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ABSTRACT

The reliability of machine learning interatomic potentials (MLIPs) in downstream
physics tasks depends not only on reproducing reference energies and forces,
but also on the smoothness of the underlying potential energy surface (PES).
While prior work has evaluated smoothness indirectly—most commonly by run-
ning microcanonical molecular dynamics (MD) simulations or calculating phonon
modes—such tests capture only near-equilibrium smoothness and are computation-
ally expensive. We introduce the Bond Smoothness Characterization Test (BSCT),
a simple and inexpensive benchmark that directly quantifies PES smoothness both
near- and far-from-equilibrium by probing controlled bond deformations. Since
BSCT measures the PES itself, it can detect a wide range of instabilities, such
as discontinuities, artificial minima, or spuriously large forces. To investigate
how BSCT can guide the design of scalable, physically reliable MLIPs, we start
from an unconstrained Swin-Transformer-inspired backbone and conduct a con-
trolled study on the SPICE (molecules) and MPTrj (materials) datasets. Beginning
with this baseline, we introduce targeted design changes—differentiable k-nearest
neighbor graphs, temperature-controlled attention, and broadened radial smearing
widths. At each step, we measure the energy and forces prediction accuracy, energy
conservation in microcanonical simulations, and the BSCT metric. Our results
show that BSCT improvements consistently predict reductions in MD instabilities
and enable early-stage filtering of problematic models. The final BSCT-guided
models achieve state-of-the-art accuracy on SPICE and MPTrj while maintaining
excellent smoothness, demonstrating that optimizing for physical soundness via
BSCT naturally yields high performance. Our results position BSCT as a practical,
general-purpose metric for guiding the design of reliable MLIPs.

1 INTRODUCTION

Interatomic potentials, which describe the microscopic interactions in atomistic systems, are funda-
mental to computational chemistry and materials science. Density Functional Theory (DFT) (Kohn
& Sham, |1965)), one of the most widely used ab initio methods, enables essential calculations such
as molecular dynamics simulations and geometry optimizations. These calculations support diverse
applications, from drug discovery to catalyst design (Cole & Hinel 2016; Jain et al.,|2016; [Hammer
& Ngrskov, [2000). However, the computational complexity of DFT scales as O(n?) with the number
of electrons, making it prohibitively expensive for large systems or long timescales.

Machine Learning Interatomic Potentials (MLIPs) have become powerful surrogates for DFT, offering
orders-of-magnitude speedups while approaching DFT-level accuracy. However, accuracy on energy
and forces predictions alone does not guarantee reliability. Small deviations in predicted forces can
accumulate in simulations and relaxations, producing unstable trajectories or unphysical observables
(Fu et al.l |2022; Bigi et al., 2024; Miret et al., [2025). The underlying issue is often the physical
soundness of the potential energy surface (PES).

A critical aspect of physical soundness is PES smoothness. In quantum chemistry, chemical smooth-
ness has been rigorously defined as the absence of artificial extrema or inflection points along all
directions (Subotnik et al.,|2008)). This differs from the MLIP community’s informal use of “smooth-
ness” to mean bounded PES derivatives (Fu et al., 2025), which often requires costly MD to evaluate.
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Smoothness is especially important far-from-equilibrium, where spurious PES features can cause
catastrophic simulation failures.

Current MLIP benchmarks provide measures of accuracy and stability: for example, through near-
equilibrium test sets (P6ta et al.l |2024) or observing energy conservation over time in microcanonical
NVE simulations (Fu et al.,2025). While these approaches have been valuable to the field, they are
either computationally expensive or focus on limited regions of the configuration space. We address
this limitation with the Bond Smoothness Characterization Test (BSCT), a benchmark and metric
designed to directly and efficiently evaluate PES smoothness in both near- and far-from-equilibrium
regimes. BSCT probes one-dimensional bond-stretching and compression scans, where the true
PES is known to be smooth, making spurious features easy to detect. Using BSCT, we also define a
Force Smoothness Deviation (FSD) metric, which quantifies smoothness at low cost and correlates
strongly with MD stability, providing an early indicator of physical reliability without running long
simulations.

To demonstrate BSCT’s utility for guiding model development, we construct an expressive, uncon-
strained attention-based backbone and systematically introduce targeted modifications to improve
physical soundness and PES smoothness without sacrificing scalability. These include a differentiable
k-nearest neighbors (Diff-kNN) algorithm, broadened Gaussian smearing widths, and temperature-
controlled attention. BSCT-driven evaluation reveals how each choice affects smoothness, accuracy,
and MD stability, yielding models that have strong near-equilibrium accuracy while improving
far-from-equilibrium smoothness. Together, BSCT and this model case study provide a practical
framework for developing MLIPs that are both accurate and physically sound.

2 RELATED WORKS

MLIP Benchmarks. Many MLIP benchmarks have been developed to supplement energy and
force errors. The TorsionNet-500 dataset includes 500 molecules’ torsion scan profiles, allowing
MLIPs to compare their PES to DFT calculations (Rai et al., [2022])). [Fu et al.| (2022 proposed to
use MD simulation stability and h(r) reconstruction to benchmark models. Bigi et al.[(2024) used
NVE simulations and Jacobians to measure the non-conservative behavior of the models. [Kreiman
& Krishnapriyan| (2025)) explicitly evaluates the generalization capabilities of foundational MLIPs.
The NNP Arena provides an assortment of molecular and lattice property prediction benchmarks as
well as inference speed test (Rowan Scientific Corporation, [2025). Our benchmark evaluation, BSCT,
differs from these by explicitly measuring PES smoothness far from equilibrium.

For materials, the Open Catalyst project assesses models by their ability to predict the correct relaxed
energy of the catalyst-adsorbate system (Chanussot et al.,|2021). Matbench Discovery ranks models
by their ability to predict structure stability (Riebesell et al.,|2023)). The MDR phonon benchmark
tests MLIP’s capability to predict the correct phonon structure of the lattice (Pota et al., 2024). MLIP
arena provides a wide array of benchmarks for materials ranging from homonuclear diatomics to
equations of state (Chiang et al.| |2025)). CHIPS-FF evaluates MLIPs on predicting material properties
such as elastic constants, phonon spectra, defect formation energies, etc. (Wines & Choudhary), 2024)).

MLIPs for Atomistic Systems. MLIPs can be roughly divided into three categories based on
their transformation under the Euclidean group: equivariant, invariant, and no built-in equivariance.
Equivariant architectures featurize the embeddings to carry irreducible representation indices. One
example of this is Tensor Field Network (Thomas et al.l 2018)), which was subsequently adopted in
NequlP (Batzner et al.,|2022). MACE (Batatia et al.,[2022) followed a different path to generalize the
Atomic Cluster Expansion (ACE) (Drautz, 2019) to a multi-layer message passing neural network.
eSCN (Passaro & Zitnick, 2023) and eSEN (Fu et al., 2025) utilize the efficient SO(2) convolution
to perform the equivariant graph operations. On the other hand, invariant networks featurize the
embeddings to be invariant to the group operations, such that rotations and translations would not
change their values. SchNet had the initial development of invariant models by featurizing only
the edge distances (Schiitt et al.,[2018)). DimeNet (Gasteiger et al., [2020) and GemNet (Gasteiger
et al.| [2021) further increased their expressiveness by including invariant bond direction information.
EScAIP combines the self-attention mechanism and the BOO features to build an invariant backbone
architecture, while having a prediction head without built-in equivariance (Qu & Krishnapriyan,
2024). Finally, there are also models without built-in equivariance. The Orb models explored this
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direction and relied on data augmentation and additional loss terms to recover the equivariance
(Neumann et al., 2024; Rhodes et al., [2025)).

3 BSCT: BOND SMOOTHNESS CHARACTERIZATION TEST

Evaluating an MLIP requires more than measuring its

energy and force prediction errors. For an MLIP to 10 : ‘ : : :
make reliable predictions in simulations, the physical

soundness of the potential energy surface (PES) it f 4_% - ]
predicts is equally important. In the quantum chem- 6F ]
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Near vs. Far-From-Equilibrium Smoothness. Ex-
isting benchmarks provide valuable measures of
smoothness and energy conservation, but they are
often focused on near-equilibrium configurations (Fu
et al., 2025; |Pota et al.| [2024)). In this regime, a suf-
ficiently expressive MLIP can often improve smoothness by training on more data points. For
example, models on the Matbench Discovery leaderboard can do this and achieve better near-
equilibrium smoothness (ksryvE) With the same architecture (Riebesell et al., [2023). However,
far-from-equilibrium smoothness is different. These configurations are true out-of-distributions
(OOD) relative to the training set, and adding more near-equilibrium data does not help. They are also
rarely explored by MD simulations, making MD-based evaluations infeasible due to computational
cost. Meanwhile, datasets such as GMTKNSS5 include far-from-equilibrium reactions, but they are
tailored for ab initio methods and do not explicitly assess PES smoothness (Goerigk et al.| [2017).
This leaves a gap for benchmarks that efficiently evaluate smoothness in far-from-equilibrium regions,
and our work addresses this limitation with the Bond Smoothness Characterization Test (BSCT).

What BSCT Measures. The Bond Smoothness Characterization Test (BSCT) evaluates how
smoothly an MLIP predicts energies and forces as molecular bonds are systematically stretched
and compressed beyond equilibrium. We focus on bonds because their ground truth PES (.e.,
dissociation curves) is intrinsically smooth, making deviations and erroneous non-smoothness easy
to detect. By sampling a one-dimensional slice of the PES along the bond length and comparing
MLIP predictions with density functional theory (DFT) references, BSCT isolates non-smooth
behavior in regions outside the training distribution. BSCT targets the challenging regime of far-
from-equilibrium smoothness, enabling us to determine which specific design choices genuinely
improve PES smoothness. This allows us to isolate the effect of architecture from raw model capacity,
providing insight into how design choices influence the reliability and generalization of MLIPs.

Constructing the BSCT Dataset. For each molecule, we select a bond that splits the molecule into
two fragments and displace the fragments along the bond axis while keeping their internal geometries
fixed. Formally, given atomic positions {z;} € R3*¥, the fragment labels {h;} € {—1,1}", and
the bond direction unit vector 7 € S2, the perturbed positions for displacement « are:

x(a) = x; + ahy?. e))
We construct the BSCT-SPICE dataset by applying this procedure to the SPICE test structures [East/
man et al.| (2023)); |Kovacs et al. (2023). The dataset contains 485 molecules, each with 100 DFT
single-point calculations computed at the same level of theory as SPICE (wB97M-D3(BJ)/def2-
TZVPPD) using Psi4 (Mardirossian & Head-Gordonl |2016; Rappoport & Furche} 2010; [Hellweg &
Rappoport, 2015} [Turney et al., | 2012), the same computational chemistry code as SPICE.
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Figure 2: (a): Comparison of two hypothetical PES. Both PES1 and PES2 accurately reproduce
the true quadratic PES near equilibrium. Away from equilibrium, PES1 slowly deviates from the
quadratic PES reference but remains smooth, and PES2 has an artificial minimum (non-smoothness)
enclosed by gold dashed lines. (b) Standard metrics such as energy and forces mean absolute errors
(MAES) evaluated on the one-dimensional subset fail to detect PES2’s non-smoothness. (¢) Our
proposed force smoothness deviation (FSD) metric sensitively captures this non-smooth behavior.

We construct the dataset by systematically scanning bridge bonds in molecules, filtering out structures
with isolated or overlapped atoms, and running DFT calculations on bond scans (See Appendix [A] for
details). Figure[T]shows an example C—C bond scan, where the DFT PES varies smoothly across the
sampled bond lengths; BSCT evaluates whether MLIPs preserve this physically correct behavior.

Quantifying Smoothness: The FSD metric. We introduce a new metric, the Force Smoothness
Deviation (FSD), to quantitatively measure the PES smoothness. We define the “force norm due to
perturbation” as:

|AF|? = |F = Fuingl? @)

where ﬁmin g is the force vector at the minimum-energy structure in the 1-D PES section. As shown

in Figure@ the derivative of || AF'||2 with respect to the perturbed coordinate « sensitively detects
non-smoothness (artificial minimum). Therefore, we define the force smoothness deviation (FSD) as:

LAl £ )AForr|? d ARy pl?
FSD = max da I Fwuell” ga |14 Forrl = max 1A Fywe ][

= 5 = 2 di — 2 9 (3)
o« | [[AFmiell | AFprr|| @ |da " ||AFppr|

where « is defined by Equation[I] and the derivative is taken with respect to this one-dimensional
perturbation parameter. A lower FSD indicates smoother and more physically sound PES predictions.
The particular functional form makes FSD an indicator of chemical smoothness since the denominator
||AF'MLH>||2 is small when an extremum is around, and the numerator % ||AF'1\/ILH>||2 is small when
an inflection point is around. By comparing the ratio of them to the DFT reference, FSD can detect
any artificial extrema or inflection points and measure the “smoothness” of a PES.

4 DESIGNING AN EXPRESSIVE, UNCONSTRAINED BACKBONE MLIP

To study how specific architectural design choices influence potential energy surface (PES) smooth-
ness, we begin with a flexible backbone that imposes minimal geometric constraints. This neutral
starting point ensures that improvements in the FSD metric can be attributed to targeted design
choices rather than confounding effects from built-in constraints. While geometric constraints are
common in existing architectures, they can limit scalability and expressivity (Sriram et al.},[2022),
and their connection to PES smoothness remains unclear. Our backbone, the Minimally constrained
Differentiable Scaled Attention Interatomic Potential, MinDScAIP, removes rotational equivariance
constraints and incorporates a self-attention mechanism inspired by the Swin-Transformer
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Figure 3: (a): Overview of the MinDScAIP architecture backbone. The top-level architecture is
similar to a Transformer encoder with two attention blocks, connected by a pre-norm residual path.
(b) Alternating in-and-out neighborhood attention, analogous to the shifted window attention of Swin
Transformer. The interleaving windows allow information to propagate across the molecular graph.

2021)), originally designed for efficient and scalable vision tasks. Applied to molecular graphs, this
design aims to balance high computational efficiency with strong representational capacity.

4.1 BACKBONE ARCHITECTURE OVERVIEW

The MinDScAIP backbone, summarized in Figure [3a] differs from conventional MLIP design mainly
in the graph construction method and the attention mechanism employed. These designs are proposed
to balance expressiveness and computational scalability, while keeping the architecture unconstrained
enough to serve as a neutral platform for testing BSCT-guided modifications.

Graph Construction Methods. Most attention-based MLIPs impose sparsity by restricting atten-
tion to spatially local neighborhoods rather than fully-connected self-attention, often using radius
graphs. However, using radius graphs results in a long-tailed distribution of neighbor counts, which
can make attention inefficient—either requiring sparse attention kernels or dense attention with sub-
stantial padding (see Appendix [B]). For a more regular and efficient representation, the MinDScAIP
backbone adapts a k-nearest-neighbor (kNN) graph. We arrange kNN edges into an N4, X k array
such that (4, j)-th element is the j-th shortest edge in node i’s neighborhood |Qu & Krishnapriyan
(2024). Essentially, rather than padding all neighborhoods to the same number of neighbors, we
truncate the neighbors to obtain a regular representation. To make the truncation differentiable, we
further propose a Differentiable k-NN Algorithm, which will be detailed in Section[d.2]

Attention Mechanism. MinDScAIP employs a dual attention strategy inspired by Swin-
Transformer’s shifted window attention (Liu et al., 2021). Swin-Transformer partitions an image
into windows (disjoint local sets). Similarly, on a directed graph, neighborhoods can partition
edges into disjoint local sets. Similar to Swin-Transformer, where windows are shifted to create
overlaps to propagate information, we can switch between in-neighborhood and out-neighborhood
to achieve the same goal. As illustrated in Figure [3b] MinDScAIP interleaves attention between
edges sharing the same source atom (out-neighborhood) and edges sharing the same destination atom
(in-neighborhood), generalizing Swin-Transformer to directed graphs.

4.2 DIFFERENTIABLE KNN ALGORITHM

Another critical aspect of physical soundness is a conservative force field. While kNN graphs offer
computational advantages, standard kNN algorithms are inherently non-differentiable due to the
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truncation. Differentiability is crucial to predicting conservative forces. To address this issue, we
introduce the differentiable kNN algorithm (Diff-kNN), which can provide the best of both worlds.

Standard kNN Algorithm. The standard kNN algorithm has two steps: first, a ranking is calculated
for each edge (i, j) with length d;; with respect to other edges in its out-neighborhood Ny, (i) =
{(¢,7")} ;7. This ranking is hard, as rankings can change discontinuously when edge lengths vary.

rank((i7j)‘Nout(7;)) - Zﬂ(d” > dij/). (4)

Second, it selects the k shortest edges:
G = {(i,7) : rank((i, J) | Now: (7)) < k} o)

Both the ranking and selection steps are non-differentiable.

Soft Ranking with Differentiable kNN Algorithm (Diff-kNN). To preserve differentiability
of the kNN graph, we propose the differentiable kNN algorithm (Diff-kNN), which replaces the
non-differentiable hard ranking with a differentiable soft ranking using a sigmoid function (see
Figure [4):

rank((i, )| Nout (1) = > o((dij — dijr) /do), (©6)

i

J

where dj is a scale parameter that controls the sharpness of the sigmoid. This soft-ranking algorithm
makes the ranking step differentiableEdge selection is made differentiable using a smooth envelope
function (Gasteiger et al.,[2020; [Pozdnyakov & Ceriotti, [2023)), which assigns edge weights by:

rank((2, )| Nowt (7))
- .
e;; smoothly vanishes to zero when feny = 1 < rank((4, )| Nout(2)) = k. The graph is therefore

constructed by selecting all edges with f.,, < 1. By biasing self-attention by the edge weights, the
envelope function can ensure the smoothness of the selection step.

@)

€ij = eXp(* e2nv (1 - fe2nv))7Where fenv =
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. . = 55 In N (@
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Figure 4: The Diff-kNN algorithm replaces the
hard ranking algorithm used in standard kNN with
the soft ranking described in Equation

where feny, oue = rank((i, ) |Nout (4))/k and
fenv, radivs = dij /Tc. The log-sum-exponential is
a soft approximation of the maximum function,
and /3 is a parameter controlling its smoothness.

5 INVESTIGATING BSCT AS A TOOL FOR MODEL DESIGN

Having established an expressive, unconstrained backbone (Sectiond)), we now use BSCT to investi-
gate the central question: Which targeted architectural modifications can improve potential energy
surface (PES) smoothness while maintaining scalability and expressiveness?

Our approach is to start from the neutral backbone MLIP, identify components that may introduce
nonlinearities and propose designs to regularize them (Section [5.1), validate the effectiveness of
BSCT (Section[5.2), introduce smoothness-oriented design choices independently (Section [5.3| &
[5.4), and present the final results (Section[5.5)). All hyperparameters can be found in Appendix |G|

Tt is memory inefficient when Natom > 1. A memory-efficient version is described in Appendix



Under review as a conference paper at ICLR 2026

5.1 IDENTIFICATION OF DESIGN CHOICES

To establish the relationship between PES smoothness and specific model design choices, we first
analyze the backbone architecture and locate components that introduce nonlinearity into the model’s
predictions. We propose targeted design choices to specifically regularize these nonlinearities, aiming
to provide theoretical guarantees of PES smoothness. Each design choice is introduced independently
and evaluated on its impact on three aspects of performance: (i) accuracy near equilibrium (energy
and force mean absolute errors, MAESs), (ii) smoothness (Force Smoothness Deviation, FSD metric),
and (iii) energy conservation in microcanonical molecular dynamics simulations.

Sources of Nonlinearity. The MinDScAIP architecture consists of three main parts: featurization,
attention blocks (self-attention & feedforward), and prediction heads (feedforward). From these, we
identify three main sources of nonlinearities: (1) the Gaussian smearing featurization, (2) nonlinear
activation functions, and (3) the softmax in scaled dot-product attention.

Smoothness-Oriented Design Modifications. We propose the following regularization strategies:

* Controllable Gaussian Smearing: Gaussian smearing featurizes atomic distances using
; 2 . .

Gaussian kernels (Schiitt et al.,[2018): v; = exp(— ‘d;;*;' ), where o is set to be the spacing

Az of p;. We introduce a scaling factor ~, setting 0 = yAz. Increasing o upper bounds the

derivatives of any linear combination of v; relative to its infinity norm, thereby improving

smoothness (see Appendix [DJ.

* Weight Decay: Weight decay is a standard regularization technique that promotes NN
smoothness. By regularizing the norm of the NN parameters, inputs to the activation
function, such as SiLU, remain small and produce smoother transitions when the input
structure is changed.

* Temperature-controlled Attention: We introduce a temperature parameter into the scaled

dot-product attention mechanism: Attention(Q, K, V; 7) = Softmax (%) V. Larger

7 values yield smoother attention outputs. Although temperature can be absorbed by scaling
Q@ and K, weight decay limits the magnitude of projection parameters, preventing arbitrary
rescaling and making 7 an effective smoothness control.

5.2 BSCT AS AN EARLY INDICATOR OF MOLECULAR DYNAMICS STABILITY

The Force Smoothness Deviation (FSD) metric from BSCT is new to the community. To assess
its physical relevance, we examine whether FSD correlates with stability in far-from-equilibrium
molecular dynamics (MD) simulations.

Problem Setup. We select molecular structures from the MD22 dataset and relax them to their
ground state using the MLIP. The system is equilibrated for 10 ps using a Langevin integrator with
friction 1ps~!. We then run high-temperature simulations, where bond breaks in far-from-equilibrium
geometries. We monitor the kinetic temperature of the system to detect any unrealistic jumps in
kinetic energy. Sudden increases in kinetic temperature in a short period (> Tpq., Within 10fs)
are unlikely to originate from the heat bath and instead suggest spuriously large forces due to PES
non-smoothness. We test three MinDScAIP models with the same architecture but varying strengths
of smoothness-oriented designs, enabling us to isolate their correlation with FSD values. The study is
repeated 10 times with different seeds, resulting in 70 distinct trajectories per model and temperature
to increase the statistics.

Results. Figure[5|shows that higher FSD values (i.e., the more non-smoothness detected by BSCT)
correlate strongly with more frequent and larger kinetic temperature spikes. A more quantitative
measure is presented in Table |1} where we calculate the maximum change in kinetic temperature
in 10fs and averaged over the 70 trajectories. This supports FSD as an early, low-cost predictive
indicator of MD stability in far-from-equilibrium regimes: FSD computation takes ~ 40 minutes on
one A6000 GPU, while MD simulations take ~ 40 hours.



Under review as a conference paper at ICLR 2026

Kinetic Temperature

= T=2000K ]

0 2 4 6 8 10

Time (ps)

(a) MinDScAIP Vanilla

= T=5000K

Kinetic Temperature (K)

= T=2000K

~—— T=3000K ]

0 2 4 6 8 10
Time (ps)

(b) MinDScAIP w/ Weight Decay

10*

—— T=5000K
~—— T=3000K |
= T=2000K

Kinetic Temperature (K)

0 2 4 6 8 10
Time (ps)

(c) MinDScAIP w/ Smear.&Temp.

Figure 5: The kinetic temperature plotted as a function of time. The seventy trajectories (seven
structures from MD22, each with ten random seeds) at the same temperature are shown in the same
color. A more quantitative measure can be found in TableEl

Table 1: The maximum change in kinetic temperature in 10fs of each trajectory shown in Figure

[5] aggregated by averaging over all trajectories of the same temperature. We see a strong positive
correlation between maximum jump and FSD values.

Ablation | FSD (1/A) | Max Jump 2000K  Max Jump 3000K  Max Jump 5000K
Vanilla 97.4 9734 813 597
Weight Decay 76.3 1904 681 509
Smear. & Temp. 43.2 490 614 514

5.3 BSCT-SPICE ABLATIONS TO INVESTIGATE PHYSICAL SOUNDNESS

In addition to the above design choices, we investigate how the prediction head and model size impact
physical soundness. We conduct controlled ablation studies measuring energy/force MAEs on the
SPICE MACE-OFF test split (Eastman et al., 2023} [Kovacs et al.,[2023)), energy drift in NVE MD
simulations, and the force smoothness deviation (FSD) metric on BSCT-SPICE. Failure to achieve
reasonable performance on any of these metrics indicates potential unphysicality in the MLIP. Details
of NVE MD energy drift experiments are in Appendix [E] The ablations consider:

1. Prediction head: direct-force, gradient-based forces (standard kNN), and gradient-based
forces (Diff-kNN) with the large model (60M).

2. Model size: Gradient-based Diff-kNN models with small (3.8M), medium (15M), and large
(60M) parameters.

3. Smoothness design choices: Impact of weight decay, Gaussian smearing widths, and
temperature-controlled attention.

4. Baselines to compare against: MACE Large (4.7M), the baseline model trained on SPICE,
and GemNet-T, which recently showed good performance on OMol25 (Levine et al, 2023).

Results. Table[2]summarizes the evaluation results. The principal findings are:

1. Prediction Head:

* Direct-force models yield low FSD but violate energy conservation because direct force
models with proper normalization never output large forces, resulting in low FSD.

 Standard kNN shows large NVE energy drift, confirming non-conservative force field..
» Diff-kNN restore conservative behavior while retaining smoothness.
2. Model Size:
 Larger models improve accuracy but degrade far-from-equilibrium smoothness, consis-
tent with the intuition that additional nonlinearities can cause abrupt PES changes.
* Regularization is essential for scaling MLIPs.

3. Smoothness Design Choices:

* Increased smearing width smooths compressed-bond regions.
* Higher attention temperature smooths stretched-bond regions.
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* Combining both (Smear. & Temp.) yields the smoothest PES.
4. Baselines:

* MinDScAIP with smoothness designs outperforms MACE and GemNet-T in near-
equilibrium accuracy while matching their BSCT smoothness scores

Table 2: MinDScAIP performance on SPICE and BSCT. The best model is boldfaced, while the best
per group is underlined. For energy drift, since small values for conservative models correspond to
numerical errors, the best model is not boldfaced, and non-conservative ones are colored in red.

Ablation Test MAE ({) NVE Sim. FSD ()

Energy Forces | Energy Drift | Full Compress Stretch

Group Model (meV/atom) (meV/A) | (meV/atom) | (1/A) (1/A) 1/A)
Direct Force 0.15 4.22 2.6e5 71.8 69.4 42.8
Prediction Head | Gradient kNN 0.08 3.01 19.10 105 80.7 93.1
Gradient Diff-kNN 0.09 3.02 0.678 97.4 69.5 87.2

Small 0.23 6.63 0.640 80.2 61.3 66.2

Model Size Medium 0.12 4.01 0.722 93.2 75.4 79.8
Large 0.09 3.02 0.678 97.4 69.5 87.2
Weight decay 0.09 2.94 0.631 76.3 65.2 55.1
Smoothness Smearing 0.10 2.86 0.832 83.1 323 82.5
Design Choices | Temperature 0.10 3.06 0.675 75.5 63.3 62
Smear. & Temp. 0.12 2.94 0.708 43.2 32.8 38.1

Baseline MACE 0.79 14.3 0.691 62.1 62.1 12.3
GemNet-T 0.30 7.11 110.6 33.8 28.8 20.5

5.4 NEAR-EQUILIBRIUM SMOOTHNESS: MPTRJ ABLATIONS

We assess whether smoothness-oriented designs benefit near-equilibrium behavior using the MPTrj
dataset and the Matbench Discovery benchmark, noting that the smoothness design choices are not
specific to far-from-equilibrium systems and are applicable to improve near-equilibrium smoothness.

Problem Setup. We train three versions of MinDScAIP-30M on the MPTrj dataset, with weak,
moderate, and strong smoothness-oriented designs. The MLIPs trained on MPTrj are evaluated on
the Matbench Discovery benchmark (Riebesell et al.,|2023)), which tests model capability to relax
materials to their ground state geometry (RMSD), correctly predict their stability (F1), and capture
phonon modes (ksrmvE) (Pota et al., [2024). Models are pretrained with direct-force and DeNS targets
(Liao et al.| 2024)), then fine-tuned with a gradient-based prediction head following [Fu et al.| (2025).
We focus on the kggvp metric, which reflects the smoothness near equilibrium.

Results. Table [3] shows that stronger smoothness designs yield modest F1 improvements but
substantial kggyE reductions. Since ksrvE requires calculating a dense grid of force sets, FSD again
serves as a faster, cheaper proxy to evaluate such smoothness in the process of model development.

5.5 FINAL RESULTS

Given the insights from the BSCT and MPTrj ablations, we present our final results on the SPICE and
MPTj datasets in Table @] and 5] respectively. MinDScAIP with smoothness-oriented design achieves
strong performance on both datasets while being physically sound and scalable (see Appendix [F|for

Table 3: MinDScAIP MPTrj ablation studies results. The three MLIPs with weak, moderate, and
strong smoothness designs are listed with their hyperparameters.

Model | Weight Decay ~Temperature  Smearing Width | F11  ksgme | RMSD |

Weak 1x1073 1 1 0.807 0.77 0.092
Moderate 1x1072 5 5 0.811 0.63 0.089
Strong 5% 1072 10 10 0.817 0.49 0.088
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Table 4: MinDScAIP Smear. & Temp. performance on the SPICE test set, binned by the datasets of
molecules. The errors are reported in per-atom energy MAE (meV/atom) and forces MAE (meV/A).

MACE EScAIP eSEN MinDScAIP
4.7M 45M 6.5M 60M
Dataset E F E F E F E F

PubChem 088 14.75 | 053 586 | 0.15 4.21 | 0.14 3.38
DES370KM. | 0.59 6.58 | 041 348 | 0.13 1.24 | 0.06 0.99
DES370KD. | 0.54 6.62 | 0.38 2.18 | 0.15 2.12 | 0.09 0.90

Dipeptides 042 1019 | 031 512 | 025 3.68 | 0.09 1.48
Solvated A.A. | 0.98 1943 | 0.61 11.52 | 0.25 3.68 | 0.13 3.96

Water 0.83 13.57 | 0.72 1031 | 0.15 250 | 0.13  2.29
QMugs 045 1693 | 041 874 | 012 3.78 | 0.16 2.86

Table 5: Evaluation on the Matbench Discovery benchmark. Models are sorted in F1 order, with our
model (MinDScAIP-60M) at the top. The row below it shows the phonon calculation with 0.1A finite

displacement instead of the default of 0.03A. Increasing the finite displacement spacing can suppress
the local fluctuations and improve phonon prediction quality (Fu et al., 2025]).

Model ‘ F1 1 DAF 1  Precision{ Accuracy T MAE | R2 1 rksrMe + RMSD |  CPS T
MinDScAIP-60M 0.833 5.313 0.812 0.948 0.035 0.789 0.691 0.0845 0.722
(0.1A-displacement) | 0.833 5.313 0.812 0.948 0.035 0.789 0.340 0.0845 0.792
eSEN-30M-MP 0.831 5.260 0.804 0.946 0.033 0.822 0.340 0.0752 0.797
eqV2 S DeNS 0.815 5.042 0.771 0.941 0.036 0.788 [1.676 " 0.0757
MatRIS-MP 0.809 5.049 0.772 0.938 0.037 0.803 0.861 0.0773 0.681
DPA3-v2-MP 0.786 4.822 0.737 0.929 0.039 0.804 0.959 0.0823 0.718
Eqnorm MPtrj 0.756 4.844 0.741 0.929 0.040 0.799 0.408 0.084 0.756
ORB v2 MPtrj 0.765 4.702 0.719 0.922 0.045 0.756

Nequip-MP-L 0.761 4.704 0.719 0.921 0.043 0.791 0.452 0.086 0.733

SevenNet-13i5
GRACE-2L-MPtrj
MACE-MP-0

0.760 4.629 0.708 0.920 0.044 0.776 0.550 0.0847 0.714

0.741 0.525 0.0897 0.681
0.647 0.0915 0.644

inference efficiency benchmark). This demonstrates the utility of BSCT as a practical, computationally
efficient tool for guiding MLIP development.

6 CONCLUSION

We introduce the Bond Smoothness Characterization Test (BSCT) as a targeted, low-cost diagnostic
of potential energy surface (PES) smoothness predicted by machine-learned interatomic potentials
(MLIPs), enabling early detection of near- and far-from-equilibrium instabilities, as evidenced by
correlations with MD simulations and thermal conductivity calculations. Through a principled
investigation guided by BSCT, we identified architectural modifications—such as differentiable
kNN graphs, adjustable smearing width, and temperature-controlled attention—that improve PES
smoothness while preserving scalability and expressiveness. More broadly, BSCT demonstrates
how physics-motivated evaluation metrics can directly inform model design, providing a practical
framework for developing MLIPs that combine accuracy, scalability, and physical soundness.

REFERENCES

Ilyes Batatia, David P Kovacs, Gregor Simm, Christoph Ortner, and Gabor Csanyi. Mace: Higher
order equivariant message passing neural networks for fast and accurate force fields. Advances in
neural information processing systems, 35:11423-11436, 2022.

Simon Batzner, Albert Musaelian, Lixin Sun, Mario Geiger, Jonathan P Mailoa, Mordechai Kornbluth,
Nicola Molinari, Tess E Smidt, and Boris Kozinsky. E (3)-equivariant graph neural networks for
data-efficient and accurate interatomic potentials. Nature communications, 13(1):2453, 2022.

Filippo Bigi, Marcel Langer, and Michele Ceriotti. The dark side of the forces: assessing non-
conservative force models for atomistic machine learning. arXiv preprint arXiv:2412.11569,
2024.

10



Under review as a conference paper at ICLR 2026

Lowik Chanussot, Abhishek Das, Siddharth Goyal, Thibaut Lavril, Muhammed Shuaibi, Morgane
Riviere, Kevin Tran, Javier Heras-Domingo, Caleb Ho, Weihua Hu, et al. Open catalyst 2020
(0c20) dataset and community challenges. Acs Catalysis, 11(10):6059-6072, 2021.

Yuan Chiang, Tobias Kreiman, Elizabeth Weaver, Ishan Amin, Matthew Kuner, Christine Zhang,
Aaron Kaplan, Daryl Chrzan, Samuel M Blau, Aditi S Krishnapriyan, et al. Mlip arena: Advancing
fairness and transparency in machine learning interatomic potentials through an open and accessible
benchmark platform. In Al for Accelerated Materials Design-ICLR 2025, 2025.

Stefan Chmiela, Valentin Vassilev-Galindo, Oliver T Unke, Adil Kabylda, Huziel E Sauceda, Alexan-
dre Tkatchenko, and Klaus-Robert Miiller. Accurate global machine learning force fields for
molecules with hundreds of atoms. Science Advances, 9(2):eadf0873, 2023.

Daniel J Cole and Nicholas DM Hine. Applications of large-scale density functional theory in biology.
Journal of Physics: Condensed Matter, 28(39):393001, 2016.

Ralf Drautz. Atomic cluster expansion for accurate and transferable interatomic potentials. Physical
Review B, 99(1):014104, 2019.

Peter Eastman, Pavan Kumar Behara, David L Dotson, Raimondas Galvelis, John E Herr, Josh T
Horton, Yuezhi Mao, John D Chodera, Benjamin P Pritchard, Yuanqing Wang, et al. Spice, a
dataset of drug-like molecules and peptides for training machine learning potentials. Scientific
Data, 10(1):11, 2023.

Xiang Fu, Zhenghao Wu, Wujie Wang, Tian Xie, Sinan Keten, Rafael Gomez-Bombarelli, and Tommi
Jaakkola. Forces are not enough: Benchmark and critical evaluation for machine learning force
fields with molecular simulations. arXiv preprint arXiv:2210.07237, 2022.

Xiang Fu, Brandon M Wood, Luis Barroso-Luque, Daniel S Levine, Meng Gao, Misko Dzamba, and
C Lawrence Zitnick. Learning smooth and expressive interatomic potentials for physical property
prediction. arXiv preprint arXiv:2502.12147, 2025.

Johannes Gasteiger, Janek Grof3, and Stephan Giinnemann. Directional message passing for molecular
graphs. arXiv preprint arXiv:2003.03123, 2020.

Johannes Gasteiger, Florian Becker, and Stephan Giinnemann. Gemnet: Universal directional

graph neural networks for molecules. Advances in Neural Information Processing Systems, 34:
6790-6802, 2021.

Lars Goerigk, Andreas Hansen, Christoph Bauer, Stephan Ehrlich, Asim Najibi, and Stefan Grimme.
A look at the density functional theory zoo with the advanced gmtkn55 database for general main
group thermochemistry, kinetics and noncovalent interactions. Physical Chemistry Chemical
Physics, 19(48):32184-32215, 2017.

Ernst Hairer, Christian Lubich, and Gerhard Wanner. Geometric numerical integration illustrated by
the stormer—verlet method. Acta numerica, 12:399-450, 2003.

Bjgrk Hammer and Jens Kehlet Ngrskov. Theoretical surface science and catalysis—calculations and
concepts. In Advances in catalysis, volume 45, pp. 71-129. Elsevier, 2000.

Arnim Hellweg and Dmitrij Rappoport. Development of new auxiliary basis functions of the karlsruhe
segmented contracted basis sets including diffuse basis functions (def2-svpd, def2-tzvppd, and
def2-qvppd) for ri-mp2 and ri-cc calculations. Physical Chemistry Chemical Physics, 17(2):
1010-1017, 2015.

Anubhav Jain, Yongwoo Shin, and Kristin A Persson. Computational predictions of energy materials
using density functional theory. Nature Reviews Materials, 1(1):1-13, 2016.

Walter Kohn and Lu Jeu Sham. Self-consistent equations including exchange and correlation effects.
Physical review, 140(4A):A1133, 1965.

Déavid Péter Kovécs, J Harry Moore, Nicholas J Browning, Ilyes Batatia, Joshua T Horton, Venkat
Kapil, William C Witt, loan-Bogdan Magdau, Daniel J Cole, and Gabor Csanyi. Mace-off23:
Transferable machine learning force fields for organic molecules. arXiv preprint arXiv:2312.15211,
2023.

11



Under review as a conference paper at ICLR 2026

Tobias Kreiman and Aditi S. Krishnapriyan. Understanding and mitigating distribution shifts for
machine learning force fields, 2025. URL |https://arxiv.org/abs/2503.08674.

Ask Hjorth Larsen, Jens Jgrgen Mortensen, Jakob Blomgvist, Ivano E Castelli, Rune Christensen,
Marcin Dutak, Jesper Friis, Michael N Groves, Bjgrk Hammer, Cory Hargus, Eric D Hermes,
Paul C Jennings, Peter Bjerre Jensen, James Kermode, John R Kitchin, Esben Leonhard Kolsbjerg,
Joseph Kubal, Kristen Kaasbjerg, Steen Lysgaard, Jon Bergmann Maronsson, Tristan Maxson,
Thomas Olsen, Lars Pastewka, Andrew Peterson, Carsten Rostgaard, Jakob Schigtz, Ole Schiitt,
Mikkel Strange, Kristian S Thygesen, Tejs Vegge, Lasse Vilhelmsen, Michael Walter, Zhenhua
Zeng, and Karsten W Jacobsen. The atomic simulation environment—a python library for
working with atoms. Journal of Physics: Condensed Matter, 29(27):273002, 2017. URL http:
//stacks.i10p.orq/0953-8984/29/1=27/a=273002.

Daniel S. Levine, Muhammed Shuaibi, Evan Walter Clark Spotte-Smith, Michael G. Taylor, Muham-
mad R. Hasyim, Kyle Michel, Ilyes Batatia, Gabor Csdnyi, Misko Dzamba, Peter Eastman,
Nathan C. Frey, Xiang Fu, Vahe Gharakhanyan, Aditi S. Krishnapriyan, Joshua A. Rackers, San-
jeev Raja, Ammar Rizvi, Andrew S. Rosen, Zachary Ulissi, Santiago Vargas, C. Lawrence Zitnick,
Samuel M. Blau, and Brandon M. Wood. The open molecules 2025 (omol25) dataset, evaluations,
and models, 2025. URL https://arxiv.org/abs/2505.08762.

Yi-Lun Liao, Tess Smidt, Muhammed Shuaibi, and Abhishek Das. Generalizing denoising to
non-equilibrium structures improves equivariant force fields. arXiv preprint arXiv:2403.09549,
2024.

Ze Liu, Yutong Lin, Yue Cao, Han Hu, Yixuan Wei, Zheng Zhang, Stephen Lin, and Baining Guo.
Swin transformer: Hierarchical vision transformer using shifted windows. In Proceedings of the
IEEE/CVF international conference on computer vision, pp. 10012-10022, 2021.

Narbe Mardirossian and Martin Head-Gordon. wb97m-v: A combinatorially optimized, range-
separated hybrid, meta-gga density functional with vv10 nonlocal correlation. The Journal of
chemical physics, 144(21), 2016.

Santiago Miret, Kin Long Kelvin Lee, Carmelo Gonzales, Sajid Mannan, and NM Krishnan. Energy
& force regression on dft trajectories is not enough for universal machine learning interatomic
potentials. arXiv preprint arXiv:2502.03660, 2025.

M Neumann, J Gin, B Rhodes, S Bennett, Z Li, H Choubisa, A Hussey, and J Godwin. Orb: A fast,
scalable neural network potential (2024). arXiv preprint arXiv:2410.22570, 33, 2024.

Saro Passaro and C Lawrence Zitnick. Reducing so (3) convolutions to so (2) for efficient equivariant
gnns. In International conference on machine learning, pp. 27420-27438. PMLR, 2023.

Balazs Péta, Paramvir Ahlawat, Gdbor Csanyi, and Michele Simoncelli. Thermal conductivity
predictions with foundation atomistic models. arXiv preprint arXiv:2408.00755, 2024.

Sergey Pozdnyakov and Michele Ceriotti. Smooth, exact rotational symmetrization for deep learning
on point clouds. Advances in Neural Information Processing Systems, 36:79469-79501, 2023.

Eric Qu and Aditi Krishnapriyan. The importance of being scalable: Improving the speed and
accuracy of neural network interatomic potentials across chemical domains. Advances in Neural
Information Processing Systems, 37:139030-139053, 2024.

Brajesh K Rai, Vishnu Sresht, Qingyi Yang, Ray Unwalla, Meihua Tu, Alan M Mathiowetz, and
Gregory A Bakken. Torsionnet: A deep neural network to rapidly predict small-molecule torsional

energy profiles with the accuracy of quantum mechanics. Journal of Chemical Information and
Modeling, 62(4):785-800, 2022.

Dmitrij Rappoport and Filipp Furche. Property-optimized gaussian basis sets for molecular response
calculations. The Journal of chemical physics, 133(13), 2010.

Benjamin Rhodes, Sander Vandenhaute, Vaidotas Simkus, James Gin, Jonathan Godwin, Tim Duig-
nan, and Mark Neumann. Orb-v3: atomistic simulation at scale. arXiv preprint arXiv:2504.06231,
2025.

12


https://arxiv.org/abs/2503.08674
http://stacks.iop.org/0953-8984/29/i=27/a=273002
http://stacks.iop.org/0953-8984/29/i=27/a=273002
https://arxiv.org/abs/2505.08762

Under review as a conference paper at ICLR 2026

Janosh Riebesell, Rhys EA Goodall, Philipp Benner, Yuan Chiang, Bowen Deng, Alpha A Lee,
Anubhav Jain, and Kristin A Persson. Matbench discovery—a framework to evaluate machine
learning crystal stability predictions. arXiv preprint arXiv:2308.14920, 2023.

Rowan Scientific Corporation. Rowan Benchmarks, 2025. URL https://benchmarks,
rowansci.com/. Accessed: 2025-05-08.

Kristof T Schiitt, Huziel E Sauceda, P-J Kindermans, Alexandre Tkatchenko, and K-R Miiller.
Schnet—a deep learning architecture for molecules and materials. The Journal of Chemical Physics,
148(24), 2018.

Anuroop Sriram, Abhishek Das, Brandon M. Wood, Siddharth Goyal, and C. Lawrence Zitnick.
Towards training billion parameter graph neural networks for atomic simulations, 2022. URL
https://arxiv.org/abs/2203.09697.

Joseph E Subotnik, Alex Sodt, and Martin Head-Gordon. The limits of local correlation theory:

Electronic delocalization and chemically smooth potential energy surfaces. The Journal of chemical
physics, 128(3), 2008.

Nathaniel Thomas, Tess Smidt, Steven Kearnes, Lusann Yang, Li Li, Kai Kohlhoff, and Patrick Riley.
Tensor field networks: Rotation-and translation-equivariant neural networks for 3d point clouds.
arXiv preprint arXiv:1802.08219, 2018.

Justin M Turney, Andrew C Simmonett, Robert M Parrish, Edward G Hohenstein, Francesco A
Evangelista, Justin T Fermann, Benjamin J Mintz, Lori A Burns, Jeremiah J Wilke, Micah L
Abrams, et al. Psi4: an open-source ab initio electronic structure program. Wiley Interdisciplinary
Reviews: Computational Molecular Science, 2(4):556-565, 2012.

Daniel Wines and Kamal Choudhary. Chips-ff: Evaluating universal machine learning force fields
for material properties. ACS Materials Letters, 7:2105-2114, 2024.

13


https://benchmarks.rowansci.com/
https://benchmarks.rowansci.com/
https://arxiv.org/abs/2203.09697

Under review as a conference paper at ICLR 2026

A BSCT SAMPLING PROCEDURE

The BSCT-SPICE dataset is constructed with the following procedure.

1. Identify all candidate bridge bonds that partition the molecule into two separate fragments
without creating isolated atoms.

2. Linearly stretch and compress candidate bonds, covering bond lengths from 0.5x to 2x the
sum of the bonded atoms’ covalent radii.

3. Exclude candidate bonds if, upon perturbation, any pair of atoms (except the pair bonded by
the candidate) becomes closer than 0.9 x the sum of the bonded atoms’ covalent radii.

4. Sample from the filtered dataset across selected bond types (C—C, C-N, C-O, C-P, C-S,
N-N, N-O, N-P, and O-P).

5. Run DFT on 100 evenly spaced structures along each selected bond perturbation trajectory.

6. Exclude bonds with discontinuous PES due to Self-Consistent Field convergence issues.

Since the sampling process is random, we counteracted the arbitrariness by controlling the bond types
that we sample, such as C-C, C-O, etc., since bond types are the most indicative property of a bond.
We also set the bond lengths of the bridge bond independently by the sum of the covalent radii of the
bonded atoms instead of using the bond length in the original structure.

B GRAPH CONSTRUCTION METHODS

Graph construction methods have a critical impact on the topology of the graphs. In most settings,
MLIPs use a radius graph to impose locality constraints and implement periodic boundary conditions.
However, the distribution of the number of neighbors is usually very long-tailed. In Figure[6a] the
number of neighbors as a function of radius cutoff is calculated for the SPICE MACE-OFF dataset.
The maximum number of neighbors increases significantly faster than the average case. As discussed
in the main text, if we want to use dense attention kernel, we must pad the sequences to the same
length, the maximum number of neighbors. Figure[6b|shows an illustration of an array with a large
padding rate. The majority of the computational power is spent on the padding tokens, which do not
influence the results. Using k-Nearest-Neighbors to limit the maximum number of neighbors can
close the gap between the mean and the maximum number of neighbors, which is highly preferable
when using dense attention kernels.

150 C T T T T T T ] I l
—— Mean number of neighbors ESCol QECESN RSSEel  [PAD] | [PAD]
Max number of neighbors I 1 1
; Edge [PAD] [PAD] [PAD] [PAD]
® 100 | == k-Nearest-Neighbor (k=40) ] o
_8 [PAD] Edge Edge !dge Edge Edge '
_g_) l [] 1
3 1
(]

2 5l 1 Edge Edge [EAD] [PAD] [PAD] "
Edge Edge %dge [PAD] [PAD] :
0 | N N 1 1 L Edge  Edge [EAD] [PAD] [PAD] :

0 2 4 6 8 10
Mean Number __ I Max Number ___
Radius Cutoff (A) of Neighbors g of Neighbors g

(a) (b)

Figure 6: (a): Mean (% standard deviation) and maximum number of neighbors as a function of radius
cutoff in a radius graph. To use a dense implementation of attention, one must pad all sequences to
the same length, which is the maximum number of neighbors. (b) Illustration of padding inefficiency
due to the long-tailed distribution of neighbor counts. Since the padding also requires computation,
ideally, we want to minimize the gap between the two red dashed lines.
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C MEMORY EFFICIENT DIFF-KNN

To make the Diff-kNN algorithm discussed in Section [@]memory efficient, we observe that the soft
ranking function,

rank((i, ) |Nowt (1) = D o((dij — dijr)/do), ©)

i

J
where o () is the sigmoid function, d,; are the lengths of the edges, and dy controls the sharpness,
requires O(N2Z,,) space for each calculation since each term o'((d;; — d;j+)/do) contribute non-zero
values to the sum. To save space, we would like to truncate the summation. To achieve this, we
can replace o (z) = —— with the bump function g(x), whose derivative has compact support on

1+
[—1,1]:
0 if o < —1
o—2/(z+1) )
g(x) = T2/ ifeel-1,1] (10)
1 ife>1

where g(z) ~ = when |z| < 1 and g(x) = I(x) when || > 1. Since g(z) is strictly zero when
x < —1, we can sort edge lengths and truncate at some rank k + A before taking the summation,
since the edges with large displacement will contribute O to the sum when calculating the envelope
factor for the edges with small displacement that will be included in the graph. This can reduce the
memory complexity of the gradient graph from O (N2 ,.) ©0 O(Nyoms(k + A)% + N2,.0).

D GAUSSIAN SMEARING

In this section, we look at Gaussian smearing, as described in Section[5.1] We show that increasing
o upper bounds the derivatives of any linear combination of these basis functions relative to their
infinity norm. We consider the derivative of an arbitrary linear combination of basis functions
vi(z) = e (=D7°/20% gpecified by coefficients {a;}: f(z) = 37, a;v;(x), where the basis function
has width 0. Now we are interested in the maximum derivative at some location y normalized by the
infinity norm of such a linear combination. Without loss of generality, we can assume y = 0.

% ;)iioo aie_(y—i)2/2o-2 . %ZOO ia. —i2/20'2
y=uv _ o 1=—00 i€
max sz_i aie_(m—i)z/zgzn —maX ||ZZ_, )2 /QUZH an
B —22/202 d
1 f_oo a(z)ze 2 12)
) Hf Je—(a—2)?/202 dzH
o0 722/2d
1 a(oz)ze z
) P .
7 () Hf a(oz)e=(@=2? /2dzH
o l (14)
o

For the first equality, the numerator is derived and evaluated at x = 0. After that, the summation
is approximated by an integral, and the coefficients become a continuous function. Subsequently,
we change the variable of integration. The RHS has no dependence on ¢ other than the o~ factor
since a(oz) dependence can be absorbed by the maximization over a(-). We conclude that this
quantity is upper bounded by O(o~1). Therefore, the larger the smearing width, the more bounded
the derivatives are.

E ENERGY CONSERVATION TESTS IN MOLECULAR DYNAMICS (MD)

Problem Setup. We assess the differentiability and smoothness of our models by performing MD
simulations under the microcanonical (NVE) ensemble with the Verlocity Verlet integrator (Larsen
et al.L[2017). The degree of non-conservative behavior is upper bounded by the magnitude of the higher
derivatives of the PES (Hairer et al.| 2003). Thus, even if a model is infinitely differentiable, it can
still manifest non-conservative behavior if the higher derivatives are not bounded. The “smoothness”
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Figure 7: The energy drift of three different MinDScAIP models during microcanonical (NVE)
ensembles averaged over seven MD22 molecular trajectories. The direct-force and non-differentiable
kNN gradient models (blue and orange curves) show significant energy drift due to non-conservative
or discontinuous predictions. The gradient-based Diff-kNN model employs the Diff-kNN algorithm
described in Section[4.2]and conserves the energy (the non-zero drift is due to the first-step error of
the Verlet integrator).

here is defined as the boundedness of PES derivatives, which is different from the force smoothness
deviation defined by BSCT. We follow the protocol proposed by [Fu et al.|(2025) and use the seven
molecules in the MD22 dataset (Chmiela et al.| 2023)) as out-of-distribution test systems for the MD
simulation data relative to SPICE training. Each simulation integrates dynamics for 100ps with 1fs
time steps.

Results. Figure [/| compares energy drift among MinDScAIP models with different prediction
heads and graph structures. The direct force MinDScAIP model cannot conserve energy due to its
inherently non-conservative nature. The gradient-based force MinDScAIP model with a standard
non-differentiable kNN graph cannot conserve energy due to the piecewise continuity of the standard
kNN graph, which results in unbounded first and higher-order derivatives. In contrast, the gradient-
based force MinDScAIP model with a differentiable kNN graph can conserve energy. It is infinitely
differentiable, and this also demonstrates that its higher derivatives are bounded.

F INFERENCE EFFICIENCY BENCHMARKS

Benchmark Setup. We follow the benchmark described in|Fu et al.[(2025)) to test the throughput
and memory usage of MinDScAIP, MACE-MP-16M, and eSEN-30M-OAM (smaller eSEN model
weights are not public) on the diamond system. We vary the number of supercells included in the
image to test model’s throughput and memory usage as a function of number of atoms. All benchmark
is done on a single 80GB A100.

Results Table [6] summarizes the inference benchmark results. We highlight that MinDScAIP-60M
is substantially outperforms MACE-MP-16M in material stability predictions (Matbench F1) by
including more parameters (4x the size of MACE-MP-16M), while being just slightly slower than
MACE-MP-16M. Comparing against eSEN-30M-OAM, MinDScAIP offers comparable accuracy
while being order-of-magnitude faster and memory-efficient than eSEN. Both results suggests that
MinDScAIP is more scalable than the current architectures.

Table 6: Inference efficiency benchmark of three selected models. Models are tested on the dia-
mond system with varying number of supercells. The benchmark is done on a single 80GB A100.
MinDScAIP promises accuracy similar to eSEN while being just slightly slower than MACE-MP.

Throughput (Millions of Steps Per Day) Memory Usage (GB)
Number of Atoms | MinDScAIP-60M MACE-MP-16M  eSEN-30M-OAM | MinDScAIP-60M MACE-MP-16M  eSEN-30M-OAM
216 1.15 1.49 0.09 4.32 2.3 35.81
512 0.51 0.72 OOM 9.83 5.19 OOM
1000 0.26 0.37 OOM 19.7 10.0 OOM
1728 0.15 0.23 OOM 3535 17.16 OOM
2744 0.09 0.15 OOM 59.57 27.06 OOM
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G HYPERPARAMETERS

The hyperparameters used for the experiments are summarized in Table[7] Since we adopt the training
procedure proposed in [Fu et al.|(2025)), the MPTrj runs involve a pretrain-finetune workflow. The
parameters for pretraining are specified by the parentheses.

Table 7: The hyperparameters used for MinDScAIP experiments. MPTrj experiments follow the
same training procedure as proposed in (Fu et al., [2025), where a direct force and DeNS (Liao
et al.| [2024) pretraining takes place, and a conservative fine-tuning follows. The parameters used for
pretraining are indicated by parentheses: direct force prediction is enabled during pretraining (v/in
the parentheses) and gradient-based prediction is used for fine-tuning (Xthat follows the parentheses).

dataset | SPICE MACE-OFF | MPTij-ablations
hyperparameter | DirectForce Grad. kNN Grad. Dift kNN Small Medium Large W.Decay Smearing Temperature Smear. & Temp. | Weak Medium  Strong  final-60M
Embedding dimension 512 512 512 128 256 512 512 512 512 512 256 256 256 512
Hidden factor 2 2 2 2 2 2 2 2 2 2 2 2 2 2
Number of layers 8 8 8 8 8 8 8 8 8 8 8 8 8 8
Number of heads 32 32 32 8 16 32 32 32 32 32 16 16 16 32
kNN k 30 30 30 30 30 30 30 30 30 30 30 30 30 30
Diff-kNN X x v v v v v v v v v v v v
Diff-kNN dy N/A N/A 0.2A 02A  02A 024 0.2A 024 0.2A 0.2A 0.2A 0.2A 0.2A 0.2A
Dff-kNN 3 N/A N/A 10 10 10 10 10 10 10 10 10 10 10 10
Mem-eff. Diff-kNN A N/A N/A N/A NA  NA  NA N/A N/A N/A N/A 20 20 20 20
Radius cutoff 6A 6A 6A 6A 6A 6A 6A 6A 6A 6A 6A 6A 6A 6A
Number of radial basis 128 128 128 128 128 128 128 128 128 128 128 128 128 128
Smearing Scale 1 1 1 1 1 1 1 5 1 5 1 5 10 10
Angular Ly, 5 5 5 5 5 5 5 5 5 5 5 5 5 5
Temperature 7 1 1 1 1 1 1 1 1 10 10 1 5 10 10
Direct-Force Prediction v X X X x X X X X X X WX W)X V)X
Batch size 128 128 128 128 128 128 128 128 128 128 256 256 256 (128)256
Weight decay 1073 1073 1073 1073 1073 1073 5x1072 5x107%2  5x107? 5x 1072 1073 1072 5x10°2 102
Warmup factor 02 0.2 02 0.2 0.2 0.2 0.2 0.2 0.2 02 02)0.  (02)0.  (02)0.  (02)0.
Warmup epochs 1 1 1 1 1 1 1 1 1 1 1 1 1 1
Number of Epochs 100 100 100 100 100 100 100 100 100 100 (60)40  (60)40  (60)40  (60) 40
EMA decay 0.999 0.999 0.999 0999 0999 0999  0.999 0.999 0.999 0.999 0999 0.999 0.999 0.999
Gradient Clipping 100 100 100 100 100 100 100 100 100 100 100 100 100 100
Energy Loss Weight 1 1 1 1 1 1 1 1 1 1 1 1 1 1
Forces Loss Weight 2 2 2 2 2 2 2 2 2 2 @u %) ()4 [0
Stress Loss Weight N/A N/A N/A NA NA NA N/A N/A 7 N/A 10 10 10 10
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