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Abstract

Accurate structural relaxation is critical for ad-
vanced materials design. Traditional approaches
built on physics-derived first-principles calcula-
tions are computationally expensive, motivating
the creation of machine-learning interatomic po-
tentials (MLIPs), which strive to faithfully re-
produce first-principles computed forces. We
propose a fine-tuning method to be used on a
pretrained MLIP in which we create a fully-
differentiable end-to-end simulation loop that op-
timizes the predicted final structures directly. Tra-
jectories are unrolled and gradients are tracked
through the entire relaxation. We show that this
method consistently improves performance across
all evaluated pretrained models; resulting in an
average of roughly 32% reduction in prediction
error. Interestingly, we show the process is robust
to substantial variation in the relaxation setup,
achieving negligibly different results across var-
ied hyperparameter and procedural modifications.

1. Introduction

A central task in computational materials science is the iden-
tification of physically realizable atomic structures. In prac-
tice, this amounts to finding atomic configurations that corre-
spond to local minima of the potential energy surface (PES),
which maps atomic coordinates—given fixed species and
electronic state—to potential energy. This work addresses
how machine learning interatomic potentials (MLIPs) can
be trained to more effectively predict relaxed states, without
requiring additional expensive first-principles data.
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are typically obtained through relaxation trajectories: it-
erative, gradient-based procedures that update an initial
configuration toward lower-energy states using PES gra-
dients. These gradients correspond to interatomic forces
and are conventionally computed using density functional
theory (DFT). While DFT provides accurate forces at the
quantum-mechanical level, each evaluation is computation-
ally expensive, with cost scaling steeply with system size,
basis choice, and functional. As a result, full structural re-
laxations can require hours to days on high-performance
computing systems, making relaxation a major bottleneck
in high-throughput atomistic workflows.

MLIPs for Efficient Relaxation. To reduce this cost, ma-
chine learning interatomic potentials (MLIPs), also referred
to as machine learning force fields, are trained to approxi-
mate DFT forces and energies (Batatia et al., 2022; Chen &
Ong, 2022; Choudhary & DeCost, 2021; Deng et al., 2023;
Yang et al., 2024a; Cheon et al., 2020; Musaelian et al.,
2023; Dramko et al., 2025). Rather than directly predicting
relaxed structures, MLIPs are typically used within iterative
optimization loops to emulate DFT-driven relaxation at a
fraction of the computational cost. In practice, they often
serve either as full replacements for DFT during relaxation
or as pre-relaxation tools that move structures close to equi-
librium before final DFT refinement (Rossignol et al., 2023;
Dramko et al., 2025). Although direct structure prediction
models have received growing attention, MLIPs remain the
dominant and most reliable approach for nontrivial struc-
tural domains (see Section 2.2).

Data Limitations and Motivation. A fundamental chal-
lenge in MLIP development is data scarcity. Each new
training example requires costly first-principles calculations,
resulting in datasets that are orders of magnitude smaller
and less diverse than those in many other machine learning
domains (Huang et al., 2023; Hérmann et al., 2025). Conse-
quently, improving performance by simply scaling datasets
is often impractical. This work instead focuses on extracting
more value from existing data by altering how MLIPs are
trained, rather than what data they are trained on.
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Figure 1. In previous work, only the MLFF itself is trained. In our work, we train through the whole relaxation,
treating the entire unrolled trajectory as one large neural network.
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1.1. Levels of Optimization

Two distinct optimization processes are central to this work:
(1) optimization of the MLIP parameters during training,
and (2) optimization of atomic coordinates along the PES
during structural relaxation. To avoid ambiguity, we refer
to parameter updates of the MLIP as MLIP training, and to
coordinate updates during relaxation as PES-level optimiza-
tion. The key idea of this paper is to explicitly couple these
two levels during training.

1.2. Trajectory-Level Training via BPTT

Conventional MLIP training treats each structure—force pair
independently, optimizing per-step force accuracy without
regard to how errors accumulate during relaxation.We in-
stead adopt a trajectory-level training strategy.

Specifically, we unroll full relaxation trajectories and ap-
ply backpropagation through time (BPTT) to update model
parameters based on the quality of the final relaxed struc-
ture, rather than intermediate force errors. This reframes
MLIP training as a problem of optimizing the outcome of
the relaxation process itself. By supervising the model using
trajectory-level signals, the MLIP learns to bias its force
predictions using structural context, effectively allowing

one data modality (final structures) to supervise another
(forces). Crucially, this approach improves relaxation per-
formance without requiring additional first-principles data.
An overview of the training procedure is shown in Figure 1.

Contributions. Our primary contributions are as follows:

1. We introduce a full-trajectory, BPTT-based fine-tuning
framework for MLIPs.

2. We provide ablation studies and analysis of the compo-
nents involved in PES-level optimization.

3. We connect BPTT-based training to the theory of itera-
tive maps and proxy functions.

4. We validate the approach across multiple structural
domains and MLIP architectures.

2. Related Works

2.1. MLIPs

MLIPs are trained to take as inputs structure snapshots’
and produce predictions for forces and formation energy.
A frequent direction of research in MLIPs has been graph

IStructure snapshots: atomic locations, atomic descriptors, etc.
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neural networks (GNNs), which have led to many of the
leading architectures (Batatia et al., 2022; Chen & Ong,
2022; Choudhary & DeCost, 2021; Deng et al., 2023; Yang
et al., 2024a; Cheon et al., 2020; Musaelian et al., 2023).

Another common approach is the use of multi-layer percep-
trons (and related base architectures). Appendix A.2 covers
many of the variations used in literature.

However, a recent push in literature has been to abandon
graph representations in favor of Transformer encoders
(Dramko et al., 2025; Kreiman et al., 2025; Elhag et al.,
2025), or some variant such as Graphformer based mod-
els (Eissler et al., 2026). These techniques have shown
state-of-the-art success across both molecular and crystal
datasets.

2.2. Direct Structure Prediction

There has been growing interest in predicting relaxed atomic
structures directly, without explicitly optimizing along the
PES. However, because structural relaxation is a highly
non-convex optimization problem, the data requirements for
one-shot approaches are typically prohibitive (Sercu et al.,
2021; Shu et al., 2018; Yang et al., 2024¢c). While limited
success has been demonstrated in narrowly constrained set-
tings, such as two-dimensional point defects (Yang et al.,
2025), direct prediction remains challenging for nontrivial
systems and consistently underperforms force-driven itera-
tive ML relaxations on standard benchmarks (Kolluru et al.,
2022; Yang et al., 2024c). As a result, iterative relaxation
methods remain the clear gold standard and dominate prac-
tical deployment settings.

Another semi-direct approach, (Yang et al., 2024b), uses
an internal iterative geometry solver to predict the final
structure, but remains largely confined to the original study,
with no demonstrated uptake or benchmarking in the broader
literature or in industry.

2.3. Iterative Approaches

The literature has explored weight-tying and iterative maps
extensively (Almeida, 1988; Bai et al., 2019), with deep
equilibrium networks (DEQs) (Bai et al., 2019) matching
our general problem formulation. The majority of the re-
search (Bai et al., 2019; 2021; Daniele et al., 2025) has not
been focused on the physical sciences. While such tech-
niques have been shown to be successful under the right
conditions (Bai et al., 2019; Agarwala & Schoenholz, 2022),
they often exhibit poor training dynamics and generalizabil-
ity (Sun & Shi, 2024; Agarwala & Schoenholz, 2022; Bai
et al., 2021; Gabor et al., 2024). For this reason, they are of-
ten used in memory-constrained circumstances (Sun & Shi,
2024; Gabor et al., 2024), and for theoretical exploration
(Sun & Shi, 2024; Gabor et al., 2024; Gao et al., 2023;

Daniele et al., 2025). Recent work (Wang et al., 2024b)
applies DEQs to predict self-consistent Hamiltonians di-
rectly, attempting to bypass the iterative SCF procedure that
constitutes a major computational bottleneck in DFT.

One notable related technique from materials science lit-
erature is DOGSS (Yoon & Ulissi, 2020). This technique
learns a network that creates parameters to condition a sim-
ple proxy function which matches desired physical proper-
ties at the minima. The network’s conditioning of the proxy
function is trained though the fully-differentiable gradient
descent optimization of the proxy. DOGSS however, does
not integrate with MLIP literature, and instead focuses on
spring constants and equilibrium distances.

2.4. Sequence-Level Works

Backpropagation through time (Rumelhart et al., 1986; Wer-
bos, 2002; Williams & Zipser, 1989) is the standard method
for computing gradients in recurrent neural networks, and
is widely used throughout sequence-learning literature. It
remains the conventional baseline for training RNNs, and
underpins most subsequent developments in recurrent and
sequence-model learning.

There has been substantial work throughout machine learn-
ing on full-sequence training, often in the form of reinforce-
ment learning from human feedback (RLHF) (Christiano
et al., 2017; Ouyang et al., 2022). While some aspects such
as the use of proximal term weight controls (Cohere et al.,
2025) or gradient clipping (Schulman et al., 2017; Raftel
et al., 2020) overlap with our work, we differ strongly in
that we have a fully-differentiable setup.

Some work, (Greener, 2024; 2025), has used fully-
differentiable training to match molecular dynamics (MD)
trajectory coefficients to those observed in practice. These
values are useful in many aspects of materials science, but
are orthogonal to our goal of structural relaxation. Another
work (Krueger et al., 2024) finds BPTT unsuitable to train
a specific coarse-grained molecular dynamics simulation
engine.’

Some papers have looked at trajectory-level supervision
through differential equations (Chen et al., 2018; Cranmer
et al., 2020), and in the training of Hamiltonian approxima-
tors (Greydanus et al., 2019; Chen et al., 2019; Zhong et al.,
2019; David & Méhats, 2023). They learn a single function
which is then integrated over many steps using a symplectic
integrator. Backpropagation is computed through the steps
of the integration.

*This engine is not a neural network, nor should it be consid-
ered neural-network-like.
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Figure 2. Experimental results comparing learned and fixed scalar step sizes as applied to Si defects. Error reported as Total Dq across test

3. Method

3.1. Preliminaries

Notation. In a slight abuse of notation, we denote X as
the atomic structure under consideration, and also as an
IR"™*3 matrix of their coordinates. The ground truth relaxed
structure is given by X%, and the predicted structure is Xp.
We denote actual forces with y and predicted forces as y.

Evaluation: Loss and Delta Q. Many works use MSE as
a measure for structural error. However, in crystal defect
cases, MSE can overemphasize the effect of the bulk lattice,
and underemphasize the effect of the defect center (Dramko
et al., 2025). To handle this issue, we use Delta Q (Dq) as
a loss function, which is MSE where the error from each
atom is weighted by its atomic mass. Given a set X* of n
atoms with masses m;, and a predicted set of atom locations
X, Dq is defined by:

Da(Xg, Xp) = | > mylIX7. = X038, (D

Jj=1

This metric is referred as the mass-weighted displacement
between different states and is physically meaningful, often
used to quantify structural shift in first-principles calcula-
tions (Alkauskas et al., 2014).

Guiding Example. Throughout Sections 3 and 4 we use
the ADAPT architecture (Dramko et al., 2025) as described
in Appendix A and the crystal defects dataset (Appendix
E.1) as a motivating example. ADAPT is a graph-free,
coordinate-based Transformer encoder architecture used for
atomic force prediction and long-range interaction model-
ing. It is introduced with the crystal defects dataset and
contains studies showing near-optimal performance with

regard to network size and training length, giving a strong
point of comparison for BPTT fine-tuning. Section 5, how-
ever, shows that the performance gains in relaxed structure
prediction are not limited to this architecture and dataset, but
generalize across other architecture and model combinations.
Experimental results indicate that, consistent with observa-
tions from RLHF-style fine-tuning, only a small number of
epochs are required to achieve meaningful improvements
(Ziegler et al., 2019; Ouyang et al., 2022). Figure 2 presents
outcomes obtained after five epochs of fine-tuning showing
that training has stabilized. We adopt five epochs as the
standard training length across experiments.

3.2. Defining frame

We denote by frame, a single DFT/MLIP force-prediction
step followed by a corresponding structural-update step.
Without loss of generality, frame is expressed in Eq. 2, as
follows.

de {y = MLIP(X,) ®

frame(X;) = X471 = N
X1 =Xi+ny

where we denote the matrix of coordinates for the structure
as X; and predicted forces as y, and 7 gives the chosen
PES-level step size. While our modeling employs discrete
gradient descent along the PES, the physical realization of
the system follows gradient-flow dynamics, guaranteeing
convergence to a local minimum.

3.3. Trajectory Unrolling

In this BPTT-driven fine-tuning scheme, we unroll and train
end-to-end through entire relaxation trajectories. Recalling
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frame from Eq. 2, we define a rollout as:

5\(1: = frameo---o frame(Xy) 3)
xk

The stopping condition is non-differentiable; it is defined
as either a small £, distance between successive steps, or
reaching a maximum threshold of steps, whichever comes
first. We do not train with knowledge of or through this
stopping condition explicitly; instead, we use it as a compu-
tational stopping point and separately take the Dg between
the predicted and final structure as our loss metric:

£ =Da(X}, Xp) )

Fundamentally, we are training an Al model such that:
framef(Xo) = Xg — X}. Note that k£ may not be
the same for each rollout, meaning that we are inherently
training a different function for different samples from the
dataset.

3.4. PES-Level Step-Size Controls

Central to any gradient-descent procedure is the choice of
step size. In existing atomistic relaxation pipelines, the Fast
Inertial Relaxation Engine (FIRE) optimizer (Bitzek et al.,
20006) is a common choice. FIRE monitors the alignment
between forces and velocities and adaptively adjusts the
dynamics by updating the time step, preserving momentum
during consistent downhill motion and damping it when the
motion becomes unstable, thereby enabling efficient and
robust relaxation toward nearby energy minima.

Because FIRE is non-differentiable, it cannot be used within
a BPTT fine-tuning loop. We therefore use FIRE together
with pretrained ADAPT force and energy models (Dramko
et al., 2025) solely as a non-trainable baseline. As a second
baseline, we also evaluate a constant step size using the
same pretrained models.

Beyond these baselines, we investigate trainable step-size
parameterizations under BPTT fine-tuning. Specifically, we
consider (1) a single learned scalar step size shared across all
relaxation steps, and (2) a small neural network that predicts
the step size dynamically during the relaxation trajectory.

Table 1. Ablation studies with ADAPT on the Si defect dataset on
determining PES-level step sizes.

Type Avg. Dg
No BPTT 5.32
Scalar Step Size 2.73
Decoder (Single Value) 3.37

Scalar Step. As another comparison baseline, we perform
a grid search to assess the near-optimal performance of
pretrained ADAPT under perfect information. We observe

that performance is robust across a broad range of step sizes,
with values between 0.6 and 0.8 producing the best results
on the test set. We select 0.077 as a representative setting
for comparison, because it yielded the lowest error. Results
for all evaluated step sizes are provided in Appendix F.

We also test using a fixed step size as well as making the
step size a learnable parameter. Figure 2b shows there is a
negligible difference in performance between the two con-
figurations. Experimental results show that BPTT prefers
to update the MLIP weights: in the example shown in Fig-
ure 2b, the step size was initialized to 0.50, but ended at
~(0.49 when exposed to gradient updates. Interestingly, Fig-
ure 2a shows that even when we initialize the procedure
with a value that deviates far from the pre-computed “ideal”
step size, BPTT is not significantly hindered and reaches
near identical performance. This reinforces the idea that
BPTT fine-tuning is learning about the interplay of the force
predictions and the larger descent procedure. The MLIP
modifications are however tied to the PES-level step size;
when using a model trained on a learned step size initialized
to 0.5 in a inference time loop with a step of 0.005, the
average Dq score worsens to over 13.77. Furthermore, we
find that standard optimization controls such as momentum,
noise injection, and annealing do not improve performance
and can be detrimental; details are provided in Appendix
C.3.

Neural Network Step. For comparison against a non-scalar,
but still BPTT-tuned PES-step size, we implement a single-
value decoder as seen in Appendix B. This decoder uses
the structure and the predicted forces as input, and predicts
a PES-level step-size scalar. We evaluate two network ini-
tializations: (i) standard random initialization, and (ii) a
constant-output initialization obtained by pretraining the
model on random noise to reproduce the well-performing
value 0.077 identified previously. In practice, both initial-
izations yield indistinguishable performance. Table 1 shows
that using a NN-learned step size does not improve model
performance as compared to the scalar, further reinforcing
the idea that the MLIP is modified to match the PES-step
size.

Table 1 shows that BPTT-tuned generated trajectories out-
perform even the trajectories made with optimal, perfect-
information step size with the untuned ADAPT. We find
that using BPTT and a fixed step size yields the best overall
performance, creating a ~ 50% reduction in error over even
the perfect-information untuned case.

3.5. Connection to Iterative Maps.

Interpreting frame 2 as a gradient-descent update on the
potential energy surface, for sufficiently small n, X* is a
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Figure 3. Effect of training schemes on Si defect relaxations

stable fixed point of the iteration:

lim frame™(X,)=X"* (5)
n—r oo

In this formulation, meta-stable structures are naturally iden-
tified with stable fixed points of the map frame governing
the update between consecutive configurations. Under this
view, we see that when using our BPTT procedure to fine-
tune the model, we are actually learning to approximate
the contraction dynamics of the PES through the discretized
function £ rame, which serves as a proxy that matches fixed
points and relevant basins-of-attraction to the PES.

Key takeaways from these studies are:

1. Figure 3 shows that BPTT is capable of learning a step
size that outperforms domain-engineered optimizers,

2. Figure 2a shows that BPTT is capable of learning
around a highly non-optimal step size such that the
relaxations perform on par with grid-searched, perfect-
information-selected initial hyperparameters,

3. Figure 2 shows that BPTT modifies the force predic-
tions such that they produce better relaxed structures,
even at the cost of deviating from accuracy in DFT
force reproduction as shown in Table 2,

4. Table 1 shows using a neural network defined by S :
X|cay — step does not outperform using a scalar or
fixed step size.

4. Analysis and Interpretation

BPTT produces an apparently paradoxical outcome. As
shown in Table 2, BPTT degrades force-prediction accuracy,
yet Table 1 demonstrates that it substantially improves the
final structures produced by the relaxation loop. Figure 5a
further shows that allowing BPTT to update only the PES

step size—while keeping the MLIP fixed—does not yield
performance gains over untrained model. This indicates that
the observed improvements are not explained by learning a
better set of descent hyperparameters at the PES level.

Taken together, these results suggest that BPTT fine-tuning
is neither improving the physical fidelity of force predic-
tions nor optimizing the underlying relaxation dynamics
in the conventional sense. Instead, it learns a higher-level
structural bias of the dataset. A standard MLIP is not trained
to solve structure relaxation directly; rather, it is optimized
to reproduce molecular dynamics (MD) trajectories, which
are the path atoms travel during relaxation. In principle,
perfectly reproducing this path would recover the relaxed
structure. In practice, however, limited data coverage and
model approximation error lead MLIP-driven MD simula-
tions to accumulate deviations, often resulting in significant
error in the predicted relaxed states (Liu et al., 2023; Li
et al., 2025).

BPTT reframes this problem. By fine-tuning through the
relaxation trajectory, we construct a proxy iterative map,
frame (Eq. 2), in which the MLIP serves only as an ini-
tialization. Recall from Section 3.5 that iterative maps are
highly sensitive to initializations. The objective is not to
improve adherence to PES-level descent dynamics, but to
instead learn a map that preserves key properties of the true
PES: most importantly, the locations of fixed points and
their associated basins of attraction. As shown in Section
3.5, such fixed points must exist, because DFT relaxation
itself is a fixed-point computation. Learning proxy functions
that preserve essential properties of first-principles calcula-
tions has been shown to be effective for other contexts and
objectives in materials science (Yoon & Ulissi, 2020).

Table 2. BPTT finetuning reduces total force accuracy on ADAPT
force predictions for Si defects.

Type Lo Force Errors
Pretrained MLIP 4.32
BPTT-tuned MLIP 13.36

Finding minima of the potential energy surface (PES) is an
inherently non-convex optimization problem. More funda-
mentally, structural relaxation is an n-body problem; there is
no general closed-form analytic expression that exactly cap-
tures the mapping from initial to final atomic configurations.
The only “perfect” contraction that reliably maps a general
structure toward the correct fixed point is the first-principles
relaxation itself.

This distinction matters for how to interpret our BPTT train-
ing. It does not directly recover the underlying physical
dynamics; instead, it trains an iterative map that moves
states toward stable fixed points under a chosen update rule.
Because the map is parameterized by a neural network and
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trained on finite data, it effectively learns a simplified con-
traction of the true DFT-driven dynamics. In practice, it
also implicitly incorporates “direct prediction” information:
rather than matching local force accuracy at every point in
configuration space, the optimization pressure is dominated
by whether repeated application of the learned update steers
structures toward the correct endpoints. As a consequence,
BPTT-tuned models should not be viewed as universally
valid, foundational MLIPs. For general-purpose use, ap-
proaches that directly learn forces/energies and then apply
physically motivated relaxation (e.g., classical structure-to-
force MLIPs and PES-level optimizers) are the more natural
target.

However, many of the use cases for MLIPs are not “univer-
sal”’; they are frequently task-driven. The literature contains
many MLIPs designed for specific materials classes or nar-
rowly defined regimes (Takahashi et al., 2017; Saleem &
Mallikarjun Sharada, 2025; Stippell et al., 2024; Chen et al.,
2025; Dramko et al., 2025). In these settings, BPTT can be
highly effective because the model is asked to learn a con-
traction only over a restricted manifold of structures. The
silicon defect relaxation used throughout this work is a rep-
resentative example: the training distribution is constrained,
and success is defined by the model’s ability to identify the
correct metastable states rather than to reproduce the entire
PES. Importantly, our results indicate that the benefit is not
confined to extremely narrow tasks. The pure crystal dataset
(Section E.2) exhibits substantial diversity—spanning or-
ders of magnitude in system size® and covering a broad
range of chemistries. However, BPTT fine-tuning still intro-
duces substantial performance gains. This result supports
a pragmatic interpretation: while BPTT does not “solve
the physics,” it can reliably improve the trajectory-level
behavior of MLIPs across many applied regimes.
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Figure 4. ADAPT Si defect training loss sees negligible
improvement, but testing loss is substantially improved

3The dataset contains examples ranging from single-digit atom
counts to nearly 400 atoms.

Table 3. Full effect of BPTT tuning

Type AvgDq | % reduction
ADAPT + FIRE 6.73

Constant Step ADAPT 5.25 48.00
BPTT Tuned ADAPT 2.73

ResMLP + FIRE 21.17"

Constant Step ResMLP 10.40 45.09
BPTT Tuned ResMLP 5.71

Viewed through this lens, BPTT primarily encourages
learned update rules that are stable and contractive in the
regions that matter for the dataset, even if local dynamics
are distorted. In an idealized scenario of unlimited data
and compute, one might hope to learn local force fields
so accurately that the learned dynamics match DFT nearly
everywhere. In today’s MLIP setting, that expectation is
unrealistic. Accordingly, we suggest treating BPTT as the
final stage of a staged training pipeline: start from a pre-
trained, broadly applicable MLIP; refine it with supervised
structure-to-force training on the target domain; then apply
trajectory-level BPTT to shape the long-horizon relaxation
behavior. While this approach increases training overhead,
the trade-off in high-throughput or computationally heavy
studies of specific structure-classes is favorable because im-
proved relaxation fidelity reduces the need for expensive
DFT evaluations.

Our experiments reinforce this framing. Figure 5b shows
that ADAPT trained with BPTT from random initialization
on the silicon defect task fails to make an improvement in
performance, indicating that BPTT is not an effective stand-
alone learning paradigm. Its strength is fine-tuning. Con-
sistent with this framing, Figure 4 shows that test accuracy
improves substantially even when the training loss remains
relatively stable, suggesting gains in trajectory-level general-
ization rather than simple in-distribution loss-minimization.
This pattern mirrors observations in reinforcement learning
from human feedback (RLHF), where sequence-level objec-
tives can improve downstream behavior without significant
reductions in token-level training loss (Wang et al., 2024a;
Hou et al., 2024).

5. Results

We consider three datasets: (1) crystal defects, (2) pure crys-
tals and (3) catalysts. Collectively, these datasets encompass
a wide range of applications and modeling scenarios, includ-
ing both periodic and non-periodic systems, and structures
spanning from fewer than 10 atoms to more than 200 atoms.
Details on the content and sourcing of the datasets are avail-

12 structures lead to degenerative trajectories and were re-
moved from the Dqg calculation.
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Figure 5. Effect of adjusting learning setup on Si defect samples

Table 4. Characterizing the effect of BPTT tuning across datasets and models.

Pure Crystals Catalysts
Type AvgDq | % reduction || Type AvgDg | % reduction
Constant Step ADAPT 8.24 53.00 Constant Step ADAPT 81.82 1321
BPTT Tuned ADAPT 3.46 BPTT Tuned ADAPT 71.01
Constant Step ResMLP 129.87 26.13 Constant Step ResMLP 76.45 418
BPTT Tuned ResMLP 95.93 BPTT Tuned ResMLP 73.25

able in Appendix E. We also consider two different models:
(1) ADAPT (Dramko et al., 2025), and (2) ResMLP A. Sum-
maries of model architectures and justification of model
selections are available in Appendix A.

5.1. Crystal Defects

As summarized in Table 3, fine-tuning with BPTT produces
notably improved final configurations. Qualitative analysis
of the resulting defect structures from BPTT-tuned ADAPT
shows that the defect centers, the regions of greatest practi-
cal relevance, exhibit the most pronounced improvements.
In particular, BPTT has a significant influence on the local-
ization of interstitial defect atoms in the test cases. These ob-
servations confirm that the improvements are not attributable
to trivial stabilization of the bulk lattice, which would be
unlikely to produce a substantial reduction in the number
of DFT steps required for full relaxation. It is shown in
(Dramko et al., 2025) that increasing the size and training
time of the pretrained ADAPT model on this dataset does
not improve its performance; this result demonstrates that
BPTT fine-tuning is achieving accuracy in relaxations that
would have been impossible with regular MLIP training.

5.2. Pure Crystals and Catalysts

We further validate our approach by fine-tuning ADAPT and
ResMLP on datasets of pure crystals and catalysts (see Ap-
pendix E). Table 4 shows that, in all cases, BPTT fine-tuning
improves performance. For three of the four extra testing
cases, and five of six total cases, the performance gain is
substantial. Only one testing scenario resulted in a relatively
small gain. Figure 6 demonstrates that the BPTT fine-tuning
test-loss curves for pure crystals closely resemble that of
crystal defects. These results support the conclusion that
BPTT fine-tuning is a generalizable strategy that can yield
benefits in a variety of scenarios.

6. Discussion

We present a method for fine-tuning MLIPs that uses struc-
ture information to modify force predictions. We calculate
fully-differentiable relaxation trajectories using MLIPs, and
then perform a BPTT update based on a structural accuracy
metric. This work shows dramatic increases in predicted
structure accuracy, even while decreasing the accuracy of
force predictions. We provide ablation studies demonstrat-
ing the impact different common gradient-descent schemes
have when integrated into the BPTT pipeline, and find the
algorithm is capable of adapting around a fixed scalar PES-
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Pure Crystals Test Error

—— Average Delta Q

Avg Dq Value
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Figure 6. BPTT tuning of ADAPT improves pure crystal results
(reduces average Dq) by roughly 50% on the test set.

level step size to match or outperform any other tested
procedure. Experimental results indicate this is due to a
“preference” of BPTT to modify the MLIP rather than the
other trainable parameters. Of particular interest to practi-
tioners is that this approach lowers the data requirements for
producing an effective domain-specific MLIP, addressing a
common bottleneck in practical deployment.
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A. ADAPT and ResMLP Architectures
A.1. ADAPT

We adopt the ADAPT architecture (Dramko et al., 2025) as a pretrained MLIP test case due to both its effectiveness and its
algorithmic simplicity. The model is defined as three-layer embedding MLP, a series of n Transformer encoder blocks and a
final layer linear projection. Each encoder block (denoted enc) is given by:

H, =1N(Xj +Attn(Xi)),
enc(X) = Xour = { Hy = FEN(LN(H,)), (6)
Xout = LN(HZ + Hl)

ADAPT also uses projection and embedding operations defined by:

proj=W,X @)
emb = Wy 000 Wj 000 Wq(X) 8)

where W, ¢ R3*dmodel  amb is a multi-layer perceptron (MLP), and o is the function composition operator. Note that the
embedding does not use a positional encoding because the coordinates of the each atom is included in the atom features
given to the model. The relative ordering of atoms does not matter.

The overall ADAPT architecture is given by:

MLIP = projoenco..oenco emb(X) 9)
—_—

Xn

A.2. ResMLP

Variations on the multilayer-perceptron architecture are a mainstay of MLIP architectures; having been used historically
(Behler & Parrinello, 2007; Behler, 2016; Artrith & Urban, 2016) and currently (Tam et al., 2019; Dickel et al., 2021;
Lépez-Zorrilla et al., 2023; Kalayan et al., 2024; Dramko et al., 2025) to model the dynamics of atomistic calculations. We
adopt a residual+MLP architecture as a testing scenario model, and denote it as ResMLP.

to = 0(Wox + bg) (10)
hy = LN(Poto + to)
t; = 0(Wihg + by)
h; = LN(P1t; + t1)

ts = 0(Wshy + bs)
h; = LN(Pst5 + t5)
y = Wgh;

where each layer has 4096 nodes, and the output project down to 220 x 3 = 660 values. While this may not be the most
effective possible architecture in literature, variations of it are commonly used and it provides a strong argument for the
generalizability of the BPTT fine-tuning results.

B. Scalar Decoder Head For Step Size

ADAPT provides the forces (gradient) of the PES (objective function), but does not tell us how large of a step we should
take. We present a method that takes both the structure and forces as input, and outputs a step size for this iteration of the
descent. This step-scaling and update procedure, step is defined in two parts: an upscaling projection to map from the
native to embedding dimensions, and a scaler decoder head to produce a single step size for the whole structure. The scaler
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decoder head, dec is defined by:

M = MLIP(X),

hy = LN(q + Attn(q, M, M)),
h; = LN(hy + MLP (hy)),

y = Wh; +b.

dec(X,q) = § = (11

where the notation follows that of Section 3.1, and dropout is applied after At tn and MLP. Recall that Ml € IR"*dmodet
and note that W € IR**™, We use a dummy tensor q of all 1s to control the dimension of the output and force it to be scalar.
Although it is a matrix, we denote q € IR(1*9modet) in lower-case vector form to make clear that it has only one non-trivial
dimension.

The full step method is given by:

Z=X|_ MLIP(X),
H=WyZ+W;0(WyZ),
s =dec(H),

X' =s-MLIP(X)+ X

step(X) = X' = (12)

Where Wy € RimodetX15 and if d,,,,qe; = 15 then Wo = I.

C. Ablation Studies

C.1. Exploration Noise

A common technique used in sequence fine-tuning tasks is the addition of noise into model weights or update steps with the
intention to force the model to explore weights. Such noise is usually annealed over epochs, as the goal of the model shifts
from exploration to exploitation. We conduct studies on the effect of noise in our BPTT approach, and find that it leads to
vastly diminished results, even performing worse than the original model before the fine-tuning. This is a surprising result
given the findings of (Cheon et al., 2020) which claims that noise injection improves overall performance.

C.2. Proximal Term vs Gradient Clipping

Often when performing fine-tuning tasks, a proximal £o-loss term anchoring the model weights to the pretrained version is
added to ensure that the model does not stray too far and overfit (Li et al., 2018). Other have proposed using aggressive
gradient clipping as an alternative (Yang & Ma, 2022). Our experiments find there is a negligible performance difference
between the two approaches. We adopt the gradient clipping becuase it is more computational lighter compared to the
proximal-term approach.

C.3. Use of Momentum and Step Annealing

In optimization literature, pure stochastic gradient descent (SGD) is seldom employed in practice. Instead, machine learning
typically utilizes step-size schedulers, momentum variants, or second-order approximations. Domain-specific optimizers
have also emerged, such as the FIRE algorithm in atomistic modeling. Noise injection—in various forms*—during training
can enhance generalization. Moreover, the use of proximal weight penalties and gradient clipping helps constrain fine-tuning
updates, ensuring that new policies remain close to their predecessors and mitigating catastrophic forgetting or overfitting.

Since the relaxation trajectory is inherently an optimization procedure, it is reasonable to expect that such modifications to
the PES-level descent may have an impact on the BPTT-derived weight updates. Specifically, we perform ablation studies to
test the effect of the PES-level application of: (1) noise injection’, (2) momentum and annealing in steps, and (3) intentional
varying of trajectory lengths though modifications of stopping conditions. We also test the effect of the MLIP-level usage of
proximal term vs gradient clipping update controls.

4Stochasticity can be seen as a form of “noise injection” as well, although we do not test a version of the model without due to compute

limitations.
3Noise injection has been utilized in literature by (Cheon et al., 2020)
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Table 5. Characterizing the effect of momentum weight of 0.05 and 0.99" annealing-step factor on step k.

Setup Avg Dgq
ADAPT 8.47
ADAPT+Momentum 7.67
ADAPT+Anneal 7.28
ADAPT+Momentum+Anneal 7.49
BPTT 2.73
BPTT+Momentum 3.47
BPTT+Anneal 1928.30
BPTT+Momentum+Anneal 1969.71

We find that none of these modifications substantively improve results, and some cause degenerative trajectories. This
indicates that: (1) the model is capable of learning a strong set of optimization controls, and (2) these controls are
substantively different than those we typically use.

Applying a momentum term to the descent term of ADAPT without BPTT yields improved results. Similarly, using a
multiplicative annealing—such as 0.99% on step k—yields beneficial results. In Table 5, we report experimental results
investigating the effect that these two changes produce when added into the BPTT descent trajectories. We note that the
initialization value for the scalar step size hyperparameter is 0.5.

C.4. Intentional Modification of Trajectory Length

During the training process, different examples may run for different numbers of steps. Recalling the view of this problem
setup as a deep neural network made of a repeated block, this differing numbers of block instances means that we are
optimizing for an inherently different situation in each example. To establish the impact of such potential mismatches, we
present experiments in which we artificially vary the stopping threshold after each batch of training. In previous experiments,
a threshold of 0.001 in total root mean squared error (RMSE) atomic movement across the structure is used, with a maximum
of 75 steps being allowed. Under this new paradigm, we randomly varied the threshold between 0.01 and 0.0001, and
randomly varied the maximum number of frames between 50 and 75. Results from this are presented in Table 6, and show
that such a training setup leads to slightly worse results. The hope of this training scheme— now disproved—is that it would
worsen results on the training set, but could force better generalization and improve test set performance.

Table 6. Characterizing the effect of varying stopping conditions

Stopping Condition | Avg Dg
Fixed 2.92
Variable 3.19

D. Hyperparameters and Reproducibility

Unless otherwise noted in Section C.4 or Section C.3, results are from trials using an RMSE threshold of 0.001. We impose
a maximum of 75 frames in a trajectory for Silicon defects and pure crystals, and 200 frames for catalysts.

E. Datasets

Among modern research directions in advanced materials, crystals—periodic, infinitely repeating arrangements of atoms
known as lattices—are of particular relevance. We validate BPTT fine-tuning by testing on two different datasets which
represent fundamentally different types of crystal domains. The success of BPTT fine-tuning under such different domains
shows that its benefit is not limited to a specific problem scope.

E.1. Silicon Crystal Defects

A central theme in materials design is the deliberate introduction of defects: controlled disruptions of an otherwise perfect
lattice to engineer specific electrical, magnetic, or quantum properties. This dataset (Xiong et al., 2023; 2024) focuses on
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point defects in silicon. Point defects occur wherever the crystal’s regular structure is broken in a constrained local region.
They are typically classified into three categories: ) substitution: a lattice atom is replaced with a different element; i7)
interstitial: an additional atom is inserted between lattice sites; and, i) vacancy: a lattice site is missing an atom.

These seemingly simple atomic irregularities—vacancies or irregular atoms within a crystal lattice—are fundamental to
modern electronic and quantum technologies. They can also combine to form defect complexes, where multiple point
defects interact within the same region of the crystal. Such engineered defects are the basis of many modern technologies
such as semiconductor doping for high-performance computing, and they are central to emerging efforts to create stable
qubits for quantum communication and sensing applications.

E.2. CHGNet Pure Crystals Data Subset

We use the dataset curation from CHGNet (Deng et al., 2023), which is itself a curation of data from the Materials Project
(Jain et al., 2013). To avoid prohibitively large runtimes, we select the first 20, 101 examples as the dataset. This dataset
contains pure crystal cells. Each cell is assumed to be subject to the periodic boundary condition, and is part of an infinitely
repeating regular lattice. Due to the smaller number of atoms and lack of specific interest areas, we use standard MSE loss
as our metric for this dataset. Since no pretrained version of ADAPT, we train ADAPT (Dramko et al., 2025) first on first
predictions, then use BPTT fine-tuning. We show that BPTT leads to a substantial increase in final-structure accuracy, as
shown in Figure 6.

Matching to the quantities set in (Dramko et al., 2025), we use the first 100 trajectories as testing data and the rest as training
data. Pure crystal trajectories are often much shorter than those from defects, so we use a substantially larger quantity to
create a dataset of similar number of frames to that of the silicon defects from (Dramko et al., 2025). The MLIP is first
trained on the structure-force pairs from the flattened 20, 001 training trajectories. After, the model is fine-tuned using
BPTT on the 16, 984 trajectories of length greater than two with constant atom counts throughout the trajectory. Finally,
testing results on the 96 of the 100 test trajectories are reported, four trajectories (sequentially trajectories 15, 17, 19, 63)
has mismatched atom counts throughout the trajectory in the dataset, and were thus discarded.

E.3. Catalyst Dataset

We use datasets from the open catalyst project (Chanussot et al., 2021). We use the “s2ef_train_200K” dataset to train the
force-to-structure underlying model, and we use the “is2res_train_val_test_Imdbs” to train the sequence-level BPTT updates.
Matching with the other evaluation setups, the first 100 trajectories from the sequence-level dataset are used as the testing
case, with the other trajectories providing the training data.

F. ADAPT Optimal PES Step

In Table 7 we show the average testing Dg for selected values of the PES-level step size. Notably, comparing BPTT
against one of these values unfairly disadvantages BPTT because BPTT has no knowledge of the the test set, whereas these
hyperparameters are fit directly on the test set.

G. The Effect of Graph Cutoff Building

Both ADAPT and ResMLP utilize coordinate-in-space based architectures. This means that the data representation does
not change based on its structural evolution. With graphs however, as the structure evolves, atoms may move in or out
of the range of other atoms’ cutoff radii. This can result in different representations of the graph over the course of the
trajectory. Since this is a non-differentiable decision boundary, we cannot train BPTT directly through graph construction.
In many structures, this creates a relatively small problem, as structural evolution often induces in a very limited movement
among any given atom in the structure. While BPTT can be implemented to ignore these non-differentiable decisions, it is a
potential area of concern for structures with widespread and substantial structural evolution.

Additionally, many graph architectures have adopted the implementation choice of using backpropagation to calculate forces
from energy predictions. This can result in a very convoluted gradient chain during BPTT, and users must be careful not to
consume the computation graph during the force prediction stage.
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Table 7. Hyperparameter Values for PES-Level Descent of ADAPT

Step Size | Avg Dg
0.001 12.38
0.005 9.88
0.007 9.15
0.009 8.61
0.011 8.23
0.013 7.90
0.015 7.63
0.017 7.46
0.019 7.29
0.021 7.16
0.025 6.90
0.029 6.71
0.033 6.49
0.037 6.35
0.039 6.27
0.045 6.05
0.049 591
0.063 5.42
0.067 5.38
0.071 533
0.073 5.34
0.075 5.33
0.077 5.32
0.079 5.37
0.081 541
0.083 5.40
0.085 5.40
0.087 5.45
0.091 5.35
0.095 5.37
0.15 9.18
0.25 20.46
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