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Abstract

Negative thermal expansion (NTE) materials are crucial for mitigating thermal
stresses and designing dimensionally stable components in advanced technologies, yet
compounds exhibiting this anomalous behavior remain intrinsically rare. The discovery
of novel NTE crystals has traditionally relied on serendipitous empirical observation and
physical intuition, severely hindered by the absence of universal design principles. Here,
by integrating more than a century of accumulated thermal-expansion data with state-
of-the-art machine learning, we identify explainable, macroscopic mechanical descrip-
tors for thermal expansion, namely the shear modulus (G) and the bonding modulus
(E) These descriptors enable the construction of a universal thermal-expansion land-
scape based on the shear-bond ratio (G/ E), supporting robust classification between
positive and negative thermal expansion materials across diverse structural and chem-
ical spaces. Guided by these universal descriptors and powered by high-throughput,
finite-temperature simulations using universal machine-learning interatomic potentials,
we theoretically predict 3,665 NTE crystals exhibiting wide operating temperature win-
dows. Validating this theory-driven paradigm, the experimental synthesis and charac-
terization of 11 previously unreported compounds directly confirm the robust predictive
power and transferability of our framework. These results bridge macroscopic mechan-
ics with microscopic lattice dynamics, transforming the discovery of NTE materials into

a systematic, scalable, and data-driven science.



Introduction

Thermal expansion is a fundamental property of solids, yet its behavior is remarkably asym-
metric across materials.™*¥ Most materials exhibit positive thermal expansion (PTE), where
the lattice expands upon heating due to the increased occupation of anharmonic phonon
modes.” By contrast, a much smaller and structurally diverse subset exhibits negative ther-
mal expansion (NTE), contracting as temperature increases.*® NTE materials are of broad
technological interest. Materials displaying NTE are essential for thermal-stress compensa-
tion and for realizing composites or devices with near-zero expansion, which enable dimen-
sionally stable composites for precision optics and microelectronics and mitigate thermal
stresses in aerospace and energy systems.““ They also serve as key components in ther-
momechanical actuators where controlled contraction can be harnessed for motion or force
generation. 2 Furthermore, the integration of NTE and PTE materials offers a versatile
route to fabricate structures and devices through engineered thermal-expansion mismatch,
enabling tunable curvature, adaptive architectures, and strain-programmable mechanical re-
sponses, 101210

Despite these wide-ranging applications, the fundamental principles governing why only
certain materials contract upon heating remain incompletely understood, making systematic
discovery a formidable challenge.*™* Historically, the search for NTE materials has relied
heavily on empirical observation and physical intuition, largely confining discoveries to a
small number of structural families known to host flexible or strongly anharmonic lattice
motifs, such as framework oxides, zeolites, and cyanides.”#1%8 While first-principles stud-
ies have elucidated key microscopic mechanisms of NTE,® their application remains largely
limited to individual compounds or material classes, hindering systematic exploration of the
vast chemical and structural space of crystalline solids. Consequently, NTE remains intrin-
sically rare, often confined to narrow temperature windows and specific crystal chemistries,
with its strong coupling to elasticity and bonding further complicating rational materials de-

sign.® In contrast, more than a century of thermal-expansion measurements, together with



rapidly expanding modern materials databases such as the Materials Project and GNoME,
constitutes a rich yet underexploited data resource.#2%2! Fundamentally, the rarity of NTE
reflects not a lack of data, but the absence of general, physically grounded descriptors that
connect lattice dynamics, elasticity, and bonding across diverse materials.

Recent advances in artificial intelligence and data-driven materials science offer a power-
ful framework to extract such elusive principles from massive, heterogeneous datasets.?4 >
Previous ML studies have identified several useful structural and chemical factors for NTE
discovery, including connectivity descriptors in open-framework oxides and fluorides, as well
as average electronegativity and porosity in bulk framework materials.??® These quanti-
ties have provided valuable empirical guidance for screening NTE candidates. Here, we
demonstrate that the complex volume thermal expansion behavior of crystalline solids can
be broadly understood and predicted using two universal mechanical descriptors, the shear
modulus (G) and the bonding modulus (E). Rather than requiring computationally ex-
haustive microscopic phonon analyses, these macroscopic variables elegantly capture the
physical competition between the negative and positive phonon contributions to thermal ex-
pansion. Together, they define a universal thermal-expansion landscape based on the shear-
bond ratio (¢ = G/E), enabling robust and physically transparent classification of PTE
and NTE materials across diverse material spaces. Interestingly, this shear-bond ratio maps
thermal expansion from microscopic lattice dynamics to macroscopic mechanics, proving
that expansion behavior is dictated simply by a material’s relative stiffness against shape
change versus volume change. By coupling this interpretable machine-learning descriptor
with high-throughput, finite-temperature calculations powered by universal machine learn-
ing interatomic potentials (uMLIPs), we rapidly screen and identify over 6,000 novel NTE
crystals. To rigorously validate this predictive framework, we synthesized and characterized
11 previously unreported compounds, confirming robust NTE behavior across a variety of
structurally diverse chemistries. Ultimately, these results provide a general, interpretable,

and scalable strategy that elevates the discovery of mechanically robust NTE materials from



a process of empirical serendipity to one of systematic, data-driven design.

Results and Discussion

General physical picture of thermal expansion. NTE can arise from several dis-
tinct mechanisms, spanning phonon-mediated lattice dynamics, such as transverse vibra-
tional modes and rigid-unit modes, ™% to electronic, magnetic, and spin-crossover tran-
sitions. T80 Tpy this work, we focus on phonon-driven NTE because lattice-dynamic mech-
anisms represent the most prevalent and broadly applicable origin of NTE in crystalline
solids.™ In general, the thermal expansion coefficient (CTE, «) can be decomposed into

positive and negative contributions as,
a=a"+a” (1)

where at and o~ denote the effective expansion and contraction contributions, respectively.
This decomposition provides a general framework, provided that the relevant positive and
negative contributions can be separated. For cubic crystals, this decomposition can be made
more explicit within the Debye-Griineisen theory. " The « can be expressed as the sum of

contributions from phonon modes with positive and negative Griineisen parameters ()

a = Z 04(’Yq) = Z 0‘(%) + Z O‘(Vq)a (2)

Vq Y¢>0 ¢ <0

where a(v,) denotes the phonon-mode contribution to the overall thermal expansion. Materi-
als exhibit NTE when the magnitude of the negative contribution (a~) exceeds the positive
one (at), ie.,, when |a~| > at (or |a7|/a® > 1). Otherwise, they display PTE. This
decomposition highlights that thermal expansion is governed by the competition between
positive and negative phonon contributions. The positive term o™ arises from the intrinsic
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bond expansion with increasing temperature (see Fig. |1p) whereas the negative term
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Figure 1: Machine-learning-enabled, physically interpretable classification of PTE
and NTE materials. (a) The physical origin for the positive term o™, which arises from
the intrinsic bond expansion with increasing temperature. (b) The physical origin for the
negative term o, which originates from low-frequency phonon modes involving collective
shear, bending, or (c) rotational motions enabled by structural flexibility. (d) The posi-
tive/negative thermal expansion (PTE/NTE) classification map (shown on a logarithmic
scale) is constructed using the shear modulus (G) and bonding modulus (E). NTE materi-
als are shown as blue points and PTE materials as red points; larger symbols denote cubic
materials, whereas smaller symbols denote non-cubic materials. The classification bound-
ary, & = G/E = 2.69, was fitted using only the cubic materials and then applied without
refitting to the non-cubic materials. Circles, squares, and diamonds denote experimentally
reported materials, previously reported DFT results, and materials calculated in this work,
respectively, and 44 points are labeled with their chemical formulas and years. Details of
data selection and the full list of data points (Table S2) are provided in the SI. The labeled
years indicate the cited experimental reports that explicitly characterized NTE, not neces-
sarily the first discovery of each material.



a~ originates from low-frequency phonon modes involving collective shear, bending, or rota-
tional motions enabled by structural flexibility (Figs. , c). I8 The competition between
these contributions provides the physical basis for exploring simple descriptors of volumetric
thermal expansion in cubic crystals. However, translating these physical insights into simple,
quantitative descriptors that enable scalable materials design and discovery remains a major
challenge.

For non-cubic crystals, thermal expansion is intrinsically tensorial and generally follows
a =VIy ; Si;l;, with the off-diagonal compliance components coupling the directional
responses and influencing the volumetric expansion (see details in Methods). This coupling
makes the identification of a simple and physically interpretable descriptor more challenging
than in cubic crystals, for which thermal expansion is isotropic by symmetry. We therefore
first seek a descriptor using cubic crystals and subsequently evaluate its empirical transfer-
ability to non-cubic materials.

Machine learning descriptors and classification. To develop rational descriptors
for thermal expansion and to enable reliable classification of PTE and NTE crystals, we
integrate established physical knowledge to construct a set of physically meaningful features
(see summary in Table S1). These features include quantities related to bonding charac-
teristics (bulk modulus B, Young’s modulus E, volumetric cohesive energy Uy), structural
flexibility (shear modulus G, Poisson’s ratio v), structural attributes (average atomic vol-
ume vy, average coordination number n, porosity ¢), phonon-related information (Debye
temperature Op), and additional basic crystal descriptors (such as average electronegativity
X).- Despite long-standing understanding of the physical origins of PTE and NTE (Figs.
lh—), a general and quantitative descriptor for thermal expansion has remained elusive.
Here, we employ the recently developed Sure Independence Screening and Sparsifying Oper-
ator (SISSO) method, a compressed sensing-based approach capable of generating predictive
models and classification descriptors (see details in Methods).2” Using SISSO, we trained

classification models to distinguish PTE from NTE materials (see Figs. , S1 and Table



S3). Our dataset spans more than a century (from 1852 to 2024), comprising 324 entries
drawn from reported experimental measurements (134), prior DFT predictions (27), and 163
additional calculations performed in this work (see detailed information in Table S2). To-
gether, these data provide broad and balanced coverage of chemical, structural, and physical
space to mitigate sampling bias (see details in SI and Fig. S2). The 324 entries constitute
the complete curated dataset used to characterize the chemical, structural, and physical cov-
erage shown in Fig. S2. To avoid mixing the distinct thermal-expansion physics of cubic and
non-cubic crystals, the dataset was subsequently partitioned according to crystal symme-
try. Only the cubic subset, whose thermal expansion is isotropic by symmetry, was used for
SISSO feature selection, model fitting, and determination of the classification boundary. The
non-cubic subset was excluded from all model-training procedures and reserved exclusively
for an external transferability test after the cubic model had been fixed.

Table S3 presents the mathematical formulas for the 9 best descriptors () selected from
more than 1 x 10° candidates using the cubic subset (see the corresponding classification
maps in Fig. S1). Among these, only descriptors that combine high predictive accuracy
(high AUC) with low complexity (easy to compute) are suitable for guiding the discovery
of new NTE materials. Dimensionless descriptors are particularly desirable due to their
straightforward interpretability. Moreover, an effective descriptor should capture contribu-
tions from both positive and negative phonon modes that govern thermal expansion. In this
context, we identify ¢ = G/(Uy/n) as the most effective descriptor (Fig. [Id). Here, Uy rep-
resents the bonding strength per unit volume, while the coordination number n describes the
number of nearest-neighbor bonds formed by each atom. Their ratio, Uy /n, therefore repre-
sents the cohesive-energy density distributed over the local bonding constraints, which can
be interpreted as an effective macroscopic proxy for local bond stiffness (with units of GPa,
see details in SI). We accordingly refer to this quantity as the bonding modulus, E="Uy /n,
which is conceptually related to the concept of atomic stiffness.3¥#34 Here, G serves as a

macroscopic proxy for the shear flexibility associated with negative phonon contributions,



whereas E represents the bond-stretching constraint associated with positive contributions.
The resulting cubic-derived classification boundary is & = G/ E= 2.69, for which the clas-
sification accuracy reaches 97.03%. This shear-bond ratio (SBR) also correlates with the
ratio |~ |/a within the cubic dataset (Fig. Ph), providing a quantitative measure of the
competition between positive and negative phonon contributions in this symmetry class.
Here, all PTE/NTE labels refer to the sign of the volumetric thermal expansion coefficient,
rather than to directional linear expansion along a specific crystallographic axis. The shear
modulus G is evaluated using the Voigt—Reuss—Hill averaging scheme, providing a consistent
scalar measure of the overall shear resistance for descriptor construction.

After the descriptor and the boundary &. = 2.69 had been fixed using only cubic crys-
tals, they were applied without refitting to the non-cubic subset. The resulting classification
accuracy is 83.17%, lower than the 97.03% obtained for the cubic dataset but still indicative
of useful empirical transferability. This reduction also delineates the limitation of the scalar
descriptor: it does not explicitly resolve the coupling between strain Griineisen responses
and individual off-diagonal components of the elastic compliance tensor in non-cubic crys-
tals. Accordingly, for non-cubic materials, the SBR is used only as a prescreening metric,
whereas their final thermal-expansion classification is determined using the strain-Griineisen—
compliance-tensor method described in the Methods.

The interpretation of mechanical descriptors. The descriptors obtained by the
SISSO method offer distinct physical insights and are explainable. Within the isotropic
approximation used to interpret the descriptor, the positive contribution, at (see detailed
derivation in SI), originates from anharmonic bond-stretching and longitudinal vibrational
modes associated with the intrinsic asymmetry of interatomic potentials at finite temper-
ature.¥ Based on a Morse-potential analysis of bond anharmonicity, the effective stiffness
of these modes scales with the bonding modulus E, an effective cohesive-energy density
distributed over the local coordination environment. This leads to an inverse relationship

between thermal expansion and bond strength, |a™| ~ E-1, in good agreement with our
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Figure 2: Scaling relationships between macroscopic mechanical descriptors and
microscopic thermal expansion components. (a) The ratio of negative to positive
thermal-expansion contributions (|a~|/a™) scales inversely with the shear-bond ratio (§ =
G/E). (b) Enlarged view of the dashed region in (a), with representative materials in specific
classes labeled. (c¢) The magnitude of the negative contribution (Ja~|) exhibits an inverse
scaling with the shear modulus (G), reflecting the role of structural shear flexibility. (d)
The positive contribution (at) scales inversely with the bonding modulus (E), representing
resistance to intrinsic bond expansion. In all panels, larger and smaller symbols denote cubic
and non-cubic materials, respectively; circles, squares, and diamonds denote experimentally
reported materials, previously reported DF'T results, and materials calculated in this work,
respectively. Blue and red points denote NTE and PTE materials, respectively.
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calculations (Fig. ) In contrast, the negative contribution (o~) is dominated by low-
frequency transverse, shear, and rotational phonon modes that are characteristic of flexible
open frameworks. #1859 Framework lattice-dynamical theory shows that these modes con-
tribute to thermal expansion with a weight proportional to 1/w?, and for shear-dominated
modes the phonon frequencies satisfy w? ~ G, where G is the shear modulus and w is
the frequency of low-frequency transverse (shear-like) modes.”” This directly leads to the
scaling |a~| ~ G7!, indicating that softer shear rigidity enhances the magnitude of the
negative contribution, consistent with Fig. 2e. Combining these scaling relationships gives
at/la| ~ G/E Although this interpretation is derived from cubic crystals, both the cubic
and non-cubic subsets exhibit similar overall scaling trends in Fig. 2] supporting the em-
pirical transferability of the shear-bond ratio across crystal symmetries.  The descriptor
G/ E naturally reflects the balance between rigid bond stretching and framework-like shear
flexibility, providing a physically grounded explanation for its strong predictive power in dis-
tinguishing PTE and NTE materials. It should be emphasized that the present descriptor is
designed as a binary classifier for the sign of «, rather than as a quantitative predictor of the
absolute value of a(T"). Therefore, proximity to the classification boundary should not be
interpreted as zero thermal expansion (ZTE). Extending this framework to ZTE discovery
would require redefining the learning target as a temperature-specific or window-averaged
«, using either regression or multi-class PTE/NTE/ZTE classification.

It is important to note that while thermal expansion is intrinsically an anharmonic phe-
nomenon, the macroscopic manifestation of these anharmonic structural distortions is heavily
constrained by the lattice’s harmonic restoring forces. Consequently, rather than contradict-
ing the anharmonic nature of thermal expansion, the harmonic mechanical descriptors (G
and E) effectively serve as scaling factors associated with the relative excitation weights
and amplitudes of the competing positive and negative anharmonic phonon modes. This
conceptual abstraction closely parallels the historical significance of Pugh’s ratio (B/G),

which famously mapped the microscopic complexities of dislocation dynamics into a simple
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Crucially, the SBR is a macroscopic

macroscopic predictor for ductility and brittleness.
mechanical descriptor rather than a microscopic lattice-dynamical one. It reveals an impor-
tant statistical and physical insight: although thermal expansion is ultimately governed by
complex microscopic lattice dynamics, the resulting behavior correlates strongly with the
material’s relative stiffness in resisting shape change versus resisting bond-stretching defor-
mation. The persistence of this trend across cubic and non-cubic crystals does not imply
an identical microscopic mechanism, but rather a coarse-grained mechanical regularity. The
quantities G' and E characterize the competing energy scales of transverse/shear deformation
and bond stretching, respectively, both of which remain relevant across crystal symmetries.
In non-cubic crystals, strain Griineisen responses and off-diagonal elastic-compliance com-
ponents reweight these tendencies, reducing the classification accuracy without eliminating
the overall trend. Thus, G/ E provides a transferable scalar indicator of thermal-expansion
propensity, while the tensorial coupling supplies the symmetry-dependent information re-
quired for final evaluation.

Although the descriptor G/ E is similar to Pugh’s ratio, our calculations show that their
values exhibit no apparent correlation (Fig. S3), confirming that & captures a uniquely dis-
tinct thermomechanical balance rather than a general elastic property. Previously reported
descriptors such as porosity, connectivity, and electronegativity are related to the present de-

Rather, they can be understood as structural or chemical factors that modulate

scriptor.
the underlying mechanical quantities G and E. The shear-bond descriptor therefore captures
these structural and chemical effects through the more fundamental mechanical quantities G
and E. The remaining deviations, particularly among non-cubic materials, reflect physical
contributions not explicitly resolved by this scalar descriptor, including anisotropic elastic
coupling, low-frequency optic modes, and temperature- or pressure-dependent changes in
bonding and coordination. 822

The discovery of thousands of NTE materials using uMLIPs. Guided by the

physically interpretable shear-bonding ratio descriptor, we performed a large-scale search
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Figure 3: High-throughput data-driven discovery workflow for NTE materials.
Starting with over 200,000 non-radioactive 3D crystals from the Materials Project database,
the screening pipeline sequentially applies filters for thermodynamic stability (AH < 0.1
eV /atom) and elastic stability. Materials are then screened using the macroscopic mechanical
criterion (§ < 2.5) to identify high-probability NTE candidates. In the final screening
step, phonon-stability screening, QHA /AG validation (AG denotes the anisotropic Griineisen
method), and thermal-expansion screening are performed. The cubic (isotropic) materials
are evaluated using QHA, whereas non-cubic (anisotropic) materials are evaluated using AG
(see details in Methods). The complete library is available in the open-access NTEdb.57

for NTE materials across the Materials Project database.2? Starting from over 200,000 non-
radioactive three-dimensional crystalline compounds, successive filters based on thermody-
namic stability, elastic stability, and the conservative descriptor criterion (§ < 2.5) rapidly
reduced the search space to a high-probability NTE subset (Fig.[3]). To further validate these
candidates beyond static mechanical descriptors, we evaluated temperature-dependent ther-
mal expansion in a final symmetry-resolved stage that combined phonon-stability screening
with thermal-expansion calculations: cubic materials were evaluated using isotropic QHA,
whereas non-cubic materials were evaluated using the anisotropic Griineisen method (see
details in Methods). These calculations were enabled by uMLIPs, which provide near
first-principles accuracy at a computational cost compatible with high-throughput screen-
ing, providing 100 to 1000-fold speedup relative to density functional theory calculations.
Recent studies have shown that uMLIPs are now sufficiently accurate for phonon calcula-
tions, 3839 and very recent work further demonstrates the ability of MatterSim to predict

thermal conductivity, which requires accurate third- and higher-order force constants.3? By
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contrast, thermal expansion depends primarily on second-order force constants, placing it
well within the reliable regime of the model. We emphasize that the central task of this
work is to determine the sign of volumetric thermal expansion, namely PTE versus NTE,
rather than to quantitatively reproduce the exact magnitude of «(7T) (see details in SI). To
validate this use, we benchmarked MatterSim-based QHA against DFT calculations for 18
representative cubic materials (Figs. S4 and S5). The results show that MatterSim qualita-
tively reproduces a(7") and reliably determines the sign of . It is further supported by the
agreement in the sign of the macroscopic Griineisen parameter 5(7") (Figs. S6 and S7), which
directly controls the PTE/NTE sign within the QHA framework. For the non-cubic branch,
anisotropic Griineisen calculations for 18 materials spanning six crystal systems reproduce
the principal directional and volumetric temperature-dependent trends reported in the lit-
erature (Figs. S8 and S9). Through this combined descriptor-based and symmetry-resolved
finite-temperature validation workflow, we identify thousands of NTE materials exhibiting
stable negative thermal expansion over temperature windows (73,) exceeding 100 K. We
further establish a large, physics-guided, and provenance-tracked NTE materials database
(NTEdb), available at NTEdb.com.®? Importantly, the scale of discovery is achieved without
sacrificing physical interpretability, underscoring that the descriptor, not the computational
method, constitutes the central advance of this work.

Experimental validation. To validate the physically interpretable classification model,
we synthesized 11 previously unreported NTE materials spanning oxide and fluoride chemistries
(Table . Five materials were selected directly from the predicted NTE library (marked
with «), while additional quaternary and five-element compounds (6 materials) that are
absent from the MP database were prepared to assess model transferability beyond exist-
ing datasets. All candidates were selected based on synthesis feasibility while deliberately
sampling diverse chemistries and crystal structures to minimize selection bias. Detailed syn-
thesis procedures and characterization methods are provided in the SI. Fig. [4] presents two

representative examples (the results of average o in NTE windows for other materials are
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Figure 4: Experimental realization and validation of predicted NTE materials. (a)
Rietveld refinements using synchrotron X-ray diffraction (SXRD) data for Mng5Cog 5Z1rFg
and (b) Zn,SiO, at 300 K. The plots display the measured X-ray diffraction profiles (red
dots), the theoretical fit (black line), and the difference between the two (teal line). Vertical
ticks (dark blue) indicate the Bragg peak positions. The insets show the corresponding
crystal structures and optical images of the synthesized samples. (c¢) Temperature-dependent
relative volume changes (AV/Vp) derived from variable-temperature XRD. Data for Zn,SiO,4
(dark blue circles) and (Mng 5Cog 5)ZrFg (teal squares) are plotted on the left and right axes,
respectively. (d) The location of the 11 previously unreported NTE materials (teal triangles)
synthesized in this work plotted on the classification model.

shown in Table. The fluoride Mng 5Cog 5ZrFg (MCZF) crystallizes in a cubic framework of
alternating Mn/CoFg and ZrFg octahedra, as confirmed by Rietveld refinements using syn-
chrotron X-ray diffraction (SXRD) data. High-temperature diffraction reveals pronounced
isotropic NTE with o = —8.73 x 107 K~! between 300 and 650 K, originating from trans-
verse vibrational modes of fluorine atoms.™ In contrast, Zn,SiO4 (ZSO) exhibits weaker
NTE (o = —2.76 x 1079 K~!, 100-225 K). Its framework structure, resolved by combined
neutron and synchrotron diffraction, consists of interconnected SiO4 and ZnO, tetrahedra

forming mixed-membered rings with two-coordinated oxygen atoms, distinct from classical

15



Table 1: Summary of 11 previously unreported NTE materials synthesized in this
work. Materials marked with a star are selected directly from the predicted NTE library.
The remaining quaternary and five-element compounds (6 candidates) are absent from the
MP database and were synthesized to assess the transferability of the model beyond existing
datasets. The table lists their calculated shear modulus (G), bonding modulus (E), the
resulting shear-bond ratio (§), and the average thermal expansion coefficients (@) within their

NTE temperature windows, all of which correctly predicted their experimentally confirmed
NTE behavior.

No. Materials G E 1 a NTE/PTE
1 BaCrSiyOqq * 33.837 18974 1.783  -4.12 NTE
2 CaCuSigOqp * 48.473  21.540 2250  -3.62 NTE
3 SrCuSiyOqp * 37.153  20.398  1.821  -3.87 NTE
4 CuZnV,07 * 26.683 15.386 1.734  -6.83 NTE
) ZnsSi0y * 32.039 16.516 1940 -2.76 NTE
6 Mnyg 5Cop 5Z1F¢ 20.779  14.362 1447  -8.73 NTE
7 BiZrPgOs6 43.184  20.093 2.149 -10.20 NTE
8 EuHfgP¢O34 47347 21174 2236  -3.50 NTE
9 ZnyGeg 5310504 28954 14.895 1944  -3.33 NTE
10 K0.5C00.5SC1.5M03012 21.196 13.170 1.609 -8.72 NTE
11 K0.5ZI]0.5SC1.5M03012 20.495 12.508 1.639 -10.70 NTE

NTE oxides such as ZrW,0g.” Despite their structural and chemical diversity of these 11
NTE materials, all synthesized compounds lie within the predicted NTE region (Fig. ),
providing direct experimental validation of the model.

All 11 phase-pure candidates characterized by variable-temperature XRD exhibited the
predicted NTE behavior, corresponding to a 100% success rate for the property-prediction
component of our workflow. This result supports the reliability of the physically interpretable
shear-bond descriptor combined with uMLIP/QHA validation. We note that the predicted
library of 3,665 NTE materials represents a physics-guided candidate pool, rather than a
guaranteed list of readily synthesizable compounds, because synthesis kinetics and competing
phase formation are not explicitly considered.

Structural-Chemical Origins of the NTE Landscape. The discovered NTE mate-
rials can be further analyzed through a structural-chemical decomposition. Specifically, the

predicted NTE materials can be classified according to their backbone-cation frameworks
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and dominant local anionic motifs. As shown in Fig. Bh, £ exhibits a strong statistical de-
pendence on the topological connectivity of these microscopic polyhedral backbones. As
the structural topology evolves from zero-dimensional (0D) isolated polyhedra or 1D chains
(1D-C) to 2D connected or fully connected three-dimensional corner-sharing (2D-CS, 3D-CS)
frameworks, the group medians generally shift toward the high-modulus region along iso-§
lines. This topological evolution elucidates the central physical trade-off in NTE design: low-
dimensional backbones, lacking rigid inter-polyhedral constraints, exhibit a severely softened
(. This softening releases substantial transverse vibrational degrees of freedom, facilitating
enhanced NTE contributions. In contrast, 3D-CS networks leverage hinge-like flexibility
at the vertices to sustain NTE while preserving high E. The darker CTE of some 3D-
CS subgroups further indicates that connectivity alone does not uniquely determine the
thermal-expansion magnitude. This association is consistent with a contribution from weak-
ened shear rigidity in low-dimensional topological frameworks, which can amplify transverse
and rotational lattice motions that generate NTE contributions. Although the present anal-
ysis focuses on three-dimensional bulk crystals, this physical picture is consistent with the
well-known occurrence of NTE in low-dimensional systems, such as 1D atomic chains and 2D
monolayer materials, where the resistance to transverse shear or out-of-plane deformation is
intrinsically weak.2240 This suggests a common mechanical tendency in which reduced shear
or transverse rigidity can amplify transverse and rotational lattice motions that generate
NTE contributions.

To translate this macroscopic descriptor into chemical guidelines, Fig. presents a
chemistry-resolved heatmap that categorizes the NTE dataset by dominant local anionic
motifs (rows) and backbone-cation classes (columns). Although this representation does not
include special cases that lack a distinct backbone cation, such as pure framework oxides like
BaySi30g, it captures the broad chemical diversity of the predicted NTE library. Notably,
the heatmap exhibits a predominantly horizontal pattern within the populated cells. The

materials sharing the same local anionic motif generally show similar median £ values across
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Figure 5: Topology- and motif-resolved organization of the NTE shear-bond land-
scape. (a) Median G versus E for representative backbone-topology groups within the
classified NTE dataset. Group labels indicate the dominant polyhedral geometry, spatial
dimension, and connectivity of the backbone; for instance, Tet 2D-CS represents a tetra-
hedral two-dimensional corner-sharing network, while Tet 0D denotes isolated tetrahedral
units. The shape, size, and color of the markers correspond to the backbone dimension,
group population size, and median volume coefficient of thermal expansion (CTE), respec-
tively. Dashed lines (§ = 1.25,1.50, and 1.75) are provided for reference. (b) Median £ values
mapped across dominant local anionic motif families (rows) and representative backbone-
cation elements (columns). The columns are further categorized by backbone-cation class
along the top horizontal axis. The color intensity of each cell reflects the median &, while the
numerical value indicates the sample count. Blank cells denote motif-cation combinations
that are absent from the present classified NTE dataset.
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different backbone-cation classes, whereas changing the motif generally leads to a larger
shift in £&. This observation suggests that the dominant local anionic motif provides the
primary chemical organization of &, while backbone-cation identity introduces additional
within-family variation.

To examine the mechanical origin of these motif-dependent trends, Fig. [6p projects the
statistical distribution of motif families onto the macroscopic G-E landscape. This represen-
tation reveals that different chemical motifs reach the low-£ regime through distinct elastic
trade-offs. Halides (Cl/Br/I), for instance, approach the low-¢£ regime via proportional soft-
ening, simultaneously depressing both the shear and bonding moduli. In contrast, cyanides
(CN) and nitrates (NO3) deviate from this proportional trend by reducing G while retain-
ing comparatively larger E in the present grouped medians, thereby producing pronounced
shear-bond asymmetry. Conversely, phosphate-based motifs (POy), which constitute the
largest sub-population in the dataset, commonly populate an intermediate-¢ regime, provid-
ing a mechanically robust compromise between lattice contraction and framework stiffness.

Transferability of the Shear-Bond Descriptor. Importantly, the applicability of
the SBR descriptor beyond conventional inorganic crystals was further examined using
literature-reported thermal-expansion data for polymers, van der Waals molecular crystals,
metal-organic frameworks (MOFs), zeolites, and amorphous materials (Fig. [6b). It should
be noted that the PTE/NTE labels for these extended material classes were not obtained
from Debye-Griineisen calculations in this work. Rather, they were taken from previously
reported experimental measurements or, for a small number of MOFs, molecular-dynamics
simulations. Despite the distinct microscopic origins of thermal expansion in these systems,
the SBR descriptor still provides a consistent macroscopic separation between reported PTE
and NTE behavior. This observation suggests that the competition between overall shear
flexibility and bond stiffness captures a transferable mechanical tendency associated with
thermal expansion, while quantitative prediction of thermal expansion in soft or highly flex-

ible materials requires more specialized methods. Therefore, Fig. [6b should be viewed as
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Figure 6: Motif-family routes to low ¢ and transferability of the macroscopic
classification boundary. (a) Distribution of the median properties for dominant local
motif families across the macroscopic G-E plane. Marker size is proportional to the number
of materials in each family, and color denotes the median CTE. Dashed lines (¢ = 1.25,
1.50, and 1.75) are shown for reference. (b) Extension of the macroscopic classification
model beyond conventional inorganic crystals. The cubic-derived classification boundary
(& = G/FE = 2.69, dashed line) accurately delineates the PTE (red) and NTE (blue) regimes
for fundamentally diverse material classes, including polymers, van der Waals molecular
crystals, metal-organic frameworks (MOFS), zeolites, and amorphous networks. Details of
the calculations of G and E are shown in the SI and Tables S4-S6.

an additional transferability test of the descriptor, rather than as a Debye-Griineisen-based
prediction for these material classes.

Scope, Limitations, and Outlook.

Extending the Positive-Negative Contribution Framework. More broadly, the
decomposition & = a® + a~ can be viewed as a general framework for thermal expan-
sion beyond phonon-driven NTE. For phase-transition-driven NTE, a~ may originate from
transition-induced strain, such as volume collapse, framework tilting, or ferroelastic distor-
tion, while o™ represents the normal phonon background.” In such cases, descriptors should
include order-parameter-strain coupling, transition temperature, and elastic stiffness. In par-
ticular, G may remain important when the transition involves shear distortion. For magnetic

or electronic NTE, o~ may arise from magnetovolume coupling, spin-state changes, charge
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transfer, or electronic instabilities, suggesting that magnetic, electronic, and electron-lattice-
coupling descriptors are needed.™ Thus, while the present shear-bond descriptor is devel-
oped for fixed-phase phonon-driven NTE, the same positive-negative contribution framework

provides a possible route to unify broader NTE mechanisms.

Conclusion

Here we present a scalable and physically grounded approach for predicting and discovering
NTE materials across the crystalline materials landscape by combining historical thermal-
expansion data with state-of-the-art machine-learning methods. Our analysis identifies two
universal mechanical descriptors, the shear modulus G and the bonding modulus E, that
quantitatively capture the competition between negative and positive phonon contributions
to thermal expansion. These descriptors enable robust classification of PTE and NTE ma-
terials across broad chemical and structural spaces. By integrating this descriptor-based
classification model with high-throughput finite-temperature simulations using uMLIPs, we
predict 3,665 NTE materials. The significance of this massive library lies not merely in
enlarging the list of known NTE compounds, but in providing a searchable design space for
thermal-expansion engineering. This resource supports multi-objective selection under criti-
cal engineering constraints, such as operating temperature windows and mechanical stiffness,
thereby enabling scalable zero-expansion solutions and programmable thermally induced
shape change. Importantly, the successful experimental realization of 11 structurally di-
verse, previously unreported NTE materials provides compelling validation of the physically
interpretable descriptors and underscores their utility for scalable, data-driven materials dis-
covery. This work establishes a general strategy for data-driven yet physically transparent
materials discovery, demonstrating that complex anharmonic properties such as thermal ex-
pansion can be efficiently navigated at scale. While our focus here is on phonon-driven

thermal expansion, the same strategy is readily extendable to electronic- and spin-driven
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mechanisms as machine-learning models of electronic and magnetic excitations continue to

advance. 43

Methods

Isotropic QHA calculations. Temperature-dependent volumetric thermal expansion co-
efficients, «(7), for cubic materials were evaluated within the QHA as implemented in
the Phonopy package.®¥ For cubic crystals, the thermal-expansion tensor is isotropic by
symmetry, so the volumetric response can be obtained from a uniform volume coordi-
nate without resolving independent directional strains. For each material, the relaxed
structure was used to generate volume-dependent configurations and phonon spectra. At
each volume, the corresponding static energy and phonon frequencies were combined to
evaluate the Helmholtz free energy as F(V,T) = Ey(V) + Fun(V,T), where Fun(V,T) =
> [%hwa,(V) —i—kBTln(l — exp [—MISB—”(TWD] Here, FEo(V) is the static energy at vol-
ume V', while Fi;,(V,T) contains the zero-point and thermal vibrational contributions.

The volume dependence of wg, (V') therefore provides the quasiharmonic thermal pressure.

The equilibrium volume at each temperature was obtained by minimizing F(V,T) with

OF(VT)

57 = (. The volumetric coefficient

respect to volume, equivalently satisfying .
V=V(T

was then calculated from the temperature derivative of the equilibrium volume as «o(7T) =
V(T)™'dV(T)/dT. The sign of a(T) was used to distinguish PTE from NTE in the cu-
bic branch. In the cubic limit, this scalar result is equivalent to the trace of the tensorial
treatment below, with a = 3ay;,.

Anisotropic Griineisen—elasticity calculations.

For non-cubic crystals, temperature-dependent thermal expansion was evaluated with
the anisotropic Griineisen—elasticity (AG) method, which combines strain-resolved phonon
responses with the full elastic compliance tensor 2883 Starting from a relaxed structure,

independent finite strains were applied to the equilibrium cell, and the phonon spectrum
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was recalculated for each strained configuration. In compact strain-component notation,
the mode Griineisen responses, their heat-capacity-weighted driving terms, and the resulting
)

. j Olnwqy >av Wa cav (T) gy
expansion components were evaluated as Véj,,) = — % , [;(T) = %, and
J — qa
n=0 a

a;(T) = Vlo > Sij;(T). Here, wg, denotes the frequency of mode (q,v), cq,(T) is its mode
heat capacity, and wq is the g-point weight. The indices ¢ and j refer to the same indepen-
dent strain components, Vj is the equilibrium volume, and \S;; is the corresponding full elastic
compliance tensor. The first relation was evaluated from finite differences of the phonon fre-
quencies of the strained configurations. At each temperature, the heat-capacity weighting in
I;(T') accounts for the thermal population of the modes, while contraction with S;; retains
the coupling between normal and shear responses. The resulting components were assembled
into a Cartesian thermal-expansion tensor. Unlike a scalar volume derivative, this tensorial
treatment allows the response to differ along the crystallographic directions. Directional
coefficients were obtained by projecting the tensor onto the corresponding crystallographic
axes, while the volumetric coefficient was obtained from its trace, a(T) = Tr[a(T)]. The
sign used for the volumetric NTE/PTE label was therefore the sign of this traced coefficient,
rather than that of any single directional component, so compensating positive and negative
directional responses are retained in the volumetric classification. For cubic crystals, sym-
metry makes the expansion tensor isotropic, and the AG formulation reduces to the scalar
QHA result above, with a = 3ay;,.

Details about DFT and uMLIP calculations. High-throughput screening and prop-
erty calculations were primarily performed using the universal machine-learning interatomic

potential MatterSim.#8

Two model variants were employed to balance efficiency and accu-
racy: MatterSim-1M was used for derivative-sensitive calculations, including phonon spectra
and elastic constants, due to its robust force predictions and computational efficiency, while
MatterSim-5M was used for static total-energy evaluations associated with cohesive energy

calculations, where higher accuracy in absolute energies is required. Structural relaxations

and phonon calculations were performed consistently with the MatterSim potential. To vali-
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date the reliability of the machine-learning predictions, representative NTE candidates were
further examined using density functional theory (DFT) calculations. DFT calculations were
performed using the Vienna Ab initio Simulation Package (VASP)¥8 with the projector
augmented wave (PAW) method®™ and the Perdew-Burke-Ernzerhof (PBE) generalized gra-
dient approximation functional B? The corresponding computational details are provided in
the Supplementary Information.

Calculation of mechanical properties and scalar descriptors. Two mechanical
descriptors were considered in this work: the shear modulus (G) and the bonding modulus
(E) Elastic constants were obtained using the energy—strain approach implemented with
VASPKIT B Total energies were evaluated with the MatterSim-1M model 28 and the elastic
stiffness tensor (C;;) was extracted by fitting the energy—strain relations. Its inverse was
retained as the full compliance tensor (S;;) for the anisotropic calculations, while the scalar
shear modulus (G) used in the descriptor was computed using the Voigt—Reuss—Hill averaging
scheme. Thus, the VRH average provides a scalar measure for descriptor construction and
prescreening, whereas the full tensor is used for the non-cubic thermal-expansion response.
The bonding modulus was defined as E = Uy /n, where Uy is the volumetric cohesive
energy density and n is the average coordination number. This normalization accounts for
variations in local bonding environments and yields a transferable measure of bond stiffness.
Coordination numbers were determined using the CrystalNN algorithm® implemented in
pymatgen,® employing the default unweighted Voronoi-based neighbor-finding scheme. The
average coordination number was obtained by averaging over all atoms in the unit cell. The
volumetric cohesive energy density was calculated as, Uy = (Eiota1— Y _; NiEisolated,i)/ Veet X C,
where Fia is the total energy of the unit cell evaluated using the MatterSim-5M model,
Veen is the unit-cell volume, and C' = 160.217 converts eV / A3 to GPa. To ensure consistency
with experimentally reported cohesive energies, the reference energy of isolated atoms was
obtained via a thermodynamic cycle: Fioated = Fob + Fox. Here, EME is the ground-state

coh *

energy of the elemental solid from the Materials Project,?? and E.{ is the experimental
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cohesive energy compiled by Kittel.5® Since E is used as a relative descriptor, the analysis
is insensitive to a uniform shift in absolute reference energies.

Cubic-only SISSO classification. To identify the interpretable physical descriptors
governing the sign of thermal expansion, we employed the SISSO method.”? The dataset
comprised 324 materials. The SISSO training domain comprised 109 cubic materials (48
NTE and 61 PTE), while 215 non-cubic materials (69 NTE and 146 PTE) were held out as
out-of-domain (OOD) diagnostics and were not used for feature selection, model fitting, or
determination of the classification boundary. Based on the sign of their volumetric thermal
expansion coefficients at 100 K (with NTE defined by an NTE window T3, > 100 K), these
324 materials were categorized into 117 NTE and 207 PTE entries. The selection of 100 K
as the evaluation reference is physically motivated. At this temperature, the low-frequency
transverse and shear phonon modes responsible for NTE are typically fully activated, while
the high-frequency bond-stretching modes driving PTE have not yet been significantly pop-
ulated to interfere with the intrinsic negative expansion behavior. Crucially, to ensure data
consistency and eliminate discrepancies between experimental and theoretical sources, all
elastic descriptors (e.g., B, G, F) for all 324 materials were uniformly recalculated using
the uMLIP of MatterSim. We constructed a primary feature space containing 10 physically
motivated variables chosen to capture lattice stiffness, bonding characteristics, and struc-
tural topology: elastic moduli (B, G, E,v), energetic properties (Uy ), lattice parameters
(va, m, @), and atomic and phonon descriptors (x, ©p). These primary features were re-
cursively combined up to a complexity level of 3 using a comprehensive set of mathematical
operators, S = {+,—, X, /,exp,log, /.| - |, (1)2,(-)}, generating a candidate feature space
exceeding 10° dimensions. The most relevant descriptors were identified through iterative
sure independence screening (SIS) followed by Lg-regularized sparsification. Among the
top-ranked candidates, the dimensionless ratio & = G//(Uy /n) was identified as the optimal
descriptor due to its superior balance of classification accuracy and physical interpretability.

To assess the model’s robustness, we performed stratified 5-fold cross-validation. The model
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achieved a mean accuracy of 96.28% (£3.96%) and a mean Area Under the Curve (AUC) of
0.9889 (£+0.0248), demonstrating excellent generalizability. The final classification boundary,
& = 2.69, which separates the NTE (¢ < &) and PTE (¢ > &) regions, was determined
from the full cubic training dataset. The fixed boundary was subsequently applied to the

non-cubic OOD subset without refitting.
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