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Figure 8: Simulated trajectories of the learned equations from EquivSINDy-r. In each figure, we
sample 5 learned equations and start the simulation with the same initial value. The solid lines of
different colors correspond to different discovered equations.

short for Infinitesimal/Finite Group actions and Infinitesimal/Finite-time flow map of the ODE.

o[ ]
e PO e
S P S0 e o

where g = exp(ev) is computed for some fixed scale parameter €. In other words, the summation is
always performed over the learned infinitesimal generators (v € B(g) and the group elements g in
the above formulas are dependent on v.

We also note that the denominator of @) has a somewhat different form from others, i.e. the
difference between f(gx) and f(x). If we use f(gx) or f(x) instead, the scale of the denominator
would also depend on . As a result, regions closer to the origin in the state space have larger weights
(smaller denominators) during loss computation. It’s helpful to consider what would happen in the
limit of ¢ — 0,7 — 0. The formulas inside the norms in the numerator and denominator in (35) both
become O(eT), while f(gx) = f(exp(ev)x) = f(x+ O(€)) =  + O(e) + O(7) + O(er), which
does not match the numerator.

While the corresponding constraints in Theorem [3.3] of these losses are all necessary conditions for
symmetry, these loss terms have different implementations that may bring certain advantages or
disadvantages depending on the application, e.g. the representation of symmetry and the algorithm
for equation discovery.

In practice, we use only one of the losses (33} [36] 37} B8) for training. Empirically, we find that
(351 36} 37) improve the discovery performance similarly while (38) leads to a performance drop.
Detailed results are available in Table[5] We conjecture this is because we train a neural network to
model the finite symmetry transformations (discussed in Section[#.3). Computing the Jacobian .J,,
therefore involves computing second-order derivatives of the network and amplifies the numerical
error. On the other hand, if we have exact knowledge about the symmetry of the system in terms
of its infinitesimal generators v, (38)) becomes the most efficient way to incorporate symmetry loss,
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without the need of computing group elements based on the Lie algebra generators or integrating the
learned ODE to its flow map.

Table 5: Equation discovery statistics of sparse regression with different regularization options

on Lotka-Volterra system (I3) at noise level o = 99% and Sel’Kov oscillator (T6)
at noise level op = 20%.

System Reeularization Success prob. RMSE (successful) RMSE (all)
¥ g Eq.1 Eq.2 Al Eq. 1 Eq.2 All Eq. 1 Eq.2
IGFE 0.54 0.58 0.36 | 1.00(0.21)  0.45(0.20)  0.79 (0.15) | 3.16 (2.46) 3.83 (4.01)
LV FGFE 0.54 0.56 0.34 | 0.99(0.21) 0.45(0.20)  0.79 (0.15) | 3.29(2.65) 4.00 (4.05)
FGIE 0.58 0.58 0.38 | 0.99(0.20)  0.44 (0.20)  0.79 (0.14) | 2.90 (2.28) 3.80 (4.00)
IGIE 0.48 0.16 0.08 | 0.58(0.31) 0.66(0.17)  0.88 (0.06) | 3.31(2.67) 7.61 (3.42)
IGFE 0.40 0.70 028 | 0.92(0.22) 0.30(0.13)  0.71(0.16) | 9.97 (8.07) 7.29 (12.72)
Sel’Kov FGFE 0.48 0.68 0.28 | 0.87(0.22) 0.26 (0.12)  0.63 (0.13) | 8.38 (8.55) 7.97 (14.60)
(16) FGIE 0.48 0.54 0.28 | 0.99(0.19) 0.72(0.15) 0.88(0.08) | 8.79(8.94)  10.85(17.50)
IGIE 0.50 0.48 022 | 0.94(0.17) 0.89(0.16) 0.91(0.09) | 825(8.09) 14.56 (20.21)

Besides, and (38) have a specific advantage that any computation related to group actions is
independent of the function h which is constantly updated throughout training. Thus, we can compute
the (infinitesimal) group actions and their Jacobians in advance over the entire dataset. This provides
better compatibility between the use of symmetry and existing tools for equation discovery. For
example, in PySR framework (Cranmer} 2023)), it is difficult to compute group transformations g - «
based on an external neural network module during the equation search. We overcome this challenge
by pre-computing the transformations and using the transformed data as auxiliary inputs.

Table [6] summarizes the comparison between these losses. While their corresponding constraints in
Theorem [3.3]are all necessary conditions for symmetry, they have different implementations that may
bring certain advantages or disadvantages depending on the application, e.g. the representation of
symmetry and the algorithm for equation discovery. For the experiments in Section[5.3] we use Ligre
for sparse regression and Lggg for genetic programming.

Table 6: Comparison between different symmetry regularization losses on whether they need to
compute (finite) group elements, compute higher-order derivatives (for infinitesimal action), integrate
learned equations, and whether they can pre-compute the symmetry transformations over the data.
Loss BS) @) B (B8
Compute group elements No Yes Yes No
Higher-order derivatives No No No Yes
Integrate learned equations Yes Yes No No
Pre-compute symmetry No No Yes Yes

C.3 Equivariant SINDy in Latent Space

Table 7: Samples of discovered equations from SINDyAE |[Champion et al.| (2019), LaLiGAN +
SINDy |Yang et al. (2023a) and our Equivariant SINDyAE.

Method Equation Samples
21 = —0.98 +0.1623 | 2 = 0.42z5 21 = 1.08 0.32z5
SINDyAE ! 2 2 ) , | #2 10322
29 = 0.1622 + 0.80z] Zy = 0.88z1 + 0.372] + 0.8525 zZo = 0.2821
. 21 = 0.10z1 + 0.9729 21 = 0.9929 z1 = 0.1121 4+ 0.9225
LaLiGAN+SINDy | ) i
Zo = —0.8821 Zo = —0.8621 Z9 = —0.922z7 — 0.1122
21 = —0.88z 21 = —0.99z 21 = 0.78z
EquivSINDyAE | ' 2 ! 2 o 2
Zo = 0.9221 Zo = 0.8321 Z2o = —1.042

In Table[7] we show some latent equations for the reaction-diffusion system in Section [5.2]discovered
by different methods. Note that there is no single correct answer for the latent equations, because
there might exist different latent spaces where the high-dimensional dynamics can be described
accurately via different equations. Thus, the analysis in this subsection is mainly qualitative.

The discovered equations from SINDy Autoencoder (SINDyAE) contain numerous quadratic terms.
While these equations may achieve a relative low SINDy error evaluated on individual timesteps, they
fail to account for the periodic nature of the reaction-diffusion system. As a result, if we simulate
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the system towards a long horizon with these equations, the error will accumulate rapidly, as shown
in Figure[3] Also, the discovered equations from multiple runs are essentially different, making it
difficult to select the best one to describe the dynamics.

Compared to SINDyAE, symmetry-based methods such as LaLiGAN + SINDy and our equivariant
SINDy Autoencoder can stably discover simple linear equations with low prediction error. Moreover,
we observe that our method yields more consistent results than the non-equivariant approach (LaLi-
GAN + SINDy). In LaLiGAN + SINDy, although the latent space has a linear symmetry action, the
discovered equations are not constrained to satisfy the symmetry. The resulting equations can take
slightly different forms, as shown in Table[/| On the other hand, our method constantly discovers
equations in the form 2; = —azq, 2o = bz;, where the numerical relationship between a and b
depends on the discovered symmetries.

C.4 Comparison with Neural-ODE-Based Methods

We compare our method with the Time-Reversal Symmetry ODE Network (TRS-ODEN) (Huh et al.|
2020), which uses the discrete symmetry of time-reversal to improve dynamics learning. TRS-ODEN
aims to learn the physical dynamics with black-box neural networks and adds a loss term to encourage
time-reversal symmetry. We evaluate TRS-ODEN as well as other baselines in|Huh et al.| (2020), i.e.
Neural ODE (ODEN) and Hamiltonian Neural ODE (HODEN), on the damped oscillator system
(T3) and the Lotka-Volterra system (I3) in terms of the long-term prediction error. Other metrics,
including success probability and parameter estimation error, are not compared because Neural ODE
does not learn a symbolic equation.

Mlaong-term prediction error for damped oscillator o!Eong-term prediction error for Lotka-Volterra system
= EquivSINDy-c = EquivSINDy-r !

0.35 SINDy 041 SINDy

0304 —— NODE e EQUIVGP-r
—— TRS-NODE - GP

0251 —— HNODE 037 == TRS-NODE

-- NODE
HNODE

0.0 25 5.0 7.5 10.0 125 15.0 17.5 0.00 0.25 0.50 0.75 1.00 1.25 1.50 175 2.00
Time Time
Figure 9: Long-term prediction errors of our method & Neural-ODE-based methods
on the irreversible damped oscillator (left) and the reversible Lotka-Volterra system

(right).

Figure 0 plots the long-term prediction error against the prediction horizon. In the damped oscillator,
because it is irreversible and not conservative, TRS-ODEN and HODEN do not help. In the reversible
Hamiltonian system of Lotka-Volterra equations, TRS-ODEN and HODEN improve upon the baseline
Neural ODE, but have slightly higher errors than our discovered equations with Lie symmetry
regularization. Notably, in the Lotka-Volterra system, our method does not rely on any prior
knowledge (e.g. time-reversal symmetry or conservation of energy) but still achieves lower prediction
error. To conclude, these results demonstrate that our method can be universally applied to various
dynamical systems and achieve superior performance.

D Experiment Details

D.1 Data Generation

Damped Oscillator. We generate 50 trajectories for training, 10 for validation, and 10 for training,
with 7' = 100 timesteps sampled at a fixed rate A¢ = 0.2. The initial conditions are sampled by
sampling the distance to origin 7 ~ U/[0.5, 2] and the polar angle 6 ~ U/[0, 27| and then converting to
(z1,22) = (rcos @, rsinf). The numerical integration is performed with a step size of 0.002. We
apply white noise with noise level oz = 20% to each dimension of the observation.
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Growth. We generate 100 trajectories for training, 20 for validation, and 20 for testing, with
T = 100 timesteps sampled at a fixed rate At = 0.02. The initial conditions are sampled uniformly
from [0.2, 1] x [0.2,1]. The numerical integration is performed with a step size of 0.002. Instead
of applying white noise, we apply a multiplicative noise to this system, so the noise grows together
with the scale of the state variables as the system evolves. Specifically, the observation is obtained
by &; = x;(1 + ¢;), where z; is the true state from numerical integration and ¢; is sampled from
a Gaussian distribution with zero mean and standard deviation o = 0.05. We still refer to this as
5% noise level in the main paper. While the assumption of Gaussian process does not hold here,
we find that Gaussian process smoothing can still improve the likelihood for the equation discovery
algorithms to recover the correct equation. Therefore, just as in any other ODE systems considered in
this work, we apply Gaussian process smoothing before running equation discovery methods.

Lotka-Volterra System. We generate 200 trajectories for training, 20 for validation, and 20 for
testing, with 7" = 10000 timesteps sampled at a fixed rate At = 0.002. For initial conditions, we
first sample the population densities (p1, p2) uniformly from [0, 1] x [0, 1]. Then they are converted
to the logarithm population densities in the canonical form of the equation, i.e. =1 = log(p1)
and zo = log(ps2). Also, we ensure that the Hamiltonian of the system H = exp(xy) — x1 +
1.333 exp(x2) — 0.667 under the sampled initial conditions falls within the range of [3,4.5]. We
discard the initial conditions that do not meet this requirement. Then, the numerical integration
is performed with a step size of 0.002. We apply white noise with noise level o = 99% to each
dimension of the observation.

Glycolytic Oscillator. We generate 10 trajectories for training, 2 for validation, and 2 for testing,
with 7" = 10000 timesteps sampled at a fixed rate At = 0.002. The initial conditions are sampled
uniformly from [0.5, 1] x [0.5, 1]. The numerical integration is performed with a step size of 0.002.
We apply white noise with noise level cr = 20% to each dimension of the observation. We note
that our experimental results on this system are somewhat different from the results in |Qian et al.
(2022)) on this system with the same noise level. This is because our initial conditions are sampled
from a larger range which leads to more diverse trajectories. As a result, the metrics such as success
probabilities and parameter estimation errors appear worse than in|Qian et al.|(2022). However, we
still ensure fair comparison as we use the same generated dataset with our configurations for all the
methods involved in our experiment.

Reaction-Diffusion System. The system is governed by the PDE
up =(1 — (u? + 0?)u + (u? + 0*)v + 0.1 (ugs + Uyy),
v =— (W ) u+ (1= (42 +0%)v + 0.1 (ugy + uyy).

We use the code from SINDy Autoencoder E] (Champion et al.l 2019) to generate the data. The
2D space of u and v is discretized into a 100 x 100 grid. The system is simulated from one initial
value for 7 = 6000 timesteps with step size At = 0.05. Then, we add random Gaussian noises
with standard deviation 10~° to each pixel and at each timestep. We use the timesteps ¢ € [0, 4800)
for training. For forecasting, we use the timestep ¢ = 4800 as the initial value and simulate up
to 600 timesteps with each method. The simulations are compared with the ground truth during
t € [4800, 5400) to calculate the error.

D.2 Equation Discovery

D.2.1 Sparse Regression

For all algorithms based on sparse regression (SINDy), we use a function library ©(x) that contains
up to second-order polynomials, with an exception for Lotka-Volterra system where we also include
the exponential terms. We apply sequential thresholding (Brunton et al., | 2016) to enforce parsimony
in the equations. The threshold is set to 0.05 for the damped oscillator and the growth system, 0.075
for the glycolytic oscillator, and 0.15 for the Lotka-Volterra system. The same threshold is applied to
all methods including SINDy, WSINDy and EquivSINDy.

The original SINDy uses a least square objective and can be solved explicitly. However, when
we introduce symmetry regularization into the training objective, the original solver is no longer

*https://github.com/kpchamp/Sindy Autoencoders/tree/master/rd_solver

65319 https://doi.org/10.52202/079017-2085


https://github.com/kpchamp/SindyAutoencoders/tree/master/rd_solver

applicable. For our equivariant models based on symmetry regularization, we use the L-BFGS
algorithm (Nocedal, |1980) for optimizing the SINDy parameters. We find L-BFGS more effective
than stochastic gradient descent for these low-dimensional problems.

D.2.2 Genetic Programming

We incorporate our symmetry regularization (37) to an existing genetic programming package for
discovering equations, PySR (Cranmer, [2023)). The “GP” baseline in the tables also refers to the
implementation of genetic programming with PySR. On the other hand, we run the experiments
on D-CODE with their official codebase El This codebase is developed based on another genetic
programming package, gplearn. We should note that the performance difference between our
EquivGP and D-CODE can be partially caused by their different backends.

>https://github.com/ZhaozhiQIAN/D-CODE-ICLR-2022
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NeurlIPS Paper Checklist

The checklist is designed to encourage best practices for responsible machine learning research,
addressing issues of reproducibility, transparency, research ethics, and societal impact. Do not remove
the checklist: The papers not including the checklist will be desk rejected. The checklist should
follow the references and follow the (optional) supplemental material. The checklist does NOT count
towards the page limit.

Please read the checklist guidelines carefully for information on how to answer these questions. For
each question in the checklist:

* You should answer [Yes] , ,or [NA] .

* [NA] means either that the question is Not Applicable for that particular paper or the
relevant information is Not Available.

* Please provide a short (1-2 sentence) justification right after your answer (even for NA).

The checklist answers are an integral part of your paper submission. They are visible to the
reviewers, area chairs, senior area chairs, and ethics reviewers. You will be asked to also include it
(after eventual revisions) with the final version of your paper, and its final version will be published
with the paper.

The reviewers of your paper will be asked to use the checklist as one of the factors in their evaluation.
While "[Yes] " is generally preferable to " ", itis perfectly acceptable to answer " " provided a
proper justification is given (e.g., "error bars are not reported because it would be too computationally
expensive" or "we were unable to find the license for the dataset we used"). In general, answering
" "or "[NA] " is not grounds for rejection. While the questions are phrased in a binary way, we
acknowledge that the true answer is often more nuanced, so please just use your best judgment and
write a justification to elaborate. All supporting evidence can appear either in the main paper or the
supplemental material, provided in appendix. If you answer [Yes] to a question, in the justification
please point to the section(s) where related material for the question can be found.

1. Claims

Question: Do the main claims made in the abstract and introduction accurately reflect the
paper’s contributions and scope?

Answer: [Yes]

Justification: We have listed our four main contributions in the introduction, (roughly)
corresponding to Section[3] Section[d.1] Section[d.2]to Section[4.3] and Section [5]

Guidelines:

e The answer NA means that the abstract and introduction do not include the claims
made in the paper.

* The abstract and/or introduction should clearly state the claims made, including the
contributions made in the paper and important assumptions and limitations. A No or
NA answer to this question will not be perceived well by the reviewers.

* The claims made should match theoretical and experimental results, and reflect how
much the results can be expected to generalize to other settings.

* It is fine to include aspirational goals as motivation as long as it is clear that these goals
are not attained by the paper.

2. Limitations
Question: Does the paper discuss the limitations of the work performed by the authors?
Answer: [Yes]

Justification: Our paper is limited to the scope of autonomous ODEs. See Section [6] for
discussion on limitations and potential generalizations.

Guidelines:

* The answer NA means that the paper has no limitation while the answer No means that
the paper has limitations, but those are not discussed in the paper.
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 The authors are encouraged to create a separate "Limitations" section in their paper.

The paper should point out any strong assumptions and how robust the results are to
violations of these assumptions (e.g., independence assumptions, noiseless settings,
model well-specification, asymptotic approximations only holding locally). The authors
should reflect on how these assumptions might be violated in practice and what the
implications would be.

* The authors should reflect on the scope of the claims made, e.g., if the approach was
only tested on a few datasets or with a few runs. In general, empirical results often
depend on implicit assumptions, which should be articulated.

* The authors should reflect on the factors that influence the performance of the approach.
For example, a facial recognition algorithm may perform poorly when image resolution
is low or images are taken in low lighting. Or a speech-to-text system might not be
used reliably to provide closed captions for online lectures because it fails to handle
technical jargon.

* The authors should discuss the computational efficiency of the proposed algorithms

and how they scale with dataset size.

If applicable, the authors should discuss possible limitations of their approach to

address problems of privacy and fairness.

* While the authors might fear that complete honesty about limitations might be used by
reviewers as grounds for rejection, a worse outcome might be that reviewers discover
limitations that aren’t acknowledged in the paper. The authors should use their best
judgment and recognize that individual actions in favor of transparency play an impor-
tant role in developing norms that preserve the integrity of the community. Reviewers
will be specifically instructed to not penalize honesty concerning limitations.

3. Theory Assumptions and Proofs

Question: For each theoretical result, does the paper provide the full set of assumptions and
a complete (and correct) proof?

Answer: [Yes]

Justification: Appendix [A]discusses the scope of this paper and the related assumptions.
Proofs to the theoretic results are available in Appendix [B]

Guidelines:

* The answer NA means that the paper does not include theoretical results.

* All the theorems, formulas, and proofs in the paper should be numbered and cross-
referenced.

* All assumptions should be clearly stated or referenced in the statement of any theorems.

* The proofs can either appear in the main paper or the supplemental material, but if
they appear in the supplemental material, the authors are encouraged to provide a short
proof sketch to provide intuition.

* Inversely, any informal proof provided in the core of the paper should be complemented
by formal proofs provided in appendix or supplemental material.

* Theorems and Lemmas that the proof relies upon should be properly referenced.
4. Experimental Result Reproducibility

Question: Does the paper fully disclose all the information needed to reproduce the main ex-
perimental results of the paper to the extent that it affects the main claims and/or conclusions
of the paper (regardless of whether the code and data are provided or not)?

Answer: [Yes]

Justification: We provide details about experiments in Appendix [D] We also make our
codebase available in the supplementary material.

Guidelines:

* The answer NA means that the paper does not include experiments.

» If the paper includes experiments, a No answer to this question will not be perceived
well by the reviewers: Making the paper reproducible is important, regardless of
whether the code and data are provided or not.
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* If the contribution is a dataset and/or model, the authors should describe the steps taken
to make their results reproducible or verifiable.
Depending on the contribution, reproducibility can be accomplished in various ways.
For example, if the contribution is a novel architecture, describing the architecture fully
might suffice, or if the contribution is a specific model and empirical evaluation, it may
be necessary to either make it possible for others to replicate the model with the same
dataset, or provide access to the model. In general. releasing code and data is often
one good way to accomplish this, but reproducibility can also be provided via detailed
instructions for how to replicate the results, access to a hosted model (e.g., in the case
of a large language model), releasing of a model checkpoint, or other means that are
appropriate to the research performed.

While NeurIPS does not require releasing code, the conference does require all submis-

sions to provide some reasonable avenue for reproducibility, which may depend on the

nature of the contribution. For example

(a) If the contribution is primarily a new algorithm, the paper should make it clear how
to reproduce that algorithm.

(b) If the contribution is primarily a new model architecture, the paper should describe
the architecture clearly and fully.

(c) If the contribution is a new model (e.g., a large language model), then there should
either be a way to access this model for reproducing the results or a way to reproduce
the model (e.g., with an open-source dataset or instructions for how to construct
the dataset).

(d) We recognize that reproducibility may be tricky in some cases, in which case
authors are welcome to describe the particular way they provide for reproducibility.
In the case of closed-source models, it may be that access to the model is limited in
some way (e.g., to registered users), but it should be possible for other researchers
to have some path to reproducing or verifying the results.

5. Open access to data and code

Question: Does the paper provide open access to the data and code, with sufficient instruc-
tions to faithfully reproduce the main experimental results, as described in supplemental
material?

Answer: [Yes]

Justification: We make our codebase, including data generation and experiments, available
in the supplementary material.

Guidelines:

* The answer NA means that paper does not include experiments requiring code.

* Please see the NeurIPS code and data submission guidelines (https://nips.cc/
public/guides/CodeSubmissionPolicy) for more details.

* While we encourage the release of code and data, we understand that this might not be
possible, so “No” is an acceptable answer. Papers cannot be rejected simply for not
including code, unless this is central to the contribution (e.g., for a new open-source
benchmark).

* The instructions should contain the exact command and environment needed to run to
reproduce the results. See the NeurIPS code and data submission guidelines (https:
//nips.cc/public/guides/CodeSubmissionPolicy) for more details.

* The authors should provide instructions on data access and preparation, including how
to access the raw data, preprocessed data, intermediate data, and generated data, etc.
 The authors should provide scripts to reproduce all experimental results for the new
proposed method and baselines. If only a subset of experiments are reproducible, they

should state which ones are omitted from the script and why.

* At submission time, to preserve anonymity, the authors should release anonymized

versions (if applicable).

Providing as much information as possible in supplemental material (appended to the

paper) is recommended, but including URLSs to data and code is permitted.

6. Experimental Setting/Details
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Question: Does the paper specify all the training and test details (e.g., data splits, hyper-
parameters, how they were chosen, type of optimizer, etc.) necessary to understand the
results?

Answer: [Yes]

Justification: Section[5]discusses the experiment settings in general and Appendix[D]provides
more details.

Guidelines:

* The answer NA means that the paper does not include experiments.

* The experimental setting should be presented in the core of the paper to a level of detail
that is necessary to appreciate the results and make sense of them.

¢ The full details can be provided either with the code, in appendix, or as supplemental
material.
7. Experiment Statistical Significance

Question: Does the paper report error bars suitably and correctly defined or other appropriate
information about the statistical significance of the experiments?

Answer: [Yes]

Justification: Each experiment is repeated for 10~50 times. The success probability metric
is an aggregation over the replications, so no error bar is available. For other metrics, we
report the mean and standard deviation over all the replicated runs.

Guidelines:

* The answer NA means that the paper does not include experiments.

* The authors should answer "Yes" if the results are accompanied by error bars, confi-
dence intervals, or statistical significance tests, at least for the experiments that support
the main claims of the paper.

* The factors of variability that the error bars are capturing should be clearly stated (for
example, train/test split, initialization, random drawing of some parameter, or overall
run with given experimental conditions).

* The method for calculating the error bars should be explained (closed form formula,
call to a library function, bootstrap, etc.)

* The assumptions made should be given (e.g., Normally distributed errors).

e It should be clear whether the error bar is the standard deviation or the standard error
of the mean.

e It is OK to report 1-sigma error bars, but one should state it. The authors should
preferably report a 2-sigma error bar than state that they have a 96% CI, if the hypothesis
of Normality of errors is not verified.

» For asymmetric distributions, the authors should be careful not to show in tables or
figures symmetric error bars that would yield results that are out of range (e.g. negative
error rates).

* If error bars are reported in tables or plots, The authors should explain in the text how
they were calculated and reference the corresponding figures or tables in the text.

8. Experiments Compute Resources

Question: For each experiment, does the paper provide sufficient information on the com-
puter resources (type of compute workers, memory, time of execution) needed to reproduce
the experiments?

Answer:

Justification: We did not keep track of the execution time as most experiments are solving
low-dimensional problems and can be done within minutes on a single CPU or GPU.

Guidelines:

* The answer NA means that the paper does not include experiments.

* The paper should indicate the type of compute workers CPU or GPU, internal cluster,
or cloud provider, including relevant memory and storage.
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* The paper should provide the amount of compute required for each of the individual
experimental runs as well as estimate the total compute.

* The paper should disclose whether the full research project required more compute
than the experiments reported in the paper (e.g., preliminary or failed experiments that
didn’t make it into the paper).

9. Code Of Ethics

Question: Does the research conducted in the paper conform, in every respect, with the
NeurIPS Code of Ethics https://neurips.cc/public/EthicsGuidelines]?

Answer: [Yes]

Justification: The authors have read the NeurIPS Code of Ethics and confirmed that this
paper does not violate it.

Guidelines:

* The answer NA means that the authors have not reviewed the NeurIPS Code of Ethics.

* If the authors answer No, they should explain the special circumstances that require a
deviation from the Code of Ethics.

* The authors should make sure to preserve anonymity (e.g., if there is a special consid-
eration due to laws or regulations in their jurisdiction).

10. Broader Impacts

Question: Does the paper discuss both potential positive societal impacts and negative
societal impacts of the work performed?

Answer: [NA]

Justification: This paper aims to discover governing equations in physical science and has
minimal societal impact.

Guidelines:

* The answer NA means that there is no societal impact of the work performed.

* If the authors answer NA or No, they should explain why their work has no societal
impact or why the paper does not address societal impact.

» Examples of negative societal impacts include potential malicious or unintended uses
(e.g., disinformation, generating fake profiles, surveillance), fairness considerations
(e.g., deployment of technologies that could make decisions that unfairly impact specific
groups), privacy considerations, and security considerations.

» The conference expects that many papers will be foundational research and not tied
to particular applications, let alone deployments. However, if there is a direct path to
any negative applications, the authors should point it out. For example, it is legitimate
to point out that an improvement in the quality of generative models could be used to
generate deepfakes for disinformation. On the other hand, it is not needed to point out
that a generic algorithm for optimizing neural networks could enable people to train
models that generate Deepfakes faster.

* The authors should consider possible harms that could arise when the technology is
being used as intended and functioning correctly, harms that could arise when the
technology is being used as intended but gives incorrect results, and harms following
from (intentional or unintentional) misuse of the technology.

* If there are negative societal impacts, the authors could also discuss possible mitigation
strategies (e.g., gated release of models, providing defenses in addition to attacks,
mechanisms for monitoring misuse, mechanisms to monitor how a system learns from
feedback over time, improving the efficiency and accessibility of ML).

11. Safeguards

Question: Does the paper describe safeguards that have been put in place for responsible
release of data or models that have a high risk for misuse (e.g., pretrained language models,
image generators, or scraped datasets)?

Answer: [NA]

Justification: The data used in the paper are generated by numerical methods and have no
safety risks.
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Guidelines:

* The answer NA means that the paper poses no such risks.

* Released models that have a high risk for misuse or dual-use should be released with
necessary safeguards to allow for controlled use of the model, for example by requiring
that users adhere to usage guidelines or restrictions to access the model or implementing
safety filters.

* Datasets that have been scraped from the Internet could pose safety risks. The authors
should describe how they avoided releasing unsafe images.

* We recognize that providing effective safeguards is challenging, and many papers do
not require this, but we encourage authors to take this into account and make a best
faith effort.

12. Licenses for existing assets

Question: Are the creators or original owners of assets (e.g., code, data, models), used in
the paper, properly credited and are the license and terms of use explicitly mentioned and
properly respected?

Answer: [Yes]

Justification: The paper has cited the original papers that produced the dataset and provided
the URLs.

Guidelines:

* The answer NA means that the paper does not use existing assets.
 The authors should cite the original paper that produced the code package or dataset.

* The authors should state which version of the asset is used and, if possible, include a
URL.

* The name of the license (e.g., CC-BY 4.0) should be included for each asset.

* For scraped data from a particular source (e.g., website), the copyright and terms of
service of that source should be provided.

o If assets are released, the license, copyright information, and terms of use in the
package should be provided. For popular datasets, paperswithcode.com/datasets
has curated licenses for some datasets. Their licensing guide can help determine the
license of a dataset.

* For existing datasets that are re-packaged, both the original license and the license of
the derived asset (if it has changed) should be provided.

* If this information is not available online, the authors are encouraged to reach out to
the asset’s creators.
13. New Assets

Question: Are new assets introduced in the paper well documented and is the documentation
provided alongside the assets?

Answer: [Yes]

Justification: We provide the documentation along with the codebase in the supplementary
material.

Guidelines:

* The answer NA means that the paper does not release new assets.

* Researchers should communicate the details of the dataset/code/model as part of their
submissions via structured templates. This includes details about training, license,
limitations, etc.

* The paper should discuss whether and how consent was obtained from people whose
asset is used.

* At submission time, remember to anonymize your assets (if applicable). You can either
create an anonymized URL or include an anonymized zip file.

14. Crowdsourcing and Research with Human Subjects

Question: For crowdsourcing experiments and research with human subjects, does the paper
include the full text of instructions given to participants and screenshots, if applicable, as
well as details about compensation (if any)?
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Answer: [NA]
Justification: The paper does not involve crowdsourcing nor research with human subjects.
Guidelines:
* The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.

¢ Including this information in the supplemental material is fine, but if the main contribu-
tion of the paper involves human subjects, then as much detail as possible should be
included in the main paper.

* According to the NeurIPS Code of Ethics, workers involved in data collection, curation,
or other labor should be paid at least the minimum wage in the country of the data
collector.

15. Institutional Review Board (IRB) Approvals or Equivalent for Research with Human
Subjects

Question: Does the paper describe potential risks incurred by study participants, whether
such risks were disclosed to the subjects, and whether Institutional Review Board (IRB)
approvals (or an equivalent approval/review based on the requirements of your country or
institution) were obtained?

Answer: [NA]

Justification: The paper does not involve crowdsourcing nor research with human subjects.
Guidelines:

* The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.

* Depending on the country in which research is conducted, IRB approval (or equivalent)
may be required for any human subjects research. If you obtained IRB approval, you
should clearly state this in the paper.

* We recognize that the procedures for this may vary significantly between institutions
and locations, and we expect authors to adhere to the NeurIPS Code of Ethics and the
guidelines for their institution.

* For initial submissions, do not include any information that would break anonymity (if
applicable), such as the institution conducting the review.
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