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Introduction

Variational quantum algorithms (VQAs) [1] are a leading paradigm for exploiting noisy intermediate-scale
quantum (NISQ) [2, 3] devices and promising building blocks beyond NISQ [4], with applications in chemistry,
combinatorial optimization, and many-body physics. Their performance hinges on parameterized quantum
circuits (PQCs) that are both expressive and hardware-executable, yet this design is difficult. Problem-
inspired ansätze [5, 6, 7] encode structure and symmetries but are rarely hardware friendly, while hardware-
efficient ansätze (HEA) [8] align with native connectivity and gates but often become hard to train as system
size and noise grow. Moreover, according to ref. [9], QPU noise can drive PQCs into noise-induced barren
plateaus, causing gradients to vanish and training to effectively stall or fail to converge.

Table 1: Summary of selected quantum architecture search (QAS) methods.

Method Application Maximum qubit Noise inclusion

RL-VQSD [10] Quantum state diagonalization 4 qubits Noiseless
Differential QAS [11] Heisenberg model 5 qubits Simulated
Vanilla RL-QAS [12] Quantum chemistry 6 qubits Simulated
Sim. annealing QAS [13] Quantum circuit regeneration 7 qubits Simulated
quantumDARTS [14], CRLQAS [15] Quantum chemistry 8 qubits Simulated
GRL [16] TFIM & quantum chemistry 10 qubits Simulated & QPU
TensorRL-QAS [17] Quantum chemistry, Heisenberg & TFIM 20 qubits Simulated

Reinforcement learning (RL) [12, 18, 19] has thus emerged as a natural tool for automating PQC design,
also know as quantum architecture search (QAS), by casting circuit construction as a sequential decision
problem and searching for architectures that balance expressivity and hardware efficiency. As summarized
in Table 1, existing QAS methods still suffer from limited scalability and hardware awareness, typically
stopping at modest qubit numbers and relying on abstract gate sets whose transpilation inflates depth and
CNOT counts and hurts performance on noisy hardware. This work unifies two complementary frameworks
aimed at closing these gaps: (i) TensorRL-QAS [17], which combines tensor-network warm starts with RL
to alleviate classical-simulation and episode-length bottlenecks, and (ii) Gadget reinforcement learning
(GRL) [16], which augments RL with learned composite gates (“gadgets”) defined directly in a hardware-
native gate set to mitigate transpilation-induced losses; together, they target both scalability and hardware
compatibility, reaching 20-qubit simulations and 10-qubit demonstrations under realistic hardware constraints
on quantum chemistry and many-body benchmarks.

Towards scalability with TensorRL-QAS

Linked paper: TensorRL-QAS (https://openreview.net/forum?id=0okFLZvtKs).
RL-based QAS typically starts from an empty circuit and lets an agent sequentially append gates, leading to
long episodes and expensive statevector simulations whose cost grows sharply with qubit count and depth.
In standard baselines (Figure 7 in ref. [17]), a 12-qubit circuit at depth ∼ 400 can take on the order of 10
seconds per evaluation, so 104 training episodes imply ≳ 105 seconds of simulation, making scaling beyond
∼ 8 qubits practically infeasible.
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Figure 1: TensorRL-QAS performance on 8-qubit H2O. On (left) is the number of
function evaluations and (right) per-episode runtime versus RL baselines.
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Table 2: TensorRL vs baselines for 12-qubit LiH ground-state preparation.

Method Error Depth CNOT ROT

TensorRL (train.) 1.0× 10−2 31 37 203
TensorRL (fixed) 2.4× 10−2 15 30 9
CRLQAS [15] 2.4× 10−2 32 68 23
Vanilla RL [12] 2.2× 10−2 140 321 94
RA-QAS [10] 2.3× 10−2 165 364 86
SA-QAS [13] 2.5× 10−2 178 390 88
TN-VQEa 8.6× 10−2 33 81 29

aFixed tensor-network initialization followed by a standard hardware-efficient ansatz.

TensorRL-QAS mitigates this bottleneck by warm-starting the RL agent from a tensor-network approx-
imation of the target ground state. Given a Hamiltonian H, DMRG first computes an MPS approximation
|ψMPS⟩ ≈ arg min|ψ⟩∈Mχ

⟨ψ|H |ψ⟩ , which is then compiled into a shallow brickwork PQC U(θ) by min-

imizing L(θ) = 1 −
∣∣ 〈ψMPS

∣∣U(θ)0⊗N
〉 ∣∣2 using Riemannian optimization [20, 21] on the Stiefel manifold.

RL-based QAS then learns an additional unitary V (ϕ) on top of the warm start, refining the combined ansatz
V (ϕ)U(θ) to minimize the variational energy E(θ,ϕ) = ⟨0|U†(θ)V †(ϕ)HV (ϕ)U(θ) |0⟩ , rather than explor-
ing from an empty circuit. We study two variants: TensorRL (trainable TN-init), where U(θ) is trainable
by the agent, and TensorRL (fixed TN-init), where the warm start is fixed and only V (ϕ) is optimized.

On molecular ground-state problems (6–12 qubits), TensorRL-QAS yields more compact circuits than
strong QAS baselines while keeping energies in the 10−2 range or better (Table 2). For 12-qubit LiH,
TensorRL (trainable TN-init) achieves the best error 1.0×10−2, and TensorRL (fixed TN-init) attains a much
smaller circuit (depth 15, 30 CNOTs, 9 single-qubit rotations) than CRLQAS, vanilla RL, RA-QAS, SA-QAS,
and TN-VQE. Figure 1 further shows that TensorRL (fixed) reduces classical function evaluations by up to
100× and per-episode runtime by about 98%, and transverse-field Ising experiments extend this advantage
up to 17–20 qubits, indicating a practical route to larger-scale RL-QAS via tensor-network initialization.

Table 3: Average and minimum TFIM ground-state energies for GRL and RL on IBM Heron fake backends.

2-qubit TFIM 3-qubit TFIM

Backend name
GRL RL

Backend name
GRL RL

Avg. Min. Avg. Min. Avg. Min. Avg. Min.

fake torino −2.188 −2.213 −2.164 −2.1992 fake torino −3.309 −3.366 −3.287 −3.351
fake kawasaki −2.162 −2.196 −2.123 −2.1592 fake kawasaki −3.370 −3.397 −3.235 −3.319
fake quebec −2.118 −2.145 −2.084 −2.1597 fake quebec −3.318 −3.379 −3.266 −3.318
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Figure 2: Error threshold versus episodes for RL and GRL on 3-6 qubit TFIM instances.
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QPU-friendly PQC construction by GRL

Linked paper GRL (https://www.nature.com/articles/s42005-025-02475-6).
Most existing RL-based QAS methods operate in an abstract universal gate set such as {RX , RY , RZ ,CX}
and only later transpile to hardware-native gates, which inflates depth and CX count and degrades fidelity
on real devices. Gadget reinforcement learning (GRL) [16] addresses this by combining RL with program
synthesis to expand the action space with learned composite gates (“gadgets”) that are defined directly in a
hardware-native gate set.

For a Hamiltonian H and native gate set Gnat = {RZ , SX, X,CZ}, the agent learns PQCs U(θ) ∈ ⟨Gnat⟩
that minimize the variational energy E(θ) = ⟨0|U†(θ)HU(θ) |0⟩ , with rewards whenever E(θ) falls below
a threshold ε. A program-synthesis module then analyzes the top-k circuits {Ui} and extracts recurrent
subsequences Gj = gj,1gj,2 · · · gj,mj

, where gj,ℓ ∈ Gnat, which are promoted to new actions, yielding an
augmented gate set Gaug = Gnat ∪{Gj}. Subsequent RL stages operate directly in Gaug, so the agent reasons
in terms of higher-level, hardware-native building blocks rather than only elementary gates.

Figure 2 shows that gadgets such as RZiCZij and Xi

√
Xj , learned on 2-qubit TFIM, transfer effectively

up to 6-qubit, with GRL reaching lower error thresholds in fewer episodes than standard RL on 3–6-qubit
TFIM. This advantage carries over to IBM Heron-like backends (Table 3), where GRL attains more negative
ground-state energies than RL for 2- and 3-qubit TFIM while keeping circuits compact, and for the 3-qubit
case matches the RL energy at machine precision using roughly half as many single-qubit gates after tran-
spilation, highlighting improved accuracy, lower transpilation overhead, and better hardware compatibility.
Moreover, Figure 1 of Ref. [16] shows that on 3-qubit TFIM, GRL consistently outperforms non-RL baselines
(QNEAT [22], hybrid evolutionary algorithms [23], constant-depth TFIM ansätze [24], and HEA [8]) in both
error and gate counts.

Remarks

TensorRL-QAS and GRL jointly address the two main bottlenecks of RL-QAS. Scalability and hardware-
awareness, enabling compact circuits up to 20-qubit in simulation and 10-qubit on hardware-inspired back-
ends. Tensor-network warm starts drastically reduce the search space cost, while gadget-based action spaces
preserve performance after transpilation with hardware-native gates. These ingredients provide a practical
path toward scalable, hardware-compatible RL-driven circuit design for NISQ and beyond.
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