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Abstract—Variational quantum algorithms (VQAs) are key
enablers of practical computations on near-term quantum com-
puting hardware. However, gate-based ansatz suffer from de-
coherence and control errors, limiting scalability. Pulse-level
approaches, such as control variational quantum eigen solver
(ctrl-VQE), address these challenges by directly optimizing ana-
log control fields and enabling time-optimal state preparation.
Building on this paradigm, we present a reinforcement-learning
(RL) framework that autonomously discovers high-fidelity, time-
efficient control pulses. Using a hydrogen dimer testbed, our
RL agent achieves state-fidelity above 0.995 and ground state
energy errors near 0.005 Hartree, demonstrating the promise of
AI-driven, hardware-efficient quantum algorithms.

Index Terms—Variational quantum algorithms, VQE, quan-
tum control, reinforcement learning, deep Q-learning

I. INTRODUCTION

Near-term quantum computing devices face significant chal-
lenges in implementing deep quantum circuits due to short
coherence times, limited connectivity, and gate errors. Vari-
ational quantum algorithms (VQAs), such as the Variational
Quantum Eigensolver (VQE), mitigate these limitations by op-
timizing parameterized circuits using hybrid quantum-classical
methods for tasks such as molecular ground-state energy
estimation [1, 2]. Despite their success in quantum chemistry
applications, gate-based ansatz often require deep circuits and
costly gate decompositions, increasing resource demands and
error rates [1].

Pulse-level approaches offer a promising alternative by
directly tuning analog control signals that drive quantum
hardware, bypassing explicit gate sequences [3]. Methods
such as ctrl-VQE and PANSATZ enable faster, time-optimal
state preparation and reduce accumulated errors, achieving
energy accuracies comparable to or better than gate-based cir-
cuits [4]. Recent experiments have demonstrated the feasibility
of ctrl-VQE implementations on superconducting platforms,
highlighting their potential for hardware-efficient quantum
simulations [5]. Recent work on quantum noise, distributed
circuits, and task-specific quantum architectures highlights the
importance of robust and adaptive design in quantum systems,

motivating our use of reinforcement learning (RL) for pulse-
level quantum control [6–9].

At the same time, RL has emerged as a powerful tool
for quantum circuit optimization, capable of navigating large
design spaces and autonomously discovering efficient strate-
gies [10]. In this work, we integrate RL with ctrl-VQE to
develop an AI-driven control framework. Using a hydrogen
dimer mapped to a qubit–transmon model, we show that an
RL agent can learn time-optimal, high-fidelity pulse sequences
that outperform Monte-Carlo samplers in accuracy and run-
time. These results demonstrate the promise of combining RL
and pulse-level control for scalable, problem-aware quantum
algorithms.

II. CTRL-VQE AND DEVICE-LEVEL HAMILTONIANS

The ctrl-VQE framework evolves the quantum state under
an effective Hamiltonian composed of the device Hamiltonian
(HD) and the control Hamiltonian (HC) [11]. After a total
evolution time T , the resulting state is expressed as:

|ψI(T ;Ω)⟩ = T exp

(
−i
∫ T

0

dt H̃C(t)

)
|ψI(0)⟩, (1)

where H̃C(t) is an effective Hamiltonian, which is equal to
eiHDt

∑
q Ωq(t)

(
eiνqtaq + e−iνqta†q

)
e−iHDt [5]. Similarly,

aq and a†q are device operator rather than problem operator
(like Fermionic operators corresponding to the molecular
Hamiltonian), T denotes time ordering, and Ω collects all
control amplitudes.

For a given molecular Hamiltonian Hmol, the ctrl-VQE
framework computes the expectation value of the Hamiltonian
as the cost function. This cost function is iteratively minimized
by optimizing the control parameters under the constraint of
a maximum allowable evoluation time T [11].

III. REINFORCEMENT-LEARNING FRAMEWORK FOR
CONTROL-VQE

In ctrl-VQE, we do not rely on an ideal gate set. Instead, we
directly tune the control pulses applied to the hardware [12].



Fig. 1. (a) Learning metric for the RL agent. The plot shows the cumulative
number of time steps with E < EHF versus episode for the RL policy (red)
and a random-search baseline (blue). The dashed line is a fixed reference
rate of five such steps per episode; the RL curve crosses this line earlier,
indicating faster exploration of useful regions. (b) Ground-state energy of the
H–H molecule as a function of atomic separation. The solid line shows the
reference FCI-STO3G energy curve, while the red markers indicate energies
obtained from RL-optimized control pulses. The mean absolute deviation
between the two is ⟨∆E⟩ ≈ 0.005 Hartree.

This is helpful because for larger systems it can be better to
“abandon gates” and optimize the pulses that the device can
actually implement. The goal is to find pulse parameters that
prepare a final state whose molecular energy is as small as
possible.

For small problems, the action-value function, Q(s, a), can
be stored in a table. However, in pulse control, the number of
possible states and actions grows quickly (more qubits, more
pulse slices, more amplitude choices). This makes a tabular
representation unrealistic. That is why we implement the deep
Q learning (DQN) setup to find the optimal Q-function [13].
The DQN framework can be approximated as,

Q∗(s, a) ≈ Q(s, a;θ), (2)

where θ are the DQN’s parameters.
In addition, the replay memory and exploration procedures

are integrated directly into the learning pipeline. The reward
structure for the learning agent is formulated to advance the
ctrl-VQE objective by guiding the search toward the optimal
energy landscape [14]. The ctrl-VQE is inherently one of the
continuous-control problems. However, in this paper, we adopt
a discrete bang-bang approximation and construct a sequence
of square pulses. This limits the RL agent to searching over
a binary bang-bang controls than the full continuous control
space.

IV. NUMERICAL RESULTS: HYDROGEN DIMER CASE
STUDY

We consider a hydrogen dimer (H–H) mapped to an effec-
tive two-qubit Hamiltonian using a minimal STO-3G basis,
with the FCI ground-state energy as a reference [15]. The drift
and control Hamiltonians are simulated to be compatible with
a realistic transmon-based superconducting device with several
accessible levels per qubit. We adopt the same fixed-frequency
transmon setting with always-on coupling as described in [11],
and we apply one microwave drive tone to each qubit to drive
the interactions.

We begin by examining the exploration metric illustrated
in Fig. 1 (a). Points located on or to the left of the dashed

Fig. 2. State fidelity as a function of total pulse width. Curves show an early
RL episode (blue), a later RL episode after training (red), and a high-fidelity
random-search pulse (green). The trained RL policy reaches high fidelity at
a significantly shorter pulse duration than the random-search baseline.

reference line (the “red line”) denote higher exploration effi-
ciency, and the trained RL agent progressively transitions into
this region as training advances. For comparison, the blue line
depicts the trajectory followed by an agent employing a Monte
Carlo sampling technique.

After training, the RL agent learns pulse schedules, a
sequence of pulses, that give energies very close to the exact
(Full Configuration Interaction - FCI) value as shown in Fig. 1
(b). Averaging over several runs with different random starting
points for the agent and environment, the mean absolute
energy error is

⟨∆E⟩ =
〈∣∣E(Ω)− EFCI

∣∣〉 ≈ 0.005 Hartree. (3)

The error magnitude is somewhat higher than what has been
reported in earlier studies [4, 5, 16], but it remains within an
acceptable range. This also suggests that the RL agent may
require additional fine-tuning.

The main result is the balance between how accurately
(fidelity) and quickly we can prepare the target state. To
demonstrate the proof of principle, we use the same device
parameters and time discretization for RL and random sam-
pling methods. We then find the state fidelity against the target
state by the RL agent against a random-search baseline over
pulse parameters.

In a representative run, the RL agent finds a sequence of
pulses that prepares a final-state fidelity of FRL ≈ 0.99577
using only about ∼ 31 ns of the total evolution time. In
contrast, the best sequence of pulses discovered by random
search reaches Frand ≈ 0.99449 but only after about ∼ 88 ns
as indicated in Fig 2. Note that, a single cross-resonance
CNOT gate typically has a duration exceeding 31 ns in fixed-
frequency transmon hardware [17].

V. DISCUSSION AND OUTLOOK

This work advances pulse-level variational algorithms
by showing that RL agent can efficiently discover com-
pact, bang–bang–like control sequences consistent with prior



ctrl-VQE studies. By operating directly at the pulse level, our
method unifies quantum optimal control and VQE within a
single learning framework, enabling the agent to search for
effective control signals while minimizing energy.

The approach might also align with hardware-aware strate-
gies. Pulse-level control, combined with error-mitigation
techniques, has demonstrated benefits on real devices, and
an RL agent trained at edge could further adapt to
device-specific noise and calibration drift. This adaptability
positions RL-based control as a complementary tool to im-
prove near-term quantum simulations.

In the future, we plan to scale the method to larger systems,
develop reward functions that promote robustness, and bench-
mark against stronger classical optimizers. In general, inte-
grating AI with control-based variational algorithms may offer
a promising route toward resource-efficient, hardware-tailored
quantum computation on near-term quantum devices.
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