remain valid and computationally tractable on large, irregu-
lar or defected hardware topologies becomes increasingly 
challenging. Thus, although data augmentation can improve 
the robustness of the MLP-based agent, especially on ran-
domly generated graphs, it cannot fully resolve the lack 
of topology awareness in the architecture. While there are 
architectures that natively model this, such as Graph Neural 
Networks (GNNs), we leave their exploration as a future 
work.

4.4  Environment initialization

Each time the reinforcement learning environment com-
pletes an episode, its internal state, described in detail in 
Section 3.1, is re-initialized. This is necessary to ensure that 
the environment begins from a clean and valid configura-
tion. In particular, the mask of the available qubits SH  is 
reset, any previous minor assignments are cleared and the 
round-robin pointer is set to the first node of G.

4.5  Implementation details

The reinforcement learning agent is trained using the sta-
ble-baselines3 library (Raffin et al. 2021), which 
provides a robust implementation of the Proximal Policy 
Optimization (PPO) algorithm. The environment is built 
upon the gymnasium (Towers et al. 2024) interface and 
simulates the minor embedding process in order to pre-
pare the state observation vector (see Section 3.1). The 
hyperparameters used for PPO are the default ones from 
stable-baselines3.

4.6  Evaluation metrics

The effectiveness of our RL model is evaluated using two 
main criteria: Success Rate and Qubit Efficiency Ratio, to 
assess its ability to generate valid minors as well as its effi-
ciency in using the available qubits.

4.6.1  Success Rate (SR)

The Success Rate (SR) measures the quota of valid minors 
over those generated by the 10 RL agents trained on differ-
ent random initializations. For the fully connected scenario, 
the models are tested only on 1 testing graph, for the random 
scenario the model is tested on 250 graphs for each number 
of nodes. For each testing graph, the 10 RL agents generate 
10 minors each.
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process with many increasingly long chains that need to be 
connected across several cells. Which points to the need to 
strengthen the ability of the agent to model complex graph 
structures.

The data augmentation aims to tackle this limitation. 
Since the agent is provided with graphs and minors that 
have been permuted, in different ways, the aim is that this 
should improve the ability of the agent to identify the right 
correlations in the data and learn a more robust latent rep-
resentation of the overall minor structure. If we look at the 
results in Table 1 we can compare the success rate of the base 
model with that where the data augmentation is applied. The 
results are mixed. If we go back to the previous example of 
|G| = 6, the success rate of the base model is above 90% for 
Hsize ≤ 10 but that of the data augmentation version begins 
to drop earlier, with Hsize = 10 having a success rate of 
77%. For larger H the success rate oscillates, as in the base 
model, but not consistently. For example, for Hsize = 14 the 
base version has a success rate of 66% while the data aug-
mentation version of 69%. On the opposite end is the imme-
diately following Hsize = 16 where the base version has a 
success rate of 70% while the data augmentation version 
of 50%, a 20 points difference. While this seems to suggest 
the data augmentation is not beneficial, in this experiment 
at least, as G becomes larger the conclusions change. If we 
look at |G| = 7 (see Table 6) the base version of the agent 
starts to struggle with Hsize = 8 and becomes largely inef-
fective for larger H oscillating between a success rate of 1% 
and 36%. However, it is here that we see the benefit of the 
data augmentation which is able to keep the success rate 

rate is very high for |G| ≤ 8. As Hsize increases we can 
see that the success rate drops sharply for larger G, to the 
point of failing to produce a valid minor at Hsize = |G| = 8. 
Instead, for smaller G the success rate remains rather sta-
ble, for example, |G| = 6 has a success rate above 90% for 
Hsize ≤ 10 and then a success rate oscillating between 60% 
and 75% as H grows larger up to 16. These results indicate 
that the success rate is much more sensitive to the size of 
G than it is to the size of H. This effect is immediately vis-
ible from Fig. 9. The reasons for this can be several, but it 
is apparent that, as G becomes larger, the agent struggles 
to model the increased complexity of the minor embedding 

Table 1  Success rate, as well as average and standard deviation of the number of qubits required by the minor embedding built by the RL agent 
trained on fully connected problem graphs G mapped to Chimera topology graphs H. This table shows a slice of the full results, which are reported 
in Appendix A (Tables 5 and 6)
Hsize DA |G| = 4 |G| = 6 |G| = 8 |G| = 10

SR% #Q SR% #Q SR% #Q SR% #Q
2 ✓ 100 7 ± 3 100 14 ± 0 100 23 ± 2 0 —

100 6 ± 1 100 14 ± 0 98 23 ± 2 0 —
4 ✓ 100 6 ± 1 100 14 ± 1 100 29 ± 6 1 115 ± 0

100 7 ± 2 100 17 ± 9 100 42 ± 20 0 —
6 ✓ 100 9 ± 2 100 22 ± 5 10 73 ± 2 0 —

100 10 ± 11 100 64 ± 62 24 257 ± 18 0 —
8 ✓ 100 15 ± 5 100 61 ± 25 1 490 ± 0 0 —

100 32 ± 37 97 206 ± 149 5 439 ± 51 0 —
10 ✓ 100 23 ± 8 97 308 ± 176 0 — 0 —

100 119 ± 126 77 593 ± 148 0 — 0 —
12 ✓ 100 96 ± 148 75 617 ± 231 0 — — —

100 294 ± 161 69 961 ± 138 0 — — —
14 ✓ 100 70 ± 116 66 1081 ± 158 0 — — —

100 412 ± 212 69 1323 ± 166 1 1182 ± 0 — —
16 ✓ 100 167 ± 251 70 1328 ± 314 2 1674 ± 129 — —

100 642 ± 292 50 1451 ± 292 0 — — —

Fig. 9  Success rate for the fully connected scenario on Chimera
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agent is also compounded by the known difficulties of RL 
on large action spaces, which would begin to play a role 
for large H graphs. Fortunately, as previously mentioned, a 
minor embedding found on a smaller Hsize can be used as is 
on a larger one. Given that, as Hsize increases, training the 
agent becomes more challenging, a simple strategy to avoid 
unnecessary complexity is to generate the embedding on a 
smaller Hsize and then increase it only if the problem graph 
G is too large to be successfully embedded. We should note 
however that different agent architectures may allow to mit-
igate this effect.

If we compare the effect of the data augmentation, again 
we can see that no consistent pattern emerges, with a few 
exceptions. For |G| = 4 the number of qubits required 
by the augmented versions is consistently higher than the 
base version, sometimes by a considerable margin. Con-
sider for example Hsize = 16, if we look at |G| = 4 we 
can see how the base version requires only an average of 
167 qubits, while the data augmentation version requires 
642. If we move to larger G this difference disappears. 
When Hsize = 16 and |G| = 6 the base version requires 
approximately 1300 qubits while the data augmentation one 
approximately 1450. Then, the difference becomes smaller 
and smaller as G becomes larger. The reason for this effect 
may be explained by how for large H and relatively small G 
the base version of the agent finds easier to use one cell or its 
immediate surrounding ones, while the augmented ones are 
pushed to explore the hardware graphs much more, hitting 
into the limited modelling capacity of this architecture and 
resulting in a successful, but inefficient, minor embedding.

Figure 10 shows a visualization of the Qubit Efficiency 
Ratio, the ratio between the number of qubits required by 

higher for intermediate values of Hsize. For example, for 
Hsize = 10 the base version has a success rate of 1% while 
the data augmentation version of 32%, or for Hsize = 12 
where the base version has a success rate of 16% while the 
data augmentation version of 30%. However, these gains 
do not remain present at even higher H. For the largest G, 
the data augmentation is sometimes the only version that is 
able to provide any minor embedding at all, in particular for 
Hsize = 7, 9, 11, 14 where the base version always fails. A 
possible explanation for this effect is that, since the agent 
already finds embedding fully connected graphs challeng-
ing, the additional variability introduced by data augmenta-
tion further strains it. We will see instead, when presenting 
the results on the randomly generated graphs, that data aug-
mentation is more consistently helpful as Hsize increases. 
Overall, these results indicate that on fully connected graphs 
data augmentation is not a consistently better strategy, and 
point to the possibility of treating it as a hyperparameter to 
be activated or not based on the results of the model.

Number of qubits  Another important dimension to consider 
is how many qubits are used by a successful minor embed-
ding. Clearly, the first aim is to obtain a valid minor, how-
ever once that has been achieved, smaller minor embeddings 
are preferable. This is due to a number of factors but mainly 
to how larger minor embeddings require longer chains of 
connected qubits. In practice, the physical consequence of a 
long chain is that it is going to be more difficult for the qubits 
to change their value as doing so requires to overcome an 
energy barrier that does not only depend on the other chains 
the qubit is connected to, but also on all the other qubits of 
the same chain that are strongly coupled to each other. Table 
1 shows the average and standard deviation of the number 
of qubits required by the successful minor embeddings pro-
duced by the RL agent. If we focus on small Hsize we can 
see how the number of qubits does not change significantly 
with increasing sizes of G. For example, when Hsize = 4 a 
graph |G| = 4 with the base agent requires 6 qubits, while a 
graph |G| = 6 requires 14 and finally |G| = 8 requires 29. 
This indicates that the agent is rather efficient in this setting. 
If we look at increasing sizes of H, however, we can see a 
marked increase in the number of required qubits, which 
surpasses 1000. The first question to ask is why should it 
be necessary to use a higher number of qubits to embed the 
same graph on a larger hardware graph. The answer is that it 
should not. This effect shows that while the agent is able to 
successfully generate valid minor embeddings with a very 
high number of qubits, which is in the same order of the 
qubits existing on the available quantum annealers, over a 
thousand, it is struggling to correctly model and explore this 
larger hardware graph in a way that produces an efficient 
minor. The limited modelling capacity of the MLP-based 

Fig. 10  Qubit Efficiency Ratio for the fully connected scenario on 
Chimera
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Success rate  The first observation we can draw is that all 
experiments exhibit a success rate of 100% both increasing 
the size of G and by increasing the size of H. It should also 
be noted that the size of cells in Zephyr is larger than in Chi-
mera, so Hsize = 8 for Zephyr is comparable to Hsize = 16 
for Chimera.

The 100% success rate is also maintained for the data 
augmentation version, indicating that while it does not, and 
indeed could not, further improve the success rate, it is not 
detrimental. This stands in contrast to what observed for 
Chimera where its impact was sometimes positive and other 
times negative.

The results clearly show that the RL agent is very effec-
tive for this type of setting.

Number of qubits  By comparing the number of qubits 
required for a successful minor embedding we can see how 
it remains low for the base version of the agent when minor 
embedding graphs on small Hsize ≤ 4. For Hsize = 4 a 
graph |G| = 4 requires only 7 qubits, while a graph |G| = 6 
requires 13 and finally |G| = 8 requires 22. While the 
number of qubits required increases faster than the size of 
the graph G, this increase is limited. If we consider small 
|G| ≤ 4 we can see how the number of qubits required 
remains limited as the size of H increases, i.e., for |G| = 4 
the minor embedding requires 7 qubits on Hsize = 4, 13 on 
Hsize = 6, and 21 on Hsize = 8. So again increasing the 
size of H results in a minor embedding that is less efficient, 

the minor embeddings produced by minorminer versus 
the ones identified by the agent without augmentations. We 
can see how for |G| ≤ 7 and for small H graphs (up to 200 
qubits) the agent uses as many qubits as minorminer. 
This is typically due to the fact that the minor embedding 
is either optimal or very close to optimal. As the size of G 
increases we can see that the minor embedding becomes 
less efficient and the agent finds minors requiring from 
slightly more to up to three times more qubits. A much more 
marked effect is present by increasing the size of H while 
keeping G smaller. As we discussed previously, this is a 
region where the agent is less efficient, with the augmented 
versions requiring a very large number of qubits compared 
to the base version. The base version itself however already 
requires many more qubits than minorminer. For exam-
ple, for Hsize = 12 and |G| = 6 the agent requires ten times 
as many qubits as minorminer, and almost fifty times as 
many when |G| = 7. This again points to how the modelling 
capability of the agent and the large action space make this 
a challenging scenario.

5.1.2  Zephyr topology

Zephyr is the newest topology where each qubit is con-
nected to up to 20 other ones, as such it represents a hard-
ware graph where the minor embedding will tend to be 
rather compact w.r.t. Chimera. A selection of the results for 
the Zephyr topology are reported in Table 2, the full results 
are reported in Appendix A (Tables 7 and 8).

Table 2  Success rate, as well as average and standard deviation of the number of qubits required by the minor embedding built by the RL agent 
trained on fully connected problem graphs G mapped to Zephyr topology graphs H. This table shows a slice of the full results, which are reported 
in Appendix A (Tables 7 and 8)
Hsize DA |G| = 4 |G| = 6 |G| = 8 |G| = 10

SR% #Q SR% #Q SR% #Q SR% #Q
2 ✓ 100 4 ± 0 100 9 ± 1 100 14 ± 6 100 18 ± 1

100 4 ± 0 100 9 ± 1 100 18 ± 11 100 23 ± 11
3 100 5 ± 3 100 9 ± 2 100 15 ± 3 100 20 ± 3

✓ 100 5 ± 5 100 12 ± 9 100 40 ± 28 100 105 ± 56
4 100 7 ± 4 100 13 ± 2 100 22 ± 7 100 32 ± 20

✓ 100 6 ± 2 100 29 ± 27 100 158 ± 98 100 319 ± 71
5 100 10 ± 5 100 26 ± 8 100 45 ± 17 100 165 ± 72

✓ 100 9 ± 19 100 88 ± 72 100 394 ± 111 100 532 ± 141
6 100 13 ± 7 100 49 ± 49 100 213 ± 102 100 724 ± 135

✓ 100 21 ± 32 100 307 ± 189 100 540 ± 181 100 861 ± 148
7 100 15 ± 11 100 72 ± 63 100 473 ± 117 100 1014 ± 111

✓ 100 96 ± 125 100 434 ± 167 100 921 ± 190 100 1093 ± 195
8 100 21 ± 24 100 172 ± 159 100 742 ± 144 100 1260 ± 285

✓ 100 169 ± 163 100 594 ± 195 100 1040 ± 244 99 1459 ± 316
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what is required by minorminer. This is a similar finding 
as in Chimera and again is due to how both minorminer 
and the agent are able to find minor embeddings that are 
either optimal or very close to optimal.

A similar observation can be made if we compare the 
number of qubits for small |G| ≤ 4 embedded on increas-
ingly larger hardware graphs. There the minor embedding 
is somewhat less efficient with minorminer being able to 
use two-thirds of the qubits required by the RL agent. The 
smaller number of qubits required by the minor embedding 
can be attributed to the higher connectivity of Zephyr which 
results in shorter chains and therefore requires a less com-
plex modelling of the embedded graph topology.

However, when embedding graphs with larger |G| and 
Hsize the minor embedding becomes very inefficient. For 
example, for |G| = 9 and Hsize = 6 the minor produced 
by the agent requires around 25 times as many qubits as 
minorminer. Again, the impact of this effect is relatively 
small as the results show that those graphs can be easily and 
efficiently embedded in smaller H graphs and so, one can 
use smaller ones as target and move to larger ones only if the 
minor embedding fails. This mitigation strategy would alle-
viate this problem until graph G is large enough to require 
a larger H as well.

5.1.3  Topology impact on minor embedding

Figure 12 shows a direct comparison of how the agent 
behaves when embedding graphs of increasing size onto 
Chimera and Zephyr topologies. The most important differ-
ence between the two topologies is the connectivity, which 

which can be explained by the difficulty of the agent to cor-
rectly model the larger hardware graph and possibly by the 
detrimental effect caused by the increased action space the 
agent needs to explore.

By increasing both G and H we see that the minor embed-
ding starts to require a very large number of qubits beyond 
Hsize = |G| = 8, with a minor of almost 750 qubits, again 
suggesting that the MLP-based agent struggles when the 
topology of the graph becomes complex and, despite being 
able to provide a successful minor embedding, this comes 
with an inefficient use of the available qubits.

By looking at the effect of the data augmentation we can 
see a consistent increase in the number of qubits required. 
This difference depends on the scenario. For small |G| ≤ 4 
the data augmentation requires a similar number of qubits 
until Hsize ≥ 7, where it starts to increase steeply. See for 
example |G| = 4 where its minor embedding requires 13 
qubits with the base variant and 21 with the data augmenta-
tion one when Hsize = 6, while it requires 15 with the base 
version and a much larger 96 with the data augmentation one 
for the larger Hsize = 7. The difference becomes even more 
marked for Hsize = 8. This again confirms that the archi-
tecture of the MLP-based agent struggles with modelling 
minor embeddings on larger graphs and the data augmenta-
tion strains the model ability further. A similar observation 
is valid also by restricting to lower Hsize ≤ 5 and increas-
ing the size of G. With Hsize = 5 the minor embedding of 
|G| = 4 requires 10 qubits with the base agent and 9 with 
the data augmentation one. This rare instance where the data 
augmentation requires fewer qubits can be explained with 
its very high variance in many experiments. If however we 
move to larger G the discrepancy again increases in favour 
of the base model. For |G| = 6 the base model requires 26 
qubits while the data augmentation version requires 88 and 
finally for |G| = 8 the base version requires 45 qubits while 
the data augmentation around 400, almost ten times as many. 
A curious pattern is that as both H and G grow past 7, the 
discrepancy reduces substantially. For the larger experiment 
where Hsize = |G| = 8 the base version requires almost 750 
qubits while the data augmentation version around 1000. A 
possible explanation for this effect is that in this setting the 
base agent too needs to explore a much larger portion of 
the graph H and so it has to learn a more difficult problem, 
whereas for smaller ones the base model can solve a simpler 
problem compared to the agent that uses data augmentation.

Figure 11 shows a visualization of the Qubit Effi-
ciency Ratio. For almost all the sizes of G embedded on 
Hsize ≤ 4 (around 500 qubits) the agent is able to use a 
number of qubits that is either identical or rather close to 

Fig. 11  Qubit Efficiency Ratio for the fully connected scenario on 
Zephyr
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indeed what we can see. For smaller graphs, particularly 
when |G| is 3, 4, or 5, both Chimera and Zephyr perform 
similarly, with low qubit usage and no noticeable failures. 
However, as the the size of G increases beyond this point, 
some trends start to emerge.

for Chimera is 6 while for Zephyr is of 20. As such, we 
expect that, given the same G, the minor embedding’s size 
on Zephyr will be much smaller than on Chimera and the 
chains much shorter. This will result in an easier minor 
embedding especially as the size of G increases, which is 

Fig. 12  Number of qubits used by the RL agent to embed fully con-
nected graphs of varying sizes |G| onto Chimera and Zephyr topologies 
with increasing numbers of hardware qubits (to allow a comparison 
between the two hardware topologies). Each subplot corresponds to a 
fixed |G|, showing the qubit usage for both topologies, along with the 

minor embedding failure rate on Chimera (on the right y-axis, shaded 
area). While both topologies perform similarly for small |G|, Chimera 
exhibits higher qubit usage and increasing failure rates for larger 
graphs. Zephyr consistently achieves successful minor embeddings 
with fewer qubits and no observed failures across all tested scenarios
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5.2  Randomly generated problem graphs

The previous scenario focused on the minor embedding of a 
fully connected G, which constitutes a particularly challeng-
ing problem where the embedded graph will be very large 
and complex. This second scenario aims to test the effec-
tiveness of the RL agent on the randomly generated problem 
graphs described in Section 4.1. Given that Zephyr is the 
most recent architecture, we only use this topology for this 
experiment. Since our MLP agent requires to fix a priori the 
maximum size of the graph G that can be minor embedded, 
and that the agent is able to scale to larger problem graphs 
when these are randomly generated rather than fully con-
nected, we run multiple experiments by training the agent 
with graphs up to |G| = 10, 20, and 30.5 For space reasons 
here we present a summary, the full results are available in 
Appendix B.

First, we discuss the impact of using the data augmenta-
tion mechanism presented in Section 4.3 at different stages. 
Table 3 shows the result of two different sets of experiments 
for the agent trained on graphs up to |G| = 10, one is using 
data augmentations only during training, testing the agent 
on a fixed H graph for all action steps, while the other uses 
data augmentations also during the testing phase. As we 
can see, testing on a fixed H graph results in rather inef-
ficient minor embedding and seems to confuse the agent, 
consistently to what we observed in the fully connected sce-
nario, while testing on augmented H graphs, with a different 

5  Note that the agent trained on graphs of up to |G| = 30 is only evalu-
ated up to Hsize = 5 on account for the large number of combinations 
it produces and that larger H have been already analysed in multiple 
previous experiments.

In the case of Chimera, the number of qubits required 
grows more quickly, especially from |G| = 6 onwards. 
Along with the rise in qubit usage, the failure rate also 
starts to increase and becomes prominent from |G| = 7 
to |G| = 10. For the largest graphs, the failure rate in 
Chimera reaches high levels, and in many cases, minor 
embeddings are no longer consistently successful. This 
confirms how the minor embedding process becomes more 
difficult or less reliable as the complexity of the problem 
graph increases.

Zephyr, on the other hand, shows a different pattern. The 
qubit usage grows more slowly with graph size and remains 
lower than in Chimera for the same |G| and number of 
qubits. More notably, the RL agent does not encounter fail-
ures when embedding into Zephyr, even as the problem size 
grows. This more stable behaviour indicates that the model 
can reliably find minor embeddings across all tested graph 
sizes when working with the Zephyr topology.

Overall, while both topologies appear sufficient for 
smaller graphs, Zephyr tends to support minor embed-
dings more efficiently and consistently as graph complexity 
increases. In contrast, ME on Chimera is more challenging 
and the agent shows signs of strain both in terms of resource 
requirements and reliability when faced with larger or more 
connected graphs. This is likely due to the higher connectiv-
ity offered by the Zephyr topology w.r.t. Chimera, which 
makes the minor embedding problem easier by reducing the 
need to form long and complex chains in the minor. This 
is expected to improve the efficiency of minor embedding 
in general and, indeed, we observe that the agent’s archi-
tectural limitations are mitigated by the increased hardware 
connectivity, exhibiting high Success Rate and requiring a 
number of qubits closer to that of minorminer.

Table 3  Comparison of the number of qubits required for the minor embedding of random graphs built by the RL agent (trained on graphs up 
to|G| = 10), when using data augmentations during training only, and using them both during training and testing. The DA column indicates 
whether data augmentation was used only during training (Train) or during both training and testing (Test)
Hsize DA |G| = 3 |G| = 4 |G| = 5 |G| = 6 |G| = 7 |G| = 8 |G| = 9 |G| = 10
2 Train 3 ± 0 5 ± 1 6 ± 1 8 ± 1 10 ± 1 12 ± 2 14 ± 4 19 ± 9

Test 3 ± 0 5 ± 1 6 ± 1 8 ± 1 10 ± 1 12 ± 1 14 ± 2 16 ± 3
3 Train 3 ± 0 5 ± 1 6 ± 1 8 ± 2 11 ± 3 19 ± 13 37 ± 25 64 ± 36

Test 3 ± 1 5 ± 1 6 ± 1 8 ± 1 10 ± 1 12 ± 2 14 ± 2 17 ± 5
4 Train 3 ± 1 5 ± 1 7 ± 1 11 ± 6 29 ± 19 54 ± 31 89 ± 44 129 ± 59

Test 3 ± 1 5 ± 1 7 ± 1 8 ± 1 10 ± 1 12 ± 2 14 ± 3 18 ± 6
5 Train 4 ± 1 7 ± 7 11 ± 13 27 ± 29 54 ± 45 95 ± 63 150 ± 87 208 ± 115

Test 4 ± 1 5 ± 1 7 ± 1 9 ± 2 11 ± 3 13 ± 5 16 ± 7 20 ± 11
6 Train 5 ± 3 9 ± 10 16 ± 20 47 ± 44 80 ± 69 114 ± 92 156 ± 119 202 ± 146

Test 4 ± 1 6 ± 1 8 ± 4 10 ± 6 13 ± 8 16 ± 11 20 ± 17 25 ± 22
7 Train 4 ± 1 8 ± 8 32 ± 39 85 ± 68 149 ± 94 216 ± 131 304 ± 173 400 ± 226

Test 4 ± 1 6 ± 1 7 ± 2 9 ± 5 12 ± 7 15 ± 12 19 ± 19 26 ± 32
8 Train 4 ± 1 20 ± 39 53 ± 85 131 ± 132 224 ± 179 317 ± 220 437 ± 266 556 ± 316

Test 4 ± 1 6 ± 2 8 ± 5 10 ± 9 14 ± 16 18 ± 24 24 ± 42 36 ± 68

1 3

Page 19 of 38     15 



Quantum Machine Intelligence            (2026) 8:15 

the impact of data augmentation, we observe that it tends 
to reduce significantly the number of qubits required when 
Hsize is large, typically by a factor of two to three, while it 
does not have a consistent effect on smaller instances. This 
is an indication that when the model is able to generate good 
minors, the additional variability introduced by the data 
augmentation is helpful to improve the learning process and 
the efficiency.

Comparing the Success Rate, the agent achieves a very 
high rate in most cases, only beginning to drop beyond 
|G| = 25 for Hsize = 4 and |G| = 20 for Hsize = 5, and still 
exceeding 80% for |G| = 30 and Hsize ∈ 3, 4 when using 
data augmentation. It is interesting to observe how the suc-
cess rate drops more strongly on Hsize = 2, which can be 
explained by the minor running out of available qubits in the 
target architecture and approaching the limits of what can 
fit on it. Approaching this limit strains the model because it 
requires to tightly pack the minor and thus a highly efficient 
qubit allocation. The data augmentation seems to have two 
different effects, for the small Hsize = 2 and G large enough 
to approach the limits of what can fit on H, the introduction 
of data augmentation does not affect the number of qubits 
required by the minor but reduces significantly the success 
rate. This effect is not present for Hsize = 3 and the oppo-
site occurs at Hsize ∈ 4, 5, where data augmentation yields 
a substantially higher success rate than the version without 
it. This suggests that data augmentation works well when 
the minor embedding does not need to be tightly packed and 
the agent has not reached the limits of its ability to handle 
the task. As previously mentioned, a simple and practical 
strategy to mitigate larger minors as Hsize increases is to 
construct them on smaller Hsize and increase the size only 

permutation of the original graph at each action step, is very 
effective and helps the agent to find a substantially smaller 
minor embedding. For example, when Hsize = |G| = 4 
both versions produce minor embeddings requiring 5 
qubits, when Hsize = |G| = 6 using data augmentation dur-
ing testing produces minors of 10 qubits while not using it 
increases the minor’s size to 47, and when Hsize = |G| = 8 
this difference becomes even more pronounced with a minor 
embedding requiring 18 qubits if using augmentations dur-
ing testing and 317 if not. Based on this observation, in the 
remainder of this section we will discuss results that either 
do not apply data augmentation in any form, or they do both 
in training and testing.

The summary of the results for the agent trained on 
graphs up to |G| = 30 is shown in Table 4, the full results 
are available in Appendix B (see Table 13 and Table 14), 
including those for agents trained on graphs up to |G| = 20 
and 10. Overall, the agent shows a smooth increase in the 
number of qubits required as |G| grows. For example, on 
Hsize = 2 the minor of |G| = 10 requires approximately 20 
qubits, which become about 60 for |G| = 20 and 100 for 
|G| = 30. The increase with respect to Hsize behaves dif-
ferently, it is limited when going from Hsize = 2 to 3, while 
it approximately doubles when going from Hsize = 3 to 4 
and triples from Hsize = 4 to 5. Hence, we observe again 
that significantly increasing the number of available actions 
for the agent, as well as the complexity of the target graph, 
results in a more inefficient minor. It should also be noted 
that the size of H is generally much larger than the problem 
graph G and, since the number of qubits grows quadrati-
cally with the number of cells, small increases in Hsize have 
a more pronounced impact than those on G. If we consider 

Table 4  Success rate, as well as average and standard deviation of the number of qubits required by the minor embedding built by the RL agent 
on the randomly generated problem graphs G mapped to Zephyr topology graphs H (withHsize ∈ [2, 5]on the columns). The agent is trained on 
graphs of up to|G| = 30
|G| DA Hsize = 2 Hsize = 3 Hsize = 4 Hsize = 5

SR% #Q SR% #Q SR% #Q SR% #Q
5 ✓ 100 9 ± 2 100 8 ± 1 100 17 ± 11 100 44 ± 33

100 8 ± 2 100 8 ± 2 100 9 ± 2 100 20 ± 24
10 ✓ 100 21 ± 4 100 22 ± 4 100 44 ± 20 100 164 ± 85

100 22 ± 4 100 21 ± 3 100 23 ± 5 100 57 ± 64
15 ✓ 100 37 ± 6 100 42 ± 9 100 82 ± 45 99 403 ± 168

100 43 ± 15 100 37 ± 5 100 39 ± 6 99 129 ± 167
20 ✓ 100 55 ± 9 100 65 ± 16 97 158 ± 107 41 593 ± 171

88 67 ± 23 100 56 ± 6 100 59 ± 12 83 148 ± 175
25 ✓ 95 81 ± 17 99 95 ± 27 78 189 ± 102 13 607 ± 142

65 87 ± 23 100 79 ± 15 100 92 ± 37 72 184 ± 177
30 ✓ 44 108 ± 20 85 142 ± 47 50 262 ± 108 3 668 ± 108

23 105 ± 24 85 131 ± 50 83 179 ± 103 48 253 ± 189
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augmentation, are reported in Fig. 13. From a high level, the 
two scenarios (fully connected and random graphs) exhibit 
a similar overall pattern, with an optimal or near-optimal 
minor embedding for small G and small H. The differences, 
as well as the effect of data augmentations, become more 
pronounced as both sizes increase. If we compare the QER 
of the highest values for |G| and Hsize we can see that they 
are on the same order of magnitude in both scenarios (0.02 
for |G| = 10, Hsize = 8 on the fully connected graphs and 
0.09 for |G| = 30, Hsize = 5 on the random graphs). This 
is similarly reflected when the agent is trained on smaller 
random graphs up to |G| = 10 and 20 (see Figs. 17 and 19 
in the Appendix). Again, this points to the challenging task 
of modelling effectively the topology of both graphs as well 
as of the incomplete minor embedding that is being built by 
the RL agent, to decide which should be the most effective 
action. Furthermore, the experiments on the random prob-
lem graphs do not show the sharp increase in the number of 
qubits that was present in fully connected graphs, where in 
some scenarios the number of qubits jumped by a factor of 
10 by simply increasing either |G| or Hsize by 1. For exam-
ple, with Hsize = |G| = 7, the QER for the minor embed-
ding of the fully connected G was 0.38 while the slightly 
larger |G| = 8 had 0.04. This points to a crucial threshold 
where the modelling becomes very ineffective. This thresh-
old does not appear to be present for the minor embedding 
of random problem graphs, likely due to how they are less 
connected and the resulting minor is simpler, pushing this 
crucial threshold towards larger H and G. This also suggests 

if necessary. Within this approach, using data augmentation 
can help maintain a smaller number of qubits even when H 
is larger than necessary, which simplifies the choice.

The results discussed so far refer to the agent trained to 
embed graphs up to |G| = 30, and we have also trained the 
agent on smaller cases |G| = 10 (see Tables 9 and 10) and 
|G| = 20 (see Tables 11 and 12). The previous observations 
apply consistently to both cases. The number of qubits required 
grows smoothly as both G and Hsize increase, but without the 
acceleration at Hsize = 4 previously observed, which may be 
due to the easier minor embedding task. Similarly, the Success 
Rate remains very high, mostly at 100%, with only a small 
reduction for the model trained on graphs up to |G| = 20 for 
the largest graphs and Hsize = 8 when no data augmentation 
is used, while still remaining above 80%. The Success Rate 
of the version using data augmentation is always 100%. As 
a final comparison, consider the number of qubits required 
to embed the largest graphs used to train the smaller model: 
for |G| = 10, the model trained on graphs up to |G| = 10, 20 
and 30 yields very similar results when using data augmenta-
tion, whereas the version without augmentation requires more 
qubits when trained on larger graphs. This behavior is consis-
tent when comparing the minors for |G| = 20 obtained with 
the models trained up to |G| = 20 and 30.

Now that we have discussed the results of the agent 
along different directions, we compare its QER with 
minorminer and contrast the results with what we 
observed in the fully connected graph scenario. The result 
of this comparison, when the agent is trained without data 

Fig. 13  Qubit Efficiency Ratio 
of the RL agent on the Zephyr 
topology when trained on random 
graphs up to |G| = 30, with no 
data augmentation. Full results are 
shown in Fig. 21
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the graphs become larger. The Average QER doubles across 
almost every experiment on larger H graphs (Hsize = 4, 5) 
and the Best QER dramatically increases, demonstrating that 
data augmentation helps the agent better understand the 
involved structures of at least a portion of the random graph 
dataset. For example, on Hsize = 3 the Best QER is con-
sistently above 0.70 from |G| = 20 to |G| = 30, indicating 
how the agent is very close to minorminer. Furthermore, 
the Best QER only slightly decreases as Hsize increases, 
confirming how the data augmentations are a useful strategy 
to reduce the number of qubits required when the hardware 
graphs become larger. Nonetheless, as H becomes larger 
the distance between Best and Average QER increases, 
indicating how the model is again starting to struggle and 
generating an increasing number of minors that are valid, 
but require a larger number of qubits. Similar tests, using 
the data augmentation mechanism also during the testing 
phase, were conducted on the fully connected problems, but 
did not show any relevant difference w.r.t. when used only 
during training. This may be due to the regular structure of 
the problem graphs being learned in that scenario. Overall, 
these results indicate that while the data augmentation strat-
egies did not appear effective on fully connected graphs, it 
is very useful when applied during both training and testing 
on randomly generated graphs.

5.3  Training stability and convergence

Training RL agents is a notoriously challenging task due 
to the inherent complexity of the underlying optimization 

that training the agent on a variety of graphs with different 
densities can be helpful to stabilize the training when the 
task’s complexity increases. However, the large difference 
between the Average and Best QER, especially for lower 
|G| and Hsize, indicates that different runs and graphs have 
a very high variance and therefore, even though the QER is 
good, the training is more unstable in those regions.

Another direction we can analyse is to assess if training 
the agent for graphs up to different sizes affects its QER, 
and we find that it does. If we look at lower sizes such as 
Hsize = 5, we can see that the QER of the agent trained on 
fully connected graphs is higher than that of the agent trained 
on random graphs up to |G| = 30. However, the opposite 
happens when training the agent on random graphs up to 
|G| = 10 and 20, where the QER is always higher compared 
to the fully connected scenario. Observing that the QER in 
certain regions is systematically shifted to higher or lower 
levels, suggests that increasing the graph size is affecting 
the agent in multiple ways. In particular, the more the agent 
trains on larger graphs, the lower its QER will be on smaller 
graphs. This observation may be particularly important to 
support the scaling of the agent to even larger G as it may 
require to refine the training protocol so that the agent does 
not forget how to generate good minors of small graphs. We 
leave exploring this direction as future work.

The Average and Best QER of the RL agent when trained 
and tested using data augmentation are shown in Fig. 14. 
While using data augmentations lowers the Average QER on 
small H and G (Hsize = 2, 3, |G| = 4, 6), the overall results 
show a clear improvement both in training and testing as 

Fig. 14  Qubit Efficiency Ratio 
of the RL agent on the Zephyr 
topology when trained on random 
graphs up to |G| = 30 using data 
augmentation both in training and 
testing. Full results are shown in 
Fig. 22
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of actions taken to construct a valid minor, thereby promot-
ing the formation of shorter chains. The use of immediate, 
consistent penalties avoids the difficulties associated with 
sparse or delayed rewards. While alternative rewards such as 
energy-based or sparse terminal rewards could be explored 
in future work, this simple step-based penalty shows to be 
sufficiently stable and effective.

Figures 15 and 16 show the convergence behaviour of 
the RL agent trained on the same fully connected problem 
graph but targeting two different Zephyr graphs, respec-
tively with Hsize = 2 and Hsize = 8 unit cells. Each curve 
represents the mean and standard deviation of 10 runs of 
problem graphs G of different sizes, reporting the mean 
episode length over episode batches. Episode length cor-
responds to the number of actions taken by the agent before 
the episode terminates, either by successfully constructing 
a complete minor embedding or by failing to produce a 
valid one.

In this context, shorter episode lengths typically indicate 
more efficient minor embedding policies because the agent 

landscape. Unlike supervised learning, where the objec-
tive function is typically convex or at least stationary, RL 
loss surfaces are often non-convex, non-smooth, and non-
stationary. The agent’s actions influence its environment, 
which in turn modifies future observations and rewards, 
yielding a moving target for the optimizer. Furthermore, in 
actor-critic setups such as the one employed in this work, 
the interaction between the policy and the value function 
can lead to phenomena like policy collapse, vanishing gra-
dients, or catastrophic forgetting, especially when rewards 
are sparse or delayed. As a consequence, convergence is 
not guaranteed, and instabilities are often observed in train-
ing dynamics. Monitoring learning curves over long train-
ing horizons becomes essential to assess whether the agent 
is progressively improving or being misled by spurious 
feedback.

In this work, the reward function was designed to be both 
dense and aligned with the minor embedding objective: the 
agent receives a fixed negative reward at each step. This 
formulation encourages the agent to minimize the number 

Fig. 16  Convergence of the RL agent training on Zephyr with Hsize = 8 in the fully connected graphs scenario

 

Fig. 15  Convergence of the RL agent training on Zephyr with Hsize = 2 in the fully connected graphs scenario
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several hundreds and sometimes more than a thousand of 
qubits, a scale comparable with today’s existing quantum 
annealers. The quota of valid minor embeddings for fully 
connected graphs tends to decrease for the larger graphs on 
the older Chimera topology while it remains high, and much 
more stable, on the newer Zephyr topology, indicating the 
agent was able to benefit from the higher qubit connectiv-
ity. On randomly generated graphs the agent was similarly 
able to generate valid minor embeddings spanning several 
hundreds of qubits and exhibited again stable behaviour 
as both the size of the problem graph and the hardware 
increase. On the other hand, the agent was less efficient than 
minorminer in reducing the number of required qubits in 
particular on the more challenging fully connected graphs, 
indicating that further work is required to improve the effi-
ciency of RL based methods.

The use of data augmentations in the form of random 
graph permutations proved beneficial for randomly gener-
ated graphs when used both during the training and test-
ing phases, resulting in a considerable reduction of the 
number of qubits required by the minor embedding, but 
was less beneficial when the agent was reaching the lim-
its of its modelling ability or when the problem graph was 
approaching the limits of what could be embedded on a 
small hardware.

Overall, while our results indicate that the use of RL 
agents for minor embedding is possible even with relatively 
simple architectures, they also point to limitations of the 
agent which struggles to model the topology of the graphs, 
limiting its ability to fully exploit structural regularities in 
the problem and hardware graphs. Based on this, an impor-
tant future direction is to explore the use of other archi-
tectures such as Graph Neural Networks (GNNs) which 
natively model the characteristics of hardware structures in 
a way that could make the training more efficient and the 
agent more robust but would also require to address limita-
tions of GNNs related to over-smoothing, choosing appro-
priate aggregation functions and account for their much 
more expensive training time.

Appendix A Full results for the fully 
connected graphs

This section reports the full results for the minor embed-
ding of fully connected graphs on the Chimera topology 
(see Table 5 for |G| = 3 to 6, and Table 6 for |G| = 7 to 10) 
and the Zephyr topology (see Table 7 for Hsize = 2 to 5, and 
Table 8 for Hsize = 6 to 8).

finds a solution in fewer steps. Hence, improvements in the 
agent can be inferred from a consistently declining episode 
length that stabilizes at a value that should be the optimal 
number of qubits required for the minor embedding.

In the Hsize = 2 setting (Fig.  15), corresponding to a 
relatively small hardware topology (160 qubits), the agent 
displays robust convergence across all G sizes and random 
initializations. Episode lengths drop rapidly during the early 
phase of training (first 100k steps), stabilizing to relatively 
low values. This suggests that the agent learns a consistent 
policy for constructing valid minors in a compact search 
space.

In contrast, the Hsize = 8 setting (Fig.  16) involves a 
significantly larger and more complex hardware graph 
(2176 qubits), resulting in longer episodes and a more chal-
lenging minor embedding task. Nonetheless, the majority 
of G show clear evidence of learning, episode lengths 
initially increase or plateau, possibly due to exploration 
noise or suboptimal early policies, before steadily decreas-
ing over the course of training. The final episode lengths 
vary across runs, indicating some residual variance, but 
in all successful runs the trend is downward. One or two 
trajectories for higher G sizes stagnate at higher values, 
reflecting partial convergence or suboptimal local minima, 
again consistent with known RL difficulties. Overall, how-
ever, the agent exhibits promising training dynamics even 
in a high-dimensional action space, indicating that the 
policy architecture and training setup support meaningful 
learning.

Taken together, these results suggest that the agent is 
capable of learning effective minor embedding policies for 
moderately sized Zephyr topologies. While occasional seed 
failures or plateaus are to be expected in this setting, the 
general trend across both experiments demonstrates that the 
agent is able to cope with increasing hardware complexity 
without suffering from severe instability or divergence.

6  Conclusion

In this work we proposed a Reinforcement Learning agent 
trained with Proximal Policy Optimization to tackle the 
problem of identifying the mapping between problem vari-
ables and hardware qubits required for Minor Embedding, 
with a goal of exploring machine learning methods that 
would offer a higher degree of flexibility compared to tradi-
tional heuristics.

The MLP-based reinforcement learning agent demon-
strated the ability to generate valid minor embeddings of 
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Table 5  Success rate, as well as average and standard deviation of the number of qubits required by the minor embedding built by the RL agent 
trained on fully connected problem graphs G (from|G| = 3to 6) mapped to Chimera topology graphs H
Hsize DA |G| = 3 |G| = 4 |G| = 5 |G| = 6

SR% #Q SR% #Q SR% #Q SR% #Q
2 ✓ 100 4 ± 0 100 7 ± 3 100 8 ± 0 100 14 ± 0

100 4 ± 0 100 6 ± 1 100 8 ± 0 100 14 ± 0
3 ✓ 100 4 ± 1 100 6 ± 0 100 8 ± 0 100 14 ± 2

100 4 ± 0 100 6 ± 2 100 8 ± 0 100 15 ± 1
4 ✓ 100 5 ± 2 100 6 ± 1 100 10 ± 5 100 14 ± 1

100 4 ± 1 100 7 ± 2 100 9 ± 4 100 17 ± 9
5 ✓ 100 6 ± 4 100 7 ± 1 100 11 ± 3 100 18 ± 3

100 5 ± 5 100 6 ± 0 100 9 ± 8 100 20 ± 18
6 ✓ 100 5 ± 1 100 9 ± 2 100 19 ± 11 100 22 ± 5

100 5 ± 1 100 10 ± 11 100 28 ± 33 100 64 ± 62
7 ✓ 100 5 ± 2 100 12 ± 3 100 21 ± 6 100 38 ± 21

100 5 ± 2 100 10 ± 12 100 51 ± 71 100 77 ± 88
8 ✓ 100 8 ± 3 100 15 ± 5 100 24 ± 8 100 61 ± 25

100 5 ± 8 100 32 ± 37 100 151 ± 105 97 206 ± 149
9 ✓ 100 9 ± 5 100 19 ± 8 100 36 ± 23 100 118 ± 68

100 6 ± 10 100 15 ± 35 100 130 ± 138 75 464 ± 122
10 ✓ 100 9 ± 4 100 23 ± 8 100 70 ± 39 97 308 ± 176

100 20 ± 36 100 119 ± 126 100 241 ± 191 77 593 ± 148
11 ✓ 100 13 ± 7 100 24 ± 12 100 101 ± 88 74 476 ± 149

100 64 ± 83 100 263 ± 130 97 502 ± 180 61 778 ± 93
12 ✓ 100 7 ± 3 100 96 ± 148 100 144 ± 160 75 617 ± 231

100 99 ± 98 100 294 ± 161 99 622 ± 240 69 961 ± 138
13 ✓ 100 12 ± 5 100 106 ± 152 99 438 ± 335 86 645 ± 317

100 220 ± 113 100 369 ± 234 97 853 ± 203 67 1048 ± 191
14 ✓ 100 8 ± 3 100 70 ± 116 100 518 ± 277 66 1081 ± 158

100 238 ± 180 100 412 ± 212 100 977 ± 232 69 1323 ± 166
15 ✓ 100 13 ± 10 100 36 ± 57 100 603 ± 290 81 1057 ± 362

100 238 ± 191 100 459 ± 248 100 1046 ± 253 58 1450 ± 229
16 ✓ 100 10 ± 4 100 167 ± 251 100 596 ± 417 70 1328 ± 314

100 319 ± 207 100 642 ± 292 96 1000 ± 281 50 1451 ± 292

1 3

Page 25 of 38     15 



Quantum Machine Intelligence            (2026) 8:15 

Table 6  Success rate, as well as average and standard deviation of the number of qubits required by the minor embedding built by the RL agent 
trained on fully connected problem graphs G (from|G| = 7to 10) mapped to Chimera topology graphs H
Hsize DA |G| = 7 |G| = 8 |G| = 9 |G| = 10

SR% #Q SR% #Q SR% #Q SR% #Q
2 ✓ 100 18 ± 1 100 23 ± 2 100 29 ± 0 0 —

98 18 ± 1 98 23 ± 2 76 29 ± 1 0 —
3 ✓ 100 20 ± 6 100 26 ± 8 65 49 ± 11 19 43 ± 4

100 20 ± 2 100 25 ± 3 76 53 ± 9 2 69 ± 3
4 ✓ 100 20 ± 2 100 29 ± 6 76 88 ± 19 1 115 ± 0

100 26 ± 17 100 42 ± 20 64 88 ± 19 0 —
5 ✓ 100 27 ± 12 59 63 ± 33 0 — 0 —

100 38 ± 33 78 104 ± 51 5 167 ± 22 0 —
6 ✓ 100 32 ± 21 10 73 ± 2 0 — 0 —

99 93 ± 67 24 257 ± 18 0 — 0 —
7 ✓ 100 54 ± 18 0 — 0 — 0 —

83 176 ± 108 14 347 ± 19 0 — 0 —
8 ✓ 80 176 ± 92 1 490 ± 0 0 — 0 —

56 333 ± 165 5 439 ± 51 0 — 0 —
9 ✓ 47 370 ± 141 0 — 0 — 0 —

48 558 ± 50 11 559 ± 62 1 599 ± 0 0 —
10 ✓ 1 736 ± 0 0 — 0 — 0 —

32 691 ± 54 0 — 0 — 0 —
11 ✓ 6 815 ± 59 0 — — — — —

28 830 ± 59 6 834 ± 63 — — — —
12 ✓ 16 892 ± 100 0 — — — — —

30 928 ± 116 0 — — — — —
13 ✓ 13 1082 ± 86 0 — — — — —

25 1087 ± 100 1 1216 ± 0 — — — —
14 ✓ 16 1240 ± 180 0 — — — — —

9 1303 ± 130 1 1182 ± 0 — — — —
15 ✓ 27 1477 ± 134 0 — — — — —

12 1466 ± 124 0 — — — — —
16 ✓ 36 1455 ± 234 2 1674 ± 129 — — — —

10 1673 ± 190 0 — — — — —
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|G| = 30 (see Tables 13 and 14). We also report the Qubit 
Efficiency Ratio (QER) when training the agent on random 
graphs without data augmentation and when using data aug-
mentation in both training and testing, up to |G| = 10 (Figs. 
17 and 18), up to |G| = 20 (Figs. 19 and 20), and up to 
|G| = 30 (Figs. 21 and 22).

Appendix B Full results for the randomly 
generated graphs

This section reports the full results for the minor embedding 
of randomly generated graphs on the Zephyr topology when 
the agent is trained on graphs of up to |G| = 10 (see Tables 
9 and 10), up to |G| = 20 (see Tables 11 and 12), and up to 

Table 7  Success rate, as well as average and standard deviation of the number of qubits required by the minor embedding built by the RL agent 
trained on the fully connected graphs G (from|G| = 3to 10 on the rows) mapped to Zephyr topology graphs H (withHsize ∈ [2, 5]on the columns). 
The DA column distinguishes between the agents trained without data augmentations and the ones where data augmentations are used both during 
training and testing (✓)

|G| DA Hsize = 2 Hsize = 3 Hsize = 4 Hsize = 5
SR% #Q SR% #Q SR% #Q SR% #Q

3 ✓ 100 3 ± 0 100 3 ± 0 100 4 ± 2 100 5 ± 2
100 3 ± 0 100 3 ± 0 100 3 ± 0 100 4 ± 2

4 ✓ 100 4 ± 0 100 5 ± 3 100 7 ± 4 100 10 ± 5
100 4 ± 0 100 5 ± 5 100 6 ± 2 100 9 ± 19

5 ✓ 100 6 ± 1 100 8 ± 2 100 9 ± 2 100 16 ± 5
100 7 ± 1 100 7 ± 0 100 10 ± 6 100 52 ± 70

6 ✓ 100 9 ± 1 100 9 ± 2 100 13 ± 2 100 26 ± 8
100 9 ± 1 100 12 ± 9 100 29 ± 27 100 88 ± 72

7 ✓ 100 11 ± 3 100 13 ± 2 100 16 ± 4 100 39 ± 18
100 12 ± 4 100 23 ± 18 100 85 ± 83 100 225 ± 141

8 ✓ 100 14 ± 6 100 15 ± 3 100 22 ± 7 100 45 ± 17
100 18 ± 11 100 40 ± 28 100 158 ± 98 100 394 ± 111

9 ✓ 100 15 ± 2 100 18 ± 5 100 26 ± 22 100 88 ± 41
100 20 ± 11 100 91 ± 53 100 274 ± 75 100 487 ± 104

10 ✓ 100 18 ± 1 100 20 ± 3 100 32 ± 20 100 165 ± 72
100 23 ± 11 100 105 ± 56 100 319 ± 71 100 532 ± 141

Table 8  Success rate, as well as average and standard deviation of the number of qubits required by the minor embedding built by the RL agent 
trained on the fully connected graphs G (from|G| = 3to 10 on the rows) mapped to Zephyr topology graphs H (withHsize ∈ [6, 8]on the columns). 
The DA column distinguishes between the agents trained without data augmentations and the ones where data augmentations are used both during 
training and testing (✓)
|G| DA Hsize = 6 Hsize = 7 Hsize = 8

SR% #Q SR% #Q SR% #Q
3 ✓ 100 6 ± 1 100 5 ± 2 100 6 ± 3

100 7 ± 13 100 16 ± 36 100 61 ± 100
4 ✓ 100 13 ± 7 100 15 ± 11 100 21 ± 24

100 21 ± 32 100 96 ± 125 100 169 ± 163
5 ✓ 100 33 ± 50 100 31 ± 24 100 34 ± 39

100 117 ± 76 100 208 ± 176 100 406 ± 237
6 ✓ 100 49 ± 49 100 72 ± 63 100 172 ± 159

100 307 ± 189 100 434 ± 167 100 594 ± 195
7 ✓ 100 74 ± 44 100 239 ± 171 100 490 ± 188

100 387 ± 201 100 655 ± 222 100 788 ± 190
8 ✓ 100 213 ± 102 100 473 ± 117 100 742 ± 144

100 540 ± 181 100 921 ± 190 100 1040 ± 244
9 ✓ 100 504 ± 92 100 771 ± 105 100 954 ± 140

100 645 ± 178 100 1109 ± 203 100 1287 ± 239
10 ✓ 100 724 ± 135 100 1014 ± 111 100 1260 ± 285

100 861 ± 148 100 1093 ± 195 99 1459 ± 316
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Table 9  Success rate, as well as average and standard deviation of the number of qubits required by the minor embedding built by the RL agent 
trained on the randomly generated problem graphs G up to 10 nodes (shown on the rows) mapped to Zephyr topology graphs H (withHsize ∈ [2, 5]
on the columns). The DA column distinguishes between the agents trained without data augmentations and the ones where data augmentations are 
used both during training and testing (✓)
|G| DA Hsize = 2 Hsize = 3 Hsize = 4 Hsize = 5

SR% #Q SR% #Q SR% #Q SR% #Q
3 ✓ 100 3 ± 0 100 3 ± 1 100 4 ± 1 100 5 ± 2

100 3 ± 0 100 3 ± 1 100 3 ± 1 100 4 ± 1
4 ✓ 100 4 ± 0 100 5 ± 1 100 5 ± 1 100 7 ± 2

100 5 ± 1 100 5 ± 1 100 5 ± 1 100 5 ± 1
5 ✓ 100 7 ± 3 100 6 ± 1 100 7 ± 1 100 8 ± 2

100 6 ± 1 100 6 ± 1 100 7 ± 1 100 7 ± 1
6 ✓ 100 9 ± 3 100 8 ± 1 100 9 ± 2 100 10 ± 2

100 8 ± 1 100 8 ± 1 100 8 ± 1 100 9 ± 2
7 ✓ 100 11 ± 3 100 10 ± 1 100 11 ± 3 100 13 ± 4

100 10 ± 1 100 10 ± 1 100 10 ± 1 100 11 ± 3
8 ✓ 100 12 ± 4 100 12 ± 2 100 18 ± 23 100 15 ± 9

100 12 ± 1 100 12 ± 2 100 12 ± 2 100 13 ± 5
9 ✓ 100 14 ± 4 100 16 ± 10 100 33 ± 43 100 25 ± 31

100 14 ± 2 100 14 ± 2 100 14 ± 3 100 16 ± 7
10 ✓ 100 17 ± 7 100 26 ± 20 100 62 ± 69 100 51 ± 66

100 16 ± 3 100 17 ± 5 100 18 ± 6 100 20 ± 11

Table 10  Success rate, as well as average and standard deviation of the number of qubits required by the minor embedding built by the RL agent 
trained on the randomly generated problem graphs G up to 10 nodes (shown on the rows) mapped to Zephyr topology graphs H (withHsize ∈ [6, 8]
on the columns). The DA column distinguishes between the agents trained without data augmentations and the ones where data augmentations are 
used both during training and testing (✓)
|G| DA Hsize = 6 Hsize = 7 Hsize = 8

SR% #Q SR% #Q SR% #Q
3 ✓ 100 6 ± 2 100 6 ± 3 100 7 ± 3

100 4 ± 1 100 4 ± 1 100 4 ± 1
4 ✓ 100 9 ± 5 100 8 ± 2 100 8 ± 3

100 6 ± 1 100 6 ± 1 100 6 ± 2
5 ✓ 100 11 ± 6 100 10 ± 3 100 11 ± 3

100 8 ± 4 100 7 ± 2 100 8 ± 5
6 ✓ 100 13 ± 6 100 14 ± 15 100 13 ± 4

100 10 ± 6 100 9 ± 5 100 10 ± 9
7 ✓ 100 16 ± 8 100 19 ± 25 100 17 ± 13

100 13 ± 8 100 12 ± 7 100 14 ± 16
8 ✓ 100 21 ± 12 100 24 ± 37 100 23 ± 24

100 16 ± 11 100 15 ± 12 100 18 ± 24
9 ✓ 100 35 ± 37 100 50 ± 67 100 37 ± 49

100 20 ± 17 100 19 ± 19 100 24 ± 42
10 ✓ 100 89 ± 99 100 107 ± 116 100 107 ± 125

100 25 ± 22 100 26 ± 32 100 36 ± 68
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Table 11  Success rate, as well as average and standard deviation of the number of qubits required by the minor embedding built by the RL agent 
trained on the randomly generated problem graphs G up to 20 nodes (shown on the rows) mapped to Zephyr topology graphs H (withHsize ∈ [2, 5]
on the columns). The DA column distinguishes between the agents trained without data augmentations and the ones where data augmentations are 
used both during training and testing (✓)
|G| DA Hsize = 2 Hsize = 3 Hsize = 4 Hsize = 5

SR% #Q SR% #Q SR% #Q SR% #Q
3 ✓ 100 4 ± 1 100 4 ± 1 100 5 ± 2 100 6 ± 1

100 4 ± 1 100 4 ± 1 100 4 ± 1 100 4 ± 1
4 ✓ 100 6 ± 2 100 5 ± 1 100 7 ± 3 100 8 ± 3

100 6 ± 2 100 5 ± 1 100 5 ± 1 100 6 ± 1
5 ✓ 100 8 ± 2 100 7 ± 1 100 10 ± 3 100 12 ± 4

100 7 ± 2 100 7 ± 1 100 7 ± 1 100 7 ± 1
6 ✓ 100 11 ± 3 100 10 ± 2 100 13 ± 4 100 15 ± 4

100 9 ± 2 100 9 ± 1 100 9 ± 1 100 10 ± 2
7 ✓ 100 13 ± 3 100 12 ± 2 100 16 ± 3 100 18 ± 4

100 11 ± 2 100 11 ± 2 100 11 ± 1 100 12 ± 2
8 ✓ 100 15 ± 4 100 14 ± 2 100 19 ± 4 100 21 ± 5

100 13 ± 2 100 13 ± 2 100 13 ± 2 100 14 ± 2
9 ✓ 100 18 ± 4 100 17 ± 2 100 22 ± 4 100 25 ± 5

100 16 ± 2 100 16 ± 2 100 16 ± 2 100 17 ± 3
10 ✓ 100 20 ± 5 100 20 ± 3 100 25 ± 4 100 29 ± 6

100 18 ± 3 100 18 ± 3 100 18 ± 3 100 19 ± 3
11 ✓ 100 23 ± 5 100 23 ± 4 100 28 ± 4 100 32 ± 7

100 21 ± 3 100 21 ± 3 100 21 ± 3 100 22 ± 3
12 ✓ 100 25 ± 5 100 25 ± 4 100 31 ± 4 100 37 ± 9

100 24 ± 3 100 24 ± 3 100 24 ± 4 100 25 ± 4
13 ✓ 100 27 ± 5 100 28 ± 4 100 34 ± 5 100 41 ± 10

100 27 ± 4 100 27 ± 4 100 28 ± 5 100 29 ± 6
14 ✓ 100 30 ± 5 100 31 ± 4 100 37 ± 5 100 47 ± 11

100 31 ± 4 100 31 ± 4 100 31 ± 6 100 32 ± 7
15 ✓ 100 33 ± 5 100 34 ± 5 100 41 ± 6 100 53 ± 14

100 34 ± 5 100 34 ± 5 100 35 ± 7 100 36 ± 12
16 ✓ 100 36 ± 5 100 38 ± 5 100 46 ± 9 100 60 ± 19

100 38 ± 5 100 38 ± 6 100 39 ± 11 100 41 ± 18
17 ✓ 100 38 ± 5 100 41 ± 6 100 51 ± 11 100 67 ± 25

100 42 ± 6 100 42 ± 7 100 43 ± 15 100 46 ± 23
18 ✓ 100 41 ± 5 100 44 ± 7 100 56 ± 15 100 77 ± 37

100 46 ± 7 100 46 ± 10 100 48 ± 23 100 52 ± 34
19 ✓ 100 45 ± 7 100 50 ± 12 100 63 ± 24 100 90 ± 54

100 51 ± 8 100 52 ± 14 100 55 ± 34 100 60 ± 46
20 ✓ 100 52 ± 12 100 61 ± 29 100 85 ± 54 100 126 ± 102

100 58 ± 11 100 62 ± 23 100 69 ± 54 100 76 ± 70
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Table 12  Success rate, as well as average and standard deviation of the number of qubits required by the minor embedding built by the RL agent 
trained on the randomly generated problem graphs G up to 20 nodes (shown on the rows) mapped to Zephyr topology graphs H (withHsize ∈ [6, 8]
on the columns). The DA column distinguishes between the agents trained without data augmentations and the ones where data augmentations are 
used both during training and testing (✓)
|G| DA Hsize = 6 Hsize = 7 Hsize = 8

SR% #Q SR% #Q SR% #Q
3 ✓ 100 8 ± 3 100 9 ± 3 100 16 ± 19

100 4 ± 1 100 4 ± 1 100 4 ± 1
4 ✓ 100 12 ± 4 100 12 ± 4 100 41 ± 76

100 6 ± 1 100 6 ± 1 100 6 ± 1
5 ✓ 100 21 ± 19 100 16 ± 4 100 82 ± 159

100 8 ± 2 100 8 ± 2 100 8 ± 2
6 ✓ 100 31 ± 37 100 19 ± 5 100 97 ± 182

100 10 ± 2 100 10 ± 2 100 10 ± 2
7 ✓ 100 47 ± 70 100 22 ± 5 100 129 ± 231

100 12 ± 2 100 12 ± 2 100 12 ± 2
8 ✓ 100 55 ± 88 100 25 ± 6 100 155 ± 278

100 15 ± 3 100 15 ± 2 100 14 ± 3
9 ✓ 100 69 ± 115 100 29 ± 6 100 183 ± 323

100 18 ± 3 100 17 ± 3 100 17 ± 3
10 ✓ 100 80 ± 135 100 31 ± 7 100 226 ± 404

100 20 ± 4 100 20 ± 3 100 20 ± 5
11 ✓ 100 91 ± 157 100 34 ± 8 100 259 ± 460

100 23 ± 5 100 23 ± 6 100 23 ± 7
12 ✓ 100 102 ± 178 100 38 ± 9 100 283 ± 494

100 26 ± 7 100 27 ± 9 100 27 ± 10
13 ✓ 100 114 ± 198 100 45 ± 16 100 314 ± 543

100 30 ± 9 100 30 ± 12 100 31 ± 15
14 ✓ 100 126 ± 213 100 52 ± 22 100 344 ± 581

100 34 ± 13 100 35 ± 18 100 35 ± 22
15 ✓ 100 137 ± 225 100 59 ± 29 99 407 ± 605

100 39 ± 21 100 40 ± 26 100 40 ± 31
16 ✓ 99 147 ± 238 100 67 ± 36 98 429 ± 629

100 44 ± 28 100 46 ± 40 100 48 ± 52
17 ✓ 97 143 ± 218 100 72 ± 41 97 432 ± 631

100 49 ± 34 100 53 ± 52 100 55 ± 62
18 ✓ 95 141 ± 193 100 82 ± 56 94 444 ± 657

100 58 ± 52 100 63 ± 68 100 67 ± 89
19 ✓ 94 148 ± 176 100 104 ± 84 91 448 ± 659

100 68 ± 73 100 74 ± 87 100 84 ± 128
20 ✓ 92 178 ± 172 100 145 ± 148 84 398 ± 613

100 88 ± 108 100 95 ± 120 100 118 ± 197
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Table 13  Success rate, as well as average and standard deviation of the number of qubits required by the minor embedding built by the RL agent 
trained on the randomly generated problem graphs G up to 30 nodes (shown from|G| = 3to 20 on the rows) mapped to Zephyr topology graphs 
H (withHsize ∈ [2, 5]on the columns). The DA column distinguishes between the agents trained without data augmentations and the ones where 
data augmentations are used both during training and testing (✓)
|G| DA Hsize = 2 Hsize = 3 Hsize = 4 Hsize = 5

SR% #Q SR% #Q SR% #Q SR% #Q
3 ✓ 100 5 ± 1 100 4 ± 1 100 9 ± 8 100 15 ± 11

100 4 ± 1 100 4 ± 1 100 4 ± 1 100 10 ± 12
4 ✓ 100 7 ± 2 100 5 ± 1 100 13 ± 9 100 29 ± 24

100 6 ± 1 100 6 ± 1 100 6 ± 2 100 15 ± 18
5 ✓ 100 9 ± 2 100 8 ± 1 100 17 ± 11 100 44 ± 33

100 8 ± 2 100 8 ± 2 100 9 ± 2 100 20 ± 24
6 ✓ 100 11 ± 2 100 10 ± 2 100 22 ± 12 100 61 ± 42

100 10 ± 2 100 10 ± 2 100 11 ± 3 100 27 ± 30
7 ✓ 100 14 ± 3 100 13 ± 3 100 27 ± 13 100 84 ± 51

100 13 ± 2 100 12 ± 2 100 14 ± 3 100 34 ± 37
8 ✓ 100 16 ± 3 100 16 ± 3 100 32 ± 15 100 104 ± 60

100 15 ± 3 100 15 ± 3 100 17 ± 4 100 40 ± 44
9 ✓ 100 19 ± 4 100 19 ± 4 100 38 ± 17 100 132 ± 71

100 19 ± 3 100 18 ± 3 100 20 ± 4 100 48 ± 52
10 ✓ 100 21 ± 4 100 22 ± 4 100 44 ± 20 100 164 ± 85

100 22 ± 4 100 21 ± 3 100 23 ± 5 100 57 ± 64
11 ✓ 100 24 ± 4 100 26 ± 7 100 50 ± 23 100 201 ± 101

100 25 ± 5 100 24 ± 4 100 26 ± 5 100 66 ± 74
12 ✓ 100 27 ± 5 100 30 ± 8 100 56 ± 27 100 243 ± 117

100 29 ± 7 100 28 ± 4 100 30 ± 5 100 77 ± 91
13 ✓ 100 30 ± 5 100 34 ± 8 100 64 ± 32 100 290 ± 136

100 33 ± 9 100 31 ± 4 100 33 ± 5 100 92 ± 112
14 ✓ 100 34 ± 6 100 38 ± 9 100 73 ± 38 100 346 ± 153

100 38 ± 12 100 34 ± 4 100 36 ± 6 100 109 ± 138
15 ✓ 100 37 ± 6 100 42 ± 9 100 82 ± 45 99 403 ± 168

100 43 ± 15 100 37 ± 5 100 39 ± 6 99 129 ± 167
16 ✓ 100 40 ± 6 100 47 ± 10 100 95 ± 55 94 463 ± 176

100 49 ± 19 100 41 ± 5 100 43 ± 7 96 144 ± 189
17 ✓ 100 43 ± 7 100 50 ± 11 100 106 ± 65 88 494 ± 175

99 52 ± 21 100 44 ± 5 100 46 ± 8 93 145 ± 189
18 ✓ 100 46 ± 7 100 54 ± 12 100 121 ± 81 78 533 ± 173

97 57 ± 22 100 47 ± 6 100 50 ± 9 90 144 ± 185
19 ✓ 100 50 ± 8 100 58 ± 14 99 136 ± 94 65 561 ± 171

95 61 ± 23 100 51 ± 6 100 54 ± 10 87 145 ± 180
20 ✓ 100 55 ± 9 100 65 ± 16 97 158 ± 107 41 593 ± 171

88 67 ± 23 100 56 ± 6 100 59 ± 12 83 148 ± 175

1 3

Page 31 of 38     15 



Quantum Machine Intelligence            (2026) 8:15 

Table 14  Success rate, as well as average and standard deviation of the number of qubits required by the minor embedding built by the RL agent 
trained on the randomly generated problem graphs G up to 30 nodes (shown from|G| = 21to 30 on the rows) mapped to Zephyr topology graphs 
H (withHsize ∈ [2, 5]on the columns). The DA column distinguishes between the agents trained without data augmentations and the ones where 
data augmentations are used both during training and testing (✓)
|G| DA Hsize = 2 Hsize = 3 Hsize = 4 Hsize = 5

SR% #Q SR% #Q SR% #Q SR% #Q
21 ✓ 100 58 ± 10 100 68 ± 17 95 162 ± 108 37 579 ± 166

87 68 ± 22 100 59 ± 7 100 63 ± 14 82 154 ± 177
22 ✓ 99 63 ± 12 100 74 ± 20 92 173 ± 112 28 579 ± 165

82 72 ± 21 100 63 ± 8 100 68 ± 18 80 160 ± 179
23 ✓ 99 68 ± 13 100 80 ± 22 88 181 ± 112 21 587 ± 155

78 77 ± 21 100 68 ± 9 100 75 ± 22 77 165 ± 176
24 ✓ 98 74 ± 15 100 86 ± 24 83 184 ± 107 17 593 ± 151

72 81 ± 22 100 73 ± 11 100 82 ± 29 75 175 ± 178
25 ✓ 95 81 ± 17 99 95 ± 27 78 189 ± 102 13 607 ± 142

65 87 ± 23 100 79 ± 15 100 92 ± 37 72 184 ± 177
26 ✓ 90 87 ± 18 98 103 ± 30 73 197 ± 99 10 612 ± 137

56 91 ± 24 100 87 ± 20 100 105 ± 50 68 195 ± 178
27 ✓ 82 93 ± 19 97 112 ± 33 69 212 ± 100 8 625 ± 128

46 95 ± 24 99 97 ± 28 99 122 ± 66 64 206 ± 178
28 ✓ 71 99 ± 20 95 121 ± 36 64 229 ± 103 6 637 ± 122

37 98 ± 24 97 108 ± 37 96 141 ± 80 59 221 ± 181
29 ✓ 57 103 ± 20 92 130 ± 41 58 244 ± 106 5 649 ± 118

29 101 ± 24 93 120 ± 44 91 161 ± 93 54 237 ± 186
30 ✓ 44 108 ± 20 85 142 ± 47 50 262 ± 108 3 668 ± 108

23 105 ± 24 85 131 ± 50 83 179 ± 103 48 253 ± 189
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B.1 QER results for the randomly generated graphs 

Fig. 17  Qubit Efficiency Ratio of the RL agent on the Zephyr topology when trained on random graphs up to |G| = 10

 

Fig. 18  Qubit Efficiency Ratio of the RL agent on the Zephyr topology when trained on random graphs up to |G| = 10 using data augmentation 
both in training and testing
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Fig. 19  Qubit Efficiency Ratio of the RL agent on the Zephyr topology when trained on random graphs up to |G| = 20
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Fig. 20  Qubit Efficiency Ratio of the RL agent on the Zephyr topology when trained on random graphs up to |G| = 20 using data augmentation 
both in training and testing
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Fig. 22  Qubit Efficiency Ratio of the RL agent on the Zephyr topology when trained on random graphs up to |G| = 30 using data augmentation 
both in training and testing

 

Fig. 21  Qubit Efficiency Ratio of the RL agent on the Zephyr topology when trained on random graphs up to |G| = 30
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