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INTRODUCTION

Predicting properties of quantum many-body ground states is central to condensed-matter physics [1–3],
quantum chemistry [4], and quantum information science [5]. Repeatedly evaluating ground-state properties
across parameter spaces can incur substantial computational cost, creating a major bottleneck for many-
body simulation. This has motivated growing interest in ML approaches that seek to amortize this cost by
training models to approximate the map from Hamiltonian parameters to ground-state observables using
previously generated data [6–11].

For families of gapped local Hamiltonians, classical learners have been shown to efficiently predict local
ground-state properties across parameter ranges that remain within the same quantum phase [12]. Sub-
sequent results showed that incorporating geometric locality as an inductive bias can substantially reduce
the required amount of training data and improve scaling with system size [13], while more recent analy-
ses extend these guarantees to broader classes of models, including certain deep learning architectures [14].
However, numerical experiments supporting these theoretical developments have largely used density matrix
renormalization group (DMRG), even though it is not computationally efficient for 2D systems.

Meanwhile, experimental progress towards learning from quantum data has so far been limited by the
difficulty of preparing accurate many-body states and estimating their observables on noisy hardware. In
this work, we address this challenge for ground states of the Heisenberg XXZ model on two-dimensional
heavy-hex lattices with up to 115 qubits. Figure 1 summarizes the end-to-end workflow, from quantum data
generation to model training and prediction.

FIG. 1: Overview of the workflow. (Left) For a heavy-hex lattice and anisotropy Jz of the spin-12
Heisenberg XXZ model, we generate approximate ground states by running sample-based Krylov

diagonalization (SKQD) on the ibm boston quantum processor. This is followed by a basis-optimization
step that learns a shallow unitary transformation of the Hamiltonian which further lowers the energy when
diagonalized. We generate data by computing local observables from the resulting state, which are used to
train a neural network via supervised learning. (Right) Once trained, the model predicts these observables

at previously unseen values of Jz across the parameter space.

RESULTS

Verifying data quality

We study the spin-12 Heisenberg XXZ Hamiltonian H(Jz) = 1
4

∑
⟨i,j⟩∈G(XiXj + YiYj) + JzZiZj , where

Pi ∈ {X,Y, Z} are Pauli matrices, ⟨i, j⟩ denotes nearest neighbors on a two-dimensional heavy-hexagonal [15]
graph G and Jz tunes the anisotropy of the model. In this work, we consider graphs of distance 5 and 7,
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corresponding to n = 57 and n = 115 qubits, respectively. We generate approximate ground states of the
Hamiltonian in the AFM phase using our ground-state workflow that begins with SKQD [16, 17]. Running for
over 8 hours on the ibm boston superconducting quantum computer, and using high-performance computing
(HPC) resources for diagonalization and basis optimization, we construct ground states at 45 points in the
AFM phase.

We compute expectation values of selected observables, which can be evaluated efficiently from the
approximate ground state: the single-site magnetization ⟨Z⟩, the two-point correlator Czz = ⟨ZiZj⟩ over
first- and second-nearest-neighbor edges, and the loop correlator Zloop = ⟨

∏
k∈ℓ12 Zk⟩, where ℓ12 denotes a

fixed loop of twelve sites on the lattice. As a reference benchmark, we compare against DMRG calculations
with bond dimension χ = 320, performed using the TeNPy library.

Figure 2 summarizes the resulting agreement with DMRG. In the left panel, we plot the difference
between the ground state energy produced by our algorithm (E) and DMRG (E0), expressed in units of
the many-body gap E1 −E0. In the top panel of Fig. 2, we quantify the accuracy of Czz and Zloop. Across
the phase space, the median relative errors for n = 57 and n = 115 are M(∆Czz) = 1.36% and 1.22%,
M(∆Zloop) = 1.57% and 1.27%, respectively.

Finally, the bottom panel of Fig. 2 shows that the loop correlator data preserve the correct spatial
variations across the lattice. At Jz = 4.0 for n = 115, the DMRG loop pattern exhibits two boundary-
adjacent loops with larger values than those in the bulk. The approximate ground state produced by our
workflow reproduces this pattern despite the high precision required to resolve it. This shows that the
constructed dataset preserves local structure rather than only matching spatial averages, motivating its use
as training targets for learning ground-state properties.

FIG. 2: Accuracy of data generated from quantum experiments. (Left) Error in the approximate ground
state energy E relative to the gap to the first excited state (|E − E0|)/(E1 − E0) as calculated by DMRG.
(Top) Mean percentage error between the quantum data and DMRG for Czz and Zloop. (Bottom) Spatial

map of ⟨Zloop⟩ for n = 115 at Jz = 4.0.

In-distribution generalization

We next show that neural network models trained on this data can generalize to accurately predict local
observables at unseen points within the interior of the AFM phase, providing a practical realization of the in-
phase learning setting analyzed theoretically in Refs. [12–14]. We use the architecture introduced in Ref. [14]
which combines the outputs of several local multi-layer perceptrons to predict a single observable ⟨Õ1⟩. To
evaluate generalization within the phase, we use training data from the parameter range 1.6 ≤ Jz ≤ 6.0 and
partition this interval into three strata: 4.1–6.0, 2.1–4.0, and 1.6–2.0. We construct a held-out test set by
removing 20% of points from each stratum. We train three separate models to predict expectation values
across the lattice for the observable families Z, Czz and Zloop, respectively.

For n = 57, the models achieve ≤ 2% average error for all three observable types, where here we take
the mean of the relative errors across the lattice (i.e., across 57 values for Z). For n = 115, we observe a
similar trend, but with a lower average error, remaining below 1% across all observable families and points
in the phase space. Overall, we find that models trained on a limited set of quantum data points can predict
spatially resolved local observables at unseen Jz with percent-level accuracy on both system sizes.
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Out-of-distribution generalization

We next evaluate the ability of the models to generalize outside of the training interval 1.6 ≤ Jz ≤ 6.0
and towards the phase boundary at Jz = 1.0. In general, computing ground states near a phase boundary
is difficult for both classical and quantum methods. For the XXZ model, the transition at Jz = 1.0 from
the gapped AFM phase to the gapless critical XY phase is marked by the closing of the spectral gap. The
gap decreases rapidly as Jz approaches the phase boundary, with the most pronounced change occurring
below the training cutoff at Jz = 1.6. This identifies the region 1.1 ≤ Jz ≤ 1.4 as one in which the ground-
state physics changes over a short parameter interval, making it an important testbed for the generalization
capabilities of the trained models. To do this, we run an additional set of experiments for 1.1 ≤ Jz ≤ 1.4 to
generate test data.

Subsequently, we consider the relative error between the ML prediction and quantum experiments for
the staggered magnetization ms. Despite the absence of training data below Jz = 1.6, the models achieve
< 3% error in this region across both system sizes. Similarly, for the two-point correlators Czz and the loop
correlators, the spatially averaged error remains below 4% across the extrapolation region. This shows that
the models remain accurate when applied toward the phase boundary, where the closing spectral gap makes
the ground-state observables vary more rapidly. Finally, the right panel of Fig. 3 shows that the models
capture spatial variations of the observables at Jz = 1.1, the closest point to the phase boundary considered
here. Taken together, Fig. 3 shows that the models generalize beyond the training distribution not only in
terms of averaged observables, but also in their specific spatial structure.

FIG. 3: Model generalization towards the phase boundary. (Left) Spectral gap E1 −E0 as a function of Jz
on approaching the phase boundary at Jz = 1.0. (Middle) Relative error between local observables
predicted by ML and data from new quantum experiments outside the training regime. (Right)

Representative slice through the lattice at Jz = 1.1, comparing the spatially resolved observables from ML
and the quantum experiments.

DISCUSSION

In this work, we demonstrate an end-to-end workflow for learning ground-state observables from ex-
perimental quantum data in a large, two-dimensional interacting many-body system. Combining SKQD
with an optimized entangled-basis transformation of the projected Hamiltonian, we obtain approximate
ground states of the Heisenberg XXZ model on heavy-hex lattices with up to 115 qubits. Once trained
on this dataset, the neural networks accurately predict ground-state observables at unseen Hamiltonian
parameters.

Looking ahead, a broader motivation for this workflow is the use of quantum processors to generate
training data for states inaccessible to classical methods. Although gapped two-dimensional local Hamilto-
nians generally satisfy an entanglement area law [1, 18], this scaling does not guarantee an efficient PEPS
representation [2, 19]. Given the known hardness of contracting PEPS [20], quantum computing provides
a scalable alternative for generating ground-state data. As hardware improves, these workflows will enable
classical models to learn from quantum data when classical approximations become prohibitively expensive.
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