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Hamiltonian learning quantum magnets with dynamical impurity tomography
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Nanoscale engineered spin systems, ranging from spins on surfaces to nanographenes, provide flexible
platforms to realize entangled quantum magnets from a bottom-up approach. However, assessing the quantum
many-body Hamiltonian realized in a specific experiment remains an exceptional open challenge, due to the
difficulty of disentangling competing terms accounting for the many-body excitations. Here, we demonstrate
a machine learning strategy to learn a quantum many-body spin Hamiltonian from scanning spectroscopy
measurements of spin excitations. Our methodology leverages the spatially resolved reconstruction of the
many-body excitations induced by depositing quantum impurities next to the quantum magnet. We demonstrate
that our algorithm allows us to predict long-range Heisenberg exchange interactions, anisotropic exchange, and
antisymmetric Dzyaloshinskii-Moriya interaction, including in the presence of sizable noise. Our methodology
establishes defect-induced spatially resolved dynamical excitations in quantum magnets as a powerful strategy
to understand the nature of quantum spin many-body models.

DOI: 10.1103/cw27-2qqd

I. INTRODUCTION

Artificial quantum magnets provide a versatile platform to
explore quantum many-body phenomena, including emergent
entangled quantum spin liquid phases [1-3], and enabling
atomic-scale quantum technologies [3—6]. Manipulation and
measurements with scanning probe microscopy [7,8] pro-
vide precise control over microscopic structure, enabling the
exploration of quantum magnets from a bottom-up strategy
[9,10]. Inelastic spectroscopy [11] and spin resonance [12]
with scanning tunneling spectroscopy allow one to locally
measure spin excitations with high spatial and energy res-
olution [3,6,8,12-20]. Nanoscale magnetic systems exhibit
rich and anisotropic interactions, including Dzyaloshinskii-
Moriya couplings, single-ion anisotropy, and long-range
exchange [16]. When engineering these artificial systems, a
crucial open question is how the Hamiltonian of the system
can be precisely obtained from spectroscopic measurements,
especially in cases with multiple competing interactions.

Impurities act as local perturbations in a quantum mate-
rial, revealing subtle effects in the underlying structure of the
ground state and its many-body excitations. Reconstruction
and scattering around impurities [21] enable imaging elec-
tronic structures through quasiparticle interference [22-24]
and probing their internal geometric topological structure
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[25-29]. Impurity scattering effects can also be exploited in
purely spin systems, enabling probing quasiparticle interfer-
ence of quantum many-body excitations, including spinons
[30-35], magnons [36-39], and triplons [10,18,40]. However,
extracting complex Hamiltonians by leveraging impurities
remains an open challenge, as impurity reconstructions be-
come highly complex in systems with competing interactions.
Machine learning techniques enable strategies to characterize
correlated and topological quantum matter [41-56], including
learning Hamiltonians from complex observables [40,57—-66].
As a result, the combination of machine learning and local
impurities offers a potential strategy to perform Hamiltonian
learning in complex quantum materials [67-74].

Here, we show that spin Hamiltonians with competing
interactions can be extracted from spatially resolved and
frequency-resolved spin excitations as directly accessible with
scanning tunneling microscope (STM) spectroscopy. Our
methodology (Fig. 1) relies on a machine learning strat-
egy to extract the Hamiltonian parameters from local spin
excitations, which leverages engineered quantum magnetic
impurities placed next to spin chains. These impurities trig-
ger a many-body reconstruction of the ground state and
excitations of the quantum magnet, providing the required
information to reconstruct the underlying unperturbed Hamil-
tonian. The parameter extraction is robust to the noise in
spin excitations and provides the parameters instantly once
the algorithm is trained. We show that in the presence of
noise, providing multiple impurity configurations simultane-
ously leads to a more robust Hamiltonian learning method.
Our article is organized as follows, Sec. II gives details of
the many-body spin model in question; Sec. III describes
the machine learning methods used for Hamiltonian param-
eter extraction, data generation, and the inclusion of noise to
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FIG. 1. Hamiltonian learning with impurity tomography. Two
strategies are shown: (a) SingleImp that uses only single-impurity
placement and (b) Multilmp that uses several impurity configu-
rations, both single and several impurities, with variable distance
between impurities. Dynamical correlators of the spin chain are
computed or measured and passed to a machine learning model. The
trained neural network then reconstructs the corresponding Hamilto-
nian of the spin chain.

simulate experimental conditions; in Sec. IV, we present the
results for the Hamiltonian inference; and Sec. V summarizes
our conclusions.

II. MODEL

Artificial quantum systems offer a versatile platform for
engineering desired quantum properties. Here, we focus on a
spin-1/2 Hamiltonian, as realized on multiple platforms, in-
cluding Ti and Cu atoms on MgO [3,75,76]. The Hamiltonian
of the system takes the form

H=7Y S-S;+h Y S8,
(i) (4.0

+I Y SiSi+Jy Yy Si-S;
(i,j) @m

+Jomi ) _D-[8; x 81, e
(i.J)

where Jy, J», J3, Jz, and Jpy are the nearest, next-nearest,
second-next-nearest, nearest anisotropic, and antisymmetric
Dzyaloshinskii-Moriya interaction (DMI) spin exchanges. As
the spin models are on top of a surface, we take D = (0, 0, 1).
Placing a spin chain on a substrate breaks mirror symmetry,
and together with spin-orbit coupling causes an antisymmetric
DMI to occur [16,77,78]. Strong spin-orbit coupling com-
bined with superexchange leads to anisotropic exchange [79].
In light elements, anisotropic exchange and DMI are typically
much smaller than the corresponding isotropic exchange in-
teractions [80]. In heavier elements, isotropic and anisotropic
interactions can become comparable and can be tuned by
choosing suitable elements and adjusting their mutual dis-
tances [81]. Together with the substrate engineering [80,82],
all the interactions can be driven to obey the same magnitude.

Our objective is to use the ability of STM to measure spin
excitations with spatial and frequency resolution, to learn the
many-body Hamiltonian of a quantum magnet. For a pris-
tine system, as the length of the spin chain increases, the
many-body excitations on different spin sites start to become
identical due to the disappearing finite-size effects. As a result,
the spatial resolution of STM would not provide additional
information in the limit of pristine infinite chains. In contrast,
for finite spin chains, confined many-body spin modes will
appear in the system, which directly reflect the dispersion
of the many-body excitations. In general, introducing local
impurities creates site-dependent excitations around the impu-
rity, information that our machine learning methodology will
leverage to learn the Hamiltonian of the system.

The role of impurities in our approach goes beyond simply
breaking translational symmetry. While pristine finite chains
host confined modes, their dynamical correlators become
increasingly homogeneous with system size, and different
Hamiltonian terms can produce highly correlated spectro-
scopic signatures, making parameter disentanglement fragile,
especially in the presence of noise. Local impurities act as
controlled perturbations that selectively couple to many-body
eigenstates, inducing spatially resolved reconstructions of the
excitation spectrum that are strongly sensitive to the micro-
scopic Hamiltonian. This effect is further enhanced when
multiple impurity configurations are considered, as vary-
ing impurity number and separation provides complementary
real-space responses that improve parameter identifiability
and robustness.

In the following, we will focus on moderately large quan-
tum spin models with one or several impurities, whose spectra
show a complex interplay between confined modes and impu-
rity reconstructions. Localized impurities can be engineered
by depositing additional atoms close to the spin chain. For
the sake of concreteness, we take that the impurity atom only
couples to the site closest to it as

Himpurity-chain =A Z (Sot; ' Sﬂ/)a (2)
(i, B)

where A is the strength of the perturbation, «; is the spin site
in the chain to which the closest impurity couples, and B, is
the site corresponding to the impurity atom.

Spin spectral function

The spin Hamiltonian determines the different energies at
which spin excitations can occur in the system. The dynamical
correlator provides information on all possible excitations at
zero temperature:

S (@) = (GS]S; 8(w — H + Egs) S, |GS), 3

where S is the spin operator S acting on the site n for which
a € {x,y, z}, |GS) is the ground state of the many-body Hamil-
tonian, w is the frequency, and Egg is the ground-state energy.

The spectral function above can be explicitly expanded by
inserting a complete set of eigenstates |o) of the Hamiltonian,
which makes clear that the correlator encodes all possible spin
excitations:

8(w —H + Egs) = Z la) (x| 8(w — Ey + Egs), (4

o
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FIG. 2. Impurity configurations and impact in the many-body excitations. Impurities are added to a quantum spin model in different
locations, triggering different many-body reconstructions depending on the Hamiltonian. Examples show how different dominating parameters
affect the appearance of the dynamical correlators. (a) Only one impurity is placed next to the spin chain. (b) Two impurities are placed one

spin apart. (c) Two impurities are placed three spins apart.

so that
Si(@) = Y alS{IGS)* (@ — Ey + Egs).  (5)

This formulation shows that the dynamical correlator Si“(w)
directly contains the spectral weight of the excited states «,
each corresponding to one additional spin excitation relative
to the ground state. This object can be computed with a tensor
network Chebyshev kernel polynomial [8§3-88].

These spin excitations can be probed with STM-electron
spin resonance (ESR) [6,8,12-15,89,90] or via inelastic
electron tunneling spectroscopy (IETS) [11,91-94]. In
tunneling spectroscopy, the dynamical correlator in Eq. (3)
corresponds to the second derivative of the measured
tunneling current through the sample:
a1
dav?’
where I is the observed dc tunnel current through the sample,
V is the applied bias voltage, and w is the frequency [13].

We note that this relation holds at low energies, well below
the electronic repulsion of the sites. The inferred spin Hamil-
tonian should be interpreted as an effective low-energy model
capturing the dominant interactions governing the observed
excitations. Furthermore, the direct relationship of Eq. (6)
holds at zero temperature, and in the absence of Kondo cou-
pling and out-of-equilibrium effects. However, in the presence
of Kondo coupling [95,96] or out-of-equilibrium dynamics
[97,98], such direct correspondence is no longer valid, and a
full many-body solution of the current is required. It is worth
noting that while we do not perform such a generalized solu-
tion in our article, our methodology can be adapted to those
scenarios by replacing our computed dynamical correlator by
the many-body solution of the d1/dV[96,98].

In the following, we perform the training of the algorithm
with the cumulative integrals of the dynamical correlators,

S (@) ~ (6)

equivalent to the differential conductance in spectroscopy:
/ ' S(w)d a @)
w)dw ~ ——.
0 dv

The many-body spin excitations depend on the Hamilto-
nian, which is directly reflected in the dynamical correlators.
For Hamiltonians with a single dominant parameter, the dy-
namical excitations are easily distinguishable. In contrast,
quantitatively extracting the value of multiple parameters is
a remarkable challenge, especially when several fall within
comparable magnitudes and no single parameter is domi-
nant. Distinguishing these correlators directly represents a
nontrivial problem, as the isotropic terms J, and J3 produce
similar excitations, and the anisotropic terms also comparably
influence the correlators. Figure 2(b) shows how different
dominating parameters affect the appearance of the dynam-
ical correlators. Furthermore, experiments include noise that
affects the available data, making parameter extraction even
more challenging.

III. MACHINE LEARNING METHODOLOGY

Mapping the dynamical correlators to the underlying
Hamiltonian cannot be achieved in a straightforward manner.
Here, we present an approach to address this complex inverse
problem by using computationally generated dynamical corre-
lators to guide parameter inference through machine learning.
Since the bias-integrated dynamical correlator directly corre-
sponds to the differential conductance j{, measured in STM
experiments, this establishes a clear and quantitative bridge
between theory and experiment. In this way, our method en-
ables an experimentally realistic analysis of spin excitations,
allowing the extraction of Hamiltonian parameters and pro-
viding valuable insight into the fundamental properties of the
system.
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FIG. 3. Fidelities of Hamiltonian learning as a function of in-
creasing amount of noise x. The NN Singlelmp is trained with
single-impurity dataset [Fig. 1(a)] and the Multilmp is trained with
concatenated datasets from multiple impurity placements [Fig. 1(b)].
Error bars indicate the standard deviation of fidelity values obtained
over ten stochastic runs.

Here, we employ a supervised neural network (NN) to
infer Hamiltonian parameters from the dynamical correlators
of spin chains. We note that the model is implemented as a
feedforward neural network (FFNN), which is well suited to
our principal component analysis (PCA) compressed spectral
inputs where relevant information is encoded in nonlocal cor-
relations rather than local features. The details of the NN ar-
chitecture and training procedure are provided in Appendix B.

A. Impurity configurations in spin chains

We consider a spin chain consisting of 21 spins and analyze
three different systems, each characterized by distinct impu-
rity configurations obtained by tuning the separation between
the impurities (Fig. 2). To motivate our choice of systems,
we note that in an infinitely long spin chain the physics is
translationally invariant. Therefore, shifting a single impurity
from one site to another does not alter the system. In a finite
chain of 21 spins, we instead vary the number and symmetric
placement of impurities.

In our setup, the spin chain sites are numbered starting
from zero. For the first system, we placed a single-impurity
atom adjacent to the middle of the chain, at site 10. In the
second configuration, two impurities were positioned adja-
cent to sites 9 and 11, while in the third configuration, two
impurities were placed adjacent to sites 8 and 12, three sites
apart from each other. This progression allows us to mimic the
infinite-chain behavior while preserving reflection symmetry
and minimizing boundary effects, ensuring that any differ-

ences in the results can be attributed to impurity number and
separation rather than trivial edge effects.

B. Data generation

We computed more than 400 dynamical correlators S(w)
for xx and zz components across the different systems using
the MPS-KPM method. The zz component was included be-
cause the impurity spins are primarily coupled along the z
axis. Since the Dzyaloshinskii-Moriya interaction with D | z
couples the x and y spin components symmetrically, we in-
cluded only the xx component to represent the transverse spin
response.

The Hamiltonian parameters were randomly sampled from
a uniform distribution for each sample and kept identical
across all three systems. Details of data generation and pa-
rameter ranges can be found in Appendix A. For each system,
we took the cumulative integrals of the correlators, and the
resulting samples were concatenated to form the dataset. Two
datasets were used for training. The first dataset included only
the correlators where the impurity atom was adjacent to the
middle site [Fig. 1(a)] and it was used to train the SingleImp
network. The second dataset was constructed by concatenat-
ing correlators from all three impurity placements [Fig. 1(b)],
ensuring that correlators with identical Hamiltonian param-
eters were combined into a single sample. This dataset was
used to train the Multilmp network.

C. Inclusion of noise

To demonstrate that our algorithm adopts an experimen-
tally realistic approach to Hamiltonian parameter learning,
we incorporate controlled stochastic noise into the tunneling
junction signal. The noise represents random experimental
fluctuations and is modeled as an additive, frequency-
dependent Gaussian contribution:

dl dl
<W>n0isy(w) = W(w) + ¢ (w), (8)

where ¢(w) denotes a Gaussian random variable with zero
mean and width x - . Here, o is the standard deviation of the
5—‘1/((1)) values across the training or test set, and x is a noise-
strength parameter controlling the overall level of fluctuations.

We note that the noise parameter y is introduced as
a normalized, dimensionless quantity that scales the noise
amplitude relative to the intrinsic variance of the tunneling
spectra, rather than being calibrated to a specific experimen-
tal setup. In practice, x acts as phenomenological control
parameter that scales the noise amplitude relative to the
intrinsic variance of the tunneling spectra, including in an
effective manner noise arising from multiple different sources
[40,57,60,64,66,73,74,99]. This choice enables a system in-
dependent benchmarking of robustness, avoiding dependence
on setup-specific quantities such as absolute current levels or
tip conditions. Noise levels x ~ 0.5-1 correspond to regimes
where spectral features are visibly broadened but remain ex-
perimentally resolvable, consistent with typical STM-IETS
and STM-ESR measurements [100,101].

For each Hamiltonian realization, {(w) is independently
sampled at every discrete frequency point, resulting in un-
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FIG. 4. Noiseless Hamiltonian learning. Comparison between true dynamical correlators [panels (a) and (d)] and dynamical correlators
obtained from the parameters by the Hamiltonian learning algorithms [panels (b), (c), (e), and ()], using the SingleImp [panels (b) and (e)]
and Multilmp [panels (c) and (f)] algorithms. Panels (a)—(c) show the S, dynamical correlator, and panels (d)—(f) S,; dynamical correlator.
Predictions are made under no-noise conditions of x = 0.0 and with impurity coupling of A = 0.122. We have observed that for pristine

dynamical correlators, both networks perform similarly.

correlated Gaussian offsets along the spectrum. Further
implementation details are provided in Appendix B.

D. Robustness against noise

To evaluate how the prediction accuracy decays as a
function of noise strength, we compute the fidelities of the
predictions defined as the following metrics [40,67,73]:

|<ApredAtrue> _ (Apred><Atrue)|
/C(Atrue)C(Apred)

where A" represents the true values, APred represents the
predicted values, and C(X) = (X?) — (X)? denotes the cumu-
lant of a certain variable X . The fidelity F just takes values in
the [0, 1], where F = 1 indicates perfect prediction accuracy
(A = APed) while F =0 corresponds to no predictive
accuracy.

f(ApI’ed’ Atrue) — (9)

IV. NOISELESS AND NOISY HAMILTONIAN LEARNING

We first exemplify our algorithm with non-noisy data,
demonstrated in Fig. 3. While the limit of noiseless data is
not experimentally significant, it provides a useful demon-
stration of the single impurity and multi-impurity strategies.
Both networks perform similarly with perfect data, having the

fidelity values of Fj, = 0.99, Fjz = 0.99, Fj3 = 0.99, and
Fipmr = 0.96. This is illustrated in Fig. 4, where dynami-
cal correlators are reconstructed via DMRG-KPM based on
the predictions provided by both networks. The predictions
of Jpmp are slightly worse compared to the other parameter
predictions. The lower accuracy in the prediction of Jpy can
be rationalized from the fact that extracting effects stemming
from off-diagonal coupling is a more challenging problem.
This will be observed even more clearly in the presence of
noise.

To evaluate the robustness of our algorithm, we now use the
trained networks to predict the parameters from the noisy data
under varying levels of input noise. The fidelity between the
predicted and true values was calculated for each parameter of
interest. This process was done across ten stochastic runs for
each noise level to obtain a distribution of fidelities. For each
value of the noise parameter y, Gaussian noise with zero mean
and standard deviation proportional to x was added to the
test data. We used unseeded randomness to simulate different
noise realizations in each run. The average fidelities for each
value of x were computed, and the results are shown in Fig. 3.
With noise of x = 1.0, the fidelities for the single-impurity al-
gorithm Singlelmp are Fj, = 0.96, Fjz = 0.97, Fj3 = 0.96,
and Fypmy = 0.82, whereas for Multilmp fidelities are Fj, =
0.98, Fiz = 0.98, Fj3 = 0.98, and Fippr = 0.89. When eval-
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FIG. 5. Noisy Hamiltonian learning. Many-body dynamical correlators, comparing true [panels (a) and (d)] and predicted many-body
excitations [panels (b), (c), (e), and (f)], obtained by SingleImp [panels (b) and (e)] and Multilmp [panels (c) and (f)] algorithms. Predictions
are made under noise conditions of y = 1.0 and with impurity coupling of A = 0.122. Panels (a)—(c) show the S, dynamical correlator, and
panels (d)-(f) the S, dynamical correlator. It is observed that the Multilmp network performs a more faithful prediction, in particular, leading
to spectral functions that agree with the original ones in small features that SingleImp does not account for.

uating with a noisy dataset, Multilmp performs significantly
better than SingleImp. The fidelities for J,, Jz, and J3 re-
main almost stable even up to x = 1.5, whereas the fidelity
for Jpvp decreases remarkably when x > 1.0. It is worth
noting that fidelity values remain higher for all parame-
ters when the network is trained with concatenated datasets
from multiple impurity placements. This is demonstrated in
Fig. 5. By extracting the Hamiltonian parameters via both
neural networks and reconstructing the dynamical correla-
tors via DMRG-KPM, the Multilmp reconstructed dynamical
correlators correspond better to the true correlators than the
SingleImp reconstructions.

The lower fidelity in the prediction of Jpyg can be at-
tributed to the fact that the network is trained using only
diagonal dynamical correlators S*(w), while neglecting off-
diagonal terms S%(w) with a # b, which more directly
encode antisymmetric interactions. Including such contribu-
tions would likely improve the accuracy of Jpmp, but they
remain challenging to access experimentally, providing a
practical justification for our approach.

We also emphasize that the Hamiltonian considered here
does not aim to exhaustively capture all interactions present
in real quantum magnets. Instead, we focus on the domi-
nant exchange, anisotropic, and Dzyaloshinskii-Moriya terms

relevant for a broad class of spin-1/2 systems on sur-
faces. Additional effects, such as further-neighbor couplings,
impurity-induced renormalizations, or dipolar interactions,
may be present but are typically subleading in experimen-
tally relevant regimes. Importantly, the proposed framework
is not restricted to this specific model: Additional interaction
terms can be incorporated by extending the training dataset
and output parameter space. In this context, multi-impurity
tomography is particularly advantageous, as it provides
complementary information that enhances parameter iden-
tifiability when multiple interactions compete. Overall, our
results establish a robust and experimentally relevant proof
of principle for Hamiltonian learning, rather than a complete
microscopic description of all possible systems.

Finally, we note that our methodology assumes that impuri-
ties act as weak, local perturbations probing a fixed underlying
many-body Hamiltonian. As such, it is directly applicable to
localized spin systems dominated by short-range exchange
interactions. Regimes involving strong hybridization with
itinerant electrons, Kondo screening, or impurity-induced
modifications of the effective Hamiltonian fall outside the
scope of the present work. In such cases, alternative ap-
proaches based on effective low-energy models or data-driven
methods tailored to itinerant systems may be required.
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V. CONCLUSION

Here, we demonstrated a machine learning strategy that
leverages local impurity spins to extract the spin Hamil-
tonian of quantum magnets. Our methodology relies on
using the reconstruction of the many-body spin excitations to
map the underlying Hamiltonian by exploiting the frequency
and spatial resolution of scanning probe spectroscopy. Our
methodology enables learning of complex quantum many-
body Hamiltonians, which is often challenging to achieve
using traditional techniques. Our results are based on simu-
lated dynamical correlator functions, which enabled training
a machine learning algorithm. Using dynamical correlators
that are available in IETS and STM-ESR measurements, the
underlying parameters can be extracted from measurements
reflecting local spin excitations. We demonstrated two al-
gorithms, one using a single impurity and a second one
using multiple impurities simultaneously. The usage of sev-
eral impurities provides robustness against significant noise
in the dynamical spin excitations, a feature of substantial
importance for realistic Hamiltonian inference from experi-
mental data. Furthermore, while Hamiltonian extraction could
be performed from a multidimensional fitting, such a pro-
cedure requires solving a sequential set of Hamiltonians,
which becomes unfeasible for complex quantum many-body
Hamiltonians. In stark contrast, our methodology allows us
to extract the parameters from the measured spectral func-
tion instantly once it is trained. Finally, it is worth noting
that although our strategy focused on quantum spin models,
analogous methodologies can enable learning Hamiltonians
of other complex strongly correlated states of matter, rang-
ing from correlated metals, fractional topological states, and
correlated superconductors. Our methodology puts forward
impurity-driven excitations as a flexible knob to train machine
learning methodologies to perform Hamiltonian learning in
quantum many-body magnets.
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TABLE I. NN architecture. The number of PCA components:
124 for Multilmp and 126 for SingleImp.

Layer type Nodes
InputLayer Num of PCA components
Dense 500

Dropout 5% dropout

Dense 200

Dense 100

Dense 4

APPENDIX A: MANY-BODY DATA GENERATION

We took J; as the energy scale and randomly sampled
the parameters J,, Jz, and J3 in the range [—0.5,0.5] and
Jomr € [0, 0.5]. Jpmy values were drawn from the positive
range, since the sign of the interaction does not produce a
difference in the dynamical correlators. We also sampled the
perturbation strength randomly from an interval A € [0.1, 0.3]
for each sample. In this range, the perturbation is great
enough to produce a significant effect, but small enough
to remain as a perturbation to the system. The parameter
ranges were chosen to reflect the range of interactions ob-
served in the experimental setups and be suitable for the
training of the machine learning model. These intervals also
ensured that the Hamiltonian captures both ferromagnetic and
antiferromagnetic couplings, as well as possibly other exotic
quantum phases.

APPENDIX B: NEURAL NETWORK ARCHITECTURE

The Hamiltonian parameters were normalized to the range
[0, 1] before training of the networks. We computed ten differ-
ent noisy copies of each data sample with increasing values of
x up to x = 0.1, where the noise width was defined as x - o
and o is the standard deviation of the %(w) values across
the training set. The neural network was then trained using
both the noiseless dataset and the noisy samples to improve
accuracy under experimentally realistic conditions.

We used the network architecture shown in Table 1.

Each layer uses ReLU as an activation function and kernel
initializer GlorotUniform(3) for repeatability. A dropout layer
is used as a regularization method with a dropout percentage
5%. We apply PCA on the dataset with the cumulative ex-
plained variance of 99% to reduce noise and dimensions of
the dynamical correlators. We chose ADAM as an optimizer
and ran the NN over 600 epochs with a batch size of 100. We
evaluated the model by observing mean squared error loss and
fidelity.

To compute the fidelities, we introduced random noise into
the dynamical correlator testing dataset. For each noise level
X, we generated ten independent noisy datasets by adding
different realizations of random noise to the correlators, where
the noise width was defined as x - ¢ and o corresponds to
the standard deviation of the j—é(w) values across the test
set. The trained models were then used to predict the system
parameters for each noisy dataset, and the fidelities of these
predictions were averaged. This process was repeated for a
range of increasing x values, allowing us to obtain averaged
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fidelities (Fig. 3) and smooth curves despite the inherent ran-
domness introduced by the noise.

It is worth noting that we employ an FFNN rather than a
convolutional architecture. This choice is motivated by the
structure of the input data: After PCA preprocessing, the
dynamical correlators are represented as global feature vec-
tors where relevant information is distributed across nonlocal
correlations. In this setting, convolutional filters designed to
capture local patterns do not provide a clear advantage. We
emphasize that the methodology is not restricted to this archi-
tecture, and alternative models could be explored for different
data representations.

The trained models and data are available in GitHub [102]
and Zenodo [103].

APPENDIX C: ROBUSTNESS AGAINST MODEL
MISSPECIFICATION

One possibility in experiments is that a certain interaction
is present that was not originally considered in the theoretical
training set, which is known as model misspecification. To
assess the robustness of the Hamiltonian-learning framework
against model misspecification, we perform a controlled val-
idation test in which the neural network is trained on the
Hamiltonian introduced in Sec. II, while the test spectra are
generated from an extended Hamiltonian including an ad-
ditional fourth-neighbor exchange interaction J; not present
during training.

Starting from the representative sample shown in Fig. 4, we
generate spectra for increasing values of Js and evaluate the
reconstruction accuracy of both the SingleImp and Multilmp
models. For each exchange coupling, we define the unper-
turbed prediction (E) as

lefrEd _ Jml°|
- n 1 , (C1)

E() = 100<1 - Jmax _ jmin

where J™ and J™" correspond to the limits of the training
range. The reported accuracy is obtained by averaging over
all exchange couplings of the test sample.
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FIG. 6. Prediction accuracy (&(J,)),<3 vs the strength of an
unmodeled fourth-neighbor interaction J4. The models are trained
without J; and tested on spectra generated with finite J4. Accuracy is
computed from Eq. (C1) and averaged over all exchange couplings.

Figure 6 shows the resulting unperturbed prediction as a
function of J;. Both models achieve high accuracy in the
absence of model mismatch (J; = 0), while the reconstruction
quality progressively decreases as the strength of the unmod-
eled interaction increases. This behavior is expected, since the
spectral signatures associated with J; may not be represented
within the Hamiltonian class used during training and are
therefore absorbed into the inferred shorter-range couplings.
The current calculation shows the ability of the algorithm to
represent spectra without Jy, but 2 itself is not a measure of
accuracy for non-zero Jy.

These results indicate that the method is robust against
weak deviations from the assumed Hamiltonian, while pro-
viding a clear quantitative signature when relevant interaction
terms are missing from the model. In principle, such missing
interactions can be incorporated straightforwardly by extend-
ing the training Hamiltonian and treating the corresponding
coupling constants as additional learning targets. For example,
in the present case, the reconstruction of spectra containing
finite J; interactions would require generating training data
with varying Jy values and including J; among the parameters
inferred by the neural network.
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