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SPECIAL TOPIC — Quantum computing and quantum sensing
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With the rapid advancement of quantum computing, hybrid quantum–classical machine learning has shown numerous
potential applications at the current stage, with expectations of being achievable in the noisy intermediate-scale quantum
(NISQ) era. Quantum reinforcement learning, as an indispensable study, has recently demonstrated its ability to solve
standard benchmark environments with formally provable theoretical advantages over classical counterparts. However,
despite the progress of quantum processors and the emergence of quantum computing clouds, implementing quantum
reinforcement learning algorithms utilizing parameterized quantum circuits (PQCs) on NISQ devices remains infrequent.
In this work, we take the first step towards executing benchmark quantum reinforcement problems on real devices equipped
with at most 136 qubits on the BAQIS Quafu quantum computing cloud. The experimental results demonstrate that the
policy agents can successfully accomplish objectives under modified conditions in both the training and inference phases.
Moreover, we design hardware-efficient PQC architectures in the quantum model using a multi-objective evolutionary
algorithm and develop a learning algorithm that is adaptable to quantum devices. We hope that the Quafu-RL can be a
guiding example to show how to realize machine learning tasks by taking advantage of quantum computers on the quantum
cloud platform.

Keywords: quantum cloud platform, quantum reinforcement learning, evolutionary quantum architecture
search

PACS: 03.67.Lx, 03.67.Ac DOI: 10.1088/1674-1056/ad3061

1. Introduction
Recent years have witnessed a huge development of quan-

tum computing, encompassing quantum hardware and abun-
dant software platforms. Despite the proposition of quan-
tum supremacy,[1–3] limitations persist in the current noisy
intermediate-scale quantum (NISQ) regime, primarily stem-
ming from a constrained number of qubits, quantum state
decoherence, and imprecise quantum operations.[4,5] With
the obstacle of constructing ideal quantum processing units
(QPUs) in the short term, a current trend indicates that it is
necessary to build hybrid quantum–classical infrastructures to
explore useful applications while making efforts to scale up
QPUs.[6] Quantum computing clouds such as IBMQ, Amazon

Bracket, and Quafu[7] serve as bridges to connect develop-
ers in quantum software applications with advanced quantum
computers in the NISQ era. Although quantum computing is
promising to solve some intractable classical NP-hard prob-
lems, deficient quantum devices nowadays favorably excel at
hybrid algorithms leveraging both quantum circuits and clas-
sical computing.

Variational quantum algorithms (VQAs) that run pa-
rameterized quantum circuits (PQCs) on quantum devices
while integrating classical optimizers for parameter opti-
mization satisfy the desire to demonstrate applications on
NISQ devices[8] and have been wildly explored. Re-
searchers in VQAs mainly focus on quantum chemistry,[9–11]
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quantum optimization[12–14] and quantum machine learn-
ing (QML)[15,16] including interesting problems such as
classification,[17–20] generative adversarial networks[21–24] and
related theoretic analysis.[25–27]

Reinforcement learning (RL),[28] as an essential area in
modern machine learning research, receives comparatively
later attention in VQA-based approaches.[29–32] Nonetheless,
these proposed PQC agents cannot reach satisfactory perfor-
mance in benchmark environments from OpenAI Gym.[33]

Until recently, policy-based[34] and value-based[35] quantum
reinforcement learnings have made breakthroughs in both
solving standard benchmark tasks and theoretical learning ad-
vantages over classical algorithms. In Refs. [34,35], apart
from hyperparameters tuning, the importance of PQC architec-
tures in successful RL training and better performance is pro-
posed. This issue inspires some evolutionary methods[36–41] to
search for suitable PQC architectures without human ingenu-
ity at the aim of balancing expressivity[42,43] and trainability.

In this study, we leverage the theoretical guarantees and
experimental validation of parameterized quantum policies for
reinforcement learning, along with the availability of quantum
computing clouds like Quafu, which offer scalable and stable
services over the long term. With these resources, we have the
ability to apply a benchmark RL task, CartPole, to real quan-
tum devices and conduct numerous experiments. Firstly, we
utilize a multi-objective evolutionary approach to search for
the most suitable PQCs that can construct policies for higher
performance as well as lower entanglement and design a learn-
ing algorithm for quantum devices. Next, we select the best
policy and execute it on available quantum resources that in-

clude 10-qubit, 18-qubit, and 136-qubit quantum computers.
Our experiments demonstrate that the environment can be suc-
cessfully solved with some relaxation of the original goals.
Overall, our proposed methods and pipelines offer a perspec-
tive for conducting PQC-based RL policies and other QML
experiments on NISQ devices.

2. Reinforcement learning
Reinforcement learning illustrates a problem in which

an agent learns to make the best decisions to get the
maximum cumulative rewards through interactions with the
environment.[28,44] Explicitly speaking, as shown in Fig. 1, an
agent first observes a state s ∈ 𝒮 from the environment. Then,
according to the policy π , which can be some deterministic
tables or neural networks with trainable parameters, the agent
takes an action a from all possible actions 𝒜. Additionally,
a policy can be further described as a mapping from states
to the probability of performing each possible action π(a | s).
After executing the action a, the environment returns a new
state s′ and a reward r. The aforementioned transitions usu-
ally formulated as p(s′ | s,a) describe the dynamics of the en-
vironment. In order to formalize the RL objective, discount
factor γ is introduced which lies in [0,1]. The correspond-
ing discounted return is defined as the weighted sum of future
rewards Gt = ∑

T−t−1
k=0 γkrt+k+1, which indicates the rewards

obtained starting at time t until the final time T . In essence,
gathering above all elements, reinforcement learning is math-
ematically modeled with Markov decision process (MDP) as a
tuple (𝒮,𝒜, p,G,γ).

Environment

e.g., OpenAI Gym tasks 

Hybrid RL agent

Quafu
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Fig. 1. Quantum reinforcement learning with Quafu. The entire pipeline can be described as follows: the RL agent, which is composed of a
hardware-efficient PQC designed specifically for this task, receives a state s from the environment. The agent is then evaluated on Quafu and
generates a policy πθ (a | s) to sample an action a and receive a feedback reward r. The parameters within the PQC are updated using a classical
optimizer and training algorithm introduced later.

2.1. Policy gradient methods

Reinforcement learning algorithms can be classified into
two main categories: value-based and policy-based methods.
Value-based methods aim to find the policy that maximizes the
value function, while policy-based methods directly attempt to
find the optimal policy by proposing a parameterized π𝜃(a | s)
and optimizing its parameters 𝜃. In this paper, we mainly fo-

cus on the policy gradient methods.

In most cases, policy gradient methods compute the gra-
dient of the expected total return ∇𝜃E [G | π𝜃] and apply gra-
dient ascent to update the parameters. Specifically, the ex-
pectation value is taken over the trajectories τ which collect
all states, actions and rewards s0,a0,r1,s1,a1,r2,s2,a2, . . . ,sT

within one episode. Then, consistent with the policy gradient
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theorem in Ref. [45], the expectation can be rewritten as

∇𝜃E [G | π𝜃] = E

[
G

T−1

∑
t=0

∇𝜃 logπ𝜃 (at | st) | π𝜃

]
. (1)

3. PQC-based quantum reinforcement learning
In the quantum realm, parameterized quantum circuits

which can be represented by a unitary U(s,𝜃) with an input
state s and trainable parameters 𝜃 are utilized to build rein-
forcement learning policies, analogous to the function of clas-
sical neural networks. Recent studies[16,42,43,46] have revealed

some hardware-efficient PQCs, typically composed of varia-
tional PQCs, data-encoding PQCs, entanglements, and final
measurement. In the context, as displayed in Fig. 2, a varia-
tional PQC (Uvar(ϕ)) refers to a circuit made up of single-qubit
rotations Rx, Ry, Rz acting on each qubit, assigning rotation
angles ϕ as trainable parameters. Moreover, a data-encoding
PQC (Uenc(s,λ )) is formed by Rx applied to each qubit, with
a state vector s = (s0,s1, . . .) scaled by trainable parameters λ .
Also, an entanglement (Uent ) achieves circular entanglement
by using multiple controlled-Z gates. At the end, measure-
ment is performed just after a variational PQC.

|0>

|0>

|0>

|0>

MeasurementUentUenc↼s↪λ↽Uvar↼ϕ↽

Rx↼ϕ↪↽ Ry↼ϕ↪↽ Rz↼ϕ↪↽

Rx↼ϕ↪↽ Ry↼ϕ↪↽ Rz↼ϕ↪↽

Rx↼ϕ↪↽ Ry↼ϕ↪↽ Rz↼ϕ↪↽

Rx↼ϕ↪↽ Ry↼ϕ↪↽ Rz↼ϕ↪↽

Rx↼λs↽

Rx↼λs↽

Rx↼λs↽

Rx↼λs↽

Uvar↼ϕ↽

Fig. 2. PQC architecture components. The example 4-qubit circuit consists of four basic PQC architecture components including variational
PQC denoted as Uvar(ϕ) with trainable parameters ϕ , data-encoding PQC termed as Uenc(s,λ ) with input state s and scaling parameters λ ,
entanglement identified as Uent and the final measurement part.

3.1. Parameterized quantum policies

The four basic operations described above are the build-
ing blocks of the most common PQC architectures. How-
ever, to solve RL environments and obtain good performances,
some data-encoding techniques and readout strategies are cru-
cial for success. To enhance the expressive power, data-
reuploading[43] which means using data-encoding PQC re-
peatedly in a circuit is a widely-adopted skill. In Refs. [34,35],
a variational PQC, an entanglement and a data-encoding PQC
are assembled as an alternating layer and are recurrently ap-
plied to create highly expressive parameterized quantum poli-
cies. Meanwhile, to handle the range of the output of mea-
surements, weighted observables associated with action a are
utilized with trainable parameters ω . The expectation value of
the weighted observables then can be formulated as

⟨Oa⟩s,𝜃 =
〈
0⊗n ∣∣U(s,ϕ,λ )†OaU(s,ϕ,λ )

∣∣0⊗n〉 ·ωa, (2)

considering an n-qubit PQC with input state s, rotation angles
ϕ , scaling parameters λ and observable operators Oa, where
𝜃 = (ϕ,λ ,ω). Furthermore, the non-linear activation function
softmax is applied on the expectation values ⟨Oa⟩s,𝜃, which
defines a SOFTMAX-PQC policy as

π𝜃(a | s) =
eβ ⟨Oa⟩s,𝜃

∑a′ eβ⟨Oa′⟩s,𝜃
, (3)

where β is an inverse-temperature parameter.

3.2. Quantum architecture search

It is effective to adopt pre-selected alternating layers
to construct the quantum policy architecture as shown in
Ref. [34], but a recent work[36] proposes an evolutionary quan-
tum architecture search method to build a more flexible PQC
policy using the four fundamental architecture components in
Fig. 2, achieving higher RL performance with lower depths.

To be more precise, the four elementary PQC structures,
namely, Uvar(ϕ), Uenc(s,λ ), Uent , and measurement, are repre-
sented as genes and encoded into integer spaces with the val-
ues 1, 2, 3, and 0, respectively. Afterwards, non-dominated
sorting genetic algorithm II (NSGA-II)[47] is implemented to
optimize the quantum architecture search process which itera-
tively generates a population of candidates through genetic op-
erations like crossover and mutation on the given parents, and
selects parents for the next generation based on fitness evalua-
tion with the RL average collected rewards as the objective.

4. Quantum reinforcement learning with Quafu
With the assistance of the SOFTMAX-PQC policy and

evolutionary quantum architecture search method outlined in
the preceding section, we can devise a PQC that is both effi-
cient in hardware usage and effective in implementing quan-
tum reinforcement learning tasks on the Quafu cloud platform.

4.1. Architecture selection

To select a hardware-efficient PQC for executing RL
agents on Quafu, we utilize the method of evolutionary quan-
tum architecture search (EQAS-PQC)[36] but take a further

050301-3



Chin. Phys. B 33, 050301 (2024)

step in refining our objective. We design a multi-objective
function that not only takes into account RL training perfor-
mance but also considers the number of entanglement compo-
nents Uent . The optimal architecture discovered during the
search process for the CartPole environment can be repre-
sented using genes as follows: 3 – 1 – 1 – 2 – 1 – 1 – 3 – 1 –
3 – 2 – 1 – 2 – 0. To evaluate the ability and efficiency of our
selected architecture, we compare it with the best architecture
proposed in Ref. [36] and the alternating scheme presented in
Ref. [34].

(a)

(b)

Fig. 3. Architecture comparison. Our proposed architecture, the 5-
alternating-layer method, and EQAS-PQC are compared based on their
training performance and compiled circuit properties. Panel (a) displays
the average performance based on 10 trails, with error bars representing
0.3 times the standard deviation. Panel (b) shows the number of gates,
CNOTs, and circuit depth of the compiled circuits.

As illustrated in Fig. 3(a), our PQC architecture achieves
the best performance and is the first to reach the goal,
whereas both the 5-alternating-layer method and EQAS-PQC
slowly improve to solve the environment within 500 train-
ing episodes. Moreover, the Quafu cloud platform provides
a compilation scheme for quantum circuits before their execu-

tion on the quantum computer. Therefore, certain hardware-
sensitive characteristics (such as the number of total gates,
the number of two-qubit gate CNOT, and the depth of the cir-
cuit) of the compiled circuits for the architectures are crucial
for achieving optimal performance on Quafu. As shown in
Fig. 3(b), our proposed architecture exhibits the least number
of gates and CNOTs, as well as the shortest depth of the com-
piled circuit. In contrast, the other two methods have signif-
icantly more gates, CNOTs, and deeper circuit depths, which
clearly indicates their lower hardware efficiency. Some imple-
mentation details to note in conducting the experiments shown
in Fig. 3 are that we have removed the non-nearest neighbor
CNOTs from the entanglement part. This is because including
these CNOTs would drastically increase the number of gates
and circuit depth, without adding significant benefits to the
overall success of the task.

Briefly, our proposed multi-objective evolutionary quan-
tum architecture search method enables us to identify a suit-
able PQC architecture that exhibits proficient RL performance
and is also hardware-adaptive to the Quafu platform, as de-
scribed in detail above.

4.2. Learning algorithm

After confirming the architecture used in SOFTMAX-
PQC policy, it is important to specify an algorithm that
connects classical optimizers and the Quafu platform. In
Refs. [34,36], the classical REINFORCE algorithm[45] is im-
plemented with quantum simulator. However, with the in-
volvement of quantum devices, there will be slight modifica-
tions as shown in Algorithm 1.

Algorithm 1 REINFORCE with Quafu
Input: initialized SOFTMAX-PQC policy π𝜃(a | s),
learning rate η , number of trajectories N, maximum time T
while True do

for i = 1 to N do
Initialize s0

for t = 0 to T −1 do
Execute PQCθ on Quafu and get policy πθ (at | st)

Take action at ∼ πθ (at | st)

Move to next state st+1 and store reward rt+1

end for
Execute PQCθ on simulator and get policy π̂θ (at | st)

G(i)← ∑t γ t rt+1

Compute ε = πθ (at | st)− π̂θ (at | st)

z(i)← ∑t ∇𝜃 log(π̂θ (at | st)+ ε)

end for
∆θ ← (1/N)∑i G(i)z(i)

𝜃← 𝜃+η∆𝜃

end while

Table 1. Hyperparameters of the RL environment. Learning rates correspond to the parameters ϕ,ω,λ .

Environment Qubits Actions Reward Learning rates γ β Observables

CartPole-v1 4 2 +1 0.01,0.1,0.1 1.0 1.0 [Z0Z1Z2Z3]
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Combining the selected hardware-efficient PQC and spe-
cialized learning algorithm, we have built the whole pipeline
of quantum reinforcement learning with Quafu, as pictured in
Fig. 1.

5. Numerical results
In this section, we investigate a classical benchmark en-

vironment called CartPole from the OpenAI Gym[33] and ap-
ply our proposed PQC policy and algorithm to train the agent
on three different quantum devices from Quafu:[7] ScQ-P10,
ScQ-P18, and ScQ-P136, which have 10-qubit, 18-qubit, and
136-qubit capabilities, respectively.

5.1. Experimental setups

We determine the hyperparameters, such as learning rates
and observables, based on the standard practices outlined in
Ref. [34], which are also summarized in Table 1. Furthermore,
instead of pursuing the initial goal of typically achieving 500
rewards within 500 episodes in quantum RL, we set a target
of obtaining 100 rewards within 100 episodes, considering the
high computational cost of training on real quantum comput-

ers. Besides, the classical optimization process is simulated
on TensorFlow Quantum.[49]

5.2. Results

As presented in Fig. 4, we conduct a series of experiments
on the Quafu cloud platform. In Fig. 4(a), an RL agent has
been trained on the ScQ-P10 device and gets a maximum re-
ward of 132 within 100 training episodes. Even in noiseless
settings as demonstrated in Fig. 3, it is not easy to achieve such
objectives with only 100 training episodes. Moreover, observ-
ing the rewards averaged by a time window of 5 episodes, the
agent is able to reach a stable reward of over 50, which lasts
for a certain period after 80 training episodes. Additionally,
the mean reward over 100 training episodes is approximately
30, which is higher than 20, the reward achieved by random
choice. Figures 4(b) and 4(c) depict the training process of RL
agents on ScQ-P18 and ScQ-P136, which accomplish maxi-
mum rewards of 86 and 94, respectively. Due to the require-
ment of only a 4-qubit circuit for our task, having more qubits
in a quantum computer does not necessarily lead to superior
performance.

(a) (b) (c)

Fig. 4. RL training performance with Quafu within 100 episodes. RL agents have been trained on ScQ-P10, ScQ-P18 and ScQ-P136. The blue lines
indicate episode rewards within 100 training episodes, the orange dashed lines take a moving average over episode rewards with a window of 5, and the
dotted green lines show the mean rewards over all training processes.

Fig. 5. Inference on ScQ-P10 within 100 episodes. The interpretation
of the lines is similar to that in Fig. 4.

We also evaluate the pre-trained model on ScQ-P10
within 100 episodes as shown in Fig. 5. The results indicate
that the RL agent trained on Quafu is capable of attaining a

goal of over 100 rewards in the inference stage, with an over-
all mean reward of approximately 50. These numerical signs
provide evidence of the agent’s successful training on noisy
devices. Although we limit the training and inference to 100
episodes in this study due to the expensive time cost, we be-
lieve that extending the training duration will finally lead to
improved performance.

6. Conclusion
In this study, we implement quantum reinforcement

learning on ScQ-P10, ScQ-P18, and ScQ-P136 from the
Quafu cloud platform. We diligently choose our hardware-
efficient PQCs using a multi-objective evolutionary algorithm
and refine the REINFORCE learning algorithm to ensure the
feasibility of training RL agents. Experimental results show
that RL agents can be successfully trained and evaluated with
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some relaxation of the original goals within 100 episodes.
Based on the experimental results, the potential advantage of
quantum reinforcement learning primarily stems from having
fewer parameters while maintaining comparable performance.

Moving forward, there is potential to train agents on
quantum devices with higher objectives, longer episode
lengths, and a wider range of test environments. Additionally,
the PQC search process could be conducted on real devices
under finer restricted conditions to find a more suitable archi-
tecture for a specific device. Finally, other algorithms such as
PPO could be introduced to stabilize the training process on
quantum computers.
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