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ABSTRACT

While large language models are primarily used on natural language tasks, they
have also shown great promise when adapted to new modalities, e.g., for scientific
machine learning tasks. Most proposed approaches for such cross-modal adapta-
tion of language models focus on encoder-only transformer model architectures,
despite decoder-only architectures being far more popular for language tasks in
recent years, and being trained at much larger scales. This raises the question of
how model architecture affects cross-modal adaptation approaches, and whether
we can leverage the success of decoder-only models. In this paper, we systemat-
ically compare encoder-only and decoder-only language models on cross-modal
adaptation for time-dependent simulation tasks based on partial differential equa-
tions (PDEs). We find that decoder-only models are far worse than encoder-only
models, when existing approaches are applied unmodified. In contrast to several
other domains, scaling decoder-only models also does not help. To enhance the
performance of decoder-only models in this context, we introduce two novel ap-
proaches that mimic bidirectionality, Parallel Flipping and Sequence Doubling.
Both our methods improve overall performance using decoder-only models for
all tasks and all cross-modal adaptation methods, closing the gap to encoder-only
model performance. We hope that our findings broaden the spectrum of models
used on cross-modal adaptation tasks to further scientific machine learning.

1 INTRODUCTION

Pre-trained large language models (LLMs) have seen unprecedented improvements in processing
natural language in recent years. These models can then be adapted to new tasks using different
approaches like fine-tuning or in-context learning. Recent work has even applied such methods
to adapt models to data modalities unseen during pre-training, an approach termed cross-modal
adaptation. Cross-modal adaptation methods purport to take advantage of the knowledge, skills, or
simply the already-optimized neural network of a pre-trained model, to adapt it to a new modality.
Cross-modal adaptation achieves competitive performance across a wide range of tasks, including
detecting atrial cardiac disease from ECG recordings, and time-dependent simulation tasks based on
partial differential equations (Lu et al., 2022; Shen et al., 2023; Ma et al., 2024; Shen et al., 2024).
These approaches can be of great utility for scientific machine learning tasks, currently used for
tasks such as seismic monitoring (Wang et al., 2025) and time series forecasting (Liu et al., 2025).

However, it is unclear how general cross-modal adaptation methods are, since few studies vary
the originally proposed configurations. For example, most approaches are based on encoder-only
models, even though decoder-only models are by far the more popular transformer-based model
architecture (Vaswani et al., 2017) for natural language tasks; they scale impressively, mimic human-
like language convincingly, and can be used for a wide variety of tasks. Through better, more general
representations of natural language, today’s best decoder-only models may well provide a better
starting point for cross-modal adaptation.

In our work, we attempt to leverage the potential of decoder-only models to broaden the range
of models available for cross-modal adaptation. First, we directly apply two existing cross-modal
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Figure 1: Cross-modal adaptation of GPT-2, a decoder-only model, with ORCA-based adaptation
on the Advection dataset of time-dependent PDE simulation compared to the original performance
of ROBERTA with the same cross-modal adaptation approach as a baseline. Although the original
setup shows high error, our proposed methods (Parallel Flipping and Sequence Doubling) close the
gap to encoder-only model performance.

adaptation methods to encoder-only and decoder-only models, and find that decoder-only models
perform much worse (Section 4). Next, we test whether scaling up decoder-only models helps
performance, but find that it does not (Section 5).

We hypothesize that the reasons for the lack of success of these approaches are due to autoregres-
sive attention over the input, as well as how the outputs are computed, which is by averaging the
representations of the last hidden layer, rather than generating outputs, as in natural language. Ad-
dressing these issues, we introduce two different methods to improve cross-modal adaptation with
decoder-only models by simulating bidirectionality (Section 6):

Parallel Flipping: In parallel, we run the original setup and the same pipeline with the data
inverted, and we then combine the predictions by taking the second half of both of them.

Sequence Doubling: We concatenate every sequence in the original data with itself before intro-
ducing it to the model, and use only the second half of the last hidden layer to compute predictions.

Both methods extend the sequence context that models can access at different points, and results
show that our methods outperform the original setup for all tasks and cross-modal adaptation meth-
ods, closing the gap to encoder-only models (Section 7), as shown in Figure 1. Each method comes
with particular tradeoffs, making this a promising direction for future work, which we discuss in
Section 8. We hope that our findings broaden the spectrum of models used for cross-modal adapta-
tion and further the field of scientific machine learning.

2 RELATED WORK

2.1 MACHINE LEARNING AND PARTIAL DIFFERENTIAL EQUATIONS

Solving partial differential equations has been considered a classical machine learning problem,
given its scientific significance, with task-specific models proposed including the physics-informed
neural network (PINN; Raissi et al., 2019), Fourier neural operator (FNO; Li et al., 2021). In recent
years, foundational PDE models like PDE-FM (Soares et al., 2026), POSEIDON (Herde et al.,
2024), Walrus (McCabe et al., 2025), and UNISOLVER (Zhou et al., 2025) have been introduced.
All of these approaches focus on custom-built machine learning solutions to solve PDEs.

In contrast, other approaches try to leverage other types of machine learning models (such as large
language models) to enhance analytical PDE approximations (Bhatnagar et al., 2025), find the an-
alytical solution to differential equations (Surkov et al., 2024; Zakharov et al., 2025; Xiao et al.,
2026). Some work has even used LLMs to generate code (Li et al., 2025) to simulate the data
modeled by certain PDEs, as proposed in Takamoto et al. (2022), while other work uses in-context
learning to simply prompt LLMs for PDE simulation tasks (Bao et al., 2026) Our work differs from
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the above by using cross-modal adaptation of LLMs to solve these tasks, similar to Shen et al. (2023)
and Shen et al. (2024). This data consists of time series predictions of continuous observations over
a space domain, similar to other scientific machine learning data such as Satellite (Petitjean et al.,
2012) and MegaFlow2D (Xu et al., 2023), which our PDE-focused work could also be relevant to.

2.2 CROSS-MODAL ADAPTATION

Although language model adaptation is an important feature within natural language applications
(across domains, languages, varieties, for particular use cases, etc.), a more extreme approach known
as cross-modal adaptation has recently been introduced, which involves adapting models to new
modalities unseen by the model during pre-training. The concept of modality is not well-defined in
this literature, but the key idea is to adapt models to a data modality that is entirely different from
the modality that a model was pre-trained on, and which should, in theory, have no connection,
unlike speech and text representing the same utterance. Most of the proposed methods focus on the
fine-tuning stage of large language models. These methods include Frozen Pretrained Transformers
(FPT; Lu et al., 2022), ORCA (Shen et al., 2023), Patch Replacement (PaRe; Cai et al., 2024),
Modality kNowledge Alignment (MoNA; Ma et al., 2024), Unified PDE Solver (UPS; Shen et al.,
2024), and more. All these methods take advantage of model pre-training, to minimize the amount
of fine-tuning necessary to adapt it to a new modality. These techniques have a lot of potential
to be used for various scientific machine learning tasks, and some practical applications have also
been presented, including seismic monitoring (Wang et al., 2025), time series forecasting (Liu et al.,
2025), and physics simulations (Ohana et al., 2024).

2.3 ARCHITECTURE DIFFERENCES

Virtually all modern large language models are based on the transformer architecture, consisting
of an encoder and a decoder (Vaswani et al., 2017). This encoder-decoder architecture has been
replaced by encoder-only architectures such as BERT (Devlin et al., 2018), as well as decoder-only
architectures such as GPT (Radford et al., 2019), the latter two of which are more popular in modern
natural language processing applications. Due to differences between the architectures, including
pre-training objectives and attention mechanisms, several works compare them, finding differences
in phenomena such as pronoun use (Gautam et al., 2024) and various linguistic probes (Waldis
et al., 2024). In cross-modal adaptation, however, there have been no systematic architectural com-
parisons, to the best of our knowledge. Some papers, like us, also try to close the gap between
encoder-only and decoder-only models in various contexts, including language model embeddings
(BehnamGhader et al., 2024; Springer et al., 2025) and cognitively plausible language modelling
(Charpentier & Samuel, 2024).

3 EXPERIMENTAL SETUP

To evaluate the effects of model architecture and scaling on cross-modal adaptation with partial
differential equation data, we experiment with several models, scales, and cross-modal adaptation
methods as described below.

3.1 METHODS

We choose two popular methods for cross-modal adaptation in the literature – Frozen Pretrained
Transformers (FPT) (Lu et al., 2022) and ORCA (Shen et al., 2023). In both cases, a task-specific
embedder and predictor are created to account for mismatches in dimensions between the target
modality data and the original model. Then, FPT adapts the pre-trained models to new tasks by
fine-tuning only the input and output layers, as well as the layer normalization parameters. ORCA,
on the other hand, first trains the embedder on its own, minimizing the Optimal Transport Dataset
Distance (OTDD) (Alvarez-Melis & Fusi, 2020) between the target task dataset and a pre-selected
proxy dataset. After this, all parameters are trained on the target task dataset. We use ORCA’s
implementation for both ORCA and FPT, with the same hyperparameters.
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3.2 MODELS

We select ROBERTA-BASE (Liu et al., 2019) and BERT as our encoder-only models, following
ORCA (Shen et al., 2023), and GPT-2 (Radford et al., 2019) and PYTHIA (Biderman et al., 2023)
as our decoder-only models, since GPT-2 is used in Lu et al. (2022) and PYTHIA-160M has a large
range of model sizes. All of these models have similar sizes (respectively, 125M, 110M, 137M,
and 160M parameters). For the scaling experiments, we consider the larger versions of the GPT-2
family: GPT-2 MEDIUM (380M), GPT-2 LARGE (812M), and GPT-2 XL (1.61B), as well as the
PYTHIA family: PYTHIA-14M, PYTHIA-70M, PYTHIA-410M, PYTHIA-1B, and PYTHIA-1.4B.
We do not consider larger PYTHIA model sizes to keep the comparison with the GPT-2 family fair.

3.3 DATASETS

We use four different datasets of time-dependent simulation tasks based on partial differential
equations: Advection, Diffusion-Reaction, Diffusion-Sorption, and Navier-Stokes, all taken from
PDEBench (Takamoto et al., 2022). We follow the configurations in Shen et al. (2023) as detailed
in Appendix A. As in their work, we train the models to predict the last time step from the first time
step, instead of a shorter one-step prediction or a multi-step rollout.

Proxy Datasets In addition to the target dataset, the ORCA method also requires a proxy dataset
for training the embedder. For ROBERTA-BASE, we use the original proxy dataset generated by
Shen et al. (2023) using CoNLL-2003. We follow their approach with CoNLL-2000 to generate
proxy datasets for the rest of the models, as we explain in detail in Appendix B.

3.4 EVALUATION METRIC

As in previous literature (Shen et al., 2023; Ma et al., 2024; Shen et al., 2024; Cai et al., 2024; Li
et al., 2025), we report normalized Root Mean Squared Errors (nRMSE) for all tasks, as it is scale-
independent. As the metric is error-based, lower values are better, which we also note in all figure
captions. We report averages over five runs; given the high variance for some configurations, we
show best (minimum) and worst (maximum) performance with error bars.

4 DECODER-ONLY MODELS PERFORM MUCH WORSE THAN
ENCODER-ONLY MODELS

In this section, we experiment with two transformer architectures, encoder-only and decoder-only
models, represented by ROBERTA-BASE and BERT-BASE, and GPT-2 and PYTHIA-160M,
respectively, plugged directly into the existing cross-modal adaptation approaches, FPT and ORCA.
Prior work generally assumes that pre-training results in better cross-modal adaptation performance,
but we ablate for this factor as well by including randomly-initialized versions of these models. This
allows us to disentangle the effects of both architecture and pre-training.

We start by considering the performance of randomly-initialized versions of the models, to evaluate
whether pre-training on language data actually helps at all with these tasks. Using ORCA, as Figure
2 shows, decoder-only models do not outperform their randomly-initialized counterparts for any of
the tasks, while encoder-only models do so for all of the tasks, at least with one of the tested models.
On the other hand, when using FPT, both encoder-only and decoder-only models do outperform their
randomly-initialized versions for most of the tasks (except PYTHIA for Navier Strokes). However,
both sets of models still show very large error compared to ORCA-based adaptation, and in some
cases (for example, PYTHIA for Diffusion-Reaction), the performance gain is small. We contend
that applying these approaches should only be done when the pre-training in the original modality
is necessary; otherwise, there is no gain from pre-training a model at all.

When comparing the performance pre-trained models of different architectures, as Figure 2 shows,
encoder-only models outperform decoder-only models overall for three of the four selected tasks
(Advection, Diffusion-Reaction, and Navier-Stokes), with very different performance depending on
the task. The remaining task, Diffusion-Sorption, shows equally good performance for all models
and cross-modal adaptation methods, indicating that the task is simple enough to be solved without
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Figure 2: Comparison of model performance with ORCA- (above) and FPT-based (below) cross-
modal adaptation, using both pre-trained and randomly-initialized versions of encoder-only models
(ROBERTA, BERT) and decoder-only models (GPT-2, PYTHIA). Performance is measured using
nRSME, where lower is better; the plots show average performance over five random seeds, and
the error bars represent the best and worst runs. Statistically significant differences between pre-
trained and randomly-initialized models are denoted with ∗); a detailed explanation can be found in
Appendix G. Since the scale used can make Diffusion-Reaction and Diffusion-Sorption plots hard
to read, complementary plots can be found in Appendix C.

pre-training. Similarly to what Garcı́a de Herreros et al. (2024) report with the Satellite dataset for
satellite image time series analysis, this highlights the importance of selecting tasks that allow us
to better evaluate cross-modal adaptation methods. Broadly, we also observe that ORCA achieves
better results than FPT on three of the four tasks, as previously described in Shen et al. (2023).

Lastly, it must be noted that for some of these tasks, there is large variance between runs. For ORCA,
all tasks are stable except for Navier-Stokes, where we can see high variance when using encoder-
only models that have been randomly initialized. When using their pre-trained counterparts, this
variance reduces dramatically. On the other hand, when using FPT, all tasks except for Advection
seem stable. For Advection, pre-trained encoder-only models show high variance between runs.
As we discuss later, this fine-tuning instability—which could come from optimizers or simply bad
regions in weight space—should be investigated more systematically in future work.

Overall, our results show that decoder-only models cannot compete with encoder-only models
for PDE tasks using cross-modal adaptation methods out of the box. In the following sections,
we try several approaches to close the performance gap between architectures.

5 SCALING DECODER-ONLY MODELS DOES NOT IMPROVE PERFORMANCE

The previous results motivated us to find potential ways in which decoder-only models can achieve
comparable performance to encoder-only models. Since the compared models in the last section
were all of similar size, in this section, we test scaling decoder-only models to see if this improves
performance, as seen in other areas (Kaplan et al., 2020; Caillaut et al., 2024; Cai et al., 2025).

However, Figure 3 shows that scaling barely reduces the performance gap between decoder-only
and encoder-only models, where ROBERTA-BASE represents encoder-only model performance.
Below, we outline the trends we observe.
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Figure 3: Performance of different sizes of models of the GPT-2 family and PYTHIA family using
both ORCA (Shen et al., 2023) and FPT (Lu et al., 2022). The plots depict the average performance
over five random seeds. Once again, performance is measured using nRSME, where lower is better.
If scaling the models was improving the performance, downward trends could’ve been seen for the
different model families. Since the scale used can make Diffusion-Reaction and Diffusion-Sorption
plots hard to read, complementary plots can be found in Appendix C.

When using ORCA, there is no performance improvement on the Advection and Diffusion Sorp-
tion datasets; for Advection, there is even some deterioration for both model families. Diffusion-
Reaction shows some improvement with the PYTHIA models, with some outliers, but no improve-
ment with the GPT-2 models. On the other hand, Navier-Stokes shows some improvement for
both model families; the relative percentage improvement when comparing the best model with the
smallest model of each family is 5% for the GPT-2 models versus 12% for the PYTHIA models.
Still, the trend is not smooth, and the parameter increase to achieve this performance is much bigger
than the performance gain; the best GPT-2 model is approximately 12 times bigger than the original
size, and the best PYTHIA model approximately 71 times bigger, without getting much closer to
encoder-only model performance.

With FPT-based adaptation, GPT-2 models do not show consistent performance improvements,
even deteriorating for Advection and Navier-Stokes. On the other hand, the PYTHIA family shows
some improvements for Advection and Navier-Stokes, but once again, the gains are relatively small
compared to the models’ size difference.

Since scaling does not close the performance gap between architectures, we hypothesize that the
stark differences in performance from plugging decoder-only models into these approaches are due
to two reasons: First, they are penalized for being autoregressive, since each point in the sequence
is treated as an individual token, and GPT-2 and PYTHIA cannot condition on the sequence bidi-
rectionally, which is necessary for waveforms with symmetry. Secondly, the predictions are not
computed generatively, but instead, the representations of the last hidden layer are simply averaged.
This does not take advantage of the strong generative capabilities that decoder-only models possess.

In the following sections, we focus on addressing our first hypothesis as a means to improve the
performance of decoder-only models using cross-modal adaptation approaches, and leave the explo-
ration of generation for cross-modal adaptation to future work.
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Figure 4: Pipeline comparison of the original setup and the two methods we introduce, Parallel
Flipping and Sequence Doubling. For Parallel Flipping, the pipeline is run twice, with the original
data and with the inverted sequences. For Sequence Doubling, each sequence is concatenated with
itself before being introduced to the model, and then we only pass the second part of the last hidden
layer to the predictor.

6 SIMULATING BIDIRECTIONALITY WITH DECODER-ONLY MODELS

Since scaling decoder-only models does not improve their performance, we introduce two novel
methods to counter the lack of bidirectional context in the models, illustrated in Figure 4.

6.1 PARALLEL FLIPPING

Through error analysis of the decoder-only model outputs, we observed that the beginnings of the
output sequences were generally more spiky but they became smoother as the sequence progressed,
since the model has more context to condition on. We show some examples of this in Appendix D.

Using this to our advantage, we design a new method to give both halves of the sequence equal
opportunity to condition on the other. As shown in Figure 4, we run the same cross-modal pipeline
twice in parallel (both for ORCA and FPT), once with the original data and once with the data
sequences inverted. Then, we combine both predictions by taking the second half of each from the
original run and the inverted one and concatenating them. In this way, both parts of the predicted
sequence have access to the previous context and we obtain the smoother part of both runs, even
though the point at which they are concatenated can still be spiky. Compared to the original cross-
modal adaptation approach, the second half of the final prediction remains unchanged with Parallel
Flipping, but the first half may now improve through conditioning on the flipped version.

6.2 SEQUENCE DOUBLING

To expand the context window the model can use beyond half the sequence (as in Parallel Flipping)
to the full sequence, we introduce sequence doubling. As shown in Figure 4, we concatenate all
the sequences introduced to the model with themselves. Then, for the prediction, we take only
the second half of the last hidden layer and introduce it to the predictor. This half of the hidden
layer is conditioned on the first instance of the entire sequence and should therefore be a much
richer representation of the data. Indeed, a similar kind of sequence repetition has also shown
promising results in the context of language model embeddings (Springer et al., 2025). Compared to
Parallel Flipping, this approach also does not have a hard concatenation point, which should result in
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Figure 5: Performance comparison of the original setup versus our own two methods, Parallel Flip-
ping and Sequence Doubling, using ORCA (Shen et al., 2023). We set RoBERTa with the original
setup as a baseline for all the configurations. The plots depict the average performance over five
random seeds. Performance is measured using nRSME, where lower is better. The performance
comparison using and FPT (Lu et al., 2022) can be found in Appendix E.

smoother and better outputs overall, leading to bigger improvements. However, Sequence Doubling
also doubles the sequence length of inputs, so we reduce the batch size for some configurations.

7 SIMULATING BIDIRECTIONALITY CLOSES THE PERFORMANCE GAP
BETWEEN ARCHITECTURES

We compare our two newly-proposed methods with the original setup in Figure 5, using the results
of our two new methods in the following section, compared to the original setup. As Diffusion-
Sorption shows equally good performance for all configurations in previous sections, we focus on
the other three datasets for these remaining experiments.

Overall, both Parallel Flipping and Sequence Doubling outperform the original setup for all
tasks and cross-modal adaptation methods. As expected, we also see that Sequence Doubling gen-
erally outperforms Parallel Flipping, with the exception of FPT-based adaptation of GPT-2 models
to Advection and Navier-Stokes.

For ORCA, we see larger improvements, with Sequence Doubling outperforming Parallel Flip-
ping for all tasks. For both Navier-Stokes and Diffusion-Reaction, the performance approaches
ROBERTA-BASE’s original performance, and in some cases, our approaches even outperform
ROBERTA-BASE, i.e., some PYTHIA models on Advection (PYTHIA-14M, PYTHIA-70M,
PYTHIA-160M, and PYTHIA-410M).
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For FPT (see Appendix E), improvements are less consistent than for ORCA, but still show
good gains across most configurations. All models approach ROBERTA-BASE’s performance on
Diffusion-Reaction with Sequence Doubling, but the improvement with Parallel Flipping is smaller
as before. For some configurations, decoder-only models outperform encoder-only models again
(e.g., PYTHIA on Advection and Navier-Stokes with Sequence Doubling). In contrast, GPT-2 mod-
els show small gains.

Despite the improvements, we still do not consistently see neat scaling behaviour on cross-modal
adaptation. This could be due to a task inherently not benefiting from scaling, particularly for
datasets that can already be solved with a lower-capacity model. On the other hand, the lack of clear
scaling could also come from randomness in the particular model checkpoints that we use, which
could also cause some of the outlier runs that we see. Adaptation stability is therefore an important
area for future work in cross-modal adaptation.

8 DISCUSSION AND FUTURE WORK

With a series of experiments to analyze the effect of model architecture and size on cross-modal
adaptation approaches, we show that decoder-only models are consistently worse than encoder-only
models and do not, at least with traditional approaches, exploit the potential of their pre-trained
knowledge for the new tasks. We show that this is due to decoder-only models being penalized for
their autoregressive attention over the input. To address this penalization, we introduce two different
methods, both of which come with certain tradeoffs.

First, Parallel Flipping requires each instance to be run twice to obtain the final prediction, but by
design it can be parallelized, either using double the resources to run in the same time or running it
sequentially in double the time.

On the other hand, Sequence Doubling cannot be parallelized. Also, since the sequence length is
doubled, it takes longer to run and increases the required memory. In some cases, particularly when
using bigger models, this requires reducing the batch size or upgrading our resources.

Our primary motivation with both methods was to try to mimic the data processing of encoder-only
models while using decoder-only models. We did so by introducing a kind of bidirectional context.
Another way of achieving this would be to actually enable bidirectional attention in decoder-only
models, as in LLM2Vec (BehnamGhader et al., 2024), or by merging encoder-only and decoder-only
models as in (Charpentier & Samuel, 2024). We leave this to future work.

We also notice that cross-modal adaptation methods are very sensitive to the task, with performance
varying greatly between the four PDEs we consider. To better assess the utility of methods in this
setting, future work should investigate which properties of PDEs are responsible for this variance.

However, we see the most important direction for future work as being to diagnose the instabilities
of cross-modal adaptation, given the high variance of performance with some configurations. As we
point out in Section 4, optimizers might play a role (Kunstner et al., 2023), as might randomness
in the checkpoints we begin with. One approach would be to try to disentangle when transfer
capabilities emerge for these models (and whether that is stable), particularly decoder-only models,
and the influence that they have on the variation (van der Wal et al., 2025).

9 CONCLUSION

In this paper, we aim to understand and minimize the impact of model architecture and size on cross-
modal adaptation approaches with time-dependent simulation of partial differential equations. We
find that decoder-only models perform much worse than encoder-only models, even when scaled up.
Unidirectional attention plays a key role in this performance gap, preventing models from condition-
ing on the data overall. To mitigate the effects of the lack of bidirectionality, we introduce two novel
approaches: Parallel Flipping and Sequence Doubling, both of which outperform the original setup,
with Sequence Doubling showing much larger gains and closing the gap to encoder-only model per-
formance. We encourage future research on scientific machine learning to build on our approach to
leverage more capable decoder-only models in cross-modal adaptation research.

9
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10 LIMITATIONS

We only experiment with two popular cross-modal adaptation methods, and leave it to future work
to investigate whether the same patterns hold for PARE (Cai et al., 2024) and UPS (Shen et al.,
2024).

Our experiments focus on 1-dimensional PDE datasets and tasks widely used in the field of cross-
modal adaptation (Lu et al., 2022; Shen et al., 2023; Ma et al., 2024; Shen et al., 2024; Cai et al.,
2024), even though different PDE tasks (like higher-dimensional PDEs) and PDE-specific eval-
uations (e.g., with physics-based metrics) could also be used. We caution against claims about
generalization of our results on other PDE tasks and evaluations.

Additionally, given our difficulties replicating the original proxy dataset from ORCA (Shen et al.,
2023), more testing is required to determine the potential influence this could have on all models.

11 ETHICS STATEMENT

All datasets and models are used in accordance with their licenses and intended use.

12 REPRODUCIBILITY STATEMENT

Our code is available here: https://github.com/palomagh/DecodingPDEs

We use Nvidia A100 GPUs to run all experiments. We perform five runs per configuration, using
different random seeds, for a total of 232 different configurations. The running times spanned from
12 to 140 GPU-hours, depending on the dataset and model size.
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Jiajun Bao, Nicolas Boullé, Toni J.B. Liu, Raphaël Sarfati, and Christopher Earls. Text-trained
LLMs can zero-shot extrapolate PDE dynamics, revealing a three-stage in-context learning mech-
anism. In AI&PDE: ICLR 2026 Workshop on AI and Partial Differential Equations, 2026. URL
https://openreview.net/forum?id=BN8hrHQnkC.

Parishad BehnamGhader, Vaibhav Adlakha, Marius Mosbach, Dzmitry Bahdanau, Nicolas Chapa-
dos, and Siva Reddy. LLM2vec: Large language models are secretly powerful text encoders. In
First Conference on Language Modeling, 2024. URL https://openreview.net/forum?
id=IW1PR7vEBf.

Rohan Bhatnagar, Ling Liang, Krish Patel, and Haizhao Yang. From equations to insights: Unrav-
eling symbolic structures in pdes with llms. arXiv preprint arXiv:2503.09986, 2025.

Stella Biderman, Hailey Schoelkopf, Quentin Gregory Anthony, Herbie Bradley, Kyle O’Brien, Eric
Hallahan, Mohammad Aflah Khan, Shivanshu Purohit, USVSN Sai Prashanth, Edward Raff, et al.
Pythia: A suite for analyzing large language models across training and scaling. In International
Conference on Machine Learning, pp. 2397–2430. PMLR, 2023.

Hongru Cai, Yongqi Li, Ruifeng Yuan, Wenjie Wang, Zhen Zhang, Wenjie Li, and Tat-Seng
Chua. Exploring training and inference scaling laws in generative retrieval. arXiv preprint
arXiv:2503.18941, 2025.

Lincan Cai, Shuang Li, Wenxuan Ma, Jingxuan Kang, Binhui Xie, Zixun Sun, and Chengwei Zhu.
Enhancing cross-modal fine-tuning with gradually intermediate modality generation. In Ruslan
Salakhutdinov, Zico Kolter, Katherine Heller, Adrian Weller, Nuria Oliver, Jonathan Scarlett, and

10

https://github.com/palomagh/DecodingPDEs
https://proceedings.neurips.cc/paper_files/paper/2020/file/f52a7b2610fb4d3f74b4106fb80b233d-Paper.pdf
https://proceedings.neurips.cc/paper_files/paper/2020/file/f52a7b2610fb4d3f74b4106fb80b233d-Paper.pdf
https://openreview.net/forum?id=BN8hrHQnkC
https://openreview.net/forum?id=IW1PR7vEBf
https://openreview.net/forum?id=IW1PR7vEBf


Published as a conference paper at ICLR 2026

Felix Berkenkamp (eds.), Proceedings of the 41st International Conference on Machine Learning,
volume 235 of Proceedings of Machine Learning Research, pp. 5236–5257. PMLR, 21–27 Jul
2024. URL https://proceedings.mlr.press/v235/cai24c.html.
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A PDE DATASETS DETAILS AND CONFIGURATIONS

As we saw in Section 3, we tested the models in a collection of PDE datasets from PDEBench
(Takamoto et al., 2022). We follow Shen et al. (2023) for the download, pre-processing, and loading
of the data.

The specifications of the selected datasets are shown in Table 1.

Table 1: List of PDE datasets used as target datasets and their corresponding specifications.

Dataset Dimension Resolution Coefficients Optimizer

Advection 1D 1024 β = 0.4 Adam
Diffusion-Reaction 1D 1024 ν = 0.5, ρ = 1.0 SGD
Diffusion-Sorption 1D 1024 - AdamW

Compressible Navier-Stokes 1D 1024 η = ζ = 0.1, rand periodic AdamW

A.1 1D ADVECTION EQUATION

The Advection equations are defined as follows:
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∂tu(t, x) + β ∂xu(t, x) = 0 (1)

u(0, x) = u0(x) (2)

where β represents a given advection speed and x ∈ (0, 1) and t ∈ (0, 2].

A.2 1D DIFFUSION-REACTION EQUATION

The Diffusion-Reaction equation is expressed as:

∂tu(t, x)− ν∂xxu(t, x) = ρu(t, x)(1− u(t, x)) (3)

where x ∈ (0, 1) and t ∈ (0, 1].

A.3 1D DIFFUSION-SORPTION EQUATION

The Diffusion-Sorption equation is defined as follows:

∂tu(t, x) =
D

R(u)
∂xxu(t, x) (4)

where x ∈ (0, 1), t ∈ (0, 500], and D = 5× 10−4. We follow Takamoto et al. (2022) for the details
of the function R(u), describing the external force slowing down the diffusion process.

A.4 1D COMPRESSIBLE NAVIER-STOKES EQUATION

The Compressible Navier-Strokes equations are expressed as:

∂tp+∇ · (ρu) = 0, (5)

ρ(∂tu+ u · ∇u) = −∇p+ η∆u+
(
ξ +

η

3

)
∇(∇ · u) (6)

∂t

(
ϵ+ ρ

∥u∥22
2

)
+∇ ·

((
p+ ϵ+ ρ

u2

2

)
u+ u · σ′

)
= 0 (7)

where ρ represents the density, u represents the velocity, p represents the pressure, and ϵ the internal
energy of the system. Here, x ∈ (−1, 1), and t ∈ (0, 1).

B PROXY DATASETS

To create proxy datasets for GPT-2, GPT-2 MEDIUM , GPT-2 LARGE , and GPT-2 XL, we follow
the approach detailed in Shen et al. (2023). Due to discrepancies between the stated dataset and
instructions in Shen et al. (2023), we use the CoNLL-2000 dataset (Sang & Buchholz, 2000) instead
of CoNLL-2003. We select a random sample of 2000 sequences containing less than 32 tokens. We
unify the length by padding to a sequence length of 32. Lastly, we calculate the embeddings using
the selected models.
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C RESCALED RESULTS FOR DIFFUSION-REACTION AND
DIFFUSION-SORPTION

We show results from Figure 2 and 3 for Diffusion-Reaction and Diffusion-Sorption at a smaller
scale for better readability.
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Figure 6: Comparison of model performance with ORCA- (above) and FPT-based (below) cross-
modal adaptation, using both pre-trained and randomly-initialized versions of encoder-only models
(ROBERTA, BERT) and decoder-only models GPT-2 and PYTHIA). Performance is measured
using nRSME, where lower is better; the plots show average performance over five random seeds,
and the error bars represent the best and worst runs. We denote with an asterisk (∗) the cases in
which there is a statistically significant difference between the pre-trained model and the randomly
initialized one; a detailed explanation can be found in Appendix G.

D ERROR ANALYSIS EXAMPLES

We show the comparison of the predicted waves for different examples of Advection and Diffusion-
Reaction with different models and the ground truth wave. In Figures 8 and 9 we can see that the
predictions are more spiky and irregular in the first half of the wave than in the second half.

E OUR METHODS WITH FROZEN PRE-TRAINED TRANSFORMERS

In this appendix, we include the complementary plot to Figure 5, using FPT.

F COMPLETE RESULTS

In this appendix, we include the results of all the runs performed. Tables 2 and 3 include the runs
comparing the performance of the encoder-only models (ROBERTA, BERT) versus the decoder-
only GPT-2 and PYTHIA), both pre-trained and randomly-initialized. Tables 4, 5, and 6 include the
comparison of the different sizes of the decoder-only models (GPT-2 and PYTHIA), with the original
setup and both of our newly introduced methods (Parallel Flipping and Sequence Doubling).
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Table 2: Model performance of all five runs with ORCA- and FPT-based cross-modal adaptation, us-
ing both pre-trained and randomly-initialized versions of encoder-only models (ROBERTA, BERT)
and decoder-only models GPT-2 and PYTHIA) for Advection and Diffusion-Reaction.

Methods Models Advection Diffusion-Reaction
Pre-Trained Random Pre-Trained Random

ORCA

RoBERTa 8,43E-03 ± 2,86E-04 1,28E-02 ± 2,40E-03 3,11E-03 ± 2,97E-04 1,82E-02 ± 3,51E-04
BERT 1,80E-02 ± 5,08E-03 1,54E-02 ± 6,42E-04 5,40E-03 ± 1,74E-03 5,38E-02 ± 3,19E-02
GPT-2 5,08E-01 ± 6,94E-03 4,89E-01 ± 5,05E-03 4,32E-02 ± 5,11E-04 4,24E-02 ± 6,40E-04
Pythia 2,86E-01 ± 3,90E-03 3,11E-01 ± 5,96E-03 8,86E-02 ± 2,15E-06 8,86E-02 ± 1,03E-05

FPT

RoBERTa 1,45E-01 ± 1,59E-01 8,19E-01 ± 5,75E-02 6,27E-03 ± 4,48E-04 3,03E-02 ± 1,24E-04
BERT 1,89E-01 ± 9,98E-02 6,09E-01 ± 5,31E-02 1,88E-02 ± 1,74E-03 3,03E-02 ± 1,92E-04
GPT-2 7,48E-01 ± 1,00E-02 1,00E+00 ± 2,73E-02 1,65E-01 ± 7,33E-02 8,61E-02 ± 1,06E-04
Pythia 5,93E-01 ± 6,60E-03 6,56E-01 ± 1,31E-03 7,39E-02 ± 1,98E-03 8,44E-02 ± 1,02E-04

Table 3: Model performance of all five runs with ORCA- and FPT-based cross-modal adaptation, us-
ing both pre-trained and randomly-initialized versions of encoder-only models (ROBERTA, BERT)
and decoder-only models GPT-2 and PYTHIA) for Diffusion-Sorption and Navier-Stokes.

Methods Models Diffusion-Sorption Navier-Stokes
Pre-Trained Random Pre-Trained Random

ORCA

RoBERTa 3,18E-03 ± 2,82E-06 3,18E-03 ± 7,57E-07 5,22E-02 ± 7,92E-03 7,74E-01 ± 3,84E-01
BERT 3,18E-03 ± 1,28E-06 3,19E-03 ± 7,75E-06 9,89E-01 ± 5,04E-03 2,76E-01 ± 4,01E-01
GPT-2 3,29E-03 ± 4,41E-05 3,52E-03 ± 5,18E-05 5,01E-01 ± 1,64E-03 4,77E-01 ± 4,30E-03
Pythia 3,18E-03 ± 2,00E-06 3,18E-03 ± 1,33E-06 4,86E-01 ± 6,54E-03 5,03E-01 ± 4,80E-03

FPT

RoBERTa 3,29E-03 ± 4,26E-05 3,20E-03 ± 8,11E-06 2,90E-01 ± 9,37E-03 3,28E-01 ± 2,40E-03
BERT 3,20E-03 ± 9,70E-06 3,20E-03 ± 5,54E-06 2,82E-01 ± 4,17E-03 3,29E-01 ± 1,40E-03
GPT-2 3,62E-03 ± 8,84E-04 3,59E-02 ± 1,22E-03 7,03E-01 ± 1,79E-02 6,49E-01 ± 1,40E-02
Pythia 4,66E-03 ± 2,94E-04 7,09E-02 ± 1,51E-01 4,15E-01 ± 7,96E-04 4,20E-01 ± 4,84E-04

Table 4: Model performance of all five runs with ORCA- and FPT-based cross-modal adaptation,
with different sizes of decoder-only models GPT-2 and PYTHIA) for Advection, using both the
Original setup and our two new approaches.

Model Family Size ORCA FPT
Original Setup Parallel Flipping (ours) Sequence Doubling (ours) Original Setup Parallel Flipping (ours) Sequence Doubling (ours)

GPT-2

137M 5,08E-01 ± 6,94E-03 1,09E-01 ± 4,99E-03 1,81E-02 ± 1,98E-03 7,48E-01 ± 1,00E-02 5,51E-01 ± 1,88E-02 6,25E-01 ± 3,90E-02
380M 4,95E-01 ± 4,07E-03 1,44E-01 ± 8,39E-02 2,04E-02 ± 3,71E-03 7,97E-01 ± 1,34E-02 5,32E-01 ± 4,28E-02 6,77E-01 ± 1,92E-02
812M 5,23E-01 ± 1,59E-02 1,19E-01 ± 9,63E-03 2,49E-02 ± 8,03E-03 8,54E-01 ± 9,31E-03 6,29E-01 ± 2,28E-02 7,65E-01 ± 1,71E-02
1.61B 5,42E-01 ± 1,01E-02 1,39E-01 ± 9,11E-03 8,83E-02 ± 6,41E-03 8,53E-01 ± 6,69E-03 5,98E-01 ± 3,87E-02 7,69E-01 ± 1,96E-02

Pythia

14M 2,87E-01 ± 3,44E-03 4,38E-02 ± 1,55E-03 2,83E-03 ± 9,42E-05 6,52E-01 ± 3,72E-03 2,95E-01 ± 6,70E-03 2,54E-02 ± 1,92E-03
70M 2,75E-01 ± 1,68E-02 3,98E-02 ± 1,39E-03 3,02E-03 ± 1,39E-04 5,97E-01 ± 3,78E-03 2,35E-01 ± 7,53E-03 7,25E-03 ± 9,94E-04

160M 2,86E-01 ± 3,90E-03 5,20E-02 ± 9,22E-04 3,72E-03 ± 3,51E-04 5,93E-01 ± 6,60E-03 2,29E-01 ± 1,44E-04 1,58E-02 ± 5,84E-03
410M 2,97E-01 ± 3,21E-03 6,43E-02 ± 4,46E-03 6,47E-03 ± 2,81E-04 5,55E-01 ± 3,37E-03 2,07E-01 ± 3,19E-03 8,88E-03 ± 2,74E-04

1B 3,95E-01 ± 4,64E-02 8,72E-02 ± 7,45E-03 1,27E-02 ± 2,95E-04 5,43E-01 ± 6,10E-03 2,16E-01 ± 6,19E-03 2,04E-02 ± 9,10E-03
1.4B 3,14E-01 ± 4,22E-03 9,50E-02 ± 2,10E-02 1,23E-02 ± 2,08E-04 5,37E-01 ± 8,54E-03 2,19E-01 ± 2,83E-03 1,69E-02 ± 5,83E-03

Table 5: Model performance of all five runs with ORCA- and FPT-based cross-modal adaptation,
with different sizes of decoder-only models GPT-2 and PYTHIA) for Diffusion-Reaction, using
both the Original setup and our two new approaches.

Model Family Size ORCA FPT
Original Setup Parallel Flipping (ours) Sequence Doubling (ours) Original Setup Parallel Flipping (ours) Sequence Doubling (ours)

GPT-2

137M 4,32E-02 ± 5,11E-04 2,21E-02 ± 7,95E-04 1,48E-02 ± 2,07E-03 1,65E-01 ± 7,33E-02 7,18E-02 ± 6,40E-04 1,57E-02 ± 1,32E-03
380M 4,17E-02 ± 1,20E-03 2,10E-02 ± 5,83E-04 1,34E-02 ± 6,08E-04 3,85E-02 ± 8,26E-04 6,99E-02 ± 1,40E-03 1,25E-02 ± 1,06E-03
812M 4,30E-02 ± 1,90E-03 1,90E-02 ± 9,89E-04 7,08E-03 ± 3,19E-04 1,03E-01 ± 3,91E-02 7,29E-02 ± 4,77E-04 6,85E-03 ± 4,91E-04
1.61B 3,89E-02 ± 5,93E-04 1,81E-02 ± 3,32E-04 6,25E-03 ± 3,33E-04 9,05E-02 ± 1,80E-02 7,41E-02 ± 5,38E-04 6,97E-03 ± 4,26E-04

Pythia

14M 8,84E-02 ± 3,07E-04 8,86E-02 ± 5,00E-04 8,83E-02 ± 3,97E-04 8,87E-02 ± 6,75E-05 8,86E-02 ± 9,50E-05 8,87E-02 ± 1,24E-04
70M 3,46E-02 ± 2,26E-03 1,58E-02 ± 1,60E-03 4,82E-03 ± 2,75E-04 8,11E-02 ± 6,21E-04 7,51E-02 ± 1,11E-03 2,02E-02 ± 7,62E-04

160M 8,86E-02 ± 2,15E-06 8,85E-02 ± 1,70E-05 8,86E-02 ± 2,18E-06 7,39E-02 ± 1,98E-03 6,20E-02 ± 1,75E-03 1,37E-02 ± 1,12E-03
410M 3,09E-02 ± 9,22E-04 1,42E-02 ± 4,95E-04 4,33E-03 ± 5,96E-04 5,43E-02 ± 1,53E-03 3,84E-02 ± 1,65E-03 9,06E-03 ± 3,37E-04

1B 3,30E-02 ± 1,16E-03 1,53E-02 ± 3,81E-04 4,69E-03 ± 3,15E-04 5,71E-02 ± 6,68E-03 4,18E-02 ± 7,66E-03 1,04E-02 ± 1,45E-03
1.4B 3,24E-02 ± 8,12E-04 1,50E-02 ± 5,06E-04 4,71E-03 ± 2,87E-04 5,33E-02 ± 7,01E-03 3,99E-02 ± 9,06E-03 1,25E-02 ± 2,88E-03
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Figure 7: Performance of different sizes of models of the GPT-2 family and PYTHIA family using
both ORCA (Shen et al., 2023) and FPT (Lu et al., 2022). The plots depict the average performance
over five random seeds. Once again, performance is measured using nRSME, where lower is better.
If scaling the models was improving the performance, downward trends could’ve been seen for the
different model families.

Table 6: Model performance of all five runs with ORCA- and FPT-based cross-modal adaptation,
with different sizes of decoder-only models GPT-2 and PYTHIA) for Navier-Stokes, using both the
Original setup and our two new approaches.

Model Family Size ORCA FPT
Original Setup Parallel Flipping (ours) Sequence Doubling (ours) Original Setup Parallel Flipping (ours) Sequence Doubling (ours)

GPT-2

137M 5,01E-01 ± 1,64E-03 2,88E-01 ± 2,50E-03 9,44E-02 ± 5,63E-03 7,03E-01 ± 1,79E-02 5,37E-01 ± 5,59E-03 5,79E-01 ± 3,59E-02
380M 4,89E-01 ± 1,30E-03 2,87E-01 ± 1,53E-03 1,34E-01 ± 4,92E-03 4,82E-01 ± 2,35E-03 5,10E-01 ± 8,90E-03 4,92E-01 ± 1,83E-02
812M 4,87E-01 ± 2,60E-03 2,94E-01 ± 1,03E-03 1,05E-01 ± 5,95E-03 8,02E-01 ± 8,25E-03 5,45E-01 ± 1,11E-02 7,10E-01 ± 4,69E-02
1.61B 4,74E-01 ± 3,30E-03 3,13E-01 ± 1,32E-02 1,17E-01 ± 1,25E-02 8,29E-01 ± 1,21E-02 5,67E-01 ± 1,28E-02 7,90E-01 ± 1,73E-02

Pythia

14M 4,62E-01 ± 6,25E-03 2,80E-01 ± 1,91E-03 1,47E-01 ± 9,26E-03 4,52E-01 ± 4,80E-04 4,45E-01 ± 7,73E-04 3,87E-01 ± 1,69E-03
70M 4,96E-01 ± 2,04E-03 2,81E-01 ± 1,89E-03 1,09E-01 ± 4,01E-03 4,23E-01 ± 8,73E-04 4,10E-01 ± 8,61E-04 3,45E-01 ± 2,29E-03

160M 4,86E-01 ± 6,54E-03 2,81E-01 ± 1,34E-03 7,12E-02 ± 4,92E-03 4,15E-01 ± 7,96E-04 3,80E-01 ± 1,48E-02 3,11E-01 ± 1,26E-02
410M 4,39E-01 ± 4,66E-03 2,70E-01 ± 2,24E-03 6,25E-02 ± 8,78E-03 4,14E-01 ± 9,43E-04 3,24E-01 ± 4,41E-03 2,49E-01 ± 4,71E-03

1B 4,05E-01 ± 7,73E-04 3,80E-01 ± 6,76E-02 7,82E-02 ± 5,19E-03 4,30E-01 ± 7,57E-03 3,45E-01 ± 8,66E-03 2,69E-01 ± 6,57E-03
1.4B 4,07E-01 ± 1,11E-03 3,53E-01 ± 7,83E-02 1,79E-01 ± 5,79E-02 4,45E-01 ± 3,36E-03 3,34E-01 ± 1,11E-02 2,64E-01 ± 8,38E-03

G STATISTICAL SIGNIFICANCE

To be able to select the proper test for statistical significance, we first performed the Shapiro-Wilk
test to assess if the obtained results from the five runs for each configuration were normally dis-
tributed. Once we determined this, we utilized two different statistical significance testing methods,
the Wilcoxon test (for the cases in which one of the two distributions was not normally distributed)
and the t-test (when both distributions were normally distributed), both of them two-sided. For all
statistical test ran, we set the p-value to 0.05.
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Figure 8: Comparison between GPT-2 prediction on an Advection example using ORCA as the
cross-modal adaptation method and the ground truth.
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Figure 9: Comparison between PYTHIA prediction on an Advection example using ORCA as the
cross-modal adaptation method and the ground truth.
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Figure 10: Performance comparison of the original setup versus our own two methods, Parallel
Flipping and Sequence Doubling, using FPT (Lu et al., 2022). We set ROBERTA with the original
setup as a baseline for all the configurations. The plots depict the average performance over five
random seeds. Performance is measured using nRSME, where lower is better.
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