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ABSTRACT

Most PDE foundation models are pretrained and fine-tuned on fluid-centric
benchmarks. Their utility under extreme-loading material dynamics remains un-
clear. We benchmark out-of-distribution transfer on two discontinuity-dominated
regimes in which shocks, evolving interfaces, and fracture produce highly non-
smooth fields: shock-driven multi-material interface dynamics (perturbed layered
interface or PLI) and dynamic fracture/failure evolution (FRAC). We formulate
the downstream task as terminal-state prediction, i.e., learning a long-horizon map
that predicts the final state directly from the first snapshot without intermediate
supervision. Using a unified training and evaluation protocol, we evaluate two
open-source pretrained PDE foundation models, POSEIDON and MORPH, and
compare fine-tuning from pretrained weights against training from scratch across
training-set sizes to quantify sample efficiency under distribution shift.

1 INTRODUCTION

The physics of material dynamics under extreme loading is challenging. Many mission and safety-
critical systems (e.g., spacecraft structures and thermal protection, hypersonic vehicles, and explo-
sive or impact-driven experiments) operate in regimes where materials experience extreme transient
loading, including shock and blast loading, rapid energy deposition, impact, and impulsive mechan-
ical forcing (Kalthoff, 1986; Sterbentz et al., 2022; Demmie & Silling, 2007). These systems are
challenging for both classical simulation and learning-based surrogates because their solutions are
dominated by shocks/steep gradients, evolving multi-material interfaces and morphology changes.
Accurate prediction of the terminal (late-time) state is central in such problems for inverse estima-
tion, uncertainty quantification, and design optimization.

PDE foundation models aim to amortize operator learning via pretraining and fine-tuning. Stan-
dalone PDE surrogate models are widely used in scientific machine learning (Raissi et al., 2019;
Chen et al., 2018; Li et al., 2020; Khodkar & Hassanzadeh, 2021; Goswami et al., 2022; Oom-
men et al., 2022; Maulik et al., 2021; Rautela et al., 2024; Kontolati et al., 2024; Rautela et al.,
2025a). However, these surrogates are typically specialized to a particular PDE (or parameterized
family), geometry, and discretization, and often require retraining or substantial re-tuning when
the physics, resolution, or observational modality changes. This limitation motivates pretraining-
based paradigms that amortize learning across PDE families. PDE foundation models (PDE-FMs)
are task-agnostic surrogates pretrained on large, diverse PDE solution corpora to learn transfer-
able representations, then adapted via fine-tuning to downstream tasks (Subramanian et al., 2023).
This improves sample efficiency and generalization, especially when transferring to previously un-
seen PDE families, parameter regimes, or geometries (Hao et al., 2024; Herde et al., 2024; Rautela
et al., 2025b). Despite this promise, evaluation of PDE foundation models under out-of-distribution
datasets is still limited.
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Progress on PDE-FMs depends on rigorous out-of-distribution evaluation. PDE foundation mod-
els are often presented as broadly transferable surrogates, but their practical usefulness hinges on
robustness under distribution shift across PDE families, discretizations, geometries, boundary con-
ditions, and sensing modalities. While pretraining can learn transferable representations, it can also
imprint inductive biases from the pretraining distribution, leading to brittle behavior under shifts in
physics, resolution, or observation type. In the LLM literature, model utility is established through
standardized multiple downstream tasks spanning coding (Chen et al., 2021), broad multitask knowl-
edge (Hendrycks et al., 2020), mathematics (Hendrycks et al., 2021), and challenging reasoning
tasks (Suzgun et al., 2023). Analogously, PDE foundation models should be assessed using diverse
dataset suites that explicitly probe out-of-distribution transfer, stability, and failure modes before
they are considered general-purpose surrogates.

Why benchmark OOD transfer on extreme-loading material dynamics? Despite rapid progress,
most publicly available pretraining corpora and standardized evaluations for PDE surrogates remain
dominated by fluid-centric or smooth-field regimes (e.g., advection–diffusion, Burgers, incompress-
ible/compressible Navier–Stokes, and related canonical flows). Large collections such as The Well
(Ohana et al., 2024) and benchmark suites such as PDEBench (Takamoto et al., 2022) and PDE-
Gym (Herde et al., 2024) have accelerated PDE-surrogate research, but they only partially capture
the discontinuity- and interface-dominated dynamics that arise in multi-material shock physics and
dynamic fracture/failure. Consequently, it remains unclear how well PDE foundation models pre-
trained on fluid-dominated distributions transfer to extreme-loading mechanics, where the dynamics
are governed by (i) shocks and steep gradients, (ii) rate-dependent inelastic response at high strain
rates, (iii) a large dynamic range of spatial and temporal scales, (iv) free-boundary evolution driven
by material interfaces and cracks, (v) localization phenomena that control global outcomes, and (vi)
strong sensitivity of late-time morphology to small early-time perturbations (Sterbentz et al., 2023;
Marcato et al., 2025). Moreover, whereas most downstream evaluations emphasize autoregressive
rollouts, we instead focus on terminal-state prediction as a practically relevant long-horizon task,
since it is often more consequential for design optimization and uncertainty quantification.

Problem setting and evaluation protocol. We fine-tune PDE foundation models for terminal-state
prediction and formulate the downstream task as first-frame to final-frame long-horizon operator
learning. Given an initial multi-field state at an early time t0, the model predicts the terminal state
at tT without intermediate supervision, thereby learning a long-horizon mapping. In this work, we
introduce a unified evaluation protocol for out-of-distribution transfer on extreme-loading material
dynamics using two complementary open-source datasets, perturbed layered interface (PLI) and
dynamic fracture/failure evolution (FRAC). Under this protocol, we benchmark two predominantly
fluid-pretrained, open-source PDE foundation models (MORPH and POSEIDON) by comparing
fine-tuning versus random initialization across varying training-set sizes, thereby quantifying sample
efficiency and generalization.

2 METHODS

2.1 DATASETS

2.1.1 PERTURBED LAYERED INTERFACE.

To probe the extreme-loading regime, we use the Perturbed Layered Interface (PLI) dataset, a large-
scale physics dataset of two-dimensional axisymmetric multi-material simulations designed to cap-
ture high-explosive driven shock propagation through complex targets (Banesh et al., 2025). Each
sample consists of a spatiotemporal trajectory of multi-field state variables, including thermody-
namic and kinematic fields such as density, pressure, temperature, and velocity, along with additional
derived mechanics-related quantities. This structure makes PLI well suited for learning long-horizon
mappings from early-time conditions to late-time (terminal) states. The trajectories exhibit key phe-
nomena including momentum transfer, shock propagation, plastic deformation, and thermal effects.
The underlying dynamics are strongly interface controlled, since shock and interface interactions
can trigger Richtmyer-Meshkov-type instabilities and jetting. Across the dataset, geometry varies
substantially while the material set is fixed, comprising copper, aluminum, stainless steel, a generic
polymer, a generic high explosive, and an air background.
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The dataset comprises 5,293 simulations, each represented by 38 channels over 100 time steps at
a spatial resolution of 1120 × 400. For terminal-state prediction, we use only the first and last
frames of each trajectory. Unless otherwise noted, we use the ‘av-density’ channel, which encodes
the mixture-averaged density across materials. We partition the dataset into training, validation, and
test splits using an 80/10/10 split. A representative spatiotemporal trajectory is shown in Fig. 4
(Appendix A), where columns correspond to equally spaced time steps and each row visualizes the
density field of multiple materials.

2.1.2 DYNAMIC FRACTURE AND FAILURE EVOLUTION.

Complementing PLI, we use the Material Fracturing and Failure Simulation Datasets (FRAC), which
focus on fracture initiation, propagation, and interaction across multiple materials and loading con-
ditions (Hill et al., 2025). FRAC is generated with two solver families that differ in formulation
and fidelity: a phase-field fracture model and a combined finite-discrete element method (FDEM,
HOSS), spanning structured (Cartesian) and unstructured representations. The dataset covers di-
verse material classes (including brittle and ductile responses) and boundary/loading configurations
(e.g., uniaxial and biaxial tension in the phase-field subset), with randomized initial fracture patterns
to drive diverse crack-network evolution. Because the late-time crack topology and damage local-
ization are path-dependent and governed by moving fronts (crack tips) and evolving discontinuities,
FRAC provides a stringent testbed for long-horizon prediction under extreme, highly nonlinear solid
mechanics (Marcato et al., 2025).

The dataset contains multi-material simulations. In this work, we focus on the tungsten subset un-
der horizontal boundary condition, which comprises approximately 200K simulations with variable
numbers of time steps across trajectories. We partition this subset into training, validation, and test
splits using an 80/10/10 split. A representative spatiotemporal trajectory is shown in Fig. 5 (Ap-
pendix A), where we visualize three example simulations. Within each row, frames correspond to
successive time steps, annotated with their characteristic-time.

2.2 MODELS

We study two pretrained PDE foundation models with comparable capacity: POSEIDON and
MORPH. Both models are transformer-based operator learners pretrained on different PDE corpora
and adapted to our extreme-loading regimes via supervised fine-tuning.

2.2.1 POSEIDON PDE-FM

The model is built on the scalable Operator Transformer (scOT), a hierarchical multiscale vision
transformer designed to approximate solution operators of time-dependent PDEs (Herde et al.,
2024). Given an initial condition ‘a’ and a lead time ‘t’, scOT produces an estimate of the state
S(t,a). The input field is partitioned into patches and embedded into latent tokens, which are pro-
cessed through multiple stages of SwinV2 blocks with shifted-window self-attention, together with
multiscale token resolutions via patch merging/expansion. Time dependence is incorporated through
lead-time conditioning in normalization. POSEIDON uses time-conditioned layer normalization
whose affine parameters are functions of the queried lead time, enabling a single model to represent
multiple prediction horizons. The pretraining procedure leverages the semigroup structure of PDE
evolution through an all-to-all pairing strategy over time snapshots, exposing the model to diverse
∆t mappings within each trajectory.

POSEIDON is pretrained on six datasets from PDEGym: two incompressible Navier–Stokes vari-
ants (NS-Sines and NS-Gauss) and four compressible Euler variants (CE-RP, CE-KH, CE-CRP, and
CE-Gauss). Pretraining uses roughly 20,000 Navier–Stokes trajectories and 10,000 Euler trajecto-
ries (about 80,000 trajectories in total), with inputs and outputs standardized to four fluid variables
(density, u-velocity, v-velocity, and pressure) on a 128×128 grid. Downstream transfer is assessed
by fine-tuning the pretrained model on 15 out-of-distribution PDEGym tasks spanning three set-
tings: (i) new Navier–Stokes initial-condition families, (ii) modified fluid dynamics with additional
physics (such as tracer transport, Kolmogorov forcing, or gravity), and (iii) new PDE classes, includ-
ing wave propagation, Allen–Cahn reaction–diffusion, and steady elliptic problems such as airfoil
flow, Poisson, and Helmholtz.
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In our experiments, we initialize from the released POSEIDON-T (≈21M parameters) checkpoint
and fine-tune it for terminal-state prediction by conditioning on the final lead time. We use the
default patch-size of 4 × 4. The reference POSEIDON-T implementation expects inputs in a fixed
tensor format of size 4×128×128 (channels × height × width). To accommodate PLI, where each
example is provided as a single-channel field at native resolution 1 × 1120 × 400, we replicate the
channel dimension to obtain 4× 1120× 400. We find that this setting yields better results than the
alternative options. We then downsample to 4 × 128 × 128 using bilinear interpolation on-the-fly.
During evaluation, we upsample the predicted terminal field back to the original 1120 × 400 grid
and compute the test MSE at the native resolution. For FRAC, inputs are already 1 × 128 × 128,
therefore, we only replicate the single channel to four channels (4× 128× 128) and apply no spatial
rescaling. With a 4× 4 patch size, this results in 32× 32 = 1,024 input patches per batch.

2.2.2 MORPH PDE-FM

The model is a modality-agnostic PDE foundation model that explicitly targets heterogeneous scien-
tific data (varying spatial dimensionality, resolutions, and mixed scalar/vector fields) (Rautela et al.,
2025b). Architecturally, MORPH combines: (i) component-wise convolutions over the component
dimension to inject local inductive bias and jointly process scalar/vector channels; (ii) field-wise
multi-head cross-attention that performs content-based fusion across physical fields, producing a
single fused representation and naturally accommodating a variable number of fields; and (iii) ax-
ial attention that factorizes spatiotemporal self-attention along individual spatial and temporal axes,
reducing compute while retaining long-range expressivity. In addition, MORPH includes built-in
low-rank adapter (LoRA) layers to support parameter-efficient fine-tuning.

MORPH is pretrained on six heterogeneous datasets from PDEBench and The Well:
diffusion-reaction-2D, shallow-water-2D, CFD-1D, incompressible CFD-2D, CFD-3D, and
magnetohydrodynamics-3D. These datasets span 1D to 3D modalities (up to 128×128×128), with
resolutions ranging from 1D grids of length 1024 to 512×512 2D grids, and include both scalar
and vector fields. Transfer is evaluated by fine-tuning on additional targets drawn from PDEBench
(diffusion-reaction-1D, Burger-equation-1D, CFD-2D, and CFD3D-turbulence), The Well (gray-
scott diffusion-reaction-2D and turbulent-gravity-cooling-3D), and PDEGym (FNS-KF-2D, CE-
RM, NS-PwC, and NS-SL).

In our experiments, we initialize MORPH-Ti (≈7M parameters) from the released checkpoint and
fine-tune it end-to-end for terminal-state prediction. MORPH is pretrained with an 8 × 8 patchifi-
cation scheme. Because the architecture is designed to accommodate heterogeneous modalities and
resolutions, we fine-tune on the native spatial grids of PLI and FRAC. To control the tokenization
granularity during fine-tuning, we consider patch sizes of 8× 8 and 4× 4, which in our implemen-
tation correspond to approximately 3,500 and 1,024 patches per batch, respectively.

3 EXPERIMENTS

3.1 SETTINGS

We adopt an identical fine-tuning protocol for POSEIDON and MORPH. All models are optimized
with AdamW (weight decay = 10−2) and a mean-squared error (MSE) objective. We employ a
learning-rate schedule consisting of a 5-epoch linear warmup from 10−7 to the peak learning rate,
followed by cosine decay for the remainder of training. The peak learning rates found suitable were
10−4 for PLI and 10−3 for FRAC. We additionally use early stopping based on validation loss with
a patience of 10 epochs. All experiments use data-parallel training on a single node with 8 NVIDIA
H100 GPUs. We use an effective batch size of 8 for PLI and 512 for FRAC for both models.

We consider two experimental settings: (i) terminal-state prediction and (ii) data-level scaling. For
terminal-state prediction, we train for up to 200 epochs using the full training split. For data-level
scaling, we train for up to 100 epochs on subsampled training sets to quantify sample efficiency. As
a preprocessing step, we apply RevIN normalization to all inputs and targets, and report held-out
test-set results in the normalized scale (Kim et al., 2021).
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3.2 TERMINAL-STATE PREDICTION

Table 1 reports terminal-state prediction accuracy (MSE) on the held-out test set for the two pre-
trained models on the terminal-state prediction task. On PLI, MORPH-Ti significantly outperforms
POSEIDON-T (0.055 vs. 0.139 MSE). On FRAC, POSEIDON-T achieves a modest advantage over
MORPH-Ti (0.037 vs. 0.041).

Dataset/Models MORPH POSEIDON
PLI 0.05445 0.13892

FRAC 0.04103 0.03704

Table 1: MSE on the test set

Figs. 1 and 2 provide qualitative comparisons
on two PLI and FRAC test examples, visualiz-
ing the input (initial state), the target terminal
state, the model prediction, and the squared er-
ror map (T − P )2.

On PLI, (Fig. 1), both models recover the
coarse features, including the dominant interface displacement induced by the shock. Consis-
tent with Table 1, MORPH-Ti tracks the terminal interface geometry more faithfully relative to
POSEIDON-T. Additional qualitative examples are provided in Figs. 7 and 8 (Appendix B).

On FRAC (Fig. 2), both models recover the overall terminal damage field. Residual errors are con-
centrated near crack tips, along thin branches, and at junctions where branching or coalescence oc-
curs. Both models achieve comparable fidelity, with a small quantitative advantage for POSEIDON-
T as reflected in Table 1. Additional examples are shown in Fig. 6 (Appendix B).

(a) MORPH-Ti (b) Poseidon-T

Figure 1: Terminal-state prediction on PLI comparing MORPH-Ti (a) and POSEIDON-T (b).
Columns show the input, target terminal state, prediction, and squared error (T − P )2.

3.3 DATA-LEVEL SCALING

To quantify sample efficiency, we perform data-level scaling studies on both PLI and FRAC. For
each dataset, we vary the number of training simulations and compare (i) fine-tuning from pretrained
weights and (ii) training the same architecture from random initialization. Fig. 3 reports test error
as a function of training-set size for PLI (subsamples of the full 4,200 simulations) and FRAC
(subsamples of the full 160,000 simulations).

Across both regimes, increasing training data yields monotonically lower terminal-state error, but
the rate of improvement depends strongly on initialization. Pretraining is most beneficial in the
low-data regime, where fine-tuned models achieve lower error at matched data budgets, indicating
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(a) MORPH-Ti (b) Poseidon-T

Figure 2: Terminal-state prediction on FRAC comparing MORPH-Ti (a) and POSEIDON-T (b). For
each test example, columns show the input (initial state), target terminal state, model prediction, and
squared error map (T − P )2.

improved sample efficiency under distribution shift. As the training set increases, the performance
gap between fine-tuning and training from scratch shrinks, indicating that more in-domain data
reduces the benefit of pretraining.

For PLI (Fig. 3a), we sweep the training set size from 1× 102 to 16× 102 simulations. MORPH at-
tains substantially lower error than POSEIDON throughout the range. This is consistent with Table 1
suggesting a more favorable inductive bias for shock-driven, interface-dominated dynamics. Fine-
tuning also provides a clear advantage for POSEIDON in the low-data regime relative to training
from scratch, whereas MORPH shows a smaller fine-tuning gap and the two MORPH curves con-
verge as the dataset size increases. Notably, MORPH trained from scratch outperforms fine-tuned
POSEIDON across the sweep.

For FRAC (Fig. 3b), we sweep from 4× 103 to 64× 103 simulations. Test error decreases with data
for all four model configurations. POSEIDON benefits consistently from pretraining across budgets,
with the largest improvement at smaller training sets and diminishing gains as data increases, con-
sistent with improved sample efficiency from pretraining. In contrast, MORPH exhibits the opposite
trend in this regime, with training from scratch outperforming fine-tuning at matched budgets, in-
dicating that POSEIDON’s pretraining transfers more effectively to FRAC over the explored data
range. Despite this negative transfer, MORPH trained from scratch matches the performance of
fine-tuned POSEIDON on FRAC.

(a) PLI (b) FRAC

Figure 3: Test MSE as a function of training-set size for PLI (a) and FRAC (b), comparing fine-
tuning from pretrained weights versus training from scratch for MORPH and POSEIDON. Curves
quantify sample efficiency for first-frame → final-frame operator learning.

Compared to the transfer gains reported across 10 fine-tuning benchmarks in (Rautela et al., 2025b)
and 15 benchmarks in (Herde et al., 2024), the advantage of fine-tuning over training from scratch
is smaller in our extreme-loading setting. Even in the low-data regime, the transfer gain (defined
at a fixed training-set size as the ratio of test loss for the trained-from-scratch model to that of the
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fine-tuned model) peaks at only ≈ 2×. This modest gain motivates incorporating extreme-loading
material dynamics into future pretraining corpora to boost transfer gains on shock- and fracture-
dominated datasets. Continual learning may provide an additional pathway for integrating such
new datasets without retraining models from scratch. Such an approach could enable models to
progressively adapt to new physical regimes while preserving performance on previously learned
material behaviors (Rolnick et al., 2019).

4 CONCLUSIONS

We studied out-of-distribution transfer of PDE foundation models to extreme-loading material dy-
namics using two complementary, discontinuity-dominated regimes: shock-driven multi-material
interface evolution (PLI) and dynamic fracture/failure evolution (FRAC). We formulated adaptation
as terminal-state prediction (first-frame → final-frame) under a unified fine-tuning protocol, and
evaluated two pretrained PDE-FMs: MORPH and POSEIDON against training from scratch across
data budgets. Across datasets, transfer behavior is regime dependent: MORPH is more accurate on
PLI, whereas POSEIDON attains a modest advantage on FRAC. Data-level scaling indicates that
pretraining can improve sample efficiency in the low-data regime, but the benefit shrinks with ad-
ditional in-domain supervision and can vary with the target physics and fine-tuning setup. Overall,
these results suggest that fluid-centric pretraining alone may be insufficient to enable substantial
transfer gains in shock- and fracture-dominated mechanics, underscoring the need for future PDE
foundation models to incorporate more diverse extreme-loading datasets during pretraining. Con-
tinual learning strategies may further enable the progressive integration of such regimes without
requiring full retraining of foundation models.
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A DATASETS

Figure 4: Representative PLI spatiotemporal evolution over uniformly spaced time-steps. Rows
visualize selected per-material density channels.

Figure 5: Representative FRAC trajectories (tungsten subset) showing the evolution of frac-
ture/damage patterns from the initial condition to the terminal state. Each row corresponds to a
distinct simulation, with frames annotated by characteristic time.
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B EXTENDED RESULTS

(a) MORPH-Ti (b) Poseidon-T

Figure 6: Additional FRAC terminal-state prediction results comparing MORPH-Ti (a) and
POSEIDON-T (b) using the same visualization as Fig. 2 (input, target, prediction, and squared
error (T − P )2).
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(a) MORPH-Ti (b) Poseidon-T

Figure 7: Additional PLI terminal-state prediction results comparing MORPH-Ti (a) and
POSEIDON-T (b). Columns show input, target, prediction, and squared error (T − P )2.
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(a) MORPH-Ti (b) Poseidon-T

Figure 8: Further PLI terminal-state prediction results comparing MORPH-Ti (a) and POSEIDON-
T (b). Columns show input, target, prediction, and squared error (T − P )2.
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