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Abstract

Determining Hamiltonian ground states is central to physics, chemistry, and combinatorial opti-
mization, but is often classically intractable due to the exponential growth of Hilbert space. While
convergence-guaranteed quantum eigensolvers require high-overlap initial states, standard variational
quantum eigensolver (VQE) used to prepare such states requires instance-specific optimization and
often suffers from barren plateaus. To address these limitations, we propose an end-to-end VQE frame-
work that combines a graph autoencoder with a classical neural network to generate ansatz parameters
that generalize across Hamiltonian families. Numerical experiments demonstrate improved generaliza-
tion and trainability, with reduced test error and a significantly milder decay of gradient variance.

1 Introduction

Determining the ground state of a many-body Hamiltonian is a central problem across physics, chemistry,
and combinatorial optimization, yet it is often classically intractable due to the exponential growth of
Hilbert space with system size. These classical limitations have motivated quantum algorithms with
convergence guarantees for ground-state energy estimation, such as quantum phase estimation (QPE)
and quantum subspace methods (QSMs) [1–5]. However, an efficient implementation of these methods
typically requires an initial state with at least inverse-polynomial ground-state overlap, |⟨ψinitial|ψground⟩|2.
For generic initial states, this overlap typically decays exponentially with the number of qubits, n, requiring
exponentially many repetitions and undermining the expected quantum advantage. Thus, high-quality
initial-state preparation is essential.

Variational quantum eigensolvers (VQEs) [6,7] are natural candidates for preparing such initial states.
However, their practical deployment is limited by two major challenges. First, standard VQEs lack
generalization capability and must be retrained for each Hamiltonian instance, even when instances share
substantial structural similarities. Second, VQEs can suffer from barren plateaus (BPs), where gradients
of the cost function vanish rapidly with system size or circuit depth, severely impeding optimization [8,9].
These limitations create substantial overhead when solving many related Hamiltonians.

To address these limitations, we develop an end-to-end representation-learning-assisted VQE frame-
work that generalizes across diverse families of one- and two-local Hamiltonians by integrating a graph
autoencoder (GAE) with a classical neural network (NN) into VQE training. Once trained, the model
directly generates VQE parameters for unseen Hamiltonians, producing high-overlap initial states without
instance-specific optimization. By capturing both interaction topology and Hamiltonian coupling struc-
ture, our approach achieves stronger generalization than standard VQE and other prior learning-based
VQE methods, such as neural-network-encoded VQE (NNVQE) [10] and exhibits a significantly miler
decay of gradient variance, indicating enhanced robustness to BP effects.
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Figure 1: Schematic overview of EGATE-NNVQE for training (left) and inference (right).

2 Method

Figure 1 illustrates the workflow of the proposed method, which proceeds in three steps.
Hamiltonian-to-Graph Mapping: We consider one- and two-local Pauli Hamiltonians of the form

H =
∑
⟨i,j⟩

∑
α,β∈{x,y,z}
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where Jαβ
ij denotes two-local interaction strengths and Kα

i denotes one-local field strengths. Each Hamil-
tonian can be represented as a Hamiltonian-graph (H-graph), with qubits as nodes, two-local Pauli in-
teraction coefficients as edge features, and one-local field strengths as node features. This representation
captures both the interaction topology and the physical coupling parameters of the Hamiltonian, while
keeping the graph size polynomial in the number of qubits.

Graph Representation Learning: Building on this representation, we introduce an edge-featured
graph attention autoencoder (EGATE), adapted from edge-featured graph attention networks [11], to
learn compact H-graph embeddings in an unsupervised manner. The encoder applies an attention mech-
anism to jointly learn node and edge features and pools them into a latent vector, while the decoder
reconstructs the original node and edge features using an H-graph reconstruction loss.

Parameter prediction using NNVQE: After training EGATE, we discard its decoder and use the
encoder to map each H-graph to a compact latent vector. This vector is fed into a classical NN, which
outputs VQE ansatz parameters and is trained by minimizing the corresponding energy expectation value.
Thus, the original NNVQE [10] procedure is retained, with Hamiltonian parameters, Jαβ

ij andKα
i , replaced

by a learned H-graph embedding.
At inference level, a new Hamiltonian is first converted into an H-graph and encoded by the trained

EGATE encoder. The trained NNVQE [10] model then directly predicts circuit parameters, which define
the quantum state. This state can then be used as an initial state for subsequent quantum algorithms
such as QPE or QSMs.

3 Results and Impact

We evaluate EGATE-NNVQE on the 1D XXZ Heisenberg spin chain without an external field,

HXXZ =

n∑
i=1

(
σxi σ
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i+1 + σyi σ

y
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z
i+1

)
, (2)
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(a) Generalization performance (b) Barren plateau behavior

Figure 2: Numerical results for EGATE-NNVQE on the HXXZ, Eq. 2. (a) EGATE-NNVQE improves
generalization over NNVQE in MSE, MRE, and MF, while input-expanded NNVQE does not close the
gap; HL denotes the number of hidden layers in NNVQE. (b) EGATE-NNVQE mitigates barren plateau
behavior more effectively than standard VQE and NNVQE by preserving larger gradient variance as
system size increases.

where periodic boundary conditions are assumed. We compare EGATE-NNVQE with the original
NNVQE baseline, which does not use graph-based representation learning, and an input-expanded NNVQE
which repeats the scalar Hamiltonian parameter to match the EGATE latent dimension.

Figure 2(a) shows the generalization performance on 1,000 test points in Jzz ∈ [−10, 10] for n = 4, 6, 8
qubits with models trained on 20 uniformly spaced values of Jzz ∈ [−3, 3]. Performance is measured
by the mean squared error (MSE) and mean relative error (MRE) of the predicted ground-state energy,
where lower is better, and the mean fidelity (MF) with the exact ground state, where higher is better. The
blue dashed line reports the relative improvement of EGATE-NNVQE (green) over the NNVQE (orange)
baseline. Across the displayed hidden-layer (HL) settings, EGATE-NNVQE consistently improves over
NNVQE in every metric. Notably, these improvements generally increase with the number of qubits,
indicating that the benefit of graph representation learning becomes more pronounced as the system size
increases. To test whether these gains come merely from increased input dimensionality, we also compare
with input-expanded-NNVQE (gray). This baseline does not close the performance gap, indicating that
the improvement comes from the informativeness of the EGATE latent representation rather than input
dimension alone.

We further examine trainability using the barren plateau (BP) diagnostic in Fig. 2(b). For each system
size n and ansatz block depth D, we fix Jzz = 1 and compute the variance of ansatz-parameter gradients
over 500 random initializations. Although all methods show decreasing gradient variance as n and D
increase, the NNVQE baseline is nearly indistinguishable from standard VQE, whereas EGATE-NNVQE
consistently exhibits larger gradient variance and a markedly slower decay. This suggests that our graph
neural encoding efficiently mitigates BP effects.

Taken together, the results in Fig. 2 suggest that the advantage of EGATE-NNVQE is closely tied
to its H-graph latent embedding, which preserves physical interaction structure in a compact form. This
structured representation enables more accurate ansatz-parameter prediction for unseen Hamiltonians
and improves trainability, thereby providing a more reliable warm start for quantum state preparation
across Hamiltonian families.

A full version of this work is available as an arXiv preprint [12].
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