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ABSTRACT

By leveraging pretrained LLM, we present a LLM-based multi-agent frame-
work that automatically searches in program space to synthesize/find quantum-
computing-integrated machine learning algorithms from classical origins. Our
agentic system operates as an orchestrated set of agents with capabilities of tool
use, integration of internet knowledge, and planning. The searching workflow then
utilizes Monte Carlo Tree Search for guided exploration, a nested dual-loop pro-
cedure for robust code generation and debugging, as well as a Webscraper for up-
to-date knowledge injection. Set a algorithmic seed as a classical multi-layer per-
ceptron, the system generates quantum-hybrid and quantum-inspired models by
iteratively proposing, validating, and refining code. With the empirical evidence,
the system can find novel algorithms with high performance. By coupling LLM
reasoning and coding with principled search and verification, our approach offers
a practical path toward accelerated design of algorithms for quantum-computing-
integrated machine learning.

1 INTRODUCTION

Meta-learning in machine learning utilizes prior experience to facilitate the design of algorithms
(Hospedales et al. 2020). Prominent examples include hyperparameter optimization (Franceschi
et al.l [2018)) and neural architecture search (NAS; [Wistuba et al.l |2019). Recently, Large Lan-
guage Models (LLMs), a type of foundation model, have shown remarkable potential in reasoning
and planning across a wide array of tasks (Yao et al. [2023; |/Ahn et al.| [2024). This has led to
an emerging paradigm of meta-learning with foundation models, which leverages their extensive
pre-trained knowledge and automated coding abilities for tasks like algorithmic generation and im-
proving (Romera-Paredes et al.| |2024; Novikov et al., [2025).

Quantum computing harnesses properties like superposition and entanglement to enable powerful
parallel processing and operate efficiently on data distributions. These quantum advantages have
drawn significant attention in fields such as healthcare (Rani et al., [2023)), medical image analysis,
and pattern recognition (Wei et al.,|2023). A primary goal of this research is to accelerate machine
learning tasks and design more advanced quantum machine learning algorithms. To date, notable
improvements have been achieved in parameter optimization, execution efficiency, and error rate
reduction (L1 et al., {2019} 2020; [Parisi et al., [2022).

Quantum computers can compute the same tasks as classical computers but offer the potential for
much faster runtimes due to quantum parallelism. Additionally, entanglement can enhance the mod-
eling of correlations in structured data, as exemplified by the superior performance of quantum
strategies in the CHSH game compared to their classical counterparts (Clauser et al.| [1969). To
increase the expressive power and representation capability of quantum machine learning models, it
is necessary to develop architectures analogous to classical deep neural networks, which can learn
high-level abstractions. To this end, and in alignment with the long-term goal of advancing artificial
intelligence, we have developed a meta-learning framework with foundation models to search for
novel quantum-computing-integrated machine learning algorithms.

Compared to single-agent systems, LLM-based Multi-Agent (LLMMA) systems utilize collective
intelligence and differentiated skills to offer advanced capabilities (Wang et al., [2024; |Hong et al.,
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2023} |Qian et al [2024; Mandi et al., |2023; |[Zhang et all [2024; |Guo et al. 2024). LLMs have
also risen to prominence in scientific discovery due to their expansive knowledge bases, reasoning
capabilities, and natural language interfaces (Al4Science & Quantum, 2023). Inspired by Google
DeepMind’s FunSearch (Romera-Paredes et al., 2024), which searches for solutions to algorithmic
problems via iterative code generation, we propose an LLM-based Multi-Agent system for quantum-
computing-integrated Machine Learning (QML) algorithm search (Figure[A.T)).

Rather than performing Quantum Architecture Search (QAS) over fixed gate sets of Parametrized
Quantum Circuits (PQC; Wu et al., [2023} |Du et al., 2022; Nakaji et al., [2024)), searching in the pro-
gram space allows agents to construct more expressive model architectures. Compared with single
LLM optimizers for neural architecture search (Zhang et al., 2023} |Yang et al., 2024), our approach
extends agents with capabilities for tool use, memory via retrieval-augmented generation (RAG;
Yan et al.|,|2024), and various optimization techniques (Dong et al.| 2024} Rafailov et al.,[2023)). We
construct the LLMMA for QML algorithm search such that given a classical deep learning algo-
rithm, like the multi-layer perceptron (MLP) discussed subsequently, the system can automate the
workflow to find its optimized quantum counterpart.

The operation can be abstracted as the following formulation.
.A = Z Otijﬁj
j

A(Cyr) — argmin Qfp,
The LLMMA (A) is composed by several large laﬁguage models (£;; distinct agents, or lobes
(L1 et al., [2024) where «;; specifies the interaction among the lobes). Given a classical machine
learning algorithm (Casr,), A can facilitate to find the corresponding quantum machine learning
algorithm (Qj; ) with optimized policy (7). To receive steering signals from recursively control
agents (Wong, 2025), it reforms as A = 3, a;;L£; + B;;u;, where u serves as an interface and f3;;
as connection coefficients.

2 CAN LLM-BASED AGENT FIND QUANTUM MACHINE LEARNING
ALGORITHM FROM ITS CLASSICAL COUNTERPART?

To demonstrate the LLM-based agent’s capability, we begin with a classical algorithm and task the
sub-agentic system (simple coder) to find a quantum counterpart. Given the name of the classi-
cal algorithm, the coder agent is instructed to generate an implementation the classical algorithm
as initial condition, then conducts evolutionary loops of search and optimization to find its quan-
tum counterpart (Figure [A.2)). The results (model performance) from simple coder also serve as a
baseline compared with the full functioning multi-agentic framework described at a later part of the

paper.
2.1 MULTI-LAYER PERCEPTRON

We use the Multi-Layer Perceptron (MLP) as our classical seed algorithm. An MLP is a feedforward
artificial neural network composed of an input layer, one or more hidden layers, and an output layer.
The hidden layers use non-linear activation functions, which allows the network to learn complex,
non-linear mappings and grants them universal approximation capabilities (Cybenko, 1989; Hornik,
1991)). The agentic system was provided with a Python implementation of an MLP as input.

The agentic system then generated a quantum-computing-integrated version of the MLP. Figure|A.3
shows a snippet of the resulting quantum integrated model and its training dynamics, confirming that
the model learns effectively. The discovered quantum circuit, which uses 4 qubits, is composed of
an initial rotation layer, structured controlled-Y rotations, and an alternating entanglement structure.

3  TEST TIME SCALING WITH MONTE CARLO TREE SEARCH (MCTS) AND
SYSTEM COMPONENTS

Searching the vast program space for novel algorithms requires an efficient strategy. To this end,
we incorporate our coder agent into a Monte Carlo Tree Search (MCTS) framework (Metropolis &
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Ulam| [1949). MCTS is well-suited for complex sequential decision-making problems. It iteratively
builds a search tree by balancing exploration and exploitation (e.g., using the UCT algorithm), ex-
panding promising nodes, simulating outcomes via rollouts, and backing up the estimated values
through the tree (Kocsis & Szepesvari, [2006; Browne et al., 2012).

In our full grown LLMMA system, MCTS guides the overall search process. Given an initial clas-
sical algorithm, the agentic system first generates a plan, augmented with information from web
searches (Figure[A.3)). It then executes the search as a series of evolutionary loops within the MCTS
scheme.

Nested Dual Loops. To manage the coding-intensive nature of algorithm search, we designed
a nested dual-loop procedure for code generation and refinement (Figure [A.4). The inner loop
iteratively handles fine-grained tasks like code chunking, debugging, and review until a satisfactory
snippet is produced. This snippet is then passed to the outer loop, which coordinates system-wide
components, simulates the code, reflects on the results, and updates the global plan. This design
enables efficient context management and focused task execution.

Webscraper. To ensure our agentic system has access to the latest information, we developed
a web scraping tool. Since the pre-trained knowledge of LLMs can become outdated, this tool
supplements the planning phase by searching for and extracting relevant, up-to-date information
from the internet based on given keywords. The extracted information is summarized (Figure [A.6)
and integrated into the agent’s decision-making process.

4 RESULTS

We evaluated the performance of several QML algorithms discovered by our agentic system, with
the results summarized in Table [I} A model generated by a simple coder sub-agent serves as the
baseline. The models found by our full grown agentic system are categorized as Intersect,” "Fusion-
concatenate,” ”"Quantum-inspired,” and ”Quantum-inspired and superimposed.” The accuracy scores
validate that the generated programs execute correctly and achieve high performance. Notably, the
”Quantum-inspired” model achieved the highest accuracy at 98%, a significant improvement over
the baseline. The dataset employed is Pen-Based Recognition of Handwritten Digits (Alpaydin &
Alimoglu, |1996). At the time when we ran the full grown agentic experiment, the base model was
claude-4-sonnet-20250514.

Table 1: Performance of Discovered QML Models

Model Accuracy
Simple coder (baseline) 9.40%
Intersect 56%
Fusion-concatenate 97.22%
Quantum-inspired 98%
Quantum-inspired and superimposed | 97.78%

Intersection. This sample implements a quantum variational circuit between a classical prepro-
cessing neural network and a classical post-processing neural network. The preprocessing neural
network consists of two linear layers with a ReLU activation function in between. The first layer
maps the input dimension to 16, and the second layer maps 16 to 4, which matches the number of
qubits. 4 qubits are used in the quantum circuit. It includes a quantum feature map that applies
RY and RZ rotations based on the input data, followed by a chain of CNOT gates. The variational
circuit has two layers, each applying parameterized RY and RZ rotations followed by the same
CNOT chain. The circuit returns expectation values of the Pauli Z operator for all 4 qubits. The
post-processing neural network also consists of two linear layers with a ReLU activation function in
between, mapping from 4 to 16 and then from 16 to the output dimension (Figure|A.7).

Fusion-concatenate. This sample built an algorithm of fusion style concatenating quantum and
classical features. 8--qubit variational quantum neural network is constructed. Inputs are amplitude-



Under review as a conference paper at ICLR 2026

embedded and the circuit outputs eight Pauli-Z expectation values. RX/RY/RZ rotations are applied
on each qubit per layer. CNOT entanglement is circular connected in each layer and extra pairwise
CNOTs on odd layers. A post-network with normalization maps to the target output dimension.
The outputs from a parallel run of classical branch (linear + ReLU + dropout) are concatenate, then
applying output head with dropout to produce the final classification label (Figure|A.8)).

Quantum-inspired. This sample constructed a quantum-inspired neural architecture with two
parts: a custom layer mimicking quantum rotations/entanglement and a full network that fuses
a quantum-inspired branch with a classical MLP. The quantum-inspired part applies per-feature
trigonometric rotation transforms, adds a small “interference” term through a learned input-to-input
matrix, projects features with an “entanglement” weight matrix, and normalization, handling batches
through matrix multiplications. The quantum-inspired part then fuses with the classical part. The
fused features are then applying an output layer to generate the final classification label (Figure[A.9).

Quantum-inspired and superimposed. This model builds upon the quantum-inspired approach.
It begins with a classical MLP-like pre-processing network. The output is then fed into quantum-
inspired layers that simulate rotation and entanglement, similar to the previous model. A residual
connection from the pre-processing network is then superimposed (added) to the quantum-inspired
features. These combined features are passed to an output head for the final classification (Figure

A.10).

5 CONCLUSION

We have introduced an LLM-based multi-agent framework that automates the synthesis of quantum-
computing-integrated machine learning algorithms from classical starting points. Our approach
leverages the principles of meta-learning, using foundation models to directly search the program
space. The system integrates MCTS-guided exploration, a nested dual-loop for robust code gen-
eration/debugging, and web scraping for up-to-date knowledge. Starting with a classical MLP,
our framework automatically discovered a diverse family of quantum-hybrid and quantum-inspired
models. The empirical results are promising: fusion-style and quantum-inspired models achieved
high accuracy (up to 98%), significantly outperforming a baseline code generator. This highlights
the benefits of our approach, which combines agent orchestration, tool use, and guided search.
Notably, the system not only reproduced known hybrid patterns but also discovered novel quantum-
inspired layers and feature-fusion strategies, demonstrating the potential of LLM agents as practical
assistants for accelerating QML design.

We highlight two key advantages of our methodology. First, searching in program space offers
a flexible substrate that naturally spans classical, quantum, hybrid, and quantum-inspired designs,
exceeding the expressivity of fixed gate-set architecture searches. Second, the use of MCTS and the
nested dual-loop procedure substantially improves the stability and success rate for code-intensive
generation tasks.

This study has several limitations. Our experiments were restricted to small-qubit circuits, and our
reward metric focused primarily on accuracy, without considering multi-objective trade-offs such as
circuit depth or parameter count. The search cost and reproducibility are sensitive to LLM stochas-
ticity and tool reliability. Furthermore, we did not perform a detailed analysis of the robustness,
generalization, or the security implications of the web-retrieval mechanism.

Future work will focus on several key areas. We plan to guide the system to utilize more quantum
resources and incorporate multi-objective optimization, potentially including process reward models
for more efficient MCTS. Since the MLP is a fundamental building block, we will expand the set
of initial algorithms to include more complex architectures like Transformers, diffusion models,
or self-supervised learning frameworks, which we expect will lead to the discovery of more novel
algorithms. Other promising directions include implementing modules for QML interpretability and
agentic self-improvement.

By coupling the reasoning and coding capabilities of LLM agents with principled search and verifi-
cation, our approach provides a practical path toward automated QML discovery. We anticipate that
scaling this framework will accelerate the co-design of classical and quantum algorithms, helping to
surface novel patterns that are difficult to discover manually.
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A APPENDIX

LLM-based Multi-Agent System
for QML Algorithm Search
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Figure A.1: The architecture of the LLM-based Multi-Agent system for QML search
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Figure A.5: The flowchart of the MCTS-guided search process in our LLM-based Multi-Agent
system.
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lass QuantumNeuralNetwork(nn.Module):
def __init__(self, input_dim, output_dim):
init__
input_dim
utput_dim = output_dim

self.pre_net = nn.Sequential(nn.Linear(input_dim, 16), nn.ReLU(), nn.Linear(16, n_qubits

self.q_weights = nn.Parameter(torch.randn(2, n_qubits, 2) x 0.1

self.post_net = nn.Sequential(nn.Linear(n_qubits, 16), nn.RelLU(), nn.Linear(16, output_dim
forward(self, x
x_processed = self.pre_net(x
batch_size = x.shape[0
quantum_outputs =
for i in range(batch_size
input_data = x_processed|[i].detach().cpu().numpy

weights = self.q_weights.detach().cpu().numpy

q_out = quantum_circuit(input_data, weights
quantum_outputs.append(qg_out

quantum_tensor = torch.tensor(quantum_outputs, dtype=torch.float32, requires_grad=True, device=x.device

output = self.post_net(quantum_tensor
return output

Figure A.7: A code snippet illustrating the “Intersection” model architecture.

def forward(self, x

quantum_x =
for i, layer in enumerate(self.quantum_layers
quantum_x = layer(quantum_x
quantum_x = self.activation(quantum_x
if i < len(self.quantum_layers) - 1:
quantum_x = self.dropout(quantum_x

classical_x = self.classical_branch(x

fused_features = torch.cat(|[quantum_x, classical_x]|, dim=1
fused_output = self.fusion_layer(fused_features
fused_output = self.activation(fused_output

output = self.output_layer(fused_output
return output

Figure A.8: A code snippet illustrating the “Fusion-concatenate” model architecture.

10
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def forward(self, x

cos_theta torch.cos(self.theta
sin_theta = torch.sin(self.theta
cos_phi = torch.cos(self.phi
sin_phi = torch.sin(self.phi
cos_psi = torch.cos(self.psi
sin_psi = torch.sin(self.psi

x_rotl = x x cos_theta - x x sin_theta *x cos_phi
x_rot2 = x x sin_theta x sin_phi + x *x cos_psi
x_rotated = x_rotl + x_rot2 *x sin_psi

x_interference = torch.matmul(x_rotated, self.interference_weights
x_combined = x_rotated + 0.1 x x_interference

x_entangled = torch.matmul (x_combined, self.entangle_weights

output = self.layer_norm(x_entangled

return output

Figure A.9: A code snippet illustrating the "Quantum-inspired” model architecture.

def forward(self, x):
classical_features = self.classical_pre(x

quantum_features elf.quantum_layeri(classical_features
quantum_features = self.quantum_layer2(quantum_features

if classical_features.size(1) != quantum_features.size(1
classical_adapted = torch.mean
classical_features.view(classical_features.size(@), -1, quantum_features.size(1)), dim=1

else:
classical_adapted = classical_features

hybrid_features = self.residual_weight x quantum_features + (1 - self.residual_weight) % classical_adapted

output self.classical_post(hybrid_features

return output

Figure A.10: A code snippet illustrating the ”Quantum-inspired and superimposed” model.
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