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Machine Learning Inversion of Interatomic Force Con-
stants from Single-Crystal Inelastic Neutron Scattering

Aiden Sable,a Bander Linjawi,a Kyle Bradbury,b Jordan Malof c and Olivier Delaire∗ade

Atomic vibrations govern many macroscopic properties of materials, but experiments to comprehen-
sively probe them remain challenging. Inelastic neutron scattering (INS) is a powerful technique to
map phonon dispersions in crystals, especially when leveraging modern time-of-flight (ToF) spec-
trometers with large detectors. However, efficiently and robustly extracting interatomic force con-
stants (FCs) parameterizing phonon dynamics from experimental spectra remains a bottleneck due
to the complexity and high dimensionality of ToF INS datasets. Here, we present a machine learning
approach for the direct inversion of FCs from single-crystal INS measurements. The framework lever-
ages synthetic training data generated using universal machine-learned force fields and an efficient
physics-based forward model. We benchmark two neural architectures–one emphasizing structured
latent representation learning and the other direct, supervised spectral regression–across simulated
datasets for two materials under idealized and noisy conditions. The latent-representation model is
subsequently applied to experimental single-crystal INS data on germanium. The model is shown
to reproduce FCs derived from both first-principles simulations and from iterative optimization, and
furthermore achieves reliable inference even from sparse, single-orientation measurements represent-
ing short data acquisitions. Analysis of the learned latent space reveals semantically continuous
and physically interpretable encodings that support strong cross-domain generalization. By bridging
theoretical and experimental domains, we establish a path toward rapid inversion of experimental
spectra and data-driven interpretation of temperature-dependent lattice dynamics.

Introduction

Atomic structure and dynamics play a pivotal role in determining
many key material properties, such as thermodynamics1–3, ther-
mal conductivity4,5, superconductivity6,7, and structural phase
transitions8,9. As a result, gaining a more comprehensive un-
derstanding of atomic vibrations through both experimental and
theoretical approaches has become a central goal in materials
research10–12. A key link between vibrational models and ex-
perimental spectra lies in the interatomic force constants (FCs),
which parameterize the Taylor expansion of the ionic potential
energy surface about a reference crystal structure and allow for a
compact encoding of phonon behavior13,14. While higher-order
FCs control anharmonic phenomena, including phonon lifetimes
and therefore thermal conductivity, or soft-mode phase transi-
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d Department of Chemistry, Duke University, Durham, NC, US
e Department of Physics, Duke University, Durham, NC, US

tions, our focus in this work is restricted to the harmonic FCs that
primarily govern the phonon dispersion. Since the mid-20th cen-
tury, harmonic interatomic FCs have been determined by applying
lattice-dynamical and Born–von Kármán–type models to phonon
spectra obtained from fitted peak positions measured using triple-
axis neutron spectrometry15–17, providing early foundations for
quantitative structure–dynamics relationships grounded in scat-
tering experiments. With modern instrumentation, single-crystal
inelastic neutron scattering (INS) using ToF direct-geometry spec-
trometers with large pixelated detector banks and powerful spal-
lation neutron sources18–21 is now enabling comprehensive map-
ping of the four-dimensional momentum (Q)and energy (E)-
dependent dynamical structure factor S(Q,E) of materials22. Par-
allel advances in theoretical modeling, such as density functional
theory, finite-temperature lattice-dynamics methods23–25, and
emerging universal machine-learning force fields (uMLFFs)26,27,
have yielded increasingly accurate simulations that complement
INS and have deepened understanding of atomistic behavior, in-
cluding anharmonic effects. Together, these developments now
make it possible to map atomic vibrations with unprecedented
detail.

However, recovering interatomic FCs directly from experimen-
tal spectra remains a significant challenge, especially given the
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information-rich, high-dimensional, and anisotropic nature of
modern single-crystal measurements. Because solving this in-
version problem provides a powerful route to enable studies
of temperature-dependent lattice dynamics, several approaches
have been proposed to estimate interatomic FCs using physics-
based or probabilistic frameworks. Among these, Bayesian in-
ference schemes based on replica-exchange Markov chain Monte
Carlo have been used to recover FCs from synthetic phonon dis-
persion data28,29. Although these methods achieved good per-
formance on a simplified phonon dispersion model, they were
computationally intensive, required significant statistical exper-
tise, and lacked validation on experimental data. Beyond proba-
bilistic inference, in prior work30, a physics-informed hierarchical
optimization approach was developed to extract FCs from single-
crystal INS spectra by iteratively minimizing the error between
measured and simulated S(Q,E) by optimizing a reduced set of
symmetry-unique FC parameters. This method successfully repro-
duced experimental phonon dispersions in silicon, but its overall
scalability and automation were limited: it required manual data
selection and processing, full forward S(Q,E) simulations at each
optimization step, and a priori DFT calculations that may not be
readily available in experimental settings or feasible for certain
material systems. More broadly, current practices for extracting
interatomic FCs from large experimental INS datasets are ham-
pered by the lack of robust workflows to connect the measured
S(Q,E) intensities in large four-dimensional (Q,E) domains with
a real-space model of lattice dynamics. This need motivates the
development of quantitative approaches that can efficiently and
robustly extract deeper physical insights from complex experi-
ments, and that could be leveraged to better optimize measure-
ments.

Machine learning (ML) methods have been increasingly
adopted across condensed matter physics and the scattering
sciences, offering new pathways for automation, acceleration,
and physical model extraction31–34. Further, recent studies
have demonstrated that neural networks can accurately pre-
dict phonon spectra and densities of states from crystal struc-
tures35–38, underscoring the maturity of ML-based forward mod-
eling. In contrast, ML-based approaches for inverting scattering
data to recover physically meaningful parameters have received
comparatively less attention. Chang et al.39 demonstrated that
neural networks can extract effective interactions from small-
angle neutron scattering data, supporting inverse modeling in soft
matter systems. In single-crystal diffuse scattering, autoencoders
have been employed to infer magnetic Hamiltonian parameters in
spin-ice systems by learning compressed representations of three-
dimensional scattering patterns40,41. Within phonon dynamics,
Su and Li42 trained a variational autoencoder (VAE) exclusively
on DFT-based powder INS simulations to recover interatomic FCs
in aluminum, demonstrating the promise of self-supervised ML
for inverse phonon problems. Despite this progress, existing ef-
forts remain confined to diffraction or powder data, which are in-
herently lower-dimensional and lack energy-resolved information
and directional momentum resolution, respectively. By contrast,
single-crystal INS comes with substantial experimental and com-
putational challenges: data reduction and processing are com-

plex, information content and signal quality vary strongly across
the data volume, and analogous forward modeling is computa-
tionally demanding. These factors have so far precluded the de-
velopment of ML-based inversion methods capable of capitalizing
on modern experimental single-crystal INS data.

In this work, we present an ML approach for the inversion of
interatomic FCs from single-crystal INS data. Our dataset gen-
eration procedure relies on uMLFFs to define the bounds of the
FC domain, and is made computationally inexpensive due to an
efficient physics-based forward model. For the inversion task, we
evaluate both a dual model architecture, consisting of a VAE and a
separate FC regressor, and a transfer-learned ResNet-18 architec-
ture, benchmarking their performance on two material systems,
Ge and Nb. During inference with realistic spectral noise aug-
mentation, we find that the VAE-based approach exhibits superior
robustness and domain adaptability. We validate our framework
on experimental single-crystal INS measurements of Ge, demon-
strating close agreement with FCs obtained from both DFT and
traditional iterative optimization. We further extend the model to
sparse inputs from single-orientation scans representing short ac-
quisitions, where it maintains high predictive accuracy. Finally, a
detailed analysis of the VAE latent space behavior reveals seman-
tically continuous, physically aligned encodings that underpin its
generalizability across both simulated and experimental domains.
Once trained, the VAE-based model enables rapid inversion of ex-
perimental spectra with no additional forward simulations. Over-
all, this framework provides a potential path toward real-time
inversion and experimental steering in neutron scattering work-
flows, and provides a promising route to directly extract physi-
cally meaningful information about a material’s potential energy
surface from temperature-dependent measurements of its collec-
tive vibrational dynamics.

Results and Discussion

Framework for ML-driven force constant inversion from
single-crystal inelastic neutron scattering spectra

The approach developed for inverting interatomic FCs from INS
spectra consists of three primary stages, as outlined in Fig. 1.
In Stage I, an efficient, uMLFF-based procedure is employed to
generate a large training dataset of paired [φ , I(q,E)] values.
A simple crystal structure file is used as input to an ensem-
ble of uMLFFs, specifically 14 submodels from the SevenNet43,
MACE44, M3GNet45, and CHGNet46 families, used here to sam-
ple a broad and physically plausible region of FC space rather
than to privilege any single potential as ground truth. Each
uMLFF model predicts a potential energy surface, which is then
used to generate interatomic FC tensors using the finite-difference
method, as implemented in Phonopy47,48. Along a standardized
high-symmetry q-path through the Brillouin zone, based on the
conventions of49,50 and illustrated in SI Figs. 1 and 6, phonon
dispersion calculations are performed for each uMLFF (SI Figs.
2 and 7). FC sets yielding imaginary phonon frequencies (i.e.,
dynamically unstable configurations) are discarded. A sensitivity
analysis is subsequently performed to determine how many FCs
are needed to sufficiently capture variations in the phonon disper-
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Fig. 1 Overall framework for force constant inversion from single-crystal INS spectra. (I) Training FC labels are generated from an ensemble of uMLFFs,
sampling the phase space of potential FCs. An efficient, physics-based forward model simulates unpolarized INS spectra from symmetry-reduced FCs.
(II) For the dual-model approach in (a), a VAE learns low-dimensional latent representations of spectra; a separate regressor is trained to predict FCs
from the latent encodings. In the direct inversion approach in (b), ResNet-18 is transfer-learned to predict FCs from input spectra. (III) Experimental
4D data volumes are symmetrized and passed through the frozen, pretrained encoder. Encoded latent distributions are sampled and regressed to infer
experimental FC predictions and associated uncertainties.

sion, as shown in SI Figs. 4 and 9. On this basis, the largest eight
FCs are retained for constructing the final training datasets. This
reduced parameterization captures the dominant subspace gov-
erning spectral variation along the sampled q-path, while the re-
maining FCs are left unmodified at their uMLFF-derived reference
values in the forward model. The retained FCs are then jointly
sampled over an expanded yet physically bounded range (uni-
formly sampled from [−25%,+150%] of their observed uMLFF
bounds) to define the training domains shown in SI Figs. 3 and
8, and the resulting sampled FC labels are used to generate simu-
lated INS spectra spanning a broad range of phonon behaviors.

The forward model is grounded in Born–von Kármán lattice dy-
namics and is designed for computational efficiency. Simulations
use symmetry-reduced FCs–obtained by consolidating tensor ele-
ments invariant under the crystal’s space group operations–thus
significantly reducing the number of parameters. Additionally,
the model omits computationally intensive steps such as phonon

eigenvector evaluations, Debye–Waller (DW) factors, and polar-
ization effects, based on the assumption that these contributions
are effectively averaged through Brillouin zone folding of S(Q,E)
data (see SI Fig. 11). In the present work, model validation
and experimental inversion were performed at low temperature,
where DW attenuation and related thermal broadening effects
are minimal. Under such conditions, omission of explicit DW
factors introduces negligible distortion in the folded I(q,E) spec-
tra used for training and inference. This approximation enables
faster simulations of unpolarized I(q,E) spectra while maintain-
ing sufficient fidelity for ML model training. For applications
at elevated temperatures, these effects can be incorporated by
performing full S(Q,E) simulations over the experimentally sam-
pled Q, E volume—including temperature-dependent DW factors
and polarization terms—prior to folding into I(q,E). Such cal-
culations are readily implemented within existing scattering sim-
ulation frameworks (e.g., pathSQE51), and would allow exten-
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sion of the present data generation procedure to more detailed
temperature-dependent effects. From these simulations using
perturbed FC values, only dynamically stable spectra are retained,
yielding a curated training dataset of 10,000 [φ , I(q,E)] pairs.
This full uMLFF-based procedure was applied to both Ge and Nb
to generate the corresponding training datasets (see SI Section
1).

Herein, we investigate two different model architectures for
the FC inversion task. As shown in Stage II(a) of Fig. 1, in the
dual-model approach, a VAE and a separate feedforward FC re-
gressor are trained sequentially. The VAE compresses each high-
dimensional I(q,E) spectrum into a low-dimensional latent repre-
sentation and reconstructs it via a decoder. The model is trained
by minimizing the evidence lower bound, a dual-objective loss
that combines reconstruction error with a scaled Kullback–Leibler
divergence. This formulation encourages the latent space to be
smooth and well-structured, such that nearby points correspond
to similar spectra and samples drawn from the prior distribution
decode into physically plausible reconstructions52. In a VAE, the
encoder outputs a mean and variance for each latent dimension,
defining the latent activations (µ, σ2) that characterize both the
compressed representation and its associated uncertainty. The
variational bottleneck is particularly well suited for this task, as
the input spectra are sparse and high-dimensional (∼20,000 pix-
els), while the underlying physical degrees of freedom–symmetry-
reduced FCs–are comparatively few. After training, the encoder
is frozen, and the FC regressor, a multi-layer feedforward neural
network, is trained to predict FC values from the latent encodings.
In the direct inversion approach shown in Stage II(b) of Fig. 1,
we employ ResNet-1853 and apply transfer learning to train the
network to predict FCs directly from input spectra. Unlike the
VAE-based model, which provides probabilistic latent representa-
tions, the ResNet-18 functions as a deterministic regressor with-
out explicit uncertainty estimation. Owing to its much deeper ar-
chitecture and residual connections, ResNet-18 has substantially
greater representational capacity than the dual-model approach.
Both the VAE-based and ResNet-based models were trained on the
same simulated datasets of 10,000 I(q,E) spectra, as described in
detail in SI Section 2. While both models were trained on the
same datasets, note we reserve experimental inference for the
VAE-based approach, as ResNet-18 proved more sensitive to spec-
tral noise and underperformed in noisy or domain-shifted settings
(see benchmarking results).

The final stage of the framework involves experimental INS
data processing and FC inference, as illustrated in Stage III
of Fig. 1. Recall the measured INS signal constitutes a four-
dimensional volume of scattering intensity as a function of mo-
mentum and energy transfer. After standard event-mode data
reduction and transformation into S(Q,E)54,55, the data are pro-
cessed using the pathSQE software to perform automated Bril-
louin zone folding51. This produces a lower-dimensional, sym-
metrized representation ∼ I(q,E) and improves statistical quality
by aggregating signal from symmetrically equivalent regions of
reciprocal space. Following Min–Max scaling to match the inten-
sity range of the training data, the folded experimental spectrum
is passed through the frozen, pre-trained encoder to obtain its

latent distribution. Multiple latent samples are drawn and propa-
gated through the frozen FC regressor to generate predicted FCs.
This procedure yields both the mean predicted FC values and as-
sociated uncertainties based on sample variation. Notably, be-
cause the first two stages–training data generation and model
training–can be completed in advance, Stage III could support
fast, fully automated inference on experimental datasets. In prac-
tice, this enables near real-time application of the framework dur-
ing an experiment, offering the potential for adaptive data collec-
tion strategies, on-the-fly assessment of measurement sufficiency,
and future integration with experimental steering and optimiza-
tion workflows.

Benchmarking predictive performance and robustness to
spectral noise on simulated data for Ge and Nb

To benchmark the predictive performance of the ML frame-
work, we evaluated both model architectures–the VAE-based
dual-model and the direct-inversion ResNet-18–on simulated test
data for Ge and Nb. These two materials serve distinct pur-
poses: Ge provides a benchmark system where the physics is
well-understood and experimental validation is available and dis-
cussed herein, while Nb offers an opportunity to assess model
generalization to a chemically and structurally distinct system,
where longer range interactions also become important. For each
material and model, we assess spectral reconstruction accuracy,
FC predictions on clean (i.e., no noise) test spectra, and robust-
ness to realistic noise. Results for Ge and Nb are summarized in
Figs. 2 and 3, respectively.

We begin by evaluating model performance on clean simulated
spectra. To visualize reconstruction fidelity across different re-
gions of the FC domains, test spectra with diverse FC configu-
rations were selected. As shown in Figs. 2a and 3a, the VAE
produces high-fidelity reconstructions that preserve overall dis-
persion structure and finer spectral details, indicating that the
VAE effectively captures and compresses the complex spectral in-
formation across the FC phase space. We next evaluated the ac-
curacy of the FC predictions generated by each of the inversion
approaches. The test datasets of 1,500 simulated spectra were
passed through each of the frozen models to predict their cor-
responding symmetry-reduced FC values. SI Figs. 16 and 18
show parity plots for the all of the FC parameters across both
models, along with their associated R2 and mean absolute error
metrics. As summarized in the bar plots in Figs. 2b and 3b, the
ResNet model, which maps directly from spectra to FCs without
intermediate reconstruction, achieves very high predictive accu-
racy on the clean test sets for both Ge and Nb, with R2 scores
near unity across all FCs. The VAE-based approach, in contrast,
exhibits lower, more selective accuracy: it reliably recovers the
most influential FCs (e.g., FC0–FC3 for Ge and all except FC5
for Nb) with R2 ≥ 0.9, while its performance declines for weaker
terms that are known to have a more limited impact on the spec-
tral features. This distinction highlights a key difference in model
behavior. ResNet appears to rely more heavily on fine-grained
spectral features to fit all FCs equally well under ideal conditions,
while the VAE tends to recover the FCs with the strongest influ-
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ence on the spectra, since the compressed latent representations
preferentially retain high-impact spectra variations. These results
are consistent with expectations from the FC sensitivity analysis
and underscore the interpretability of the VAE-based approach.

To further assess the generalizability of the models, we evalu-
ated their robustness to realistic spectral noise augmentation ap-
plied to the simulated test datasets, for which ground-truth labels
remain available. The noise model was designed to reflect the
physical and statistical processes of INS, incorporating a tunable
constant background component (B) and scalable Poisson count-
ing statistics (P) (see SI Section 4). Figs. 2c and 3c show exam-
ple test spectra under varied noise levels, along with the corre-
sponding SNRs. To quantify predictive stability, we applied 25
combinations of background and Poisson noise (spanning a 5x5
parameter grid, shown in SI Figs. 21-24) across the test datasets
and performed FC inference. For each configuration, we com-
puted R2 scores for the predicted FC values relative to ground
truth, tracking the degradation in accuracy with increasing noise.
The results for FCs 0-3 are shown in Figs. 2d and 3d, while less
impactful FCs 4-7 are displayed in SI Figs. 17 and 19. From
this analysis, we find the VAE model maintains good performance

over a wide range of signal-to-noise ratios, with graceful degrada-
tion that more heavily affects the less sensitive FCs. By contrast,
ResNet exhibits a sharper decline in accuracy, with noticeable R2

drops for several FCs even under mild noise levels. This sug-
gests that ResNet may overfit to subtle features of the clean for-
ward model spectra, resulting in poor generalization when spec-
tral quality deteriorates. For both materials, VAE-based predic-
tions show greater resilience, consistent with the ability of the
latent encoding to filter noise and focus on the dominant phonon
features. Importantly, although the VAE model was trained exclu-
sively on clean simulated data, these results indicate it generalizes
well to realistic noisy inputs. This behavior supports the domain
robustness of the model and, by leveraging known ground-truth
labels, offers quantitative validation of its potential for experi-
mental application.

These findings underscore a key distinction: while both mod-
els achieve high accuracy under ideal conditions, the VAE-based
architecture exhibits superior robustness and domain adaptabil-
ity, attributes essential for real-world deployment. Its consistent
performance across Ge and Nb highlights material generality and
the ability to learn transferable representations of vibrational dy-

Fig. 2 Predictive performance and spectral noise robustness on simulated test data for the case of Ge. (a) Reconstructions of simulated I(q,E)
spectra demonstrate accurate preservation of spectral features. (b) Bar plots show predictive R2 scores for each FC using clean test data, with circles
indicating inference performance for a representative noisy case. Blue corresponds to the VAE model and green to the ResNet baseline. (c) Example
spectra perturbed with increasing constant background (B) and Poisson counting noise (P); signal-to-noise ratios (SNRs) are indicated in each input.
(d) Heatmaps of R2 scores from VAE-based and ResNet-based predictions of FC indices 0–3 across all noise conditions. Values are clipped to [0,1] for
clarity, with entries ≤ 0 shown as 0.
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Fig. 3 Predictive performance and spectral noise robustness on simulated test data for the case of Nb. (a) Reconstructions of simulated I(q,E)
spectra demonstrate accurate preservation of spectral features. (b) Bar plots show predictive R2 scores for each FC using clean test data, with circles
indicating inference performance for a representative noisy case. Blue corresponds to the VAE model and green to the ResNet baseline. (c) Example
spectra perturbed with increasing constant background (B) and Poisson counting noise (P); SNRs are indicated in each input. (d) Heatmaps of R2

scores from VAE-based and ResNet-based predictions of FC indices 0–3 across all noise conditions. Values are clipped to [0,1] for clarity, with entries
≤ 0 shown as 0.

namics for different material systems. Given this demonstrated
stability, we focus exclusively on the VAE-based model for subse-
quent experimental inference. Together, these benchmarking re-
sults establish a solid quantitative foundation for further applying
the framework to noisy, sparse, and domain-shifted experimental
data.

Experimental force constant inference under full-dataset and
sparse single-scan conditions

Having established strong reconstruction and predictive perfor-
mance on both clean and noisy simulated data, we next apply the
trained VAE-based models to real INS measurements in order to
extract experimental FCs parameterizing the phonon behavior of
a physical sample. The experimental dataset was collected on a
large (m = 25 g), high-quality Ge single crystal using the ARCS
spectrometer56 at the Spallation Neutron Source, with measure-
ments performed at 5 K and acquired in 1◦ rotational increments
spanning a total angular range of 120◦. We consider two exper-
imental inference scenarios: (1) the full dataset, acquired over
approximately three hours, and (2) single-orientation scans rep-
resenting one-minute measurements. These two cases are illus-

trated in the 2D elastic Q-space map shown in SI Fig 25, where
the colored dashed lines indicate the curved S(Q,E) shells sam-
pled at fixed orientations. While the full dataset case reflects post-
experimental data from a more typical acquisition approach, the
sparse single-scan case enables us to probe the limits of the model
and assess how much physically meaningful information can be
extracted from severely limited measurements. All data were pre-
processed using pathSQE to perform Brillouin zone folding along
the same q path in SI Fig. 1, and the resulting folded I(q,E)
spectra–shown in the left-most column of Figs. 4a–d–serve as the
input to the trained VAE-based model for experimental FC infer-
ence.

We first evaluate reconstruction and FC inversion performance
using the full experimental dataset, as shown in Fig. 4a. The VAE-
generated reconstruction closely replicates the overall phonon
dispersion structure and mode energies present in the measured
INS spectrum. Some fine spectral features–such as small en-
ergy splittings between closely spaced modes, particularly in the
transverse acoustic branches between K–Γ and L–W–are partially
blurred in the reconstruction, consistent with the smoothing be-
havior expected from a VAE. To assess the accuracy of the inferred
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FCs, we perform a forward phonon dispersion calculation using
the ML-predicted FCs and overlay the simulated dispersion on
the experimental spectrum, as shown in the right-most column
of Fig. 4a. The close visual agreement across the Brillouin zone
suggests that the inverted FCs successfully capture the underlying
lattice dynamics measured in the experiment. For a more quan-
titative comparison, we examine the predicted FC values directly
against two independent references: those obtained from DFT
and those derived via a traditional iterative optimization proce-
dure (see SI Section 6). As shown in Fig. 4e, the ML-inferred FCs
are in close agreement with both references, with minor devia-
tions for the least influential terms. Taken together, these results

demonstrate that the model provides very accurate experimental
inference under full dataset conditions and establishes a high-
fidelity baseline for evaluating performance in more data-limited
regimes.

We now turn to inference on the more challenging and uncon-
ventional single-scan data, which represent one-minute measure-
ments at fixed sample orientations. Because the full dataset is
constructed by aggregating many such scans in a set of step-wise
sample rotations, we can treat each orientation as a separate test
input, yielding approximately 120 independent opportunities to
evaluate inference performance. For clarity and balance, we fo-
cus first on three representative cases: those with the best, me-
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Fig. 4 Experimental force constant inference under full-dataset and sparse single-scan conditions. (a–d) Input spectra, reconstructions, and forward-
simulated dispersions based on predicted FCs for (a) the full dataset and for fixed-orientation scans at (b) ω = 79◦, (c) 64◦, and (d) 59◦, corresponding
to the best, median, and worst single-scan FC inversion performance relative to the full-dataset result. For visual clarity, the spectra are cropped at
45 meV to better match the measured energy range; however, all model inputs and reconstructions are defined over the full 0–70 meV range used
during training. (e) Predicted experimental FCs for all measurements, with DFT and traditionally optimized (Trad. Opt.) values shown for reference.
Colored points correspond to single-scan inferences, with color indicating scan angle. The gray shaded boxes indicate the range of FC values sampled
in the training dataset for each FC index and are shown for reference. (f) FC prediction mean squared error (MSE) across all single-scan measurements
as a function of sample orientation.
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dian, and worst FC prediction accuracy relative to the full-dataset
result, as shown in Figs. 4b–d. Despite the limited q–E coverage
and presence of dispersion discontinuities, the model effectively
reconstructs signals present in the sparse data. The reconstruc-
tion in Fig. 4b (best-performing scan) exhibits striking similarity
to the full-dataset reconstruction in Fig. 4a, demonstrating that
the model can recover meaningful structure from minimal input.
In contrast, the reconstruction in Fig. 4d (worst-performing scan)
appears blurrier, particularly in the optical region where the in-
put lacks usable signal, reflecting the model’s uncertainty in the
absence of informative features. When evaluating FC inversion,
the forward-simulated dispersions based on predicted FCs align
well with the experimental data across all three cases. For both
the best and median orientations, the calculated dispersions show
close agreement with the observed spectrum, with only minor dis-
crepancies in regions of incomplete coverage. Even in the worst
case, the model still captures key features in the acoustic region,
despite the lack of intensity in the optical branches, which limits
inversion accuracy. These results demonstrate that the combined
VAE-based approach retains strong inference capabilities even un-
der highly sparse measurement conditions.

Finally, we evaluate the FC predictions across all 120 individ-
ual single-scan measurements. A summary of these results is
shown in Fig. 4e, where the predicted FCs are plotted as scatter
points and colored by sample orientation. For the most influential
parameters, FC0 and FC1, the predictions are well-constrained
within a narrow subregion of the training domain and gener-
ally align with those obtained from the full dataset, DFT, and
traditional iterative optimization methods. FCs 2–4, which are
less dominant but still influential, show greater variation across
orientations–suggesting that additional spectral detail may be re-
quired for their accurate recovery, which is not always present
in sparse single-scan inputs. In contrast, predictions for the least
influential terms, FC6 and FC7, remain narrowly distributed but
do not reflect improved accuracy. Instead, this behavior mirrors
what was observed during testing on clean simulated data, where
the FC regressor failed to capture meaningful trends in the la-
tent encodings for these less impactful parameters, yielding near-
constant outputs and R2 scores near zero (see SI Fig. 16). To
quantify prediction quality across orientations, we compute the
MSE of each scan’s predicted FC vector relative to the full-dataset
prediction and plot the results as a function of scan angle in
Fig. 4f. This analysis shows that the model produces near-perfect
predictions for about 10 scan orientations. It also reveals that
the worst case (Fig. 4d) is a substantial outlier, exhibiting nearly
double the MSE of the next-worst prediction. Interestingly, the
MSE distribution shows some angular clustering, suggesting that
certain sample orientations consistently capture more informative
phonon features and highlighting the directional dependence of
information content in INS experiments. Together, these results
underscore the model’s high accuracy under full-dataset condi-
tions and its good performance even from a single one-minute
scan. These findings point toward the potential for real-time ex-
perimental integration, where on-the-fly FC inversion could assist
data acquisition or help prioritize measurements toward more
informative orientations. In practice, preliminary spectra could

be rapidly analyzed to compare inversion consistency across ori-
entations, suggesting a pathway toward adaptive measurement
workflows. This type of approach would allow experiments to
dynamically allocate measurement time to the most informative
regions of reciprocal space, thereby improving overall efficiency
and the scientific return of limited beamtimes. Realizing a fully
closed-loop optimization scheme would require additional strate-
gies for quantifying orientation-dependent information content,
which we leave for future work.

Structure, interpretability, and generalization of the learned
latent space

We conclude this study with a detailed investigation of the
learned latent space to better understand the mechanisms under-
lying the model’s strong FC inversion performance, particularly
focusing on its interpretability and generalization across data do-
mains. To this end, we analyzed the latent embeddings produced
by the frozen, pre-trained encoder for both simulated and ex-
perimental input spectra. For each of the 1,500 simulated test
spectra, the encoder outputs a 20-dimensional latent distribution
parameterized by a mean vector (µ) and log-scale variance vec-
tor (log(σ2)), reflecting the variational nature of the model. To
evaluate how the encoder utilizes each latent dimension, we visu-
alized the aggregated µ and log(σ2) values across all test spectra
in Fig. 5a and Fig. 5b, respectively. In each plot, the x-axis de-
notes the latent dimension index, and the y-axis shows the values
for all 1,500 spectra. The black points and error bars represent
the mean and standard deviation of the values within each di-
mension. As shown in Fig. 5a, approximately six dimensions ex-
hibit tightly clustered µ values near zero, while the correspond-
ing log(σ2) values in Fig. 5b are also near zero. This indicates
that these dimensions remain close to the standard normal prior
and are effectively unused by the model. In contrast, the remain-
ing 14 dimensions show well-spread µ values ranging roughly
from –3 to 3, suggesting active utilization for encoding meaning-
ful spectral variation. The associated log(σ2) values for these ac-
tive dimensions are generally negative, implying high confidence
in the latent representations. Crucially, the log(σ2) values are
not overly small, confirming that the encoder retains stochastic-
ity and avoids posterior collapse into a deterministic autoencoder.
Given the excellent FC inference performance achieved with this
latent structure, these results indicate that the model effectively
compresses the information from the ∼20,000-dimensional INS
spectra into just 14 active and well-behaved latent dimensions.

Although the dimensionality of the spectra has already been
significantly reduced through latent encoding, applying addi-
tional nonlinear dimensionality reduction can yield further in-
sight into the structure and organization of the learned latent
space. To this end, we apply Uniform Manifold Approxima-
tion and Projection (UMAP)57, a widely used unsupervised ML
method known for preserving both local and global structure in
high-dimensional data. Specifically, we extract the encoded la-
tent µ from the simulated test set (as shown in Fig. 5a) and pass
them to UMAP to produce two-dimensional embeddings that re-
tain the meaningful relationships from the original latent space.
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I.
II.

III.

IV.

IV.III.

I. II.

Fig. 5 Structure and interpretability of the learned latent space. (a-b) Simulated test spectra latent (a) activations µ and (b) uncertainties log(σ2).
The black scatter points with error bars and dashed lines correspond to the mean ± standard deviation and the initialized standard normal prior
distributions, respectively. (c–f) Two-dimensional UMAP projections of the latent encodings colored by individual FC values (FC0–FC3) show a
semantically and physically organized latent space. (g-h) Reconstructed spectra (g) from points sampled along a latent-space ray (h) further illustrate
the physical alignment of the latent space and highlight semantic consistency in the decoder.

The resulting 2D representations are plotted in Figs. 5c–f, with
each point corresponding to a single spectrum and colored by one
of the symmetry-reduced FC value labels. This analysis reveals a
key result regarding the interpretability of the latent space: not
only is it semantically organized, as encouraged by the variational
loss, but its structure also reflects the underlying physical inter-
actions encoded by the FCs. Most notably, distinct global gradi-
ents are observed in the UMAP embeddings for the dominant FCs
(FC0 and FC1), with clear directional trends that span the en-
tire latent manifold. Even for less influential FCs (FC2 and FC3),
meaningful clustering and local variation persist as shown in the
insets, despite their reduced sensitivity and the further compres-
sion to only two UMAP dimensions. Similar behavior is also ob-
served in the Nb case, as shown in SI Fig. 20, further highlighting
the generality across material systems. To further probe the se-
mantic consistency of the latent space, we linearly interpolated
along a latent ray in the UMAP-projected space, shown in Fig. 5h,
and decoded the resulting sampled latent vectors. As shown in
Fig. 5g, the corresponding reconstructions vary smoothly and cap-

ture physically plausible spectral transitions, suggesting that the
latent space supports a coherent and continuous spectral man-
ifold. Together, these results demonstrate that the latent space
not only encodes semantically relevant structure, but does so in a
manner that is coherent, interpretable, and physically aligned.

Finally, as shown in Fig. 6, we examine the domain adaptability
of the model–an essential factor underpinning its generalization
across data sources. In this work, inference was performed across
four distinct domains: clean simulated spectra, noise-augmented
simulated spectra, full experimental spectra, and sparse single-
scan spectra. To investigate how the encoder treats these varied
inputs, we passed the experimental spectra through the frozen
encoder to obtain latent embeddings, which were then projected
into two dimensions using the pre-fitted UMAP model. For ref-
erence and context, we also include the latent embedding of the
simulated test spectrum most similar (in MSE) to the full experi-
mental input, along with its noise-augmented variants across the
full range of noise settings. The resulting projections are shown
in Fig. 6a, where grey points denote the full simulated test set (as

Journal Name, [year], [vol.],1–13 | 9

Page 9 of 14 Digital Discovery

D
ig

ita
lD

is
co

ve
ry

A
cc

ep
te

d
M

an
us

cr
ip

t

O
pe

n 
A

cc
es

s 
A

rt
ic

le
. P

ub
lis

he
d 

on
 1

7 
M

ar
ch

 2
02

6.
 D

ow
nl

oa
de

d 
on

 3
/1

7/
20

26
 8

:3
3:

32
 P

M
. 

 T
hi

s 
ar

tic
le

 is
 li

ce
ns

ed
 u

nd
er

 a
 C

re
at

iv
e 

C
om

m
on

s 
A

ttr
ib

ut
io

n-
N

on
C

om
m

er
ci

al
 3

.0
 U

np
or

te
d 

L
ic

en
ce

.
View Article Online

DOI: 10.1039/D6DD00008H

http://creativecommons.org/licenses/by-nc/3.0/
http://creativecommons.org/licenses/by-nc/3.0/
https://doi.org/10.1039/d6dd00008h


Fig. 6 Cross-domain generalization of the learned latent space. (a) Latent embeddings for clean and noisy simulations, full experimental data, and
single-orientation experimental scans cluster near one another, indicating robustness and cross-domain generalization. (b) Input spectra across data
domains corresponding to the most closely embedded points in (a), confirming consistent domain adaptation between simulated and experimental
data.

in Fig.5h). Notably, all four data domains–despite differences in
noise level, spectral smoothness, and Q–E coverage–are mapped
to a compact, shared region of the latent space. This tight cluster-
ing suggests that the model effectively identifies the underlying
dynamical structure common to these spectra and encodes them
consistently, facilitating robust FC inversion across domains. To
further illustrate this behavior, Fig. 6b displays input spectra from
the four representative cases: the full experimental spectrum, its
most similar clean simulation, the most closely embedded noise-
augmented spectrum, and the most similar single-scan measure-
ment. Despite substantial visual differences between the spectra,
their proximity in the latent space highlights the ability of the
model to selectively extract physically meaningful features while
ignoring irrelevant variations. This domain-consistent encoding
is a key contributor to the model’s strong real-world performance
and suggests that variational latent spaces can provide a powerful
foundation for generalizable, physics-informed spectral inference.

Conclusions and Outlook
The present study evaluates the performance of two ML-driven
approaches for extracting interatomic FCs from single-crystal INS
spectra. Through a systematic comparison of a VAE–based archi-
tecture and a transfer-learned ResNet model, we find that the VAE
offers superior robustness to spectral noise, missing data, and do-
main shift, while simultaneously yielding latent representations
that encode physically interpretable relationships. In contrast, the
ResNet model, when trained with target scaling, exhibits nearly
perfect raw regression performance within the broad training do-
main but reduced generalizability under realistic experimental
perturbations. These complementary behaviors underscore a cen-
tral trade-off between precision and adaptability in data-driven
inversion schemes, particularly in domains such as INS for which
experimental datasets are resource-limited and models must typ-
ically be trained on synthetic data. Both models were trained
exclusively on clean simulated spectra in order to isolate archi-

tectural effects. The observed robustness of the VAE under re-
alistic noise perturbations therefore suggests that architectural
bottlenecks and variational regularization contribute meaning-
fully to improved generalization. At the same time, augmenta-
tion of the training domain to include more realistic experimen-
tal effects—such as instrumental artifacts, noise, or limited (Q,E)
coverage—may further enhance inversion accuracy, and explicit
noise augmentation during training may improve the robustness
of direct regression models such as ResNet. More broadly, alterna-
tive generative and sequence-based architectures, including diffu-
sion models and transformer-based encoders, represent promis-
ing directions for extending ML-driven inversion frameworks be-
yond the present comparison. Collectively, these results demon-
strate a practical basis for robust, interpretable, and computa-
tionally efficient inversion of physical models from experimental
observables.

Building on this foundation, we next consider the assumptions
and scope of the present framework, as well as avenues for its
generalization and adaptive extension to more complex mate-
rial systems. The framework proceeds under the assumption that
the crystal structure is known, constraining the inversion task to
the determination of interatomic FCs and excluding the problem
of structural identification. This assumption reflects the experi-
mental context of single-crystal INS, where crystallographic de-
scriptors are typically determined independently prior to mea-
surement, and enables the trained regressors to focus solely on
mapping spectral features to interatomic interactions. However,
highly automated methods exist to determine or refine a crys-
tal structure based on reciprocal space mapping and could be in-
corporated as a preliminary step. With these structural assump-
tions in place, we next consider the simulation strategy used to
generate training data. An ensemble of uMLFFs is employed to
generate data without direct reliance on DFT, thereby reducing
computational cost and avoiding dependence on a single DFT
functional, which may exhibit known limitations for certain ma-
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terial classes. The present demonstrations on Ge and Nb–systems
for which DFT calculations remain tractable–serve as controlled
benchmarks to validate model performance and to verify that syn-
thetic data derived from ML surrogate (i.e., non–first-principles)
models can yield regressors that accurately capture the relevant
physics observed in an experiment. Although the approach is
conceptually general, full transferability across atomic species
and structural motifs remains non-trivial. In particular, the ef-
ficiency of Brillouin zone folding and FC symmetry reduction as
dimensionality-lowering strategies depends on crystal symmetry,
and lower-symmetry systems may offer reduced redundancy, in-
creasing the effective dimensionality of the inversion problem.
Phonon spectra encode system-specific fingerprints that depend
nonlinearly on bonding geometry, atomic masses, and crystal
symmetry, making universal mapping inherently difficult. Fur-
thermore, extending the ML architectures to incorporate chemical
descriptors or symmetry-aware representations, and employing
strategies such as active learning or uncertainty-aware retraining,
represent promising routes toward improved transferability and
adaptive domain coverage. Such mechanisms would allow the
model to accommodate experimental spectra that lie outside the
nominal training manifold while progressively reducing the need
for extensive pre-training.

Beyond improvements to the data generation and ML archi-
tectures, physical considerations also point toward several exten-
sions beyond the idealized harmonic case. Although disordered
systems pose challenges for conventional Born–von Kármán ap-
proaches, virtual-crystal approximations could provide a pathway
for mapping effective FCs. The direct inversion of measured in-
tensities (I(q,E) or S(Q,E)) avoids the need for explicit disper-
sion fitting and extraction, which is particularly advantageous for
such materials where band-tracking is intractable. Employing
temperature-dependent effective harmonic approaches (TDEP)
and incorporating resolution effects, as well as developing de-
convolution schemes to recover higher-order anharmonic inter-
actions from spectral linewidths, represent promising next steps
toward a more complete experimental inversion toolkit. These
considerations delineate the present scope and identify clear di-
rections for extending ML-based inversion approaches to increas-
ingly complex material systems. The framework ultimately points
toward real-time, uMLFF-driven characterization of phonon be-
havior, wherein learned models adaptively refine themselves from
experimental data to reveal microscopic lattice dynamics with
minimal prior input and human intervention.
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