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Abstract

Model discovery aims to uncover governing differential
equations of dynamical systems directly from experimen-
tal data. Benchmarking such methods is essential for track-
ing progress and understanding trade-offs in the field. While
prior efforts have focused mostly on identifying single equa-
tions, typically framed as symbolic regression, there remains
a lack of comprehensive benchmarks for discovering dynami-
cal models. To address this, we introduce MDBench, an open-
source benchmarking framework for evaluating model dis-
covery methods on dynamical systems. MDBench assesses
12 algorithms on 14 partial differential equations (PDEs) and
63 ordinary differential equations (ODEs) under varying lev-
els of noise. Evaluation metrics include derivative prediction
accuracy, model complexity, and equation fidelity. We also
introduce seven challenging PDE systems from fluid dynam-
ics and thermodynamics, revealing key limitations in current
methods. Our findings illustrate that linear methods and ge-
netic programming methods achieve the lowest prediction er-
ror for PDEs and ODEs, respectively. Moreover, linear mod-
els are in general more robust against noise. MDBench ac-
celerates the advancement of model discovery methods by
offering a rigorous, extensible benchmarking framework and
a rich, diverse collection of dynamical system datasets, en-
abling systematic evaluation, comparison, and improvement
of equation accuracy and robustness.

Code — https://github.com/gryaklab/mdbench
Datasets — https://zenodo.org/records/17611099
Extended version — https://arxiv.org/abs/2509.20529

1 Introduction

Data-driven equation discovery—rather than relying solely
on conservation laws or physical principles—has histori-
cally played a pivotal role in scientific breakthroughs. Jo-
hannes Kepler discovered the third law of planetary motion
by leveraging geometrical intuition and searching for pat-
terns in empirically gathered data (Cranmer 2023). Simi-
larly, Edwin Hubble identified the relationship between red-
shift and distance through empirical observations that, at the
time, lacked theoretical explanation (Kragh 2021).

A dynamical system is a mathematical framework that de-
scribes how the state of a system evolves over time through
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Figure 1: A schematic overview of MDBench pipeline.

differential equations. Many complex real-world systems
arising in finance, medicine, and engineering can be mod-
eled as nonlinear dynamical systems, e.g., in physics, they
model fluid dynamics (Kleinstreuer 2018); in biology, they
describe neural activity (Breakspear 2017); and in engineer-
ing, they underpin control theory (Walker 2013).

Relying solely on expert domain knowledge to derive
governing equations is increasingly impractical, especially
in the era of high-dimensional and large-scale experimental
data. This has motivated the development of automated tools
for scientific discovery. While machine learning (ML) mod-
els have demonstrated remarkable predictive performance,
their black-box nature often impedes interpretability and
insight into the underlying system dynamics. Data-driven
model discovery (MD) aims to bridge this gap by using mea-
surement data and ML algorithms to infer interpretable dy-
namical system models.

Unlike traditional black-box ML methods, MD involves
optimizing both the parameters and the structure of the
model, resulting in models that are inherently interpretable.
However, generic MD techniques are not directly applicable
to the discovery of differential equations. In this work, we
present an extension of MD tailored specifically to the dis-
covery of dynamical system models. In the literature, sym-
bolic regression (SR) typically refers to the discovery of a
single equation rather than a system. Here, we adopt the term
model discovery to reflect the broader scope of our work.

Despite recent progress, the MD field lacks a standardized
benchmark for evaluating algorithms on dynamical systems.



To address this, we introduce MDBench, an open-source
and extensible benchmarking framework, that includes a
suite of ODE and PDE datasets (Figure 1). Establishing
such a benchmark is essential for characterizing algorithmic
strengths and weaknesses, facilitating fair comparison, and
tracking the evolution of the field over time. We encourage
researchers to contribute their methods and datasets to MD-
Bench, enabling more robust and reproducible performance
evaluations in terms of predictive accuracy, equation com-
plexity, and robustness to noise. Our main contributions are
as follows:

1. We introduce the first comprehensive testbed for model
discovery, covering a diverse set of methods, including
linear models; genetic programming; deep learning; and
large scale pretraining approaches, and spanning both

ODE and PDE systems.

We contribute new datasets simulating real-world PDE
systems with up to six state variables, providing signif-
icantly more challenging benchmarks than existing MD
datasets.

. We conduct systematic evaluations of state-of-the-art
MD methods on these datasets, assessing their perfor-
mance in equation re-discovery, predictive accuracy, and
model complexity under varying noise conditions.

The remainder of this paper is organized as follows. Sec-
tion 2 reviews existing MD algorithms and related bench-
marks. Section 3 details the structure of MDBench, includ-
ing datasets, training pipeline, metrics, and evaluated meth-
ods. Section 4 presents experimental results and highlights
current limitations. Finally, Section 5 concludes with a sum-
mary of our work.

2 Related Work

This section reviews prior benchmarking efforts in symbolic
and scientific model discovery, identifies their limitations,
and categorizes the landscape of existing MD methods to
four classes.

2.1 Overview of Benchmarks

Several efforts have been made to benchmark MD algo-
rithms. One of the earliest large-scale initiatives is SRBench
(La Cava et al. 2021), which introduced a publicly available
benchmark evaluating 14 SR methods on a variety of re-
gression problems. A later extension, SRBench 2.0 (Aldeia
et al. 2025), expanded the number of evaluated algorithms
to 25 and introduced additional metrics such as energy con-
sumption. Notably, the authors concluded that no single SR
method consistently outperforms others across all metrics,
and they proposed several best practices for future method
development such as minimizing hyperparameters and stan-
dardizing evaluation procedures.

Despite these contributions, these benchmarks are lim-
ited to time-invariant regression problems involving a sin-
gle mathematical equation and do not account for dynam-
ical systems governed by differential equations. Model dis-
covery for dynamical systems presents additional challenges
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such as handling systems of coupled equations, high dimen-
sionality, and numerical differentiation.

PDEBench (Takamoto et al. 2022) is a more recent bench-
mark focused on PDE systems that evaluated 11 physi-
cal systems using four machine learning surrogates: U-Net
(Ronneberger, Fischer, and Brox 2015), Fourier Neural Op-
erator (Li et al. 2021), and Physics-Informed Neural Net-
works (PINNs) (Raissi, Perdikaris, and Karniadakis 2019).
While these methods are effective for solving PDEs, they are
black-box models and cannot generate symbolic equations,
limiting their utility for interpretable model discovery.

Gilpin et al. (Gilpin 2021) benchmarked 131 chaotic ODE
systems, framing them as time series forecasting tasks. Al-
though their study includes symbolic regression methods,
only four MD methods are tested, and no evaluation is pro-
vided on the complexity or interpretability of the discovered
models.

Other benchmarks have narrower or domain-specific
scopes. cp3-bench (Thing and Koksbang 2025) evaluated 12
MD algorithms on 28 datasets from cosmology and astropar-
ticle physics. CFDBench (Luo, Chen, and Zhang 2023) fo-
cuses on computational fluid dynamics (CFD) simulations
and evaluated neural operators under varying conditions,
without considering symbolic recovery of governing equa-
tions. The benchmark by Otness et al. (Otness et al. 2021)
includes four PDE systems, but evaluated only black-box
predictive models such as convolutional neural networks and
k-nearest neighbors.

Table 1 summarizes key characteristics of these bench-
marks, highlighting MDBench’s broader coverage across
ODEs, PDEs, and model discovery algorithms.

Benchmark #ODE #PDE #MD Noise
SRBench 1.0 7 0 14 v
SRBench 2.0 0 0 25 v
PDEBench 0 11 0

(Gilpin 2021) 131 0 4
cp3-bench 7 0 12 v
CFDBench 0 4 0

(Otness et al. 2021) 0 4 0
MDBench (ours) 63 14 12 v

Table 1: Comparison of existing benchmarks for scientific
MD. #ODE and #PDE refer to the number of ODE and PDE
problems, #MD refers to the number of model discovery al-
gorithms evaluated, and Noise indicates whether robustness
to noise is studied.

2.2 Overview of Model Discovery Methods

Since Koza’s early work on genetic programming (GP) for
symbolic regression (Koza 1994), numerous methods have
emerged for data-driven model discovery. We categorize
them into four main classes.

Genetic Programming (GP) GP-based methods evolve
expression tree of equations using evolutionary operators to
search for equations that best fit the data. Modern and effi-
cient implementations, such as PySR (La Cava et al. 2021)



and Operon (Burlacu, Kronberger, and Kommenda 2020),
are widely used in the literature.

GP methods often struggle with convergence due to their
large, unstructured search spaces. They also do not natu-
rally learn parameters from data. Neural-guided approaches
like those in (Mundhenk et al. 2021) mitigate this by incor-
porating learned search heuristics. Recent work further ac-
celerates GP convergence by using large language models
(LLMs) as crossover and mutation operators (Shojaee et al.
2025; Meyerson et al. 2024).

Linear Models (LM) Linear model-based methods repre-
sent equations as sparse linear combinations of candidate ba-
sis functions (“library”). A typical form is f = Zle Biti,
where ¢; are predefined basis terms and 3; are scalar coeffi-
cients. SINDy (Brunton, Proctor, and Kutz 2016) pioneered
this approach using LASSO for sparsity. PDEFIND (Rudy
et al. 2017) extended it to PDEs, and WSINDy (Messenger
and Bortz 2021) further improved robustness by formulat-
ing equations in weak form, avoiding direct differentiation.
ESINDy (Fasel et al. 2022) introduced ensemble learning
for robustness in low-data or high-noise regimes. DeepMoD
(Both et al. 2021) combines neural networks with sparse re-
gression by learning spatial features via automatic differen-
tiation.

Bayesian variants (Yuan et al. 2023; North, Wikle, and
Schliep 2025; More et al. 2023) introduce uncertainty mod-
eling and noise-aware inference. However, all LM methods
are constrained by the assumption of linearity with respect to
basis functions and often lack principled ways to construct
these function libraries for unknown systems.

Large-Scale Pretraining (LSPT) LSPT methods pretrain
a single model—often a Transformer architecture (Vaswani
et al. 2017)—on a large corpus of symbolic regression prob-
lems. These models learn to map input—output pairs to sym-
bolic equations, enabling rapid inference on new data once
training is complete.

Neural Symbolic Regression that Scales (NeSymReS)
(Biggio et al. 2021) exemplifies this approach. It uses a Set
Transformer (Lee et al. 2019) as an encoder to learn latent
representations of input—output mappings from synthetic
equations. A decoder then generates symbolic expressions
autoregressively using beam search. After generating sym-
bolic forms, constant placeholders are refined using post-hoc
optimization with methods such as BFGS (Fletcher 2000).

To overcome limitations of this two-stage design, Kami-
enny et al. (Kamienny et al. 2022) introduced an end-to-end
approach where the Transformer directly generates complete
mathematical expressions, including constants. ODEFormer
(d’Ascoli et al. 2024) further extends this framework to dy-
namical systems, generating full differential equations from
a single observed trajectory.

The main advantage of LSPT methods is their inference
speed. Once trained, they can quickly generate symbolic
equations for new datasets without the need for retraining or
optimization, which makes them suitable for real-time ap-
plications. However, they may perform poorly on real-world
systems whose dynamics differ from the synthetic equations
seen during pretraining (Kamienny et al. 2022).
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Deep Learning (DL) DL-based methods use neural net-
works to learn symbolic equations from data. One example
is Equation Learner Networks (EQL) (Martius and Lampert
2016; Sahoo, Lampert, and Martius 2018), which are fully
differentiable feed-forward networks that incorporate sym-
bolic operators (e.g., sine, cosine, multiplication) as activa-
tion functions. This design enables the integration of sym-
bolic structure into neural models and allows EQL to be
combined with other architectures for scientific discovery
tasks (Kim et al. 2020).

Another class of DL methods uses recurrent neural net-
works (RNNs) to learn a probability distribution over sym-
bolic expressions conditioned on data. Deep Symbolic Re-
gression (DSR) (Petersen et al. 2021) follows this approach.
It trains an RNN using a risk-seeking policy gradient algo-
rithm, where the reward is based on the predictive accuracy
of sampled equations. However, the learning signal in this
setup comes only from the scalar reward based on the (X, y)
fit, which can be weak and indirect.

To overcome this limitation, uDSR (Landajuela et al.
2022) extends DSR by integrating optimization techniques
from GP, LM, and LSPT approaches as inner loops. This hy-
brid approach achieves state-of-the-art performance on the
SRBench benchmark (La Cava et al. 2021).

3 MDBench

MDBench is a unified benchmarking framework for eval-
uating data-driven MD algorithms on both ODE and PDE
systems (Figure 1). It includes a diverse suite of 63 ODEs
and 14 PDEs, ranging from simple linear dynamics to high-
dimensional physical systems. MDBench standardizes data
formats, provides symbolic preprocessing for PDEs, incor-
porates realistic noise modeling, and supports automated hy-
perparameter tuning across methods.

3.1 Datasets

Dynamical systems are commonly modeled using either
ODEs or PDEs, depending on whether the variables of inter-
est evolve only over time or over both time and space. ODE-
based systems involve temporal dynamics, while PDE-based
systems also incorporate spatial variation.

ODE Systems. ODEs describe the evolution of a system’s
state variables over time. Formally, a dynamical system with
d state variables u = (uy,...,uq) € R? is governed by
equations of the form:

dui
dt

where f; : R? — R. Each dataset consists of observed tra-
jectories U € RMt*4 where N; is the number of samples
across time.

We adopt the ODEBench dataset (d’Ascoli et al. 2024),
which includes 63 systems from a textbook by Stro-
gatz (Strogatz 2024) and several sourced from Wikipedia.
These systems span one to four state variables and cover a
range of real-world phenomena. For all methods, the input
consists of state variables u, and the targets are their time
derivatives u.

:fi(t7u17u2,...,ud), ’izl,...,d,



PDE Systems. PDEs describe spatiotemporal systems
where each state variable depends on both space and
time. A PDE system with d state variables u
(u,...,uq) € R?is represented on a D-dimensional spa-
tial grid X € RNe1X*Nep  The spatial grid is constructed
from uniformly-spaced intervals along each spatial coor-
dinate, with spacing that may differ between them (i.e.,
Azxy # --- # Axp). The time domain ¢ € [0,7] is uni-
formly spaced.
We focus on PDEs of the form:

ou,; ou 0%u ou 0%u

at = fz(ll7 871.17 aix%? ceey 87{[;27 87"%7 )7

i=1,..,.4d,

ey
where f; depends nonlinearly on the state variables and their
spatial derivatives.

Our benchmark includes both widely-studied PDE sys-
tems in the MD literature and seven systems simulat-
ing complex physical processes in fluid dynamics. Pre-
viously established datasets include Advection and Burg-
ers (Takamoto et al. 2022); Korteweg-de Vries (KdV),
Kuramoto-Sivishinky (KS), Nonlinear Schrodinger (NLS) ,
and Reaction-Diffusion (RD) (Brunton, Proctor, and Kutz
2016); Advection-Diffusion (AD) (Both et al. 2021).

We observe that commonly used PDE systems in the
MD literature often fail to capture the complexity of real-
world phenomena, which may involve space-dependent or
piecewise forcing functions, or exhibit high dimensionality.
Therefore, we include the following PDE systems in our
testbed: Heat (Laser) (Abali 2016); Heat (Solar), Navier-
Stokes (Channel), Navier-Stokes (Cylinder), and Reaction-
Diffusion (Cylinder) (Langtangen and Logg 2017).

A summary of the dataset properties (Table Al) along
with full equations and implementation details are included
in the supplementary material.

3.2 Experimental Setup

Noise Setup. To assess robustness, we simulate measure-
ment noise by corrupting clean state variables with Gaussian
noise at signal-to-noise ratios (SNRs) of 40 dB, 30 dB, 20
dB, and 10 dB. We apply multiplicative noise as:

u— (1+8u, £~N(0,0), o=10"NRws/20,

This impacts both the right-hand side and the estimated time
derivatives. We compute noisy derivatives using finite differ-
ences and evaluate prediction error against the clean deriva-
tives.

Metrics. In order to assess the performance of the dis-
covered equations, we investigate two metrics: 1) NMSE
refers to the accuracy of the predicted time derivatives de-
fined as the Normalized Mean Square Error of the deriva-
¥ (uf?-af”)’

hi (uii))2+6 ’
small regularization constant set to 10~1°, NMSE measures
trajectory-level predictive fidelity. A lower NMSE indicates
better agreement between the model and data, and serves as
a proxy for how well the discovered dynamics reproduce ob-
served behavior. 2) Complexity refers to the total number of

tives, NMSE(uy, @) = where € is a
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nodes, constant terms, and operations in the expression tree
of the equations. This metric encourages parsimony and pe-
nalizes unnecessary long or redundant terms. The SymPy
package is used to parse the discovered equations and com-
pute their complexities (Meurer et al. 2017).

Hyperparameter Tuning. Since MD methods are sensi-
tive to hyperparameters, we adopt a unified and automated
tuning protocol. For each method-dataset pair, we evalu-
ate all combinations from a predefined hyperparameter grid
and select the best configuration using a composite fitness
score that balances between the complexity and accuracy of
the equations. Similar to (Merler et al. 2024; Shojaee et al.
2023), the fitness function is defined as

) ;@)

1
1+ NMSE(uy, f(u))
where the hyperparameter A weights the relative importance
of accuracy and complexity, I(.) computes the complexity of
the equations, and L denotes the maximum equation length.
The set of defined hyperparameters for each algorithm is
provided in the supplementary materials. Throughout the ex-
periments, we set A = 1 and L = 200.

Extending Generic Methods to PDEs. Most generic MD
methods were originally designed for standard supervised
learning tasks, where both input features and target outputs
are explicitly available in the datasets. However, in the con-
text of PDE-based dynamical systems, the right-hand side
of the equations, which typically involve spatial derivatives,
must be constructed from the observed data. To enable the
application of these methods to PDE discovery, we prepro-
cess each dataset to compute the required symbolic features.

Specifically, for each PDE system with d state
variables, we generate a symbol set that includes
the state variables themselves along with their spa-
tial derivatives up to fourth order. These are com-
puted using second-order accurate finite difference ap-
proximations via the findiff package (Baer 2018).
The resulting symbolic feature set is {ug,us,...,uq} U
{aa;i i=1...dij=1,....4k=1... D} Thetar
get variables, i.e., the time derivatives du; /Ot, are also com-
puted using the same finite difference scheme.

1(f)

L

(/1w T xexp (—

Training and Inference. We split each dataset along the
time dimension into three parts: the first 60% is used for
training, the next 20% for validation (used in hyperparame-
ter tuning), and the final 20% for testing. After selecting the
optimal hyperparameters based on the validation set, each
model is retrained on the combined training and validation
sets. The final evaluation is performed on the test set using
the metrics described earlier.

For GP-based methods, we follow the authors’ recom-
mended default settings and train the models on the com-
bined training and validation data. From the set of candidate
expressions generated during evolution, we select the best
equation using the fitness function defined in Equation 2.

To ensure fairness and feasibility, we impose a time limit
of 12 hours per experiment, covering both training and hy-



perparameter tuning. All time-bounded experiments are con-
ducted on an Ubuntu 22.04.3 server equipped with a 24-core
Intel Core Ultra 9 285K @ 1.44 GHz CPU and 96 GB of
RAM. For methods that require GPU acceleration (EQL,
uDSR, ODEFormer, End2end, and DeepMoD), we use a sin-
gle NVIDIA RTX 4000 Ada Generation GPU with 20 GB of
memory.

3.3 Methods

From the algorithm categories presented in Section 2, we
selected a representative set of model discovery meth-
ods to benchmark. Selection criteria included strong re-
ported performance in prior work and the availabil-
ity of well-documented, easily adoptable implementa-
tions. The studied method include PDEFIND (Rudy
et al. 2017), WSINDy (Messenger and Bortz 2021),
ESINDy/EWSINDy (Fasel et al. 2022), Bayesian (More
et al. 2023), DeepMoD (Both et al. 2021), SINDy (Brunton,
Proctor, and Kutz 2016), EQL (Sahoo, Lampert, and Mar-
tius 2018), uDSR (Landajuela et al. 2022), PySR (Cranmer
2023), Operon (Burlacu, Kronberger, and Kommenda 2020),
ODEFormer (d’Ascoli et al. 2024), and End2end (Kamienny
et al. 2022). Table 2 provides an overview of the selected al-
gorithms, including their methodological type, the systems
they are applied to, and a brief description.

Due to memory or runtime limitations, the methods Deep-
MoD, uDSR, and End2end are unable to handle large
datasets efficiently. For these methods, we perform train-
ing on a subsampled version of the data, limited to 10,000
points.

4 Results and Discussion
4.1 Performance on ODE Data

Figure 2a compares the performance of a representative sub-
set of model discovery methods on the ODEBench dataset
(see Figure Al0a for additional methods). Most methods
were able to recover valid equations under noiseless condi-
tions, but their robustness to increasing noise varied consid-
erably. Tables A5 and A6 in supplementary materials pro-
vide a more detailed account of the performance metrics on
ODE datasets.

Equations generated by ODEFormer have good predic-
tive accuracy on time derivatives in low-noise settings and
clean data (SNR > 30 dB), indicating effective general-
ization. However, its performance degrades rapidly under
higher noise levels (SNR < 20 dB), suggesting overfitting
likely due to its large number of trainable parameters. This
is also reflected in the increasing complexity of the discov-
ered equations as noise increases.

In contrast, linear models SINDy and ESINDy generated
simpler equations under noisy conditions. The Wilcoxon
signed-rank test showed a significant difference between the
complexity of SINDy equations and that of EQL (next sim-
plest equations) for noisy data W = 6951.5,p < 1075.
The included sparsity-promoting regularization acts as an
implicit denoising method, suppressing uncertain or spuri-
ous terms introduced by noise. This behavior, while leading
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Figure 2: Performance box plot for representative MD meth-
ods on ODE and PDE datasets.

to less complex equations, may also result in the omission
of relevant nonlinear dynamics, especially at low SNR.

GP-based methods generally achieved lower error in pre-
dicted time derivatives compared to other methods in low-
noise settings and clean data (SNR > 30 dB). For instance,
PySR has a significantly lower NMSE than ESINDy based
on Wilcoxon signed-rank test (log-scaled, W = 9774,p <
0.0001). GP algorithms showed a tendency to overfit in
noisy settings, producing highly complex and inaccurate ex-
pressions. This might suggest that GP-based methods lack-
ing explicit regularization or those imposing minimal as-
sumptions on the equation skeleton in the search space are
more sensitive to noisy inputs.

End2end exhibited the highest predictive errors among
the evaluated methods, indicating that it struggled to capture
the underlying system dynamics (Wilcoxon signed-rank test
with EQL, log scale NMSE, W = 12795, p < 10719). This
may be due to the fact that its pretrained model was not ex-
posed to any dynamical systems during training, limiting its
ability to generalize to such tasks.

As system dimensionality increases, most methods ex-
hibit a corresponding rise in training time. Among the evalu-
ated approaches, SINDy and Operon are the most computa-
tionally efficient, whereas EQL and uDSR are significantly
slower, differing by several orders of magnitude. Figure A11
in supplementary materials shows the training times of vari-
ous MD methods on ODE datasets.

4.2 Performance on PDE Data

Compared to ODEs, PDE systems present a more challeng-
ing testbed due to the presence of spatial derivatives and
higher-order terms, which tend to amplify noise. Figure 2b
shows the aggregate NMSE and complexity of represen-
tative methods over a selected subset of PDE datasets for



Method Type Systems  Description

PDEFIND LM PDE Sparse regression on a library of candidate terms for discovering PDEs.

SINDy LM ODE Sparse regression on a library of candidate terms for discovering ODEs.

WSINDy LM PDE Weak formulation of PDEFIND for robust identification from noisy or sparse data.
E(W)SINDy LM  ODE/PDE Ensemble-SINDy uses ensembles to quantify the inclusion probability of library terms.
Bayesian LM PDE An extension of PDEFIND with variational Bayes to handle noisy data.
DeepMoD LM PDE Joint optimization of function approximation and sparse structure.

EQL DL PDE/ODE  Shallow neural network with symbolic operators as activation functions.

uDSR DL PDE/ODE  Unified GP, LM, and LSPT with a recurrent neural network.

PySR GP PDE/ODE  Evolutionary algorithm with parallel multi-population support.

Operon GP PDE/ODE  Efficient C++-based GP framework with fine-grained control.

ODEFormer LSPT ODE Transformer-based equation discovery from ODE trajectory data.

End2end LSPT ODE/PDE End-to-end transformer model for discovering equations from input-output data.

Table 2: Overview of model discovery methods benchmarked in MDBench.

which all methods completed successfully (refer to Figure
A10Db for all methods). The selected datasets include Advec-
tion, Burgers, KdV, KS, Heat (Solar) 1D, and AD. The pri-
mary reasons for a method’s failure to discover an underly-
ing model include: a lack of support for higher-dimensional
data in the published software, failing to finish training be-
fore the timeout threshold was reached, and runtime er-
rors within the published codebases. EQL and End2end are
excluded from the PDE evaluations due to repeated fail-
ures, mainly caused by implementation issues or limita-
tions in handling high-dimensional inputs. In particular, the
pretrained transformer model for the End2end method has
been trained on synthetic equations with up to 10 features
(Kamienny et al. 2022), which prohibits its usage on high-
dimensional systems or systems with more than two state
variables.

Figure 2b shows that there is a sharp error gap between
the NMSE for clean and low-noise systems (SNR =40 dB)
among the selected PDE datasets. The logarithm of the error
ratio between the noisy and clean settings for PDEs is 3.13+
2.09, compared to 0.88 + 2.12 for the ODE datasets. This il-
lustrates that the accuracy of the predicted time derivatives
estimated by model discovery methods for PDE systems is
more sensitive to noise than for ODE systems. One reason is
that while ODE systems involve only a single time deriva-
tive per state variable, PDE systems include higher-order
and spatial derivatives. These high-order derivatives amplify
noise in measured data, leading to greater accumulation of
the errors.

Most LM methods, except for DeepMoD, achieved lower
NMSE and better robustness in low-noise settings (SNR >
30 dB) and noise-free data compared to GP methods. For
instance, WSINDy obtained significantly lower error com-
pared to PySR (W = 455.0,p < 10~%) and Operon (W =
466.0,p < 10~*) in the mentioned noise settings. PySR
and Operon, while producing competitive results in clean
settings, suffer from reduced predictive fidelity as noise in-
creases. Despite simpler equations, uDSR tends to generate
the most inaccurate equations in the noise-free setting.

Table 3 summarizes the NMSE and expression complex-
ity for each method across all PDE datasets in the clean
(noise-free) setting. Almost all methods achieve low predic-
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tion error on the Heat (Solar) 1D dataset. However, as the
spatial dimension of the Heat (Solar) system increases (from
1D to 3D), the NMSE of predicted derivatives decreases.
This is because higher dimensions roughly double the size
of the function library for sparse-regression methods and
the number of symbols for GP-based methods, thereby en-
larging the search space and making model discovery more
challenging. These results highlight the need for developing
scalable algorithms capable of handling high-dimensional
data.

The datasets Heat (Laser) and RD (Cylinder) are more
challenging than the rest of the PDEs in the benchmark
due to their use of custom forcing functions. The Heat
(Laser) system contains a spatially-dependent forcing func-
tion, while the RD (Cylinder) system not only includes six
state variables but also has piecewise linear forcing func-
tions that vary across the spatial domain. Most of the LM
methods fail at generating equations for these datasets likely
because of the huge library size and sparse regression prob-
lem. The results of PySR, Operon, and uDSR methods on
these datasets illustrate that existing model discovery meth-
ods perform poorly on such datasets, suggesting the need
for more generalizable and robust algorithms for discover-
ing real-world PDE systems.

Runtimes vary widely by method and PDE dataset, rang-
ing from a few seconds to several hours (Table 3). Over-
all, PDEFind, WSINDy, PySR, and uDSR demonstrate the
fastest runtimes. While GP methods, particularly PySR, tend
to be slower than linear methods on 1D problems, they scale
more favorably in higher dimensions. For example, on the
Heat (Solar) dataset, PDEFind is approximately 40x and
465 x slower in the 2D and 3D cases, respectively, compared
to the 1D case. In contrast, PySR slows down by about 33 x
in 2D and only 12x in 3D. This disparity likely stems from
the growing size of sparse regression systems encountered
by linear model-based methods. This suggests that in gen-
eral, in time-constrained environments, LM methods are a
better choice for low-dimensional datasets, while GP meth-
ods and uDSR scale more robustly to higher-dimensional
data. More granular runtime data can be found in Table A7.



Dataset PDEFIND  Bayesian WSINDy EWSINDy  DeepMoD PySR Operon uDSR
Advection v 107%(21) v v 10'(12) v v 107%(8)
Burgers v 1075(9) v v v v v 1071(8)
KdV v 1073(9) v v v v 10747 1075(7)
KS v 1073(12) v v 10%(3) v 1073(23)  10°(4)
AD 1075(17)  107°(12) v v 10'(3) v v 10°(15)
Heat (Solar) 1D v 1073(8) v v 10%(3) v v 1072(13)
Heat (Solar) 2D | 107%(30) - 1073(17) 1073(9) - 1073(3)  1073%(7)  107%(12)
Heat (Solar) 3D | 10%(23) - - 10°(10)  10°(15) 10°(3)
Heat (Laser) 10°(14) - - - - 10°(11)  10°(15) 10°(6)
NLS 1071(16) - 1071(16) - - 10°(29)  107'(53)  10%(22)
RD 1073(6) - 1073(6) - - 1072(5) 107%(14) 1073(12)
NS (Channel) 10%(82) - - - - 1073(4)  107%(15) 1073(22)
NS (Cylinder) 1072(42) - 1072(95) - - 1071(25) 107%(30) 107'(38)
RD (Cylinder) - - 1072(3253) 107'(1603) - 1071(27) 107%(51) 107'(50)
Runtime (min) | 26+53 102+ 205 446 94+87 1084131 8413 54+104 9411

Table 3: Performance of MD methods on PDE datasets, measured by the NMSE of the time derivatives on the test set. Equation
complexity is given in parenthesis. Reported NMSEs are rounded to the nearest power of 10. A check mark (v') indicates
successful identification of the full equation, with all coefficients being in 5% of ground truth. Underlined entries denote
partially correct equations, where only one term is missing or extra, and the remaining terms have coefficients that are within
+5% of ground truth. Empty entries (-) show method failure or timeout. The table includes the average and standard deviation

of method runtimes on clean data (in minutes).

4.3 Limitations

Despite recent progress in data-driven model discovery, we
highlight several key limitations.

First, many algorithms implicitly assume uniform physi-
cal parameters (e.g., diffusivity, conductivity) across space
and time. This assumption simplifies inference but fails to
reflect heterogeneities in real-world systems such as Heat
(Laser) and Reaction-Diffusion (Cylinder) systems (Table
3). Models built under this assumption may generalize
poorly to such heterogeneous environments.

Second, current methods show degraded performance
on systems with many state variables or high-dimensional
spaces. As shown in Table 3, systems with one state vari-
able have a much higher successful discovery rate and lower
errors on average compared to systems with more than one
state variable. In the case of Heat (Solar) systems, the error
increases for all methods as the spatial dimension grows. LM
approaches suffer from the exponential growth of function
libraries, while GP-based methods face intractable search
spaces. This scalability bottleneck limits applicability to re-
alistic systems such as multi-component dynamical systems
or high-resolution simulations.

Third, most discovery methods operate on numerical ap-
proximations of derivatives, making them highly sensitive
to noise. In PDE systems, the amplification of noise through
higher-order derivatives further compromises model fidelity
as can be seen from Figure A10b in supplementary mate-
rials. Without robust denoising mechanisms or noise-aware
formulations, the discovered equations may be structurally
incorrect despite yielding a low NMSE on predicted time
derivatives.

19752

Fourth, there is no established metric for quantifying
equation fidelity. Standard metrics such as NMSE and sym-
bolic complexity do not always reflect the symbolic cor-
rectness of discovered equations. For example, while GP
methods achieved a relatively low NMSE on NS (Chan-
nel) dataset, the discovered equations do not capture the true
dynamics. Without a robust metric that captures functional
equivalence, e.g., using a discretized version of the Sobolev
semi-norm for PDE systems (Schaback 2015), benchmark-
ing results may obscure deeper algorithmic failures.

Finally, several methods fail on specific datasets due to
implementation limitations (e.g., lack of support for multi-
dimensional systems, unstable solvers, or uninformative er-
ror messages). This undermines reproducibility and suggests
the need for compatible implementations that can be used by
other researchers to apply the methods on their datasets.

5 Conclusion

In this paper, we introduced MDBench, a comprehensive
and extensible benchmark for evaluating 12 model discov-
ery methods across 77 dynamical systems. We evaluated the
quality of the discovered dynamics across four methodologi-
cal classes, assessing predictive accuracy of time derivatives,
equation complexity, and fidelity to ground-truth dynamics.
We release MDBench as an open-source, extensible bench-
marking framework as well as a representative collection of
datasets, and believe it provides a foundation for the evalu-
ation and development of novel model discovery algorithms
for dynamical systems. We hope MDBench serves as a foun-
dation for future research in interpretable, robust model dis-
covery across complex dynamical systems.
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