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Capturing dynamical correlations using
implicit neural representations

Sathya R. Chitturi 1,2 , Zhurun Ji 3,4 , Alexander N. Petsch 1,5,6 ,
Cheng Peng5, Zhantao Chen5, Rajan Plumley1,5,7, Mike Dunne1,
Sougata Mardanya 8, Sugata Chowdhury8, Hongwei Chen 9, Arun Bansil 9,
Adrian Feiguin 9, Alexander I. Kolesnikov 10, Dharmalingam Prabhakaran 11,
Stephen M. Hayden 6, Daniel Ratner1, Chunjing Jia 1,5,12, Youssef Nashed1 &
Joshua J. Turner 1,5

Understanding the nature and origin of collective excitations in materials is of
fundamental importance for unraveling the underlying physics of a many-
body system. Excitation spectra are usually obtained by measuring the dyna-
mical structure factor, S(Q,ω), using inelastic neutron or x-ray scattering
techniques and are analyzed by comparing the experimental results against
calculated predictions. We introduce a data-driven analysis tool which
leverages ‘neural implicit representations’ that are specifically tailored for
handling spectrographic measurements and are able to efficiently obtain
unknown parameters from experimental data via automatic differentiation. In
this work, we employ linear spin wave theory simulations to train a machine
learning platform, enabling precise exchange parameter extraction from
inelastic neutron scattering data on the square-lattice spin-1 antiferromagnet
La2NiO4, showcasing a viable pathway towards automatic refinement of
advanced models for ordered magnetic systems.

Quantum matter, as featured by the existence of macroscopic orders
from microscopic spin and/or charge arrangements or other phases
with spontaneous symmetry breaking, represents an abundant and
complex class of materials in condensed matter physics. For example,
the magnetic configuration of a material and its dynamics are often
driven by competing effects of multiple interactions as well as crys-
talline symmetries. The collective spin excitations in most magnetic
materials, such as spin waves or magnons, act as probes of those
interactions. The associated dispersion relations and correlations are
key for developing potential applications, which include next-

generation spintronics devices, as well as new strategies for carrying,
transferring, and storing information1–3.

A primary aim of the last few decades has been to characterize
wide classes of excitations, and this has been facilitated by advances in
spectroscopic techniques, such as neutron scattering4–7. These tech-
niques use the kinematics of scattered neutrons to obtain dispersion
relations, lifetimes, and amplitudes of spin excitations. Neutron scat-
tering studies are, however, challenging due to the paucity of available
neutron sources, low neutron flux compared to other sources, and
small neutron scattering cross sections. As a result, the question of
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how the efficiency of neutron experiments could be enhanced is
drawing considerable interest in the field8, 9. Notably, the interpreta-
tion of neutron scattering spectra can be challenging and time-
consuming due to the complex nature of the physical processes
involved, the diversity of samples, and the limited knowledge often
provided by theoretical modeling. It is clear that there is an urgent
need for collaboration among experiment, theory, and data science to
accelerate the understanding of spin-related properties of materials10.

As the rates of data collection continue to increase rapidly,
especially with the advent of next-generation X-ray free electron laser
facilities and the ability to collect hyper-dimensional datasets, it is
important to develop techniques for real-time modeling and analysis
of experimental spectra. The ability to perform ‘on-the-fly’ fitting11

would enable efficient use of expensive beamtime by ascertaining
when sufficient data has been collected, as well as by coupling to
adaptive sampling methods to gain the most information about
parameters of interest with the least number of measurements. Cur-
rently, real-time fitting for neutron scattering data can require sub-
stantial preparation. For example, direct fitting with the software
package SpinW12 requires the extraction of the eigenmodes of the
system and therefore, needs an accurate, and preferably automatic,
peak extraction algorithm. When the chosen paths in reciprocal space
are numerous or the dispersion relations change significantly along
those paths, this can involve significant human guidance and mon-
itoring. In addition, fitting directly with SpinW does not take into
consideration the magnon peak intensities or their shapes. Approa-
ches tofit peak intensities and shapes directly, such asMulti- or Tobyfit
implemented in HORACE13, are possible alternatives – however, these
fitting procedures still require significant human guidance and are
either slow and therefore incompatible with data acquisition rates or
else they require an analytical, rapidly calculable spin wave model.
Finding such a model is usually only feasible for simpler systems with
minimal magnetic frustration or a low number of magnetically
distinct sites.

Machine learning methods have recently been utilized in the
analysis of x-ray and neutron scattering measurements to
improve the accuracy and speed of data interpretation10,14. Con-
volutional neural networks, trained on linear spin wave simula-
tions, have been applied to inelastic neutron scattering
measurements to discriminate between two plausible magnetic
exchange models14,15. As these models are typically trained on
simulated profiles, achieving robust prediction generally requires
detailed modeling and corrective dataset augmentations of
experimental effects accounting for attributes such as back-
ground noise, missing data, and matching instrumental
profiles15–17. Recently, a cycleGAN approach, which makes
experimental data look like simulated data has been proposed as
a way to improve model robustness16. In cases where the desired
observables have continuous values, such approaches are often
highly sensitive to background noise and other effects18. To pre-
dict continuous Hamiltonian parameters from static and inelastic
neutron scattering data, previous approaches have utilized a
combination of an autoencoder neural network, used for data
compression, and a generative model, used for forward
prediction14,19–21. This pipeline has been shown to return excellent
results on fully collected data but has not previously been applied
to the setting of on-the-fly parameter extraction.

Prior machine learning efforts in the neutron scattering commu-
nity have relied on traditional image-based data representations. A
promising direction in this field can be capitalized on with the intro-
duction of a new paradigm of data modeling based on neural implicit
representations22,23. Such models are often described as coordinate
networks as they take a coordinate as input and typically output a
single scalar or a small set of scalars. In computational imaging appli-
cations, these networks learnmappings from pixel coordinates (i, j) to

an RGB value representing the color of that pixel. The coordinate-
based representation encodes the image implicitly through a set of
trainable weights and can be used to make predictions at sub-pixel
scales. Thesemodels have been shown to be able to accurately capture
high-frequency features in images and scenes and have been particu-
larly successful at tasks such as 3D-shape representation and recon-
struction. Furthermore, gradients and higher-order derivatives of the
implicit representation can be readily calculated and used for solving
inverse-problems22,24–26.

In this work, we develop a neural implicit representation for
the dynamical structure factor, S(Q, ω), as a function of energy
transfer (ℏω), momentum transfer (Q), and Hamiltonian para-
meter coordinates. The dynamical structure factor is a general
function measured in many inelastic x-ray and neutron experi-
ments and is related to different correlation functions of the
probed order, see “Methods” section for further details. To
demonstrate the versatility of our method, we report the results
using a series of calculations based on mean field theory through
the linear spin wave theory (LSWT) framework27. We simulate
LSWT spectra for a spin-1 square-lattice Heisenberg model
Hamiltonian over a large phase space of Hamiltonian parameters
and use it to train a neural implicit representation. The model is
applied to experimental time-of-flight neutron spectroscopy
data28 taken on the quasi-2D Néel antiferromagnet La2NiO4, and
leverages a GPU-based optimization procedure to return the
Hamiltonian parameters that represent the system under study. In
particular, the method does not rely on peak fitting algorithms
and performs well under low signal-to-noise ratio scenarios. To
gain further insight, we use a Monte-Carlo simulation of the
experimental data collection process to demonstrate the poten-
tial of our approach for continuous in-situ analysis to provide
guidance on when an adequate amount of data has been collected
to conclude the experiment. Collectively, these findings pave the
way for conducting scattering experiments in a streamlined and
efficient manner, and open exciting new avenues to swiftly
unravel the parameterization of underlying dynamical models.

Results
Neural implicit representation modeling
Our machine learning framework is based on the concept of implicit
neural representations which aremachine learningmodels that can be
used to store images (or hypervolumes) via trainable network para-
meters. Accordingly, we develop a neural implicit representation for
the dynamical structure factor across different model Hamiltonian
parameters. Our Hamiltonian, which corresponds to an extended
nearest-neighbor Heisenberg model, is given by Eq. (1)7,29.

H = J
X
hi,ji

Ŝi � Ŝj + Jp
X
hi,j0i

Ŝi � Ŝj0, ð1Þ

As depicted in Fig. 1a, J and Jp are the first- and second-nearest-
neighbor Heisenberg exchange coupling parameters on a square
lattice. Thus, for Qx and Qy, a square-lattice notation is utilized with a
and b corresponding to the vectors connecting the first nearest
neighbors or opposing edges of the square, respectively.

The specific implicit neural representation presented in this work
is a Sinusoidal Representation Network (SIREN)22, which is a fully-
connected neural network30 with sinusoidal activation functions that
accepts coordinates as input. Our SIREN model is trained to approx-
imate the scalar function logð1 + SðQ,ω, J, JpÞÞ 2 R1

+ (a real positive
number {x∈R∣x > 0}), which is a logarithmic transformation of the
dynamical structure factor evaluated at a specific Q 2 R3 (3 dimen-
sional, reciprocal lattice vector in reciprocal lattice units (r.l.u.)), _ω 2
R1 (energy transfer in units of meV) and J, Jp 2 R1 (specific Hamilto-
nian coupling parameters in units of meV). We use the logarithm to
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increase the weighting of weaker features in the data and add one to
prevent ill-conditioned behavior around zero.

The functional form of the SIREN neural network, denoted as Φ,
involves applying a series of matrix multiplications, vector additions
and sinusoidal operations to the coordinate vector Q,ω,J,Jp

h i⊺ 2 R6

(Eq. (2)).

h0 = sinðW0 Q,ω, J, Jp
h i⊺

+b0Þ
hi = sinðWihi�1 +biÞwith i 2 f1, 2, 3g
Φ= ðW4h3Þ+ b4

ð2Þ

Here, b0 2 R6, fb1,b2,b3g 2 R64,b4 2 R1,W0 2 R64×6, fW 1,W 2,
W 3g 2 R64×64 and W4 2 R1 × 64 are vectors and matrices, respectively,
that are learnedduring the training process to ensure thatΦ(Q, ω, J, Jp)
mimics logð1 + SðQ,ω, J, JpÞÞ as closely as possible. Graphically,
W0,W1,W2, and W3 correspond to the weights between the first four
layers of the network which are transformed by applying the sine
function in an element-wise manner.W4 represents the weights for the
final layer forwhich only a linear function is applied. This specific neural
architecture is also illustrated in Fig. 1c.

We note that although our model is written for three-dimensional
Q, the neutronprofiles used in the following sections donot include aQz

component due to limited sample orientations. Themodel is trained on
1200 LSWT simulations of S(Qlist,ωlist) over a large set of possible J and Jp

values and on two paths in reciprocal space (Fig. 1b).Q-path 1 and 2 are
denoted as P→M→X→ P→ Γ→X and P1→M1→X1→P1→ Γ1→X1 which
correspond to Qpath1 =

3
4

1
4 0

� �
, 1
2

1
2 0

� �
, 1
2 00
� �

, 3
4

1
4 0

� �
, 1 00½ �, 1

2 00
� �� �

and Qpath2 = �0:070:030½ �+Qpath1. Here,Qlist 2 RNQ and ωlist 2 RNω is
an overloaded notation which refers to a series of NQ and Nω points in
the (Q,ω)-space, respectively.

Once the differentiable neural implicit model is trained, it is
possible to use gradient-based optimization to solve the inverse pro-
blem of determining the unknown J and Jp parameters from data. Our
objective function for the optimization task measures the Pearson
correlation coefficient (r) between logð1 + SðQ,ω, J, JpÞÞ and the
machine learning prediction (Equation (3)).

L = 1� rðlogð1 + SmeasuredÞ,ΦðQ,ω, J, JpÞÞ ð3Þ

We use the correlation as the metric because the normal-
ization factors between the experiment and simulation are here
unknown. Using the logarithmic transformation is favorable as it
enhances the weighting of the coherent excitation at high ℏω and
further helps evade contamination due to statistical noise in the
elastic and incoherent-inelastic scattering, which arises primarily
at low ℏω and that cannot be removed by background subtrac-
tion. The normalization scheme is important since we are not
aiming to fully describe the spectral weights, which would require
the exact handling of all individual neutrons in the full three-
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Fig. 1 | Overview of machine learning pipeline, model Hamiltonian and reci-
procal space paths. a Ni4O4 square-lattice plaquette in La2NiO4. J (Jp) is the first
(second) nearest-neighbor interaction and a and b indicate the square-lattice unit
vectors. b The Brillouin zone for the spin-1 square-lattice magnetic structure.
Selected high-symmetry points are indicated. The two momentum paths are
denoted by the purple and orange lines, respectively. c Visualization of the SIREN
neural network for predicting the scalar dynamical structure factor intensity. All
nodes in adjacent layers are connected to each other in a fully-connected

architecture. The notation 64 × 3 and 64 × 1, represent three and one neural net-
work layers with 64 neurons and with sinusoidal and linear activation functions,
respectively. Neural network bias vectors are omitted for clarity. d Visualization of
the distribution of training, test, and validation data in J-Jp space. e Synthetic S(Q,ω)
predictions from the SIREN model along the corresponding trajectory shown in d.
Grid lines correspond to [0, 50, 100, 150, 200] meV and [P, M, X, P, Γ, X] for the
energy and wave vector, respectively.
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dimensional Q-space, instead of the averaged weight in the
reduced two-dimensional Q-space. During optimization, any
subset of (Qlist,ωlist) coordinates can be chosen as long as they
fall along either of the paths defined in Fig. 1b. Here, we note that
from an inference point of view, any momentum or energy
coordinates could be chosen, however our training data only
includes two reciprocal-space paths. To determine the Hamilto-
nian parameters, J and Jp are treated as free parameters in the
optimization problem. The objective in Eq. (3) is optimized using
the Adam optimizer31, a commonly used gradient-based optimi-
zation algorithm that exploits the automatic differentiation cap-
abilities in Tensorflow32 to calculate dL

dJ and dL
dJp

, see “Methods”
section for details.

In our technique, it is not necessary to use all sets of Qlist, ωlist

along both paths to perform the fitting. Instead, random batches of
coordinates (Qbatch, ωbatch) can be queried at each optimization
iteration in order to improve computational efficiency and converge to
a better minimum, in a manner similar to the regularization effects of
stochastic gradient descent33. Pseudo-code for the optimization pro-
cedure is provided in Algorithm 1.

Algorithm 1. Differentiable Neural Optimization
while N<MaxIter do
Qbatch,ωbatch, Sbatch ~ [Qlist,ωlist, Slist]
logð1 + SpredÞ=ΦðQbatch,ωbatch, J, JpÞ
J, Jp←ADAM(L(Sbatch, Spred))

end while

Application to La2NiO4

We first characterize the performance of our machine learning fra-
mework on simulated SpinWdata in order to demonstrate the viability
of using a neural implicit representation for the LSWT simulator.
Figure 1e demonstrates the ability of our implicit model to generate
new predictions for S(Q,ω) under Hamiltonian parameter ranges that
lie outside the training data. Figure 2 provides a comparison between
the LSWT and machine learning simulation with specific values of the
input parameters (J = 45.57meV and Jp = 2.45meV). In this example, the
machine learning framework was fed (J, Jp) directly (instead of
obtaining these parameters using gradient descent through the neural
representation). The machine learning prediction and the LSWT
simulation are seen to be almost indistinguishable. A quantitative
analysis of the difference between simulation and prediction is pro-
vided in Supplementary Fig. 2.

Although our model can clearly approximate simulated data well,
our main motivation, however, is to provide a tool that can reliably
extract the spin Hamiltonian parameters of interest from real,
experimental data. For this reason, we applied our method to the
measured inelastic neutron scattering data (after an automatic back-
ground-subtraction) taken from the quasi-2D Néel antiferromagnet
La2NiO4. Experimental data prior to background subtraction are
shown in Supplementary Fig. 1. Though a full 3D dataset was collected,
we chose twopaths inQ-space to simulatemany spectra for a rangeof J
and Jp for the model training prior to any inclusion of real data. After
the model was trained on the two simulated paths, we applied Algo-
rithm 1 to determine J and Jp from the data. The optimization for both
experimental paths was performed jointly, and therefore, the fit
parameters are the same for both cases. Our approach was found to
yield excellent predictions, both qualitatively and quantitatively, rela-
tive to the results of a detailed and expensive analytical fit, as shown in
Fig. 3a, b. The analytical parameters in the LSTW limit, adapted from
Petsch et al.28, are J = 29.00(8)meV and Jp = 1.67(5)meV. The para-
meters obtained from our machine learning fitting are J = 29.68meV
and Jp = 1.70meV. We also experimented with fitting each path
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independently and also obtained similar predictions; for path 2, this is
especially notable since a significant portion of the experimental data
is missing in this case, see Supplementary Fig. 3. Supplementary Fig-
ure 4 provides fitting results from SpinWwith algorithmic peak-fitting,
which yields similar results for this dataset.

Since our neural implicit model is computationally inexpensive to
evaluate, we also constructed a loss landscape of the objective func-
tion with respect to J and Jp. The objective function is found to be well-
behaved and the gradient descent scheme finds a fit close to the
analytical result (Fig. 3e). We emphasize that the only information
provided to the algorithm is the knowledge of a region of the (Q, ℏω)-
space on which to carry out an automatic background subtraction
prior to fitting the data. Importantly, no peak finding or extraction is
needed as the optimization objective uses the intensity of all provided
voxels in the (Q, ℏω)-space or pixels on the 2D intensity map rather
than the magnon peak positions ℏωQ.

Real-time fitting
In real experimental settings, another critical issue is the ability to
make rapid decisions on whether or not sufficient data have been
collected at any one time to allow for a good understanding of the
physics being explored.

To probe the effectiveness of our framework for real-time fitting
during an experiment, and to reduce data collection time, we used the
experimental data to generate plausible data for low counting situa-
tions. Specifically, we smoothed the experimental data and used it as a
probability distributionwhich is sampled using rejection sampling, see
Methods. In a real experiment, a sample is normally measured using a
series of different orientations on the spectrometer, oftenwith varying
time scales. Here, the rejection sampling simulates the La2NiO4 neu-
tron scattering experiment performed in the same sampleorientations
but with shorter data collection times. This exercise gives insight into
the viability of the approach for handling low statistics and noisy data.
We note that any “detector noise" and scattering from the sample
environment is negligible compared to statistical noise in the scatter-
ing from the sample. In Fig. 4a, we show the obtained parameters from
the machine learning fitting as a function of the number of detected
neutrons within the two path regions. Visualizations of path 1 at
selected points in time are also shown in Fig. 4b. Themachine learning

prediction is obtained as the lowest objective value from 10 indepen-
dent gradient descent optimizations starting from random locations in
Hamiltonian parameter space. Using the median prediction gives very
similar results. This test demonstrates that our machine learning
model quickly converges to the true solution and is effective under low
signal-to-noise conditions.

Discussion
In this work, we develop a neural implicit representation customized
for inelastic neutron scattering analysis and show that this model can
enable precise extraction of Hamiltonian parameters and has the
potential to be deployed in real-time settings to minimize required
counting time.

We emphasize that our implicit modeling scheme considers data
as coordinates (Q,ω, J, Jp) which is fundamentally different from the
traditional image-based representations. One benefit of this approach
is that the model continuously represents energy, momentum, and
Hamiltonian parameters, and can therefore be used to make predic-
tions at displaced coordinates (Q + δQ,ω + δω, J + δJ, Jp + δJp). This
enables prediction at finer resolutions ofQ and ω than those recorded
on pixelized detectors or at Hamiltonian parameters not present in the
training set. Additionally, since the model is a SIREN neural network, it
is composed of a series of differentiable operations and is therefore
amenable to automatic differentiation techniques. This is highly
advantageous and allows the entire analysis pipeline to be compactly
expressedby a singlemodel that is end-to-enddifferentiable relative to
the parameters of interest. This approach also allows for an elegant
treatment of missing data. Here, missing coordinates can simply be
dropped from the parameter estimation step without the need for
additional model retraining or data masking.

To validate our approach, we use inelastic scattering data from
La2NiO4 and find that our method accurately recovers unknown
parameters corresponding to the assumed spin-1 Heisenberg Hamil-
tonian model on a square lattice. The small overestimation of J arises
from several factors. Small differences in the value of J arise from the
3-dimensionality of Q and the associated variations in the magnetic
form factors and polarization factors. Such 3-dimensional information
is not included in our analysis since we only consider quantities aver-
aged over Qz∈ [−10, 10] r.l.u. Also, the resolution function and finite
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implicit neural representation. a Machine learning prediction for J and Jp as a
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lifetime are only approximations here and further, any multi-magnon
scattering is not described by LSWT. Finally, we do not include effects
of the experimentally observed energy shifts resulting from the spin
gaps28,34. These issues could, however, be addressed through more
comprehensive simulations within the overall modeling framework
presented here.

Another area for improvement concerns the challenging task of
background subtraction. For the analysis of La2NiO4, we were able to
develop an automatic background subtraction scheme, based on
human insight, to successfully suppress non-magnetic contributions
which include non-magnetic coherent excitations (phonons here).
However, the suppression of other contributions by this method may
not always be feasible. In futurework - phonondispersion calculations,
nuclear structure factors, and usage of Q-dependence of spectral
weights - could be implemented in our framework to distinguish
additional coherent excitations.

Our ability to continuously fit and refine data as it is collected is
important for enablingmore efficient and informative experimental
design. Since neutron scattering measurements typically involve
low detector count rates, this is amajor factor that will influence the
efficiency of measurement time at facilities. Moreover, one would
like to minimize the amount of time needed to complete an
experiment without sacrificing data quality. We have shown our
model to perform well under low signal conditions and to yield
accurate Hamiltonian parameter predictions, thereby providing
guidance onwhen best to conclude data collection. Here, stochastic
gradient descent of the neural implicit model is an effective strategy
to filter noise and achieve robust optimization. Note that, if other
paths in reciprocal space were available, leveraging the information
obtained in the additional data would have simply required training
with additional simulations, without any necessary changes to the
overall machine-learning model. This is an important point for real-
time applications, as the flexibility of the coordinate-based repre-
sentation to ingest additional data is a significant advantage over
from conventional analysis pipelines, which rely on manually gui-
ded peak-fitting algorithms that are not suited to this type of high-
dimensional data. We note that the characterization of the frame-
work’s effectiveness for real-time fitting only considers the case of
shorter counting times across all measured sample orientations,
highlighting the framework’s capability to handle sparsely dis-
tributed detection. Since such measurements usually have to be
repeated, this analysis approach could be applied between repeti-
tions to determine whether more data collection is necessary. Fur-
thermore, additional work could involve simulating the training
data with respect to sample orientations, which would be preferred
when considering experimental guiding for a real, live experiment.
In general, we anticipate that our method will be readily compatible
with autonomous experimental steering agents by exploiting the
model’s fast and scalable forward computations which are essential
in Bayesian experimental design35,36.

Although the present contribution focused on linear spin wave
simulations, the approach presented here is not restricted to a
particular choice of theoretical scheme. We expect that our fra-
mework will be particularly impactful when combined with using
expensive and advanced computational methods for simulating
strongly correlated systems, such as exact diagonalization (ED)37,
density matrix renormalization group (DMRG)38,39, determinant
quantum Monte-Carlo (DQMC)40,41, and variational Monte Carlo
(VMC)42,43 simulations.

The methodology presented here breaks the barrier of real-
time fitting of inelastic neutron and x-ray scattering data, bypassing
the need for complex peak-fitting algorithms or user-intensive post-
processing. Our study thus opens new opportunities for sig-
nificantly improved analysis of excitations in classical and quantum
systems.

Methods
Sample preparation and data collection
In the experiment, a 21 g single crystal of the quasi-2D Néel antiferro-
magnet La2NiO4+δ (P42/ncm with a = b = 5.50Å and c = 12.55Å), grown
by the floating-zone technique, was utilized. The presented time-of-
flight neutron spectroscopy data were collected on the SEQUOIA
instrument at the Spallation Neutron Source at the Oak Ridge National
Laboratory44 with an incident neutron energy of 190meV, the high-flux
Fermi chopper spun at 300Hz, and a sample temperature of 6 K. The
data is integrated over the out-of-planemomentumQz∈ ± 10 r.l.u. The
lattice can be approximated by I4/mmm with a = b ≈ 3.89Å. Qx and Qy

for I4/mmm are equivalent to Qx and Qy in the square-lattice notation.
For more details see ref. 28.

SpinW simulation and fitting
In an inelastic scattering experiment, the measured quantity is the
partial differential cross section which is related to the dynamical

structure factor S(Q,ω) by d2σ
dΩdEf

= kf =ki SðQ,ωÞ, where ki and kf are the

incident and final neutron or photon wave vectors. In our simulations,
the dynamical structure factor is approximated to
SðQ,ωÞ / P

m,n

R
dt e�iQ�ðrm�rnÞe�iωthSmðtÞSnð0Þi, where 〈Sm(t)Sn(0)〉

represents spin-spin correlations at different atomic sites m, n. The
neutron polarization factor as well as the magnetic form factor are
neglected here.

The two momentum paths used for S(Q,ω) simulation are
Qlist1 =

3
4

1
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� �
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1
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and Qlist2 =
�0:070:030½ �+Qlist1, respectively in reciprocal lattice units. The SpinW
software12 was used to perform 600 simulations for each path (1200
total) corresponding to randomly sampling J and Jp in ranges of [20, 75]
meV and [-30, 10] meV. The lower limit for J and upper limit for Jp are
chosen such that the ground state remains the Néel state which is
satisfied in LSWT for J> 2Jp and J>0. For each location in Q, the corre-
sponding energies from 0 to 200meV were obtained. The quantum
fluctuation renomalization factor Zc is set to 1.0928,45,46. After simulation,
the data was convoluted with an energy-dependent kernel based on the
beamline instrument profile. For this procedure, an in-built tool from
SEQUOIA was used to give a polynomial fit for the dependence of the
resolution (FWHM) in meV on the energy transfer (ℏω) in meV:
FWHM= 1.4858 × 10−7(ℏω)3 + 1.2873 × 10−4(ℏω)2−0.084492ℏω+ 14.32444.
In addition, the data was broadened with a 1D Gaussian kernel (σ = 5
pixels) inQ to correct for the discrete sampling of the simulation and to
partially consider the momentum resolution of the instrument.

The SpinW-software-based spin wave spectrum fitting was
implemented using its built-in function. The inputs are peak informa-
tion extracted from experimental spin wave dispersion data. The R
value is optimized using a particle swarm algorithm to find the global

minimum defined as R=
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
1=nE ×

P
i,Q1=σ

2
i,qð_ωsim

i,Q � _ωmeas
i,q Þ2

q
, where

(i, q) index the spin wave mode andmomentum, respectively. Esim and
Emeas are the simulated and measured spin wave energies, σ is the
standard deviation of the measured spin wave energy determined
previously by fitting the inelastic peak and nE is the number of ener-
gies to fit.

SIREN model training
A 5-layer SIREN neural network (Fig. 1c) was trained on 1000 simula-
tions of (S(Q,ω), J, Jp) tuples; 200 simulations were left aside for vali-
dation and testing. Here, ℏω∈ [0–200] meV, J∈ [20 − 75] meV and
Jp∈ [−30–10] meV were normalized to 0-1 in order for all the para-
meters to be on approximately the same scale. The model was trained
to predict logð1 + SðQ,ω, J, JpÞÞ by optimizing the mean-squared-error
objective L between the prediction and the label with respect to the
network parameters. During training, the following hyperparameters
and settings were used: Adaptive Moment Estimation (ADAM)
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algorithm for optimization (β1 = 0.9, β2 = 0.999)31, batch size = 2048,
learning rate = 0.001. Here, β1 and β2 influence the degree to which
past gradients affect the current step. The batch size is a parameter
that controls the number of images used to compute the mean-
squared-error objective and the learning rate controls the gradient
descent step size. The learning rate was exponentially decayed by a
factor of expð�0:1Þ for every epoch (full pass through the entire
dataset) after thefirst ten epochs.WeusedNVIDIAA100GPUhardware
with the Keras API47 and the model was trained for 50 epochs.

Machine learning parameter extraction
Prior to differentiable optimization, the experimental data were
automatically background subtracted using the following procedure.
First, a region of (Qlist,ωlist) space was chosen for each slice (160-170
pixel location in the Q-axis) and averaged across Qlist to yield a one-
dimensional energy profiles. This procedure was chosen based on
prior assumptions on the isotropic nature of the scattering and the
Néel ground state. Next, the one-dimensional energy profiles were fit
using a Savitzy-Golayfilter (window size = 51, polynomial order = 3) and
used for background subtraction.

The unknown J and Jp parameters were recovered from data
using gradient-based optimization of the neural network implicit
representation. For the experimental data presented in this work,
the metric (1 − r) between the measured and simulated
(1 + S(Q,ω, J, Jp)) was used as the objective function L introduced in
Equation (3); here, r refers to the Pearson correlation coefficient. No
normalization was performed for scaling the simulation data rela-
tive to the experimental data.

The objective L was optimized using the ADAM algorithm with
respect to J and Jp and Qlist and ωlist were randomly sampled from the
list of paths containing the experimental data. Here, a batch size of
4096 was used for the(Qlist,ωlist) sampling, with 2000 Adam optimi-
zation steps and a learning rate of 0.005. Here, the batch size refers to
the number of pixels in the experimental image that are randomly
selected in each step of the optimization procedure.

Low count data generation and fitting
High-count data for each slice (without background subtraction) were
smoothed using a 3 × 3 Gaussian convolutional kernel. The resultant
images were each normalized to (0, 1) using the total intensity. Each
slicewas treated as a probability distributionwhich was sampled using
Monte-Carlo rejection sampling. This process was used to create a
series of datasets with neutron counts in the range (1 × 104 − 9 × 106).
Each dataset was individually and automatically background sub-
tracted by the previously described method and fit ten times from
random starting locations in (J, Jp) using the machine learning opti-
mization procedure. Note, the corresponding low-count data was used
in order to perform the automated background subtraction.

Data availability
All data generated in this study as well as a minimal dataset have been
deposited in the Zenodo database under accession code https://doi.
org/10.5281/zenodo.826749948.

Code availability
The code developed in this study have been deposited in the Zenodo
database under accession code https://doi.org/10.5281/zenodo.
826747449 and is also available at https://github.com/slaclab/neural-
representation-sqw.git.
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