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Determining microscopic interactions from spectroscopic and scattering measurements is central
to understanding quantum materials, yet it often remains unclear which interactions can be reliably
revealed by the available experimental data and how additional experimental modalities should be
designed to resolve the remaining ambiguities. Here we present an artificial intelligence-enabled
framework for uncertainty-aware Hamiltonian inference and adaptive experimental design. By com-
bining Hamiltonian-conditioned neural surrogates with Bayesian inference and observation geometry,
the framework characterizes how measurements constrain Hamiltonian parameter space, quantifies
the identifiability of microscopic interactions, and propagates posterior uncertainty directly in the
physical Hamiltonian parameter space rather than an abstract learned representation. Using multi-
modal powder and single-crystal inelastic neutron scattering measurements of the quantum magnet
NiPSs, we demonstrate physically interpretable Hamiltonian inference, modality-aware uncertainty
quantification, and adaptive experimental design. The framework provides a general strategy for
uncertainty-aware microscopic characterization and multimodal experimental design across quantum

materials.

INTRODUCTION

Microscopic models of elementary excitations provide
a fundamental link between experimental observations
and the underlying physics of condensed matter and ma-
terials. For quantum magnets, this connection can be
modeled through the spin Hamiltonian, whose parame-
ters encode exchange couplings, anisotropies, and other
microscopic interactions governing the excitation spec-
trum*™®, By fitting model parameters to measured spec-
tra, one can infer these parameters, thereby determin-
ing the associated collective excitations as well as the
static and dynamical properties of materials. In prac-
tice, however, this inverse problem is often ill-posed: dis-
tinct Hamiltonians can produce nearly indistinguishable
spectra within experimental resolution, making it diffi-
cult to determine whether subtle microscopic features are
genuinely constrained by the available measurements®
Consequently, conventional refinement procedures that
report only a single best-fit Hamiltonian may obscure
substantial parameter uncertainty, correlations, and al-
ternative microscopic descriptions that remain consistent
with the data!?"13. The central challenge is therefore not
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only to identify a Hamiltonian that reproduces the ob-
served spectra, but also to determine which interactions
are uniquely identifiable, which remain ambiguous, and
how much microscopic information a given measurement
can truly reveal.

Inelastic neutron scattering (INS) is a particularly
powerful probe of magnetic and lattice excitations
because it directly and quantitatively measures the
momentum- and energy-resolved dynamical structure
factor, S(Q,w), for magnons and phonons with high
resolution? #1418 Interpreting INS data typically re-
lies on physically rigorous forward methods, including
linear spin wave theory, exact diagonalization, density-
matrix renormalization group calculations, and, more
recently, neural quantum states, to generate theoreti-
cal spectra for comparison with experiment!¥25 Al
though their computational scaling differs substantially,
repeatedly evaluating these forward models across a high-
dimensional Hamiltonian parameter space can remain
prohibitively expensive. Exhaustive grid-based searches
scale exponentially with the dimensionality of the param-
eter space, whereas coarse parameter sweeps can over-
look narrow regions containing plausible solutions. Con-
sequently, Hamiltonian refinement often relies on selected
spectral cuts, expert-guided parameter tuning, or simpli-
fied Hamiltonian parameterizations, making it difficult
to systematically quantify parameter uncertainty and de-
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termine which microscopic interactions are uniquely con-
strained by the experimental data.

Additional challenges arise from the increasingly mul-
timodal nature of experimental materials characteriza-
tion801 |n INS, both powder and single-crystal mea-
surements are widely employed. Single-crystal INS pre-
serves directional momentum information and can re-
solve ne features of the dynamical structure factor,
S(Q;!) &% However, each sample orientation probes
only a limited region of reciprocal space, requiring mul-
tiple measurements for comprehensive coverage, and suf-
ciently large, high-quality single crystals are often dif-
cult to grow. By contrast, powder samples are gen-
erally easier to prepare in the quantities required for
neutron-scattering experiments. Powder INS measures
the orientationally averaged response, S(jQj;!), sacri c-
ing directional information in exchange for greater exper-
imental accessibility and broader sampling of reciprocal
spac®lB3] These complementary measurement modal-
ities therefore impose distinct observational constraints
on the same underlying Hamiltonian. Moreover, multi-
modal experiments often di er in their coordinate repre-
sentations, spatial and energy resolutions, selection rules,
and noise characteristics, making it challenging to inte-
grate heterogeneous datasets in a manner that is both
mathematically rigorous and physically interpretable.

Arti cial intelligence (Al) and machine learning (ML)
have been playing increasingly important roles in bridg-
ing experimental observations and theories and compu-
tations?48438] Recent advances in simulation-based in-
ference, neural posterior estimation, and multimodal ma-
chine learning®®#2! have provided powerful new tools for
accelerating inverse problems and integrating heteroge-
neous datasets. Many of these approaches, however,
rely on learned latent representations or gridded data
parameterizations to relate observations across di erent
modalities. In practice, discrepancies between the simu-
lated data used for training and experimental measure-
ments, such as instrumental e ects, sample imperfec-
tions, and other phenomena not captured by the for-
ward model, can degrade the robustness of learned latent
representations and complicate their physical interpreta-
tion, particularly in high-dimensional settings. For the
Hamiltonian-inference problem considered here, however,
a natural shared representation is provided by the pa-
rameter space of the microscopic Hamiltonian itself. An
e ective framework for multimodal spectroscopy should
therefore connect complementary measurements through
this physically meaningful parameter space, propagate
uncertainty consistently across measurement modalities,
and guide experimental design by identifying the mea-
surements that most e ectively resolve the remaining am-
biguities.

In this work, we develop a framework that asks not
only which Hamiltonian best reproduces an INS spec-
trum, but also what microscopic information the mea-
surements actually constrain. Our central idea is to treat
each spectroscopic modality as an observation mapping

from the Hamiltonian parameter space to the experimen-
tally accessible response function. This mapping induces
an observation geometry on the Hamiltonian parame-
ter space, where sti directions correspond to parameter
combinations that strongly in uence the measured spec-
tra, while sloppy directions produce nearly indistinguish-
able responses and are thus only weakly constraingd.

To make this observation geometry computationally
tractable, we construct Hamiltonian-conditioned, dif-
ferentiable Al surrogate models that accurately em-
ulate multimodal neutron-scattering spectra, leverag-
ing recent advances in implicit neural representa-
tions (INRs) for spectroscopy®®#  Combined with
Bayesian inference, these surrogates enable rapid evalua-
tion of spectral-discrepancy landscapes, quanti cation of
modality-dependent parameter-wise identi ability, and
propagation of posterior uncertainty directly within the
physical Hamiltonian parameter space. Rather than
fusing powder and single-crystal INS through an ab-
stract learned embedding, our framework connects them
through the shared microscopic Hamiltonian that gen-
erates both measurements, thereby keeping inference
within this physically meaningful parameter space. As a
result, posterior information inferred from one modality
can naturally inform inference in another, enabling se-
guential Bayesian inference, joint parameter estimation,
and uncertainty-aware experimental desigid®®0 .

We demonstrate this framework using simulated and
experimental INS measurements of the quantum mag-
net NiPS3;. The observation geometry reveals modality-
dependent sti and sloppy Hamiltonian directions,
powder-informed posterior initialization reshapes the
subsequent single-crystal acquisition strategy, and joint
inference on experimental powder and single-crystal spec-
tra yields a posterior distribution of Hamiltonians that
reproduce both modalities with high spectral agreement.
This work establishes a general framework that uses Al
surrogates not only to accelerate Hamiltonian inference,
but also to e ciently uncover which microscopic interac-
tions are resolved by each experimental modality, quan-
tify the remaining ambiguities, and guide adaptive ex-
perimental design toward measurements with higher ex-
pected information gain.

RESULTS
Multimodal Al surrogate

In an INS experiment, illustrated schematically in
Fig. 1(a), an incident neutron beam scatters from the
sample, and the scattered neutrons are recorded by an
array of detectors as a function of momentum and energy
transfer. For a single-crystal sample, the crystal orienta-
tion is controlled by a goniometer with rotation angle .
For a xed sample orientation , the detector array sam-
ples the measured intensity 1(Q;!) / S(Q;!) over a re-
gion of the four-dimensional scattering space determined



FIG. 1.

Multimodal inelastic neutron scattering (INS) measurements and Hamiltonian-conditioned Al sur-

rogate model. (a) Incident neutrons scatter from the sample and are recorded by a detector array, sampling a subset of
the four-dimensional scattering space (Q;!) for single-crystal measurements or a bounded region in (jQj;!) for powder mea-
surements. (b) Experimental control variables and the corresponding measurement coverage. The upper panel illustrates the
accessible (Q;!) region for di erent single-crystal sample orientations, while the lower panel shows the accessible (jQj;!) region
for di erent incident neutron energies in powder measurements. (c) Al surrogate model based on Hamiltonian-conditioned
implicit neural representations (INRs) for multimodal INS. A shared embedding network encodes the Hamiltonian parameters
into a common latent representation that conditions modality-speci ¢ coordinate networks, which predict scattering intensities
at arbitrary (Q;!) coordinates for single-crystal measurements and (jQj; !) coordinates for powder measurements. The trained
surrogate enables e cient Bayesian inference of Hamiltonian parameters from multimodal INS measurements. (d) Represen-
tative single-crystal (top) and powder (bottom) INS spectra illustrating the complementary reciprocal-space coverage of the

two measurement modalities.

by the detector coverage and the kinematically accessible NiPS; as the representative material system throughout

combinations of momentum transfer Q = [H; K; L] and
energy transfer ~!. Representative measurement cover-
ages for di erent rotation angles are shown in the upper
panels of Fig. 1(b). For a powder sample, the random
orientation of crystallites reduces the measurement to
the two-dimensional response S(Q;!), where Q = jQj
is the magnitude of the momentum transfer. The corre-
sponding detector coverage for di erent incident neutron
energies is shown in the lower panels of Fig. 1(b).

We choose the van der Waals (vdW) quantum magnet

this work. Its spin Hamiltonian is given by 3
X

H= 3iSi Si+  A(S)?+AL(S])? 5 (1)

N] i
where J; denotes the Heisenberg exchange interactions
extending from the rst- to fourth-nearest neighbors,
parameterized by [Ja;J1ib;J2a;d2b;d3a; J3p; Ja], While
Ay and A, are the single-ion anisotropy parameters.
Ref. 3 distinguished J, and Ji, to account for the

crystallographic distortion while imposing Joa = Jp



and Js; = Jap. Because the same symmetry reduc-
tion formally permits the corresponding second- and
third-neighbor exchanges to be distinct, we relax these
constraints and treat Joa, Jop, Jza, and Jz, as inde-
pendent parameters. These seven exchange and two
anisotropy parameters together de ne a nine-dimensional
(9D) Hamiltonian parameter space, which is denoted as
=[A x;Az;J1a;d1b; J2a; J2b; J3a; Jap; Jal.

To enable rapid, di erentiable forward evaluations, we
construct an Al surrogate model that maps Hamiltonian
parameters to INS spectra. To accommodate multiple
INS measurement modalities, the model consists of a
shared Hamiltonian parameter embedding network cou-
pled with modality-speci ¢ INRs #3, which serve as co-
ordinate networks. The embedding network conditions
the modality-speci ¢ INRs on the Hamiltonian param-
eters, allowing di erent parameter sets to generate dis-
tinct dynamical structure factors, S(Q;!). For exam-
ple, the coordinate network for single-crystal INS maps
the momentum and energy transfer coordinates, (Q;!),
to the scattering intensity. Combined with the param-
eter embedding network, the surrogate realizes the con
ditional mapping (Q;!; ) 7! S(Q;!), where denotes
the Hamiltonian parameters. By using a shared parame-
ter embedding network to condition multiple observables,
the intrinsically multimodal design provides a physics-
based, extensible, and exible framework. The overall
architecture is illustrated in Fig. 1(c), with additional
details on the datasets and model architecture provided
in Methods and Supplementary Note 4.

The dierentiability and computational e ciency

of the surrogate model enable seamless integration
with Bayesian inference and Bayesian experimental
desigrf0 | In particular, the surrogate-predicted spec-
tra, Spreq, Serve as the forward model in the likelihood
function, where likelihoods are evaluated by direct com-
parison with the measured spectra, &g, as illustrated
in Fig. 1(d).

Gmn () =h@ , S(x; ), @ ,S(x; )

where V denotes the measure of the accessible
momentum{energy domain and ., denotes the mth com-

ponent of . For INS, x = (Q;!), and the normalized
inner product reads
Z
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where V = d3Qd! is the accessible measurement

Observation-induced geometry of Hamiltonian
parameter space

We de ne the empirical spectral distance between two
Hamiltonian parameter sets using the normalized [? dis-
tance between their corresponding scalar scattering in-
tensities,
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where x = (Q i;! ;) are the sampled momentum{energy
coordinates. This is a metric on the sampled spectral
vectors and induces a pseudometric on the Hamiltonian
parameter space; it becomes a metric there if the for-
ward map is injective. To characterize its local geom-
etry, we de ne the smooth squared-distance landscape
f()=d ,%,(; ref ), Where the reference Hamiltonian ef
is taken from Ref. 3, whose parameter values are listed
in Supplementary Note 5.

An example of the local spectral-discrepancy land-
scape, f(), for single-crystal INS is shown in Fig. 2(a).
Several notable features emerge. First, the landscape is
relatively at along the A y and A, directions, indicat-
ing that these parameters weakly in uence S(Q);!) near
the reference Hamiltonian. Second, correlated parame-
ter combinations involving (J 15;J1p) and (J2a; J2p) pro-
duce similar spectra, leading to elongated valleys in the
observation landscape. In contrast, anti-correlated vari-
ations involving J3; and Jzp produce only small spectral
changes. These observations illustrate the central princi-
ple: spectral distinguishability is governed by the geom-
etry induced by the forward mapping, 7! S(Q;!; ),
rather than by Euclidean distance in the Hamiltonian
parameter space.

To characterize the observation-induced geometry
more generally, let x 2 denote a coordinate point
in the observation space, where is the experimentally
accessible measurement domain. The spectroscopic for-
ward map S(X; ) induces a local metric on the Hamil-
tonian parameter space through the normalized 12()
inner product,

z

@,S(x )@ ,S(x; )dx; 3

1
v

volume. In essence, this de nes the intensity-induced B
pullback metric. In practice, the integral is approximated
using Monte Carlo sampling,
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where x = (Q ;! ) are sampled uniformly over with



FIG. 2. Observation landscapes and local parameter identi ability across INS modalities. a, Local observation

landscape for the single-crystal INS modality, centered at the reference Hamiltonian ;. The corner plot shows two-parameter
slices of the spectral-discrepancy landscape between the reference spectrum, S(Q;!; ref ), and spectra generated by perturbed
Hamiltonians, S(Q;!; ). Circular markers indicate ref . IN the (J 1a;J1p) Subspace, the solid and dashed lines denote pertur-
bations along the eigenvectors, v» and vy, of the local observation metric tensor G, with eigenvalues satisfying » k. These
directions correspond to the local sti and sloppy directions in Hamiltonian parameter space, respectively. Representative
spectra and the corresponding normalized squared di erences demonstrate that perturbations of comparable magnitude along
v, produce substantially larger spectral changes than perturbations along v . b, Corresponding local observation landscape for
the powder INS modality, illustrating the distinct observation geometry induced by orientational averaging. ¢, Parameter-wise
sloppiness scores for single-crystal and powder INS, computed from the diagonal elements of the inverse local metric tensor,
G !, and normalized independently within each modality such that the maximum sloppiness score equals to 1. Larger values

indicate Hamiltonian parameters that are less well constrained by the corresponding measurement modality. d, Representative
partial derivatives of the dynamical structure factor with respect to selected normalized Hamiltonian parameters for the single-
crystal modality, @S(Q;)=@Ax and @S(Q;!)=@3z.. e, Representative partial derivatives of the dynamical structure factor
with respect to selected normalized Hamiltonian parameters for the powder modality, @ S(jQj; !)=@ Ax and @S(jQj; )=@Jza -

respect to the normalized momentum-energy volume
measure. Unless otherwise speci ed, we use N = 25;000
samples to estimate the observation metric.

The eigenstructure of the pullback Gram matrix char-
acterizes the local spectral sensitivity in the chosen
Hamiltonian parameterization. Eigenvectors correspond-
ing to large eigenvalues de ne sti directions, along
which small parameter perturbations produce substantial
changes in the predicted spectra. Eigenvectors with small
eigenvalues de ne sloppy directions, along which local pa-
rameter perturbations produce comparatively small spec-
tral changes. These directions characterize sensitivity un-

der the selected [> measure and do not by themselves
incorporate counting noise, acquisition time, or prior in-
formation.

An example within the (J 15; J1p) Subspace is shown in
the corner plot of Fig. 2(a). The perturbed Hamiltonians

» and | are displaced by an equal distance of 0:2 meV
from the reference Hamiltonian ¢ along the sti and
sloppy eigen-directions of the local 2D subspace metric
tensor G( (ef), respectively. The corresponding spectra,
S(Q;!; »2)and S(Q;!; ), are shown in the lower-left
panels of Fig. 2, while the corresponding 9D eigenvec-
tors are visualized in Supplementary Note 7. Pertur-



bations along the sti direction produce substantially
larger spectral changes relative to S(Q;!; () than per-
turbations along the sloppy direction. The normalized
squared spectral dierences, shown in the lower-right
panels of Fig. 2, further highlight the di erent sensitiv-
ities along these two directions. These results demon-
strate that parameter-wise resolving power is fundamen-
tally governed by the observation geometry induced by
the forward map. Rather than merely identifying which
Hamiltonian best reproduces the measurements, the ob-
servation geometry characterizes what information the
measurements can and cannot resolve.

In Fig. 2(b), we present the corresponding local ob-
servation landscape for the powder INS modality. Rel-
ative to single-crystal INS, powder averaging produces
broader low-discrepancy regions in Hamiltonian param-
eter space, re ecting the loss of directional information.
As a result, orientationally averaged spectra are less ef-
fective at distinguishing correlated parameter variations.
The representative powder spectra and their correspond-
ing squared-di erence maps again reveal sti and sloppy
parameter combinations, although the spectral response
is generally less discriminative than in single-crystal INS.
Despite this reduced parameter-wise resolving power, the
observation geometry demonstrates that powder INS re-
mains informative for Hamiltonian inference. In partic-
ular, it provides meaningful constraints on the Hamilto-
nian parameter space, making it a practical alternative
when su ciently large single crystals are unavailable or
when rapid measurements with limited beam time are
preferred. The complete 9D eigen-structures of the obser-
vation metric for both single-crystal and powder modal-
ities are provided in Supplementary Note 7.

To compare the local identi ability of Hamiltonian pa-
rameters with di erent scales, we evaluate the observa-
tion metric in locally normalized coordinates. For a met-
ric evaluated at a reference parameter point’ we de ne
the dimensionless coordinates

VAN
“m = ¥ (6)
J m)

The corresponding scaled observation metric is

(7)
where M is the number of Hamiltonian parameters. This
scaled metric removes the dependence of the local ge-
ometry on the absolute magnitudes of the Hamiltonian
parameters, enabling more intuitive comparisons of pa-
rameter identi ability across di erent Hamiltonian pa-
rameters. We quantify the sloppiness of parameter
using the corresponding diagonal element of the inverse
scaled metric,

y+1 ;

mm

Sm() = (8)

where is a small numerical regularizer ( = 10'2
throughout this work). Larger values of S, indicate that

6

parameter |, is less locally identi able from the mea-
sured spectra.

To obtain a representative measure of parameter iden-
ti ability across the Hamiltonian parameter space, we
evaluate the sloppiness scores at 100 randomly sampled
Hamiltonians "and report their averages in Fig. 2(c).
For visualization, the sloppiness scores are normalized
within each measurement modality by their largest value.
For both powder and single-crystal INS, the trans-
verse anisotropy A is identi ed as the least constrained
parameter and therefore sets the normalization scale.
Because the scores are normalized independently, this
comparison concerns relative parameter-wise sloppiness
within each modality rather than the absolute magnitude
of the metric between modalities. Relative to this com-
mon modality-wise reference, all remaining Hamiltonian
parameters exhibit systematically larger normalized slop-
piness scores under powder INS than under single-crystal
INS (Fig. 2(c)). This indicates that the parameter-
wise resolving power is less di erentiated in the powder
modality, with a broader set of Hamiltonian parameters
remaining relatively sloppy compared with the least con-
strained direction. This trend re ects the orientational
averaging inherent in powder measurements, which sup-
presses directional spectral features and expands the set
of Hamiltonian perturbations that produce nearly indis-
tinguishable spectra.

The partial derivatives shown in Fig. 2(d,e) provide
an intuitive visualization of the local observation geom-
etry by revealing how in nitesimal perturbations of in-
dividual Hamiltonian parameters modify the measured
spectra. Consistent with the sloppiness analysis, pa-
rameters with weaker spectral sensitivity generally ex-
hibit smaller derivative magnitudes over the measured
momentum{energy domain. Because these derivatives
are obtained directly by automatic di erentiation of the
Al surrogate, they can be evaluated e ciently, in con-
trast to conventional forward solvers where derivative in-
formation is typically unavailable or substantially more
expensive to compute numerically.

More generally, the parameter-wise sloppiness pro le
provides a quantitative description of how e ectively a
given measurement modality constrains di erent direc-
tions in the Hamiltonian parameter space. This observa-
tion suggests a practical principle for multimodal exper-
imental design: complementary measurements are most
informative when they exhibit complementary sloppy di-
rections, allowing one modality to constrain parameter
combinations that remain weakly identi able in another.
The powder{single-crystal combination considered here
serves primarily as a proof of concept, since powder INS
is e ectively an orientationally averaged projection of
single-crystal scattering. Even greater gains can be ex-
pected when combining experimental probes with gen-
uinely complementary observation operators and corre-
spondingly distinct observation geometries and sloppi-
ness pro les.



Posterior-guided multimodal Hamiltonian inference
and adaptive experimental design

The proposed framework advances our understanding
of how Hamiltonian parameters are jointly constrained
by multimodal experimental observables. By learning a
di erentiable and computationally e cient mapping be-
tween the Hamiltonian parameter space and INS spectra,
the Al surrogate provides the foundation for Bayesian
experimental design, enabling posterior-guided Hamil-
tonian inference that integrates heterogeneous measure-
ments and adaptively designs subsequent experiments.

In INS, single-crystal measurements preserve direc-
tional momentum information and can resolve ne fea-
tures of the dynamical structure factor, S(Q;!). How-
ever, each crystal orientation probes only a subset of
reciprocal space, making comprehensive reciprocal-space
coverage experimentally demanding. In contrast, pow-
der INS rapidly provides an orientationally averaged
overview of the excitation spectrum, although the av-
eraging process obscures directional information. These
complementary measurements therefore induce distinct
observation geometries for the same underlying Hamil-
tonian: powder measurements provide an e cient global
characterization, while single-crystal measurements sub-
sequently resolve the remaining microscopic ambiguities.

To exploit this complementarity, we perform sequential
Bayesian inference in which information inferred from
powder INS is used to initialize the subsequent single-
crystal analysis. We rst infer the powder posterior
Ppda (), represented computationally by the particle ap-
proximation P 4. The initial particle distribution for the
single-crystal stage is then constructed from By using
the partial posterior initialization procedure described in
Methods. After acquiring the (t+1)th single-crystal mea-
surement at orientation 1 | the posterior is updated
according to

Ps(tc+l) () /P (t+1)

S PR
where SV denotes the measured single-crystal spec-
trum acquired at iteration t+1, and ~ ®Y s the corre-
sponding sample orientation.

Unlike many multimodal learning approacheg!#2,
which fuse heterogeneous observations through learned
latent representations, our framework connects powder
and single-crystal measurements directly through the
shared Hamiltonian parameter space . The modality-
speci ¢ surrogate branches map the same Hamiltonian
parameters to powder and single-crystal response func-
tions in their respective observation spaces. Conse-
quently, posterior uncertainty inferred from powder INS
can be propagated directly through the shared Hamilto-
nian parameterization to predict single-crystal spectra,
enabling principled experimental planning in the subse-
guent measurement stage.

The next single-crystal measurement is selected using
Bayesian experimental design. Here, we demonstrate the

experimental design capability using the crystal orienta-
tion while this can be generalized to other experimental
settings. We approximate the expected information gain
using the predictive spectral variancé®*84951  |eading
to the utility function

1 X
Uty ()= —— Std , oy [Sse(@i4 )5
NO _ sc ()
Q! QN2
(10)
where  denotes the momentum{energy region accessi-

ble at experimental setting , and N é?, is the number

of sampled (Q;!) points within this region. In practice,
the utility is further adjusted to account for experimen-
tal preferences, including penalties for repeated measure-
ments and large changes in sample orientation (see Meth-
ods and Supplementary Information). The next experi-
mental setting (i.e., orientation ®1) ) is then selected
by maximizing U™ () over the candidate orientations.

We demonstrate the proposed work ow using sim-
ulated INS experiments (Fig. 3). For each ground-
truth Hamiltonian used in the simulated experiments,
synthetic single-crystal spectra are generated from
Ssc(Q;!; ) with Poisson counting noise and treated as
experimental observations. Figures 3(a) and (b) illus-
trate the adaptive single-crystal acquisition strategies ob-
tained without and with powder-informed initialization,
respectively. In each panel, the heatmap shows the av-
erage predictive-variance utility, U® (), computed from
10 simulated experiments whose ground-truth Hamiltoni-
ans are randomly sampled from the initial uniform prior
P© () de ned in Methods.

The powder-informed initialization reshapes the pos-
terior uncertainty before the single-crystal stage begins,
altering the predictive utility landscape over the candi-
date crystal orientations. Consequently, the preferred
measurement sequence adapts to the remaining uncer-
tainty, leading to di erent orientation trajectories than
those obtained from an uninformative prior. The over-
laid trajectory shows the sequence of crystal orientations
selected for a representative simulated experiment gener-
ated from the same reference Hamiltonian, (e, used in
Fig. 2. Figure 3(c) compares the posterior evolution for
the single-crystal-only and powder-initialized protocols.
The marginal distributions along the top and left illus-
trate the progressive reduction of parameter uncertainty
with successive measurements, while the lower-right cor-
ner plot shows the nal posterior distribution after ten
single-crystal acquisitions.

Figure 3(d) compares the Hamiltonian parameter esti-
mation errors obtained using powder-only, single-crystal-
only, and staged multimodal acquisition protocols. Con-
sistent with the parameter-wise sloppiness analysis in
Fig. 2(c), powder-only inference produces the largest er-
rors for most parameters because orientational averaging
removes directional information that is retained in single-
crystal measurements. Consequently, single-crystal INS
generally achieves the lowest point-estimation errors, re-
ecting its ability to resolve the full directional structure



FIG. 3. Bayesian experimental design and multimodal Hamiltonian inference enabled by Al surrogates. a, Adap-

tive experimental design on orientation for single-crystal INS without powder-derived prior information. The orange curve
shows the sequence of selected sample orientations for a representative simulated experiment generated from S(Q;!; rer)
with Poisson noise. The heatmap shows the average predictive-variance utility over 10 simulated experiments with ground-truth
Hamiltonians sampled from the initial prior. b, Adaptive experimental design on orientation for single-crystal INS initialized
with a posterior obtained from powder INS measurements. Compared with panel (a), the suggested orientations shift toward
di erent regions, re ecting the additional information contributed by the powder modality. c, Posterior distributions of Hamil-
tonian parameters. The top and left panels show the marginal posterior evolution as a function of measurement steps, while
the corner plot illustrates the posterior distribution after ten single-crystal measurements. d, Parameter estimation error for
powder-only, single-crystal-only, and multimodal inference. Bars show the geometric mean of absolute error across benchmark
realizations over sampled , computed as 'y = exp[hlog " ji] and displayed on a logarithmic scale. Error bars indicate one log-
standard-deviation interval, where og = std[logj n jl, corresponding to multiplicative intervals [y exp( 1og ) Y exp( 1og)]-
e, Relationship between the parameter sloppiness score and the residual posterior uncertainty after sequential single-crystal
inference. Each point corresponds to one Hamiltonian parameter. The positive correlation demonstrates that the local obser-
vation geometry provides a useful predictor of the uncertainty remaining after Bayesian inference.
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