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ABSTRACT

Machine learning surrogates are increasingly used in engineering to accelerate
costly simulations, yet distribution shifts between training and deployment often
cause performance degradation (e.g., unseen geometries or configurations). Test-
Time Adaptation (TTA) can mitigate such shifts, but existing methods are largely
developed for lower-dimensional classification with structured outputs and visually
aligned input-output relationships, making them unstable for the high-dimensional,
unstructured and regression problems common in simulation. We address this
challenge by proposing a TTA framework based on storing maximally informative
(D-optimal) statistics, which jointly enables stable adaptation and principled param-
eter selection at test time. When applied to pretrained simulation surrogates, our
method yields up to 7% out-of-distribution improvements at negligible computa-
tional cost. To the best of our knowledge, this is the first systematic demonstration
of effective TTA for high-dimensional simulation regression and generative design
optimization, validated on SIMSHIFT and EngiBench benchmarks.

1 INTRODUCTION

Neural surrogates have become powerful tools for accelerating Partial Differential Equation (PDE)
simulations across engineering and science. They perform well when test conditions match the
training data, but performance often drops on unseen configurations, i.e., when the data distribution
shifts. This challenge becomes more evident in industrial simulation and design optimization, where
configurations can vary widely across iterations.

Tackling distribution shifts (Quinonero-Candela et al., 2008) is central to various long-standing re-
search directions (Ben-David et al., 2006; Blanchard et al., 2021; Hochreiter et al., 2001; Hospedales
et al., 2021; Settles, 2009). For engineering tasks, where rapid adaptation is essential, and tar-
get domain distributions are unavailable a priori, Test-Time Adaptation (TTA) offers an efficient
solution (Liang et al., 2020; Sun et al., 2020b; Wang et al., 2021).

However, existing TTA methods focus on classification tasks (Wang et al., 2021; Liang et al., 2020),
while little research exists for high-dimensional regression (Liang et al., 2024). One recent exception
is Significant-Subspace Alignment (SSA) (Adachi et al., 2025), which handles both classification
and one-dimensional regression tasks. Other related TTA methods for high-dimensional outputs are
mainly developed for vision tasks such as depth-estimation (Liu et al., 2023), super-resolution (Park
et al., 2020; Deng et al., 2023), and image dehazing (Liu et al., 2022). Unfortunately, these approaches
rely on image-specific inductive biases and regular grids, which do not transfer to unstructured, non-
Euclidean engineering simulations. As a consequence, classical TTA methods often cannot overcome
the severe instabilities in our considered problem setting.

We therefore introduce (to the best of our knowledge first) TTA framework, Stable Adaptation at
Test-Time for Simulation (SATTS), targeting neural surrogates for high-dimensional engineering
tasks. At the core of our approach is the use of maximally informative source statistics to stabilize
the adaptation process, which we achieve via D-optimal (Atkinson & Donev, 1992) sample selection.
This approach allows us to compress the source manifold into a small set of source statistics for
realizing three core properties for robust TTA: (i) feature alignment, (ii) preservation of source
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(i) Feature Alignment (ii) Regularization (iii) Parameter Selection

D-Optimal Set

IWV

(b) Test-Time Adaptation

(a) Pre-Training

Figure 1: SATTS applied to hot rolling task from (Setinek et al., 2025). (a) Pre-training on the
source domain with fixed input parameters (τ , r, λa, λb). The representation learner ϕ and the
predictor g are optimized, and maximally informative (D-optimal) statistics are computed. (b) Test-
time adaptation of ϕ using D-optimal statistics for realizing three TTA pillars: adaptation (feature
alignment), source knowledge preservation (statistics-based regularization), and parameter tuning
(importance weighted validation).

domain knowledge, and (iii) unsupervised tuning of adaptation hyperparameters. We summarize our
contributions as follows:

• Problem: We are (to the best of our knowledge) the first one applying TTA to high-
dimensional simulation regression.

• Method: We propose a novel adaptation framework that relies on D-optimal source statistics
and stabilizes three main components: feature alignment, source knowledge preservation,
and parameter tuning.

• Performance: We demonstrate in Table 1 and 2 that our approach reliably outperforms
standard TTA methods on diverse engineering adaptation benchmarks, SIMSHIFT for
high-dimensional regression and EngiBench for design generation.

2 PROBLEM

Following (Xiao & Snoek, 2024; Liang et al., 2024), we assume access to a regressor fθ : X → Rd

pre-trained on source samples (xi,yi)
Nsrc

i=1 ∈ X × Rd drawn from a source distribution P src, e.g.,
fθ = g ◦ ϕ in Fig. 1. We also assume access to some ground truth matrix-valued source statistics.

The goal is, for any new unlabeled sample (xtgt
i )N

tgt

i=1 drawn from the input marginal of a target
distribution P tgt ̸= P src, to find θ which minimizes the empirical target risk

R̂tgt(fθ) =
1

N tgt

Ntgt∑
i=1

∥∥fθ(xtgt
i )− ytgt

i

∥∥2
2
. (1)

Note that we have no access to any target labels (ytgt
i )N

tgt

i=1 and the target risk in Eq. (1) cannot be
directly evaluated.

TTA in simulation. We emphasize that our TTA setting differs from the usual, computer vision-
oriented problems. In particular, simulation surrogates are more challenging, as the output dimension
d of fθ : X →Rd can reach O(106) in our regime. This is typical for neural surrogates in simulation,
but less common in the vision domain. Moreover, adaptation relies on small unlabeled target batches
{xtgt

i }
Ntgt

i=1 with Ntgt≪d. Finally, vision tasks often present structured, visually aligned inputs and
outputs. Conversely, simulation data usually lacks geometric correspondence between xi and yi,
as xi is often just coordinates (Lu et al., 2021; Kovachki et al., 2021). This, together with the high
dimensionality render standard TTA methods ill-conditioned for neural surrogates, and necessitates
explicit methodological mechanisms to stabilize the adaptation process.
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3 METHOD

3.1 MAXIMALLY INFORMATIVE STATISTICS

In high-dimensional settings, naive summary statistics (e.g., global means or full covariances) are
insufficient to support reliable TTA, as their estimation becomes ill-conditioned in the presence of
many low-information or spurious feature directions. We approach this by selecting a subset of latent
representations that preserves the most informative structure of the source model (Zhang et al., 2023).

Data generating assumption. We follow the common assumption (Fernando et al., 2013; Sun &
Saenko, 2016; Adachi et al., 2025) that z = ϕ(x) is normally distributed for each domain, such that
the feature distribution is fully characterized by its first- and second-order moments.

D-optimal latent statistics. Under this assumption, we select source samples that maximize the
retained information in latent space via D-optimality (Atkinson & Donev, 1992). D-optimality
identifies a subset of m samples whose (latent) representations span the most informative subspace of
the original (feature) space. In our setting, letting ZS ∈ Rm×d denote the matrix of latent features
z = ϕ(x) for a subset S ⊂ {1, . . . , N}, we select

S⋆ = arg max
|S|=m

det
(
Z⊤

SZS

)
.

Note that when the latent features are centered, Z⊤
SZS is proportional to the empirical covariance

matrix of the selected samples. This means that maximizing the determinant of Z⊤
SZS corresponds

to maximizing the generalized variance of the retained latent representation.

3.2 SATTS

We term our approach Stable Adaptation at Test-Time for Simulation (SATTS). In SATTS, D-optimal
statistics are used at three key TTA components: feature alignment, source knowledge preservation,
and parameter tuning.

Feature alignment is used to reduce the dissimilarity between source and target distributions
(see Section A). Following a recent TTA method for regression, SSA (Adachi et al., 2025), latent
directions that strongly influence the prediction are the right candidates for alignment. In SSA,
feature importance is defined for one-dimensional regression through manually selecting a significant
subspace. We extend the idea by assigning a positive importance weight to every principal direction,

αk = 1 + ∥Wvsrc
k ∥2 , (2)

where vsrc
k ∈ RC denotes the k-th source principal component. At deployment, mean-centered target

features ztgt = ϕ(xtgt) are projected onto the source principal components Vsrc, and reweighted
by α. Finally, source and target feature distributions are aligned by minimizing a channel-wise
symmetric empirical KL-divergence LKL (see Eq. (6)).

Source knowledge preservation is realized by regularization on the subsampled source statistics:

LTTA = LKL + λR̂src(fθ) (3)

with R̂src denoting the empirical source risk estimated on the D-optimal samples and λ > 0 being
a regularization parameter. This ensures that the feature alignment updates driven by LKL do not
deviate significantly from the known solution.

Parameter tuning We integrate Importance Weighted Validation (IWV) (Shimodaira, 2000) using
D-optimal samples to tune the test-time adaptation learning rate. Since the target risk in Eq. (1) cannot
be computed directly without access to target labels, we estimate it via an importance-weighted
source risk under the covariate shift assumption psrc(y | x) = ptgt(y | x):

R̂tgt(fθ) ≈
1

m

m∑
i=1

β̂(zi) ∥fθ(xS
i )− yS

i ∥22, (4)

where {(xS
i ,y

S
i )}mi=1 denotes the set of D-optimal source samples and β̂(z) = ptgt(z)/psrc(z) is

the density ratio estimated in latent space z = ϕ(x) under the Gaussian data generating assumption.
Using the estimate in Eq. (4), we perform model selection via line search over the TTA learning
rate, evaluating performance after each adaptation step and stopping once further updates no longer
improve the objective.
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Table 1: Comparison of current baselines with TTA methods for two simulation datasets. Results are
averaged across 20 TTA runs, including standard deviation. RMSE is normalized over all fields.

(a) Rolling

Model RMSE (↓) MAE (↓) R2 (↑)

Source 0.561±0.001 0.484±0.001 0.781±0.001

TENT 1.825±0.002 1.553±0.002 −0.371±0.004

SSA 0.566±0.020 0.481±0.018 0.811±0.014

SATTS 0.545±0.019 0.466±0.018 0.831±0.012

Oracle 0.529±0.013 0.453±0.012 0.832±0.011

(b) Forming

Model RMSE (↓) MAE (↓) R2 (↑)

Source 0.161±0.001 0.066±0.001 0.979±0.001

TENT 1.251±0.001 0.639±0.001 −0.081±0.001

SSA 0.215±0.005 0.098±0.003 0.965±0.002

SATTS 0.157±0.001 0.066±0.001 0.980±0.001

Oracle 0.156±0.004 0.067±0.002 0.980±0.001

Table 2: Comparison of current baselines with TTA methods for design optimization datasets. Results
are averaged across 20 TTA runs, over one model with standard deviation reported.

(a) Beams2D

Model COMP (↓) MAE (↓) MMD (↓)

Source 123.7±17.854 0.026±0.004 0.052±0.002

SSA 119.4±4.586 0.040±0.005 0.062±0.003

SATTS 118.8±12.409 0.027±0.004 0.053±0.002

(b) HeatConduction2D

Model COMP (10−3) MAE (↓) MMD (↓)

Source 0.577±0.561 0.336±0.057 0.095±0.000

SSA 0.712±0.615 0.349±0.057 0.095±0.000

SATTS 0.537±0.491 0.334±0.057 0.095±0.000

4 EXPERIMENTS

We evaluate SATTS on two simulation benchmarks, SIMSHIFT (Setinek et al., 2025) and EngiBench
(Felten et al., 2025). In all experiments, the parameters of the quasi D-optimal algorithm (see
Algorithm 1) are fixed with m = 8 indices and a threshold of τ = 0.95%.

We first analyze adaptation behavior on the SIMSHIFT benchmark (Setinek et al., 2025). Table 1
summarizes the results across two datasets, comparing our method with SSA and Tent as established
TTA baselines, as well as the unadapted source model (Source) and the target-optimal selection
(Oracle). Implementation details are provided in Appendix F. Across all settings, SATTS consistently
outperforms SSA and yields the strongest performance among all adaptation methods. While the
absolute gains over the source model are modest, they are achieved without sacrificing stability.
In contrast, both SSA and Tent frequently degrade performance relative to the pre-trained model,
indicating a lack of robustness to these high-dimensional distribution shifts.

Additionally, we evaluate on two EngiBench design-optimization tasks: structural beam bending
and 2D heat conduction. By default, these datasets do not include predefined source and target
domains. We therefore define them following the approach in Setinek et al. (2025), which we
describe in Appendix G. We report Mean Absolute Error (MAE), the Maximum Mean Discrepancy
(MMD), and Compliance (COMP), a dataset specific objective value calculated with a Finite Element
Method (FEM) solver. In Table 2 we show across both tasks that our approach typically matches or
reduces errors relative to the unregularized model. Compared with our method, SSA exhibits unstable
behavior across certain metrics, sometimes degrading performance substantially. Such behavior is
highly undesirable in TTA deployments and underlines the strong suit of our approach: its stability.

5 CONCLUSION AND FUTURE WORK

In this work, we take an initial step toward reliable test-time adaptation for neural surrogates and,
more broadly, for high-dimensional multivariate regression. Our main methodological contribution
is the use of D-optimal samples at three critical stages: feature alignment, regularization, and
parameter tuning. The proposed adjustments enable TTA to achieve consistent zero-shot performance
improvements at negligible computational cost.

However, analyzing the “Oracle” reveals clear opportunities for improvement. This shows potential
for a new class of TTA algorithms, specifically designed for physics simulation data. We foresee
two paths: (i) use physics-informed constraints and priors (Raissi et al., 2019; Cai et al., 2021) and
(ii) incorporate uncertainty quantification to localize failure regions in the fields where adaptation is
necessary.
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A RELATED WORK

Neural surrogates have emerged as a widely used approach to accelerate traditional numerical
simulation methods by providing fast approximations of the solutions. In general, surrogate models
are trained on the solutions from numerical solvers, paired with the corresponding initial conditions
and configurations under which they were generated, e.g., Setinek et al. (2025); Bonnet et al. (2022);
Toshev et al. (2023; 2024). A particularly prominent line of work within neural surrogate modeling
for PDEs is operator learning (Kovachki et al., 2021; Li et al., 2020; Lu et al., 2021; Alkin et al.,
2024; Wu et al., 2024b). Such models aim to directly approximate the solution operator that maps
initial functions (conditions and input terms) to output functions.

Test-Time Adaptation (TTA) refers to the emerging machine learning technique of adapting a
pre-trained model to unlabeled target data, directly at inference time and prior to generating predic-
tions. For this reason, TTA has recently attracted increasing attention as it can offer (nearly) free
performance gains (Liang et al., 2024). While the majority of existing TTA methods have been
developed for low-dimensional classification tasks (Liang et al., 2021; Yang et al., 2021), employing
methodologies such as entropy minimization (Wang et al., 2021; Zhou & Levine, 2021; Niu et al.,
2022; Zhang et al., 2022; Zhao et al., 2023) and feature alignment (Ishii & Sugiyama, 2021; Ko-
jima et al., 2022; Eastwood et al., 2021; Adachi et al., 2023; Jung et al., 2023), recent works have
begun to extend these ideas to image segmentation (Valanarasu et al., 2023; He et al., 2021; Karani
et al., 2021). Research in TTA tackling regression problems is much sparser. Significant-Subspace
Alignment (SSA) (Adachi et al., 2025) moves into this direction, showing positive performance in
the one-dimensional cases. Additionally, there are specialized methods designed for image regression
tasks such as depth-estimation (Liu et al., 2023), super-resolution (Park et al., 2020; Deng et al.,
2023), or image dehazing (Liu et al., 2022). Finally, TTA should not be confused with Test-Time
Training (TTT), often used in time series literature (Sun et al., 2020a; Wang et al., 2021; Sun et al.,
2025; 2020c). While both solve the same problem, TTT typically refers to methods that employ
time-series specific techniques, for example, updating hidden states during sequential inference.

Covariance alignment of latent feature distributions is common practice in Unsupervised Domain
Adaptation (UDA) and TTA (Sun & Saenko, 2016; Sun et al., 2015; Li et al., 2016; Wang et al.,
2021). Even though this can be extended to higher-order moments (Zellinger et al., 2019; Chen et al.,
2019), second-order alignment often already achieves stable performance across datasets.

Domain generalization, meta-learning, and active learning represent alternative strategies that
can be used to improve model robustness and generalization under distribution shifts. Domain
generalization (Muandet et al., 2013; Li et al., 2017; Holzleitner et al., 2024) and UDA (Sun &
Saenko, 2016; Gretton et al., 2006; Zellinger et al., 2019; Ganin et al., 2015) can be effective in
some scenarios, however their reliance on specific training, model selection and diverse training
distributions limits their applicability. Meta-learning methods (Hochreiter et al., 2001; Finn et al.,
2017) and active learning (Lewis & Gale, 1994; Musekamp et al., 2025) are similarly motivated,
but generally assume access to ground-truth information in the shifted domain. In our setting, all
these approaches face a significant practical limitation: none of them can quickly adapt a pre-trained
model leveraging unlabeled data at test-time, as they all rely on a priori knowledge and training. This
motivates our exploration of TTA as a more suitable solution.

B ADDITIONAL METHOD MATERIAL

This section contains additional methodological details on our approach Stable Adaptation at Test-
Time for Simulation (SATTS).

D-Optimal Sampling Algorithm For tractability, we follow the approach of approximating the
D-optimal criterion using QR pivoting on whitened principal components (Golub & Van Loan, 2013).
See Algorithm 1 for the pseudocode of our Quasi D-optimal selection criteria.

KL Loss Function

LKL =
1

2

K∑
k=1

(
(µ̃tgt

k )2 + λsrc
k

σ̃tgt2
k

+
(µ̃tgt

k )2 + σ̃tgt2
k

λsrc
k

− 2

)
. (5)
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Algorithm 1 Quasi D-optimal spanning set selection via PCA and QR pivoting.

Require: Inputs xsrc, eigendecomposition (λ,V) of ϕ(xsrc), variance threshold τ , number of quasi
D-optimal designs m

Ensure: Selected source dataset indices S ⊆ {1, . . . , N}
1: Z← ϕ(xsrc)
2: Z← Z−mean(Z)
3: r ← select_components(λ, τ) ▷ keep τ% variance
4: Y ← ZV:,1:rΛ

−1/2
r

5: Q,R, piv← QR(YT )
6: S ← piv1:m
7: return S

C DATASET DESCRIPTION

Our evaluation is conducted on two simulation benchmarks, SIMSHIFT (Setinek et al., 2025) and
EngiBench (Felten et al., 2025). SIMSHIFT is designed to evaluate how surrogate models adapt
to distribution shifts on real-world industrial simulation tasks, while EngiBench is a collection of
design optimization datasets, optimizers, and simulators to evaluate designs. In both benchmarks,
the inputs x represent parameters like geometry, material properties, desired or operating conditions.
The “labels” y correspond to high-dimensional fields such as stresses or deformation for SIMSHIFT,
and material density of the generated design for EngiBench. In both cases, the target distributions are
generated from unseen parameter configurations, and the goal is to predict the corresponding fields
outside the training set. While SIMSHIFT formulates the problem as a regression task with neural
operators (Kovachki et al., 2021), EngiBench treats it as an inverse problem solved by generative
models. The diversity in task formulation and training paradigm across the two benchmarks highlights
the model-agnostic nature of our method.

D ADDITIONAL RESULTS

D.1 SIMSHIFT RESULTS

As described in Section 4, we conduct experiments on the SIMSHIFT benchmark (Setinek et al.,
2025). All datasets have explicit source and target domain splits. Shifts happen in parametric space,
as opposed to unstructured variations occurring in images. We conduct all experiments using the
medium-difficulty domain-shift. For a detailed description of the datasets, their creation, and the
defined distribution shifts, we refer the reader to the SIMSHIFT publication (Setinek et al., 2025).

Table 3: Comparison of current baselines with TTA methods for all simulation datasets. Results are
averaged across 20 TTA runs, over a pretrained model with standard deviation reported. Reported
RMSE is normalized over all fields.

(a) Rolling

Model RMSE (↓) MAE (↓) R2 (↑)

Source 0.561±0.001 0.484±0.001 0.781±0.001

TENT 1.825±0.002 1.553±0.002 −0.371±0.004

SSA 0.566±0.020 0.481±0.018 0.811±0.014

SATTS 0.545±0.019 0.466±0.018 0.831±0.012

Oracle 0.529±0.013 0.453±0.012 0.832±0.011

(b) Motor

Model RMSE (↓) MAE (↓) R2 (↑)

Source 0.109±0.001 0.058±0.001 0.989±0.001

TENT 1.132±0.032 0.753±0.026 −0.152±0.065

SSA 0.336±0.001 0.172±0.006 0.881±0.008

SATTS 0.109±0.003 0.058±0.001 0.989±0.000

Oracle 0.108±0.001 0.058±0.001 0.989±0.001

(c) Forming

Model RMSE (↓) MAE (↓) R2 (↑)

Source 0.161±0.001 0.066±0.001 0.979±0.001

TENT 1.251±0.001 0.639±0.001 −0.081±0.001

SSA 0.215±0.005 0.098±0.003 0.965±0.002

SATTS 0.157±0.001 0.066±0.001 0.980±0.001

Oracle 0.156±0.004 0.067±0.002 0.980±0.001

(d) Heatsink

Model RMSE (↓) MAE (↓) R2 (↑)

Source 0.747±0.001 0.565±0.001 0.237±0.001

TENT 0.876±0.001 0.694±0.0 −0.203±0.007

SSA 0.746±0.001 0.552±0.001 0.227±0.001

SATTS 0.738±0.004 0.545±0.003 0.244±0.007

Oracle 0.732±0.035 0.541±0.03 0.265±0.065

11



ICLR 2026 Test-Time Updates (TTU) Workshop

D.2 ABLATIONS

Component Analysis To assess the contribution of D-optimal source selection and importance
weighting, we perform an incremental ablation study. Starting from the existing alignment strategy
SSA, we isolate the effect of D-optimal source importance weighting from source selection. For
both the SSA baseline and the source importance weighting, we use the original parameter values
(lr = 0.01) from Adachi et al. (2025). Results on the SIMSHIFT benchmark in Table 4 show that
each incremental addition improves performance over the previous configuration.

Table 4: RMSE scores of SATTS with and without importance weighting and model selection. The
baseline and IWV results were evaluated with lr = 0.01. Best scores are bolded.

R̂src(fθ) IWV Rolling Motor Forming

0.566±0.020 0.336±0.000 0.215±0.005

✓ 0.550±0.020 0.204±0.010 0.195±0.005

✓ ✓ 0.545±0.019 0.109±0.000 0.157±0.001

Source 0.561±0.001 0.109±0.001 0.161±0.001

Parameter Selection Beyond IWV, UDA provides several alternative strategies for model selection.
A commonly used baseline is source-best selection, in which the model with the lowest loss on source
samples is chosen. Comparing these two methods in Table 5, it becomes visible that IWV substantially
stabilizes naive source-based selection. Especially when the gap between the distributions is not too
large, source-best exhibits high variance and thereby selects optimal results. This is not the case for
IWV, where only results that are on par with or better than the source model are selected.

Table 5: RMSE comparison of two model selection algorithms: IWV and source-best on the
SIMSHIFT dataset. Best scores are bolded.

Selection Method Rolling Motor Forming

Source Best 0.550 0.203 0.157
IWV 0.545 0.109 0.157

Compute Compared to SSA, our method adds a moderate computational overhead. At test-time,
D-optimal source samples are forwarded through the network to estimate the density ratios used in
the regularization term. This introduces only small memory overhead, since the source samples can
be fed jointly with the target batch. The main source of additional runtime comes from the source
regularization term, which increases the size of the computational graph. Overall, we observe an
approximately 1.88× increase in runtime compared to SSA. Our proposed learning rate sweeps can
be executed in parallel, therefore they do not add significant runtime overhead. Table 6 provides an
empirical runtime comparison.

Table 6: Runtime comparison between SSA and SATTS on the Rolling dataset, highlighting the
additional overhead of the proposed method. Mean ± std across 10 runs.

TTA Method Runtime Increase

SSA 0.472±0.053

SATTS 0.889±0.085 (↑ 1.88×)

E SUPPLEMENTARY INFORMATION

Significant-Subspace Alignment is a TTA method for one-dimensional regression (Adachi et al.,
2025). It consists of two steps: feature alignment and significant-subspace alignment. In the first
step, source statistics such as mean µsrc and covariance Σsrc are computed after source training. In
the second step, a significant subspace is detected by manually selecting the top eigenvalues λk of
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the source covariance Σsrc. Each subspace direction vsrck is then weighted by its influence on the
regression output:

αk = 1 + |w⊤vsrc
k |,

where αk ≥ 1 ensures that dimensions that strongly affect the regression output are emphasized.

At test time, the precomputed source statistics are used to project the target features into the significant
subspace. From the projected target features, their mean and variance (µ̃tgt

k , σ̃tgt
k

2) are calculated
and aligned with the corresponding source statistics (0, λsrc

k ). The adaptation objective is a weighted
symmetric Kullback-Leibler divergence between assumed normal distributions:

LTTA =
1

2

K∑
k=1

αk

(
(µ̃tgt

k )2 + λsrc
k

σ̃tgt
k

2
+

(µ̃tgt
k )2 + σ̃tgt

k
2

λsrc
k

− 2

)
. (6)

F EXPERIMENTAL SETUP

In the following paragraphs, we detail the experimental setup, including the selected models and our
training and testing strategy.

F.1 MODEL ARCHITECTURES & PRETRAINING

We employ different model architectures to evaluate our TTA method. The models are based on
the architectures provided in the benchmark datasets Setinek et al. (2025) and Felten et al. (2025),
implemented in PyTorch, and designed for conditional regression or optimization tasks. Node
coordinates are provided as inputs and embedded using sinusoidal positional encodings. Conditioning
is applied through a dedicated network that processes the simulation input parameters.

Conditioning Network. The conditioner maps simulation parameters into a latent representation
of dimension 8. It consists of a sinusoidal encoding, followed by a small MLP, which includes two
LayerNorms to stabilize training.

Transolver. The Transolver architecture (Wu et al., 2024a) starts by encoding node coordinates
using sinusoidal position embeddings, followed by an MLP that produces initial feature vectors. A
learned mapping then assigns each node to a slice, enabling attention operations both within slices
and between them. The processed features are passed through an MLP readout to generate the final
field outputs. Two conditioning mechanisms are available: concatenating the conditioning vector
with input features or applying it via DiT-based modulation across the network. Conditioning is
done with the dit-based modulation (Peebles & Xie, 2023). Where a latent dimension of 128, a slice
base of 32, and four attention layers are used. This results in a model with 0.57M parameters. We
additionally employ a larger model with 56, 128, and 8 layers for the more complex dataset, leading
to 4.07M parameters.

Diffusion Model. As a diffusion model, we employ a conditional U-Net (Ronneberger et al., 2015)
from Hugging Face’s diffusers library1.

The model works as a denoiser, taking a noisy field and a conditioning vector from the conditioning
network described above and producing a noise prediction. We summarize all hyperparameters
of our diffusion model in Table 7. To train the model, we use the standard Denoising Diffusion
Probabilistic Models (DDPM) objective of noise prediction (“ϵ-prediction”) with 100 diffusion steps
and a squaredcos_cap_v2 beta scheduler.

Pretraining setup. All unregularized baseline (“Source”) models are pretrained using the following
setup: We use an initial learning rate of 103 with a cosine decay scheduler and weight decay of
10−5. Training runs for up to 500, 1500, and 3000 epochs on Beams2D, HeatConduction2D, and
SIMSHIFT, respectively, with early stopping if the validation loss does not improve for 500 epochs.
We enable gradient clipping and maintain an Exponential Moving Average (EMA) of the model
parameters with decay 0.95. Automatic Mixed Precision (AMP) ius enabled only for the large scale

1UNet2DConditionModel
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heatsink dataset; for all others we train in float32. Batch size is 64 for EngiBench baselines and
16 for SIMSHIFT baselines.

Table 7: Hyperparameters for our conditional diffusion U-Net. This setup leads to a model size of
17.5M parameters.

Hyperparameter Value HF Class Argument Name

Block channels (low→high) [32, 64, 128, 256] block_out_channels
Layers per block 2 layers_per_block
Transformer layers / block 1 transformer_layers_per_block
Cross-attention dim 64 cross_attention_dim
Only cross-attention True only_cross_attention=True
Normalization groups 16 norm_num_groups
Activation SiLU act_fn

F.2 TTA TRAINING

Model Architecture and Representation In our specific setup, task-dependent parameters, such
as thickness or temperature, are encoded through a conditioner network. The resulting conditioning
output is passed to the base model, which, in our case, is a Transolver or Diffusion model. We extract
features from the main body’s output and define the split between the representation learner and the
predictor.

The exact location of this split depends on the dataset. For SIMSHIFT, the network is split before
the decoder, such that the conditioner and the Transolver body together constitute the representation
learner ϕ, while the decoder acts as the predictor g. For EngiBench, the split is applied after the
conditioner, meaning that the conditioner serves as the representation learner ϕ and the remaining
Diffusion network functions as the predictor g.

Test-Time Adaptation and Training Procedure For all TTA experiments, validation source data
are used to compute the statistical information µsrc and σsrc. In addition, a representative subset of
source samples is selected from the validation set using Algorithm 1, and the corresponding set is
stored for training and evaluation.

At test time, the precomputed source statistics enable the projection of the target features into the
subspace. Based on the projected target features, mean and variance (µ̃tgt

k , σ̃tgt
k

2) are calculated and
aligned with the corresponding source statistics (0, λsrc

k ). We perform model updates as described
in Eq. (3). For adaptation, we only utilize the target test data, and for the regularizer, the d-optimal
selected samples. We balance these losses based on the number of source samples compared to the
target batch size. We chose this weighting since there is a high imbalance in information between
the two losses. The amount of adaptation updates is limited by the number of available batches
in each target dataset. Adaptation is restricted to layer normalization (Ba et al., 2016) parameters:
for EngiBench, only the layer normalization layers of the conditioner are updated, whereas for
SIMSHIFT, layer normalization parameters of both the Transolver and the conditioner are adapted.
All remaining parameters are kept fixed.

For parameter tuning, we compute the latent density ratio after a single forward pass through the
test-time-adapted model. To estimate this ratio, the latent source and target mean and covariance
are computed and stored prior to model adaptation. These statistics are the basis for estimating the
density ratio between the source and target latent distributions. Since very-high dimensional settings
are prone to a lot of noise in the covariance estimation Zhang et al. (2023), we decided to perform
a dimension reduction to improve robustness. This enables reliable covariance estimation using
the D-optimally selected source samples. For each D-optimal source sample, the density ratio is
computed, and the resulting values are aggregated into a loss that is used for model selection.

As described in Section 3.2, model selection is performed after TTA based on IMV criterion. TThe
search over learning rates (lr) is terminated based on performance measured on the D-optimally
selected source samples. We use the Root Mean Squared Error (RMSE) for the SIMSHIFT dataset
and the COMP metric for EngiBench. We set the hyperparameter search for the learning rates to
[0.05, 0.01, 0.005, 0.001, 0.0005, 0.0001].
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We follow standard TTA practice and use batch size of 64 for all experiments. To ensure robustness,
we repeat each experiment with 20 random seeds per model for the SIMSHIFT benchmark, 10 for
the structural beam bending dataset, and 2 for the 2D heat conduction dataset. The varying seeds are
determined by the number of data samples in each dataset. Since the 2D heat conduction dataset is
small and effectively contained within a single test-time batch, increasing the number of seeds did not
affect the performance of the TTA algorithm. This is particularly important since layer normalization
is updated online, after every batch.

Baselines For model comparison, we evaluate existing TTA methods commonly used in both regres-
sion and classification tasks. For SSA as well as for Tent, we follow the procedures described in their
respective method sections (Wang et al., 2021; Adachi et al., 2025). In the implementation of SSA, the
top-K eigenvalues need to be identified to compute statistics only based on a sparse set of information.
We do this for each dataset. For Tent, an additional modification is required for the SIMSHIFT
dataset: since entropy minimization is applied by minimizing predictive uncertainty, we train a model
that explicitly predicts both mean and variance. Additionally, we report the best-performing TTA
model on SIMSHIFT that is not selected using the IWV criterion. This result serves as a lower bound,
highlighting the impact of stability-aware model selection in our approach.

G DISTRIBUTION SHIFTS FOR ENGIBENCH

To establish a source and target split, we follow the approach provided by Setinek et al. (2025). We
train models on the full datasets and subsequently analyze the t-SNE visualizations of the latent
feature spaces as the input conditions are varied. Datasets are then partitioned into source and target
domains based on the parameters that dominate the latent space variation.

Figs. 2 to 3 show t-SNE visualizations of the conditioning-networks’ latent spaces for models trained
across the full range condition variables. For structural beam bending (Fig. 2), volfrac and rmin
cause the clearest structure in latent space. We therefore chose to split the source and target domain
depending on the value range of rmin. For 2D heat conduction (Fig. 3), volume and length
exhibit comparable influence on the latent space distribution. Following the same protocol, split along
volume. The resulting source and target ranges and sizes for both datasets can be found in Table 8.
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Figure 2: t-SNE visualization of the conditioner’s latent space on the structural beam bending dataset.
While overhang_constraint and forcedist are either constant or exhibit almost a uniform
distribution, volfrac and rmin exhibit a clear structure.
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Figure 3: t-SNE visualization of the conditioner’s latent space on the structural beam bending dataset.
Both conditions (volume and lentgh) exhibit a clear structure in the latent space.

Table 8: Defined distribution shifts (source and target domains) for each dataset.

Dataset Parameter Description Source range (no. samples) Target range (no. samples)

Beams2D rmin Minimum feature length of beam members. [1.5, 3.25) (3087) [3.25, 4] (353)
HeatConduction2D volume Volume limits on the material distributions. [0.3, 0.465) (231) [0.465, 0.6] (39)
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