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Abstract

Symbolic Regression (SR) is a task of recovering mathematical expressions from
given data and has been attracting attention from the research community to discuss
its potential for scientific discovery. However, the community lacks datasets
of symbolic regression for scientific discovery (SRSD) to discuss the potential
of SR. To address the critical issue, we revisit datasets of SRSD to discuss the
potential of symbolic regression for scientific discovery. Focused on a set of
formulas used in the existing datasets based on Feynman Lectures on Physics, we
recreate 120 datasets to discuss the performance of SRSD. For each of the 120
SRSD datasets, we carefully review the properties of the formula and its variables
to design reasonably realistic sampling ranges of values so that our new SRSD
datasets can be used for evaluating the potential of SRSD such as whether or not
an SR method can (re)discover physical laws from such datasets. We conduct
experiments on our new SRSD datasets using five state-of-the-art SR methods in
SRBench, and the results show that the new SRSD datasets are more challenging
than the original ones. Our datasetsﬂmand code repositoryE]are publicly available.

1 Introduction

Recent advances in machine learning (ML), especially deep learning (DL), have led to the proposal
of many methods that can reproduce the given data and make appropriate inferences on new inputs.
Such methods are, however, often black-box, which makes it difficult for humans to understand how
they made predictions for given inputs. This property will be more critical especially when non-ML
experts apply ML to problems in their research domains such as physics and chemistry.

Symbolic regression (SR) is the task of producing a mathematical expression (symbolic expression)
that fits a given dataset. SR has been studied in the genetic programming (GP) community [[116], and
DL-based SR has been attracting more attention from the ML/DL community [[7H12]. Because of
its interpretability, various scientific communities apply SR to advance research in their scientific
fields e.g., Physics [13H19]], Applied Mechanics [20], Climatology [21], Materials [22-H25]], and
Chemistry [26].
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Given that SR has been studied in various communities, La Cava et al. [[1L1] propose SRBench, a unified
benchmark framework for symbolic regression methods. In the benchmark study, they combine
the Feynman Symbolic Regression Database (FSRD) [[14] and the ODE-Strogatz repository [27] to
compare a number of SR methods, using a large-scale heterogeneous computing cluster.

To discuss the potential of symbolic regression for scientific discovery (SRSD), there still remain
some issues to be addressed: oversimplified datasets and lack of evaluation metric towards SRSD.
For symbolic regression tasks, existing datasets consist of values sampled from limited domains such
as in range of 1 to 5, and there are no large-scale datasets with reasonably realistic values that capture
the properties of the formula and its variables. Thus, it is difficult to discuss the potential of symbolic
regression for scientific discovery with such existing datasets. For instance, the FSRD consists of 120
formulas selected mostly from Feynman Lectures Seriesﬂ [32H34] and are core benchmark datasets
used in SRBench [[11]]. While the formulas indicate physical laws, variables and constants used in
each dataset have no physical meanings and sampling processes are oversimplified since the datasets
in the benchmark study are not designed to discover the physical laws from the observed data in the
real world. (See Section [3.1})

To address these issues, we propose new SRSD datasets and conduct benchmark experiments using
representative SR methods. We carefully review and design annotation policies for the new datasets,
considering the properties of the physics formulas. Using the proposed SRSD datasets, we perform
benchmark experiments with a set of symbolic regression baselines and find that even state of the art
symbolic regression methods still need improvements to be used for scientific discovery.

2 Related Studies

In this section, we briefly introduce related studies focused on 1) symbolic regression for scientific
discovery and 2) symbolic regression dataset and evaluation.

2.1 SRSD: Symbolic Regression for Scientific Discovery

A pioneer study on symbolic regression for scientific discovery is conducted by Schmidt and Lipson
[35], who propose a data-driven scientific discovery method. They collect data from standard
experimental systems like those used in undergrad physics education: an air-track oscillator and a
double pendulum. Their proposed algorithm detects different types of laws from the data such as
position manifolds, energy laws, and equations of motion and sum of forces laws.

Following the study, data-driven scientific discovery has been attracting attention from research
communities and been applied to various domains such as Physics [13H19], Applied Mechanics [20]],
Climatology [21]], Materials [22H25]], and Chemistry [26].

These studies leverage symbolic regression in different fields. While general symbolic regression
tasks use synthetic datasets with limited sampling domains for benchmarks, many of the SRSD
studies collect data from the real world and discuss how we could leverage symbolic regression
toward scientific discovery.

While SRSD tasks share the same input-output interface with general symbolic regression (SR) tasks
(i.e., input: dataset, output: symbolic expression), we differentiate SRSD tasks in this study from
general SR tasks by whether or not the datasets including true symbolic expressions are created with
reasonably realistic assumptions for scientific discovery such as meaning of true symbolic expressions
(whether or not they have physical meanings) and sampling domains for input variables.

2.2 Dataset and Evaluation

For symbolic regression methods, there exist several benchmark datasets and empirical studies. The
Feynman Symbolic Regression Database [14]] is one of the largest symbolic regression datasets,
which consists of 100 physics-inspired equations based on Feynman Lectures on Physics [|32-34]].
By randomly sampling from small ranges of value, they generate the corresponding tabular datasets
for the 100 equations. Inspired by [} 2, 4], Uy et al. [5] suggest 10 different real-valued symbolic
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regression problems (functions) and create the corresponding dataset (a.k.a. Nguyen dataset). The
suggested functions consist of either 1 or 2 variables e.g., f(x) = 25 + 25 + 2* + 2> + 22 + 2 and
f(x,y) = sin(x) + sin(y?). They generate each dataset by randomly sampling 20 - 100 data points.

La Cava et al. [L1] design a symbolic regression benchmark, named SRBench, and conduct a
comprehensive benchmark experiment, using existing symbolic regression datasets such as the
Feynman Symbolic Regression Database [[14] and ODE-Strogatz repository [36]. In SRBench,
symbolic regression methods are assessed by 1) an error metric based on squared error between
target and estimated values, and 2) solution rate that shows a percentage of the estimated symbolic
regression models that match the true models (equations).

However, these datasets and evaluations are not necessarily designed to discuss symbolic regression
for scientific discovery. In Sections[3.1]and 4.1 we will further describe potential issues in such
existing studies.

3 Datasets

In this section, we summarize issues we found in the existing symbolic regression datasets, and then
propose new datasets to address them towards symbolic regression for scientific discovery (SRSD).

3.1 Issues in Existing Datasets

As introduced in Section[2.2] there are many symbolic regression datasets. However, we consider
that novel datasets are required to discuss SRSD for the following reasons:

1. No physical meaning: Many of the existing symbolic regression datasets [1} 12| 4} 5] are not
necessarily physics-inspired, but instead randomly generated e.g., f(z) = log(z), f(x,y) =
zy+sin((x —1)(y —1)). To discuss the potential of symbolic regression for scientific discovery,
we need to further elaborate datasets, considering how we would leverage symbolic regression
in practice.

2. Oversimplified sampling process: While some of the datasets are physics-inspired such as
the Feynman Symbolic Regression Database (FSRD) [14]] and ODE-Strogatz repository [36]],
their sampling strategies are very simplified. Specifically, the strategies do not distinguish
between constants and variables e.g., speed of 1igh1{Z] is treated as a variable and randomly
sampled in range of 1 to 5. Besides, most of the sampling domains are far from values we
could observe in the real world e.g, I1.4.23 in Table [ST] (the vacuum permittivity values are
sampled from range of 1 to 5). When sampled ranges of the distributions are narrow, we cannot
distinguish Lorentz transformation from Galilean transformation e.g. 1.15.10 and 1.16.6 in
Table[S3] 1.48.2 in Table[S5] 1.15.3t, 1.15.3x, and 1.34.14 in Table[S7] or the black body radiation
can be misestimated to Stephan-Boltzmann law or the Wien displacement law e.g. 1.41.16 in
Table

3. Duplicate equations: Due to the two issues above, many of the equations in existing datasets
turn out to be duplicate. e.g., as shown in Table[I} F' = uN,, (L12.1) and F = ¢ E (1.12.5)
in the original Feynman Symbolic Regression Database are considered identical since both
the equations are multiplicative and consists of two variables, and their sampling domains
(Distributions in Table[I]) are exactly the same. For instance, approximately 25% of the symbolic
regression problems in the original FSRD have 1 - 5 duplicates in that regard.

4. Incorrect/Inappropriate formulas: The Feynman Symbolic Regression Database [14] treat
every variables as float whereas they should be integer to be physically meaningful. For example,
the number of phase difference in Bragg’s law should be integer but sampled as real number
(I.30.5 in Table [ST)). Furthermore, they don’t even give special treatment of angle variables
(I.18.12, I.18.16, and 1.26.2 in Table[I). Physically some variables can be negative whereas the
original Feynman Symbolic Regression Database [14]] only samples positive values (e.g. 1.8.14
and I.11.19 in Table[S3). We also avoid using arcsin/arccos in the equations since the use of
arcsinlarccos in the Feynman Symbolic Regression Database [[14] just to obtain angle variable
is not experimentally meaningful (1.26.2 in Table([T] 1.30.5 in Table[ST] and B10 in Table[STT])
Equations using arcsin and arccos in the original annotation are 1.26.2 (Snell’s law), 1.30.5
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(Bragg’s law), and B10 (Relativistic aberration). These are all describing physical phenomena
related to two angles, and it is an unnatural deformation to describe only one of them with an
inverse function. Additionally, inverse function use implicitly limits the range of angles, but
there is no such limitation in the actual physical phenomena.

3.2 Proposed SRSD Datasets

We address the issues in existing datasets above by proposing new SRSD datasets based on the
equations used in the FSRD [14]. i.e., Section@] summarizes the differences between the FSRD
and our SRSD datasets. Our annotation policy is carefully designed to simulate typical physics
experiments so that the SRSD datasets can engage studies on symbolic regression for scientific
discovery in the research community.

3.2.1 Annotation policy

We thoroughly revised the sampling range for each variable from the annotations in the FSRD [14].
First, we reviewed the properties of each variable and treated physical constants (e.g., light speed,
gravitational constant) as constants while such constants are treated as variables in the original FSRD
datasets. Next, variable ranges were defined to correspond to each typical physics experiment to
confirm the physical phenomenon for each equation. We also used [37] as a reference. In cases where
a specific experiment is difficult to be assumed, ranges were set within which the corresponding
physical phenomenon can be seen. Generally, the ranges are set to be sampled on log scales within
their orders as 102 in order to take both large and small changes in value as the order changes.
Variables such as angles, for which a linear distribution is expected are set to be sampled uniformly.
In addition, variables that take a specific sign were set to be sampled within that range. Tables [I]
and [ST|-[STT] show the detailed comparisons between the original FSRD and our proposed SRSD
datasets.

3.2.2 Complexity-aware Dataset Categories

While the proposed datasets consist of 120 different problems, there will be non-trivial training cost
required to train a symbolic regression model for all the problems individually [L1] i.e., there will be
120 separate training sessions to assess the symbolic regression approach. To allow more flexibility in
assessing symbolic regression models for scientific discovery, we define three clusters of the proposed
datasets based on their complexity: Easy, Medium, and Hard sets, which consist of 30, 40, and 50
different problems respectively.

We define the complexity of problem, using the number of operations to represent the true equation
tree and range of the sampling domains. The former measures how many mathematical operations
compose the true equation such as add, mul, pow, exp, and log operations. The latter considers
magnitude of sampling distributions (Distributions column in Tables[I|and [ST|—[STI)) and increases
the complexity when sampling values from wide range of distributions. We define the domain range
as follows:

max s — min s
seS seS

frange (S) = ’ (D

log

where S indicates a set of sampling domains (distributions) for a given symbolic regression problem.

As we will show in Section [5.3] these clusters represent problem difficulties at high level. For
instance, these subsets will help the research community to shortly tune and/or perform sanity-check
new approaches on the Easy set (30 problems) instead of using the whole datasets (120 problems).
Figure [T| shows the three different distribution maps of our proposed datasets. Easy, Medium, and
Hard sets consist of 30, 40, and 50 individual symbolic regression problems, respectively.

4 Benchmark

Besides the conventional metrics, we propose a new metric to discuss the performance of symbolic
regression for scientific discovery in Section[d.T} Following the set of metrics, we design an evaluation
framework of symbolic regression for scientific discovery.



Table 1: Easy set of our proposed datasets (part 1). C: Constant, V: Variable, F: Float, I: Integer, P:
Positive, N: Negative, NN: Non-Negative, I{: Uniform distribution, U,e: Log-Uniform distribution.

Eq. ID Formula Symbols ‘ l"roperties N Distributions
Original ~ Ours  Original Ours
F Force of friction V,F V,E P N/A N/A
L12.1 F=uN, p Coefficient of friction V,F  V,EP U(1,5) Ug(1072,10°)
N,  Normal force V,F  V,EP U(1,5) Ug(1072,10°)
E Magnitude of electric field ~ V,F V,F N/A N/A
a1 q1 Electric charge V,F V.F U(1,5) ulog(10737 1071
R : 2,
r Distance V,F V,EP U(1,5) Ueg(1077,10")
€ Vacuum permittivity V,F C,EP U(1,5) 8.854 x 1012
F Force V, F V,F N/A N/A
LI125 F=g@E ¢ Electric charge V,F V,F  U(1,5) Ueg(1073,1071)
E Electric field V,F V,F  U(1,5) Uoe(10",10°%)
U Potential energy V,F V.E P N/A N/A
1143 U=mgz ™ Mass ' V,E  V,EP U(1,5) ulog(m*?,l?]“)
g Gravitational acceleration V,F C,EP U(1,5) 9.807 x 10
z Height V,F V,F  U(1,5) Ueg(1072,10%)
U Elastic energy V,F V.E P N/A N/A
Ll44 7 kspra;ng Kespring  Spring constant V,F  V,EP U(1,5) Ug(10%,10%)
z Position V,F V,F  U(1,5) Ug(1072,10%)
T Torque V,F V,F N/A N/A
L1812 »—rFsing " Distance V,F  V,EP U(1,5) ulog(m:i, 101)
F Force V,F V,F  U(1,5) Ug(1071, 10%)
0 Angle V,F V,ENN U(0,5) U(0, 2m)
L Angular momentum V,F V,F N/A N/A
m Mass V,E  V,EP U(1,5) Uog(1071,10%)
L1816 L = mrvsing r Distance V,F  V,EP U(1,5) Ueg(1071,10%)
v Velocity V,F  V,EP U(1,5) Ueg(1071,10%)
0 Angle V,E  V,ENN U(1,5) U0, 27)
\% Voltage V,F V,F N/A N/A
1.25.13 V=25 q Electric charge V,F V,F  U(1,5) Ug(107°,1073)
C Electrostatic Capacitance ~~ V,E V,EP  U(1,5) Ug(107°,1073)
n Relative refractive index V,F V,EP U(0,1) N/A
1.26.2 n= ::: g; 01 Refraction angle 1 V,F V,F N/A uo, %)
02 Refraction angle 2 V,F V,F  U(1,5) Uuo, %)
f Focal length V,F V,F N/A N/A
76 = ﬁ dq Distance V,F  V,EP U(1,5) Uog(1073,1071)
dp Tdy  n Refractive index V,F  V,EP, U(1,5) Ug(1071,10")
da Distance V,;F  V,EP U(1,5) Uog(1073,1071)

4.1 Metrics

In general, it would be difficult to define “accuracy” of symbolic regression models since we will
compare its estimated equation to the ground truth equation and need criteria to determine whether or
not it is “correct”. La Cava et al. [[L1] suggested a reasonable definition of symbolic solution, which
is designed to capture symbolic regression models that differ from the true model by a constant or
scalar. Using R? score (Eq. ), they also defined as accuracy the percentage of symbolic regression
problems that a model meets R? > 7, where 7 is a threshold e.g., 7 = 0.999 in [[T1].

s S (fored (X)) = fine (X))
R? = , 2
ch\f (ftrue (Xk) - g)Q ( )

where [V indicates the number of test samples (i.e., the number of rows in the test dataset), and ¥ is
a mean of target outputs produced by fiue. fprea and fire are a trained SR model and a true model,
respectively.
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Figure 1: Distribution map of our proposed datasets based on three different subsets with respect to
our complexity metrics. Data points at top right/bottom left indicate more/less complex problems.

4.2 Model Selection

For real datasets (assuming observed datasets), only tabular data are available for training and
validation. (In practice, a test dataset does not include the true equation). For benchmark purposes,
true equations are provided as test data besides test tabular data.

For each problem, we use the validation tabular dataset and choose the best trained SR model f 4
from F, a set of the trained models by a given method respect to Eq.

fpred(Xi) - ftrue(Xi) ?
ftrue(Xi) 7

where X; indicates the i-th row of the validation tabular dataset X.

n

1
fored = argmin — z

fored€F T i1

3

We use the geometrical distance between predicted values against a validation tabular dataset to
choose the best model obtained through hyperparameter tuning. Using the best model per method,
we compute R? score to assess the method.

S Experiments

5.1 Baseline Methods

For baselines, we use the five best symbolic regression methods in SRBench [[11]. Specifically, we
choose gplearn [3]], AFP [38]], AFP-FE [35], Al Feynman [[15]], and DSR [7]], referring to the rankings
of solution rate for the FSRD datasets in their study.

1. gplearn [3]: a genetic programming based symbolic regression method published as a Python
package gplearn.

2. AFP [38]: Age-fitness pareto optimization.
3. AFP-FE [35]: AFP optimization with fitness estimates.

4. AI Feynman [15]]: an iterative approach to generate symbolic regression to seek to fit data to
formulas that are Pareto-optimal.

5. DSR [[7]: reinforcement learning based deep symbolic regression.

For the details of the baseline models, we refer readers to the corresponding papers [3} (7} 15135} 138]].

5.2 Runtime Constraints

The implementations of the baseline methods in Section [5.1]do not use any GPUs. We run 600 high
performance computing (HPC) jobs in total, using “C.small” and “C.large” computing nodes, which



Table 2: Baseline results: accuracy (R? > 0.999) defined by La Cava et al. [[T1].

SRSD Datasets \ Method | gplearn AFP AFP-FE Al Feynman DSR

Easy set (30 problems) 6.67% 20.0% 23.3% 33.3% | 60.0%
Medium set (40 problems) 7.50% 5.00% 5.00% 5.00% @ 45.0%
Hard set (50 problems) 2.00% 4.00% 4.00% 8.00% « 30.0%

Table 3: Baseline results: solution rate defined by La Cava et al. [11]].

SRSD Datasets \ Method | gplearn AFP AFP-FE Al Feynman DSR

Easy set (30 problems) 6.67% 20.0% 20.0% 30.0% @ 43.3%
Medium set (40 problems) 2.50% 2.50% 2.50% 2.50% @ 10.0%
Hard set (50 problems) 0.00% 0.00% 0.00% 2.00% 2.00%

Table 4: Solution rates of common baselines for FSRD and SRSD (Easy, Medium, Hard) datasets.

Dataset \ Method \ gplearn AFP AFP-FE Al Feynman DSR

FSRD [14]] 155% 20.48%  26.23% 52.65% 19.71%
SRSD (Ours) 1.67%  5.83% 5.83% 917% = 15.0%

have 5 - 20 assigned physical CPU cores, 30 - 120 GB RAM, and 720 GB local storage available in
Al Bridging Cloud Infrastructure (ABCI)E] Due to the properties of our HPC resource, we have some
runtime constraints:

1. Since each HPC job is designed to run for up to 24 hours due to the limited resource, we run a
job with a pair of a target tabular dataset and a symbolic regression method.

2. Given a pair of a dataset and a method, each of our HPC jobs runs up to 100 separate training
sessions with different hyperparameter values.

5.3 Results

In this section, we discuss the experimental results of our baseline methods, using the proposed SRSD
datasets. Tables[2]and [3]show the performance of the symbolic regression baseline methods in terms
of R2-driven accuracy (R? > 0.999) and solution rate respectively, and both the metrics are used
in SRBench [11]. According to the metrics, DSR significantly outperforms all the other baselines
we considered. The DSR results also indicate difficulty levels of the three categories of our SRSD
datasets, which looks aligned with our complexity-aware dataset categorization (Section [3.2.2).

Table [4] compares the solution rates of the five common baselines for the FSRD and our SRSD
datasets. We can confirm that the overall solution rates for our SRSD are significantly degraded
compared to those for the FSRD reported in SRBench [[11]. The results indicate that our SRSD
datasets are more challenging than the FSRD in terms of solution rate.

6 Limitations and Discussion

6.1 Implicit Functions

Symbolic regression generally has a limitation in inferring implicit functions, as the model infers a
trivial constant function if there are no restrictions on variables. For example, f(x,y) = 0 is inferred
as 0 = 0 Vx,y. This problem can be solved by applying the constraint that an inferred function should
depend on at least two variables e.g., inferring f(x,y) = 0 with g—i # 0 and %@Jj # 0, or by converting
the function to an explicit form e.g., y = g(z). We converted some functions in the datasets into
explicit forms and avoided the inverse trigonometric functions as described in Section [3.1]

8https ://abci.ai/en/how_to_use/tariffs.html
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6.2 Dummy Variables and Noise Injection

When applying machine learning to real-world problems, it is often true that 1) not all the observed
features (variables in symbolic regression) are necessary to solve the problems, and 2) the observed
values contain some noise. While we follow [11] and show experimental results for our SRSD
datasets with noise-injected target variables in the supplementary material, these aspects are not
thoroughly discussed in this study, such discussions can be a separate paper built on this work and
further engage studies of symbolic regression for scientific discovery.

6.3 Interpretability Evaluation

Though symbolic regression methods are popular for intrpretability in their behaviors/outputs, there
is a lack of appropriate metrics to evaluate these methods, taking into account the property. One of
the most common approaches would be to measure the prediction error or correlation between the
predicted values and the target values in the test data, as in standard regression problems. However,
low prediction errors could be achieved even by complex models that differ from the original law.

Some studies [[11} [15] use complexity of the predicted expression as an evaluation metric (the simpler
the better). However, it is based on a big assumption that a simpler expression may be more likely
to be a hidden law in the data (scientific discovery such as physics law), which may not be true
for SRSD. SRBench [[11] present the percentage of agreement between the target and the estimated
equations, using solution rate they defined. But in such cases, both 1) equations that do not match at
all and 2) that differ by only one ternﬂ are equally treated as incorrect. As a result, it is considered
as a coarse-resolution evaluation method for accuracy in SRSD, which still needs more discussion
towards real-world SRSD applications.

7 Conclusion

In this work, we pointed out issues of existing datasets and benchmarks of symbolic regression for
scientific discovery (SRSD). To address the issues, we proposed 120 new SRSD datasets based on
a set of physics formulas in FSRD [14]] and conducted benchmark experiments using the proposed
SRSD datasets. The results show the new SRSD datasets are significantly more challenging than
the original FSRD datasets in terms of solution rate. We also discussed the limitations in this study
and pointed out lack of evaluation metrics suitable for SRSD. Matsubara et al. [39] further discuss
the issue and propose a new evaluation metric for SRSD, performing benchmark experiments with
an additional baseline. To encourage the studies of SRSD, we publish our dataset BB and code
repository® with MIT License.
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A Our SRSD Datasets: Additional Information

This section provides additional information regarding our SRSD datasets. We created the datasets to
discuss the performance of symbolic regression for scientific discovery (SRSD). We refer readers to
Section [3|for details of the datasets. Tables [ST|—[STI]|comprehensively summarize the differences
between FSRD and our SRSD datasets. Note that the table of Easy set (part 1) is provided as Table[I]
in Section[3.1] As described in Section[3.2.2] we categorized each of the 120 SRSD datasets into one
of Easy, Medium, and Hard sets. We published the three sets of the SRSD datasets with MIT License
at Hugging Face Dataset repositories. The dataset documentations are publicly available as Hugging
Face Dataset cardsDBE These repositories are version-controlled with Git Erso that users can track
the log of the changes. We bear all responsibility in case of violation of rights.

Table S1: Easy set of our proposed datasets (part 2).

Eq. ID Formula Symbols lli'roperties N Distributions
Original ~ Ours  Original Ours
d  Interplanar distance V,F  V,EP U(2,5) N/A
1305 de A Wavelength of X-ray V,E  V,EP U(1,2) Uiog (10711,1079)
nsin n  The number of phase difference V,F V,LP U(1,5) Unog (10°,10%)
0 Incidence/Reflection angle V.F V.F N/A U(—2r,2m)
v Velocity V,F V,F N/A N/A
u Tonic conductivity V,F V,F  U(1,5) Uiog (1075,107%)
1.43.16 v=pqY q  Electric charge of ions V,F V,E  U(1,5) Uiog (10711,107°)
VvV Voltage V,F V.F  U(1,5) Uiog (1071, 101)
d  Distance V,F V,EP U(1,5) Uiog (1072,1071)
c Velocity of sound V,F V,E P N/A N/A
1.47.23 e JAP 7 Heat capacity ratio V,F  V,EP U(1,5) Uu(1,2) i
4 P Atmospheric pressure V,E  V,EP U(1,5) U0.5x 107°,1.5 x 107°)
p  Density of air V,F  V,EP U(1,5) U(1,2)
J  Energy difference V,F V,F N/A N/A
/£  Thermal conductivity V,E  V,EP U(1,5) Uiog (1071, 101)
0242 J = n(Ts — T1)4 ;2 iemperalure V,E  V,EP U(1,5) ulog(loi, 102)
I emperature V,F V,EP U(1,5) Uiog (107, 107)
A Area V,E  V,EP U(1,5) Uiog (1074,1072)
d  Length V,E  V,EP U(1,5) Uiog (1072,107)
h  Heat flux VVF VF NA N/A
1L.3.24 h= 2y W Work V,F V,E  U(1,5) Unog (10°,10%)
r  Distance V,F V,EP U(1,5) Uiog (1072,10°)
¢ Electric potential V,F V,F N/A N/A
1423 b= 1 q  Electric charge V,F V,E  U(1,5) Uiog (1073,1071)
dmer e Vacuum permittivity V,E CEP U(1,5) 8.854 x 10712
r  Distance V,F V,EP U(1,5) Uiog (1072,10°)
u Energy V,F V,F N/A N/A
11.8.31 u= 652 € Vacuum permittivity V,F  CEP U(L,5) 8.854 x 10712
E  Magnitude of electric field V,E  V,EP U(1,5) Unog (101, 10%)
E  Electric field V,F V,F N/A N/A
L10.9 B e 1 O Surface charge V,F V,F U(1,5) ulog(w*e', 1071
¢ IFX ¢ Vacuum permittivity V,E  CEP U(L,5) 8.854 x 10712
X Electric susceptibility V,E  V,EP U(1,5) Unog (10°,10%)
B The magnitude of the magnetic field V,F V,F N/A N/A
€ Vacuum permittivity V,F C,EP U(1,5) 8.854 x 10712
L1317 B= 1520 ¢ Speedof light V,E  CEP U(L,5) 2.998 x 108
I Electric current V,F V,E  U(1,5) Uiog (1073,1071)
r  Radius V,E  V,EP U(1,5) Uiog (1073,1071)
U  Energy from magnetic field V,F V,F N/A N/A
154 U= —puBcosd f+ Magnetic dipole moment V,F V.F U(1,5) U (10725,10723)
B Magnetic field strength V,F V,F  U(1,5) Uiog (1073,1071)
6 Angle V,F  V,ENN U(1,5) U(0, 2m)

"Yhttps://git-scm. com/
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Table S2: Easy set of our proposed datasets (part 3).

Eq. ID Formula Symbols ‘P-roperties N Distributions
Original  Ours  Original Ours
U  Energy V,F V.F N/A N/A
1155 U= _pEcoss P Electﬁc dipol‘e moment V,F V,F  U(1,5) ulug(l(r?j, 10;20)
E  Magnitude of electric field V,F V.F  U(1,5) Uiog (107,107)
6  Angle V, F V,F  U(1,5) U(0, 2)
S Radiant intensity V,F V,F N/A N/A
12716 S — cor? € Vacuum‘pAermittivity V,F CFEP U(1,5) 8.854 X 10*812
¢ Speed of light V,F CFEP U(1,5) 2.998 x 10
E  Magnitude of electric field V,E V,EP U(1,5) Uiog (1071, 101)
w  Energy density V,F V,E P N/A N/A
11.27.18 u=eE? € Vacuum permittivity V,E CEP U(1,5) 8.854 x 10712
E  Magnitude of electric field V,F V,EP U(1,5) Uiog (107 L 10h)
w  Angular frequency V,F V,F N/A N/A
g  g-factor V,F V,F  U(1,5) Uu(-1,1)
11.34.11 w=gd q  Electric charge V,F V,FE  U(1,5) Ueg(1071,1079)
B Magnetic field strength V,F V,FE  U(1,5)  Ug(1072,1077)
m  Mass V,F  V,EP U(1,5) Uog(1073°,10728)
U  Energy V,E  V,EP NA N/A
g  g-factor V,F V,F  U(1,5) Uu(-1,1)
s, H Bohrmagneton V,E  CEP U(1,5) 9.2740100783 x 10~24
11342 U =2mguB 3 Magnetic field strength V,E  V,F U(1,5)  Ueg(1073,1071)
J. Element of angular momentum  V,F V,F  U(1,5) Ug(1072%,10722)
R Planck constant V,E CEP U(1,5) 6.626 x 10734
F  Force V,F V,F N/A N/A
Y  Young’s modulus V,E  V,EP U(1,5) Uiog (1071, 101)
11.38.3 F=YA4L A Area V,F  V,EP U(1,5)  Ug(107%,1072)
&1 Displacement V,F V,F  U(1,5) Uiog (107,107 1)
I Length V,E  V,EP U(1,5) Uiog (1072,10°)
u  Rigidity modulus V,F V,EP NA N/A
11.38.14 K= 3aTsy Y Young's modulus V,F V,EP U(1,5) Uiog (1071, 10)
o Poisson coefficient V,F  V,EP U(1,5) Uiog (1072,10°)
w  Precession frequency V,F V,F N/A N/A
111738 o dmup M Magnetic moment V,F V,E U(1,5) Ug(1071,1079)
h B Magnetic flux density V,F V,F U(1,5)  Uog(1073,1071h)
h  Planck constant V,F CEP U(1,5) 6.626 x 10734
J  Variable V,F V,F N/A N/A
111.12.43 J=12b m  Spin state V,E  V,ILNN U(1,5) Unog (10°,10%)
h  Planck constant V,F CFEP U(1,5) 6.626 x 10734
k  Wavenumber V,F V,F N/A N/A
o s Parameter of state V,F vV,  U(1,5) Unog (10°,10%)
11.15.27 k= 2ts o o
N Number of atoms V,F V,LP U(1,5) Uiog (107,10%)
b Lattice constant V,F  V,EP U(1,5) Ug(1071°,107%)
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Table S3: Medium set of our proposed datasets (part 1). C: Constant, V: Variable, F: Float, I: Integer,
P: Positive, N: Negative, NN: Non-Negative, Ix: Integer treated as float due to the capacity of 32-bit
integer.

Eq. ID Formula Symbols A ?roperties N Distributions
Original ~ Ours Original Ours
d  Distance V,F V,ENN NA N/A
xo  Position V,F V,F  U(1,5) Uog(1071,10")
1814 d=+/(xzz —1)2 + (y2 — y1)2 x1 Position V,F V,F  U(1,5) Uog(1071,10")
y2  Position V,F V,F  U(1,5) Uog(1071,10")
y1  Position V,F V,F  U(1,5) Uog(1071,10")
m  Mass V,F V,EP N/A N/A
1107 m = &Uz mo Invariant mass V,E  V,EP U(1,5) ulog(loiH 101)
-2z v Velocity V,F  V,EP U(1,2)  Ug(10°,10%)
¢ Speed of light V,F CFEP U(3,10)  2.998 x 108
A Inner product V,F V,F N/A N/A
x1  Element of a vector V,F V,F  U(1,5) Uog(1071,10")
y1  Element of a vector V,F V,F U(1,5)  Uog(1071,10Y)
L11.19 A =xz1y1 + x2y2 + x3Y3 x5 Element of a vector V,F V,F U(1,5) ulog(w*l, 101)
y2  Element of a vector V,F V,F  U(1,5) Uog(1071,10")
z3  Element of a vector V,F V,F  U(1,5) Uog(1071,10")
ys  Element of a vector V,F V,F U(1,5) ulog(m—l, 101)
F Electrostatic force V,F V,F N/A N/A
q1  Electric charge V,F V,F U(1,5) Uog(1073,1071)
L122 F= 1% q2  Electric charge V,F V,F  U(1,5) Uog(1073,1071)
r  Distance V,;F  V,EP  U(1,5) Ug(1072,10°)
€ Vacuum permittivity V,F CEP U(1,5) 8.854x107*2
F  Force V, F V,F N/A N/A
q  Electric charge V,F V,F  U(1,5) Uog(1071,10")
a1t F = q(B + Bosin(8)) E Electric.ﬁeld V,F V,F  U(1,5) ulog(loj, 101)
B Magnetic field strength ~ V, F V,EP U(1,5) Ug(1077,10%)
v Velocity V,F  V,EP  U(1,5) Ug(1071,10%)
6  Angle V,F V,ENN U(1,5) U(0, 2)
K Kinetic energy V,F V,E, P N/A N/A
m  Mass V,;F  V,EP  U(1,5) Ug(1072,10°)
L13.4 K = im(v? +u® + w?) v Element of velocity V,F  V,EP  U(1,5) Ug(1071,10%)
w  Element of velocity V,F  V,EP  U(1,5) Ueg(1071,10%)
w  Element of velocity V,F  V,EP  U(1,5) Ue(1071,10%)
U  Potential energy V,F V,E P N/A N/A
G Gravitational constant ~ V,F  C,EP U(1,5) 6.674 x 107!
L1312 U = Gmyms (; B ) m1  Mass (The Earth) V,E  V,EP U(1,5) ulog(loiz, 102)
T2 71 mg  Mass V,F  V,EP  U(1,5) Uee(1072,10°)
ry  Distance V,F  V,EP  U(1,5) Uoe(1072,10°)
r1  Distance V,F  V,EP  U(1,5) Uoe(1072,10°)
p Relativistic mass V,F V,E P N/A N/A
L15.10 p= —mov mo Rest Mass V,F  V,EP  U(1,5) Ueg(1072,10°)
Vi-v2/e2 v Velocity V,F V,E U(1,2)  Ug(10°,107)
¢ Speed of light V,F CFEP U(3,10)  2.998 x 108
vy Velocity V, F V,F N/A N/A
L1656 vy = —utr Velocity V,F V,F  U(1,5)  Ug(10%,108)
Ituv/e v Velocity V,F V,F  U(1,5)  Ug(10°,108)
¢ Speed of light V,F CFEP U(1,5) 2.998 x 108
r Center of gravity V,F V,F N/A N/A
my Mass V,F  V,EP  U(1,5) Ug(1071,10%)
L18.4 r= %ﬂzzf? r1  Position V,F V,F  U(1,5) Uog(1071,10")
mo  Mass V,F  V,EP  U(1,5) Uoe(1071,10%)
ro  Position V,F V,F  U(1,5) Uog(1071,10")
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Table S4: Medium set of our proposed datasets (part 2).

Eq. ID Formula Symbols 'P‘roperties N Distributions
Original Ours  Original Ours
E  Energy V,F V,EP NA N/A
m  Mass V,F  V,EP U(1,3) Uog(1071,10%)
1246 E = im(w®+wd)z® w Angular velocity V,F  V,F  U(1,3) Uog(1071,10")
wo Angular velocity V,F V,F  U(1,3) Uiog (1071, 101)
x  Position V,F  V,F U(1,3) Uog(1071,10")
k  Wavenumber V,F V,EP N/A N/A
1.29.4 k=% w  Frequency of electromagnetic waves V,F  V,E P (1, 10) ulog(109, 10t
¢ Speed of light V,F CEP U(1,10) 2.998 x 108
P Radiant energy V,.F V,EP N/A N/A
q  Electric charge V,F V,E  U(1,5) Ug(1073,1071)
1.32.5 P = quj; a  Magnitude of direction vector V,F V,EP U(1,5) Unog (10°,107)
€ Vacuum permittivity V,F CEP U(L,5) 8.854 x 10712
¢ Speed of light V,F CFEP U(1,5) 2.998 x 108
w  Angular velocity V,F V,F N/A N/A
q  Electric charge V,F V,E  U(1,5) Uog(10711,1079)
1.34.8 w= Q”;B v Velocity V,F V,F U(1,5) Unog (10°,107)
B Magnetic field V,E  V,F  U(1,5) Unog (101, 10%)
p  Angular momentum V,F V,F  U(1,5) Uiog (107, 10'1)
w  Frequency of electromagnetic waves  V,F  V,E P N/A N/A
134.10 w = %0 wo Frequency of electromagnetic waves  V,F  V,EP U(1,5) Unog (107, 1011)
1-v/e v Velocity V,F  V,F  U(1,2) Unog (10°,107)
¢ Speed of light V,F CEP U(3,10) 2.998 x 108
W Energy V,F V,EP NA N/A
1.34.27 wW=2Luw h  Planck constant V,FE CEP U(1,5) 6.626 x 10734
Frequency of electromagnetic waves ~ V,F ~ V,EP U(1,5) ulog(109, 10
r  Bohr radius V,F V,EP NA N/A
Vacuum permittivity V,E CFEP U(1,5) 8.854 x 10712
13812 = 4ﬁew h  Planck constant V,F CFEP U(1,5) 6.626 x 10734
e m  Mass V.F  V.EP U(1,5) U (10728 10726)
q  Electric charge V,F V,F  U(1,5) Ug(10711,1077)
U Internal energy V,F V,EP N/A N/A
1.39.10 U=3PV P Pressure V,E  V,EP U(1,5) Unog (10%,10%)
V' Volume V,F  V,EP U(1,5) Uog(107°,1073)
U  Energy V,F V,F N/A N/A
139.11 U= PV ~  Heat capacity ratio V,F  V,EP U(2,5) Uu(,2)
vt P Pressure V,FE  V,EP U(1,5) Unog (10%,10%)
V' Volume V,F  V,EP U(1,5) Upeg(107°,1073)
D Diffusion coefficient V,F V,E P N/A N/A
L4331 D = jkT w  Viscosity V.E VEP U(L,5)  Uhog(10',107)
k  Boltzmann constant V,E CFEP U(1,5) 1.381 x 10~23
T Temperature V,FE  V,EP U(1,5) Unog (101, 10%)
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Table S5: Medium set of our proposed datasets (part 3).

Eq. ID Formula Symbols ‘ l-’roperties N Distributions
Original ~ Ours Original Ours
x  Thermal conductivity V,F V,E P N/A N/A
7  Heat capacity ratio V,F V,EP U(2,5) U(1,2)
1.43.43 k= i7 %k Boltzmann constant V,F CEP U(1,5) 1.381 x 10723
v Velocity V,F  V,EP U(1,5) Unog (10%,10%)
0. Molecular collision cross section ~ V, F V.EP U(1,5) Uog (10721 ,10™ 19)
E  Energy V,F V,EP N/A N/A
1482 B __me? m  Mass V,F V,EP  U(1,5) Uog(10729,10727)
V1-v2/¢2 ¢ Speed of light V,F C,FEP U(3,10) 2.998 x 108
v Velocity V,F  V,EP U(1,2) Uiog (10°%,10%)
¢  Electric potential V,F V,F N/A N/A
€ Vacuum permittivity V,E  CEP U(1,3) 8.854 x 10712
11.6.11 ¢ = 0 5P ® p  Electric dipole moment V,F V,F  U(1,3) Ug(10722,10720)
6  Angle V,F  V,ENN U(1,3) U(0, 2)
r  Distance V,F  V,EP U(1,3) Ug(107'°,107%)
U  Energy V,F V,F N/A N/A
1187 U3 Q Q  Electric charge V,F V,F  U(1,5) Uog(1071,1077)
— 5 dmea €  Vacuum permittivity V,F C,EP U(1,5) 8.854 x 1012
a Radius V,F  V,EP U(1,5) Ug(10712,10717)
x  Position V,F V,F N/A N/A
q  Electric charge V,F V,F  U(1,3) Uog(1071,1079)
i3 z= ¢ __ B Magniwde of electric field V,;F  V,EP  U(1,3) Ue(107°,1077)
m(wg—w?) iy Mass V,F  V,EP U(1,3) Ug(10728,10725)
wo Angular velocity V,F V,E  U(3,5)  Ug(10°,10h)
w  Angular velocity V,F V,F  U(1,2)  Ueg(10°,10M)
¢ Electric potential V,F V,.F N/A N/A
q  Electric charge V,F V,F  U(1,5) Ug(1073,1071)
M2132 = q €  Vacuum permittivity V,F C,EP U(1,5) 8.854 x 10712
mer(l=v/e) . Distance V,F  V,EP U(1,5) Unog (10°, 102)
v Velocity V,F  V,EP U(1,2) Unog (10°,107)
¢ Speed of light V,E  CEP U(3,10) 2.998 x 108
© Magnetic moment V,F V,F N/A N/A
1342 p= o q Electr‘ic charge V,F V,F  U(1,5) Zf{log(lo_l;, 107_9)
v Velocity V,F V,F  U(1,5) Unog (10°,107)
r  Radius V,E  V,EP U(1,5) Uewg(1071,107°)
I  Electric Current V,F V,F N/A N/A
113422 [ av q  Electric charge V,F V,F  U(L,5) Ug(10711,1077)
27 v Velocity V,F V,F  U(1,5) Unog (10°%,107)
r  Radius V,E  V,EP U(1,5) Uewg(1071,1079)
1 Bohr magneton V,F V,F N/A N/A
113429 T q  Electric charge V,F V,F  U(1,5) Uog(1071, 19*9)
Amm h  Planck constant V,F CEP U(1,5) 6.626 x 10734
m  Mass V,E  V,EP  U(1,5) Ug(1073°,10728)
E  Energy of magnetic field V.F V,F N/A N/A
1371 E=pu(l+x)B 1 Magnetic momffntv o V,F V,F  U(1,5) Mlog(10722,10;23)
X  Volume magnetic susceptibility V,F V,F Uu(1,5) Uiog (10%,10%)
B Magnetic field strength V,F V,F  U(1,5) Ueg(1073,1071)
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Table S6: Medium set of our proposed datasets (part 4).

Eq. ID Formula Symbols ' l?ropeﬁies N Distributions
Original ~ Ours  Original Ours
n Average number of photons ~ V, F V.E P N/A N/A
h Planck constant V,F CEP U(1,5) 6.626 x 10734
111.4.32 = S TETERRTT w Frequency V,F  V,EP U(1,5) Ug(10%,10'°)
k Boltzmann constant V,F C,EP U(1,5) 1.381 x 10723
T Temperature V,F  V,EP U(1,5)  Uog(10",10%)
|C|?  Probability V,F VENN NA N/A
[11.8.54 €2 = sin? (224t) A Erlergy V,F V,F  U(1,2) uk,g(lojz, 10:1?)
t Time V,F  V,ENN U(1,2) Ug(1078,10716)
h Planck constant V,E CEP U(1,4) 6.626 x 10734
v Speed of the waves V,F V,F N/A N/A
A Energy V,F V,F  U(1,5) Uog(10718 10716
I.13.18 v = %k b Lattice constant V,F  V,EP U(1,5) Uog(1071°,107%)
k Wavenumber V,F V,EP U(1,5) Ug(1071,10")
h Planck constant V,F  CEP U(1,5) 6.626 x 10734
I Electric Current V,F V,.F N/A N/A
Io  Electric current V,F V,F  U(1,5) Ueg(1072,1071)
L1414 T = T (exp (qAV/wT) — 1) 4 Electric charge V,E  V.EP U(1,2) ulog(m*"‘f‘l, 10*120)
AV Voltage V,F V,E  U(1,2)  Uee(1071,10Y)
K Boltzmann constant V,F CFEP U(1,2) 1.381x10°%
T Temperature V,F  V,EP U(1,2)  Ueg(10*,10%)
E Energy V,F V,E P N/A N/A
L1512 B =24 (1 — cos (kd) A Amplitu@e ‘ V.F  V.EP U(1,5) ulog(lofl_sl, 10*116)
k Propagation coefficient V,F V.EP U(1,5) Uiog (1077,107)
d Lattice constant V,F  V,EP U(1,5) Ug(1071°,1078)
m Effective mass V,F V,E P N/A N/A
ML15.14 o B2 h  Planck constant V.F CFEP U(1,5) 6.626 x 107%*
8x2Ab2 A Amplitude V,F  V,EP U(1,5) Uog(107'8,10716)
b Lattice constant V,F  V,EP U(1,5) Ug(1071°,1078)
f Distribution V,F V,F N/A N/A
L1737 £ =Bl + acosd) 8 Var?able V,E  V.EP U(1,5) ulog(lojz, 10:2)
a Variable V,F V,F  U(1,5) Ug(1077°,107°°)
0 Angle V,F  V,ENN U(1,5) U(0, 2)
E  Energy V,F  V,EP NA N/A
m  Mass V,F  V,EP U(1,5) Uog(1073°,10728)
L1951 E— — mgt q Electric charge V,F V,F  U(1,5) Ug(10711,1077)
2(4me)2(h/(2m)2n2 ¢ Vacuum permittivity V,F CFEP U(1,5) 8.854 x 10712
h Planck constant V,F CFEP U(1,5) 6.626 x 10734
n Number of protons V,F V,LP  U(1,5)  Ug(10°,10%)
U Variable V,F V,EP NA N/A
5 E Electromagnetic energy V,F V,EP  U(1,3) Uog(1072%,10722)
B8 U= m m Electron mass V,F C,EP U(1,3) 9.109 x 10~3!
e c Speed of light V,F CFEP U(1,3) 2.998 x 108
0 Incidence angle V,F V.F  U(1,3) U(—m, )
p Variable V,F V,F N/A N/A
G Gravitational constant V,F C,EP U(1,5) 6.674 x 1011
B18 p o3 (275‘ N H2> c Speed of light V,F CFEP U(1,5) 2.998 X 1083
a? K Variable V,F V,E  U(1,5)  Ug(10',10%)
ar  Distance V,F  V,EP U(1,5) Uog(10%,10'°)
H  Variable V,F V,F  U(1,5)  Ug(10°,10%)

16



Table S7: Hard set of our proposed datasets (part 1).

Eq. ID Formula Symbols ‘?roperties N Distributions
Original Ours  Original Ours
f  Probability density func- V,F V,F N/A N/A
1.6.20 f =exp (7%) /V2mo? tion
6 Position V,E  V,F U(1,3) Uog(1071,10")
o Standard deviation V,E  V,EP U(1,3) Uog(1071,10")
16.20a F = exp (_ %) N f Eg;babilily density func- V, F V,F N/A N/A
6  Position V,F  V,F U(1,3) Uog(107",10")
f  Probability density func- V, F V,F N/A N/A
1.6.20b f=exp (7%) /V27a oon 10t
20 6  Position V,F V,F  U(1,3) Ueg(1077,10%)
61 Position V,E  V,F U(1,3) Uog(1071,10")
o Standard deviation V,F  V,EP U(1,3) Upog(1071,10")
F' Force of gravity V,F V,F N/A N/A
G Gravitational constant ~ V,F  C,EP U(1,2) 6.674 x 10711
m1 Mass V,E  V,EP U(1,2) Uog(10°,10%)
Fo ma Mass V,E  V,EP U(1,2) Uog(10°,10%)
1918 Gmima Zo Pos?t?on V,F  V,F U(1,2) ulog(wz, 101)
P R P ey ey pra——— z1 Pos?on V,F V,F  U(3,4) M]Og(loo, 101)
y2 Position V,;F  V,;F U(1,2) Ueg(10°,10%)
y1 Position V,;F  V,F  U(3,4) Uog(10°,10%)
22 Position V,E  V,E U(1,2) U.g(10°,10")
z1 Position V,E  V,E U(3,4) Uog(10°,10")
t; Time V,F V,F NA N/A
, t Time V,F V,ENN U(1,5) Uog(107%,107%)
1.15.3t ty = % Velocity V,E  V,E U(1,2) U.g(10°,107)
x  Position V,E  V,E U(1,5) Uog(10°,10%)
¢ Speed of light V,F CFEP U(3,10) 2.998 x 108
x1 Position V,F V,F N/A N/A
x  Position V,;F  V,F U(5,10) Ug(10°,10%)
L1.15.3x u  Velocity V,E  V,E U(1,2) Uog(10°,10%)
t  Time V,E  V,F U(1,2) Ueg(1075,107%)
¢ Speed of light V,F CFEP U(3,20) 2.998 x 108
x  Wavelength V,F V,EP NA N/A
z = x1 Wavelength V,E  V,EP U(1,5) Uog(1071,10")
1.29.16 — zo Wavelength V,E  V,EP U(1,5) Upog(1071,10")
@ + @3 +21z2008 (01 = 02) 5 Apgle V,E V,ENN U(1,5)  U(0,2n)
65 Angle V,F V,ENN U(1,5) U(0, 2)
I Amplitude of combined V,F V,F N/A N/A
.2 wave
1.303 =133 Io Amplitude of wave V,E V,EP U(L,5) Ueg(10~3,1071)
n The number of waves V,E  V,LP U(1,5) Uog(10*,10%)
6  Phase difference V,F V,F  U(1,5) U(—2m,2m)
P Energy V,F V,EP N/A N/A
€ Vacuum permittivity V,F CEP U(1,2) 8.854 X 1012
¢ Speed of light V,E CFEP U(1,2) 2.998 x 10®
13217 P = (fecE?) (2%2) (ﬁ) E Magnitude of electric V,F V,EP U(1,2) Uog(10',10%)
@I field
r  Radius V,E  V,EP U(1,2) Uog(1072,10°)
w  Frequency of electromag- V, F V.F  U(1,2) Uog (109, 10t
netic waves
wo Frequency of electromag- V, F V,F  U(3,5) Uog(10°,10)
netic waves
w  Frequency of electromag- V,F V,F N/A N/A
1.34.14 w= —2Eule petic waves 6 108
V1i—v2/c2 v Velocity V,F V,F  U(1,2) Ueg(10°,10%)
¢ Speed of light V,F CEP U(3,10) 2.998 x 108
wo Frequency of electromag- V,F V,E P U(1,5) Ug(10°,10')

netic waves
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Table S8: Hard set of our proposed datasets (part 2).

Eq. ID Formula Symbols ‘ Ifroperties N Distributions
Original Ours  Original Ours
I12  Amplitude of wave V,F V,.E P N/A N/A
1374 Ly=15L+1I> I,  Amplitude of wave V,E  V,EP U(1,5) Ug(1071,1073)
+2v/I115 cos§ I Amplitude of wave V,F  V,EP U(1,5) Ueg(1071,1073)
§  Phase difference V,F V,F U(1,5) U0, )
P Pressure V,F V,E P N/A N/A
n  Number of molecules V,E VI, P U(1,5) Ue(10%%,10%°)
1.39.22 P = nkl k  Boltzmann constant V,F CEP U(1,5) 1.381x 10723
T  Temperature V,F  V,EP U(1,5) Ug(10*,10%)
V' Volume V,F  V,EP U(1,5) Uog(107°,1073)
n  Molecular density V,F V,E P N/A N/A
no Molecular density V,E  V,EP U(1,5) Ue(10%%,10%7)
m  Mass V,F  V,EP U(1,5) Uog(1072%,10722)
1.40.1 n =ngexp (—mgx/kT) g  Gravitational acceleration V,F CEP U(1,5) 9.807 x 10°
z  Height V,E  V,EP U(1,5) Uoeg(1072,10°)
k  Boltzmann constant V,F CEP U(1,5) 1.381x10723
T  Temperature V,E  V,EP U(1,5) Ug(10',10%)
L.,q Radiation per frequency V,F V,E P N/A N/A
Lot = i h  Planck constant V,F C,EP U(1,5) 6.626 x 1034
L4116 27 s w  Frequency of electromagnetic ~ V, F V,EP U(1,5) uk,g(m—l s 101)
w wave
n2¢2(exp(hw/27kT) — 1) ¢ Speed of light V.F CFEP U(1,5) 2.998 x 10°
k  Boltzmann constant V,F CEP U(1,5) 1.381 x 1072
T  Temperature V,E  V,EP U(1,5) Ug(10',10%)
@  Energy V,F V,F N/A N/A
n  Number of molecules V,F  V,Ix,P U(1,5) ulog(w% ,10%%)
444 O = nkT ln(%) k  Boltzmann constant V,F CEP U(1,5) 1.381 xlm—zs
T  Temperature V.F  V,EP U(1,5) Ueeg(107,10%)
Vo Volume V,E  V,EP U(1,5) Ug(107°,1073)
Vi Volume V,F  V,EP U(1,5) Ue(107°,1073)
x Amplitude V,F V,F N/A N/A
K Amplitude V,F  V,EP U(1,3) Ueg(1071,10")
15026 = K (coswt+ ecos®wt) w  Angular velocity V,F V,F U(1,3) Uog(10*,10%)
t  Time V,E V,ENN U(1,3) Ug(1073,1071)
€  Variable V,F V,F U(1,3) Ug(1073,1071)
E  Electric field V,F V,F  N/A N/A
p  Electric dipole moment V,F V,E  U(1,3) Uog(10722,10720)
€ Vacuum permittivity V,F CFEP U(1,3) 8.854x10712
L6152  E= g2 38/22 42 z  Position V,F V,F U(1,3) Uog(107°,1078)
r  Distance V,F V,EP U(1,3) Uog(1071°,1078)
xz  Position V,F V,F  U(1,3) Uog(1071°,1078)
y  Position V,F V,F  U(1,3) Uog(1071°,1078)
E  Electric field VE V,F NA N/A
p  Electric dipole moment V,F V,F  U(1,3) Uog(10722,1072°)
11.6.15b E = ;2 8cosfeing € Vacuum permittivity V,F CEP U(1,3) 8.854 x 10712
6  Angle V,F V,F  U(1,3) Uu(o, )
r  Distance V,F  V,EP U(1,3) Uog(1071°,1078)
n  Number of polar molecules V,F V,F N/A N/A
per angle per unit volume
no  Number of molecules per unit  V, F V,EP U(1,3) Z/{h,g(10277 1029)
W17 n=no (1 + W) volume
po  Electric dipole moment V,F V,F  U(1,3) Uog(10722,10720)
E  Magnitude of electric field V,F V,F U(1,3) Uog(10*,10%)
6  Angle V,F  V,ENN U(1,3) Uu(0, 2m)
k  Boltzmann constant V,F CEP U(1,3) 1.381 x 102
T Temperature V,F  V,EP U(1,3) Ug(10*,10%)
P Polarizability V,F V,F N/A N/A
no Number of atom V,F  V,Ix,P U(1,5) Zx[log(10237 102%)
1L11.20 o nop2 B Do Electr.ic dipole morr?ent V,F V,F U(1,5) Z/{log(1072i, 10;20)
3KT E  Magnitude of electric field V,F V,F  U(1,5) Ueeg(107,10%)
k  Boltzmann constant V,FE CEP U(1,5) 1.381 x 10723
T  Temperature V,E  V,EP U(1,5) Ug(10',10%)
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Table S9: Hard set of our proposed datasets (part 3).

Properties Distributions
Eq. 1D Formula Symbols Original Ours  Original Ours
P Polarizability V.F V.F N/A N/A
N Number of atom V,F V,Ix,P U(0,1) Uog(10%3,10%%)
I.11.27 P = %65} o Molecular polarizability ~ V,F V,EP  U(0,1) Ue(1073%,1073)
€ Vacuum permittivity V,F C,EP U(1,2) 8.854 x 10712
E  Magnitude of electric V,F  V,EP U(1,2)  Ug(10",10%)
field
K Electric dipole moment V,F V,F N/A N/A
.11.28 k=1+ % per unit volume
. 23 25
N Number of electric V,F  V,Ix,P U(0,1) Upg(10%°,10%°)
dipoles
Molecular polarizability ~ V,F ~ V,EP  U(0,1) Uog(1073%,10731)
P Electric charge density V,F V,F, P N/A N/A
11323 o= 2 Po Electric charge density V,F  V,EP U(1,5) Ue(10%7,10%9)
o Vi-v2/c2 v Velocity V,;F  V,EP U(1,2)  Ueg(10°%, 10%)
c Speed of light V,F CEP U(3,10) 2.998 x 108
7 Electric current V,F V,F N/A N/A
11334 j= pov Po Electric charge density V,F  V,EP U(1,5) Uog(10%7,10%9)
: Vi-v2/c2 v Velocity V,;F  V,EP U(1,2)  Uoeg(10°%, 10%)
c Speed of light V,F CEP U(3,10) 2.998 x 108
k ‘Wavenumber V,F V,E P N/A N/A
w Angular velocit V,F V,F  U(4,6)  Ug(10°,10'1)
f24.17 k=yw?/e = n/a? c Speid of light ’ V,F CEP U(1,2) 5,998 x 10°
a Length V,F  V,EP U(2,4) Ug(1072,1071)
a Number of atoms with V,F  V,Ix, P N/A N/A
the equivalent magnetic
a = moment
11.35.18 N N Numberofatomsperunit V,F  V,Ix,P U(1,3) Uog(10%3,10%%)
exp(uB/kT) + exp(—uB/kT) volume
w Magnetic moment V,E  V,EP U(1,3) Ueg(10725,10723)
B Magnetic flux density V,E  V,EP U(1,3) Ug(1073,1071)
k Boltzmann constant V,F CEP U(1,3) 1.381 x 10723
T Temperature V,F  V,EP U(1,3) Unog (101, 10%)
M Number of magnetized V,F V, Ix, P N/A N/A
atoms
5 N Number of atom V,F V,Ix,P U(1,5) Ug(10%?,10%%)
113521 M = Nptanh (%T) 4 Magnetic moment V.E  V,EP U(1,5) Ues(102%,1072%)
B Magnetic flux density V,E  V,EP U(1,5) Ug(1073,1071)
k Boltzmann constant V,E CEP U(1,5) 1.381 x 10723
T Temperature V.F V,EP U(1,5) Unog (101, 10%)
x Parameter of magnetiza- V, F V,F N/A N/A
tion
M Magnetic moment V,F V,F U(1,3) Ueg(1072%,1072%)
H  Magnetic field strength ~ V,F V,E U(1,3) Uog(1073,1071)
11.36.38 o= LE eﬁiTM k Boltzmann constant V,F CEP U(1,3) 1.381 x 10723
' T Temperature V,F  V,EP U(1,3)  Uog(10*,10%)
A Constant V,F V,ENN U(1,3) Uu(0,1)
€ Vacuum permittivity V,F CFEP U(1,3) 8.854x 10712
c Speed of light V,F  CEP U(1,3) 2.998 x 108
M Number of magnetized V,F V,Ix,P U(1,3) Z/{log(1023, 1025)
atoms
E Energy V,F V,EP N/A N/A
h Planck constant V,F CEP U(1,5) 6.626 x 10734
111.4.33 E = oo UhaaiT—) w  Frequency V,F  V,EP U(1,5)  Uog(10%,100)
k Boltzmann constant V,F C,EP U(1,5) 1.381 x 10723
T Temperature V,F V,EP U(1,5) Uiog (101, 10%)
P, Probability V,F V,ENN N/A N/A
m Electric dipole moment  V, F V,F  U(1,3) Ueg(1072%,10720)
Py = E Magnitude of electric V,F V,F  U(1,3) Unog (101, 10%)
11.9.52 2rpEt\ 2 sin? ((w —wo) t/2) field s 16
( h ) @ —wo)t/2)? ¢t Time V,F  V,ENN U(1,3) Uog(1078,10716)
h Planck constant V,F CFEP U(1,3) 6.626 x 10734
Frequency V,F  V,EP U(1,5) Ug(10%,10'%)
wo Resonant frequency V,F V,EP U(1,5) ulog(los, 1010)
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Table S10: Hard set of our proposed datasets (part 4).

Eq. ID Formula Symbols ‘P'roperties N Distributions
Original Ours  Original Ours
E  Energy V,F V,F N/A N/A
1+ Magnetic moment V,;F  V,F U(L,5) Ue(10725,10723)
111.10.19 E =y, /B2 + B2 + B? B, Element of magnetic field V,;F  V,F U(1,5) Uog(1073,1071)
B, Element of magnetic field V,;F  V,F U(1,5) Ueg(1073,1071)
B. Element of magnetic field V,F  V,F U(1,5) Ueg(1073,1071)
J  Electric Current V,F V,F N/A N/A
p  Electric charge density V,F V,EN U(1,5) Z/{log(1027, 1029)
111.21.20 J=—-pLA q Electric charge V,F V,EN U(1,5) Ueg(10711,107?)
A Magnetic vector potential V,F V,F U(1,5) ulog(m—s, 10_1)
m Mass V,E  V,EP U(1,5) Uy (10730,10728)
A Differential scattering cross section V, F V,F N/A N/A
Z, Atomic number V,F  V,LP U(1,2) Ug(10°,10")
Z> Atomic number V,F  V,LP U(1,2) Ug(10°,10%)
Bl A ( 21‘Z%ahc )2 a Fi'ne structure constant V,F CEP U(1,5) 7.297 % 10:;‘4
4E sin?(6/2) h  Dirac’s constant V.F CEP U(1,2) 1.055x 107"
¢ Speed of light V,F CFEP U(1,2) 2.998 x 108
E Non-relativistic kinetic energy V.F V,.EP U(1,3) Zx{]og(loflg, 10716)
0  Scattering angle V,F V,F NN U(1,3) U(0, 2m)
k  Variable V,F V,F NA N/A
mka m  Mass (The Earth) V,E V,EP U(1,3) Uoe(10%%,10%°)
k=—3 ke Variable V,E V,EP U(1,3) Uog(10?,10')
B2 SEL? L Distance V,F V,EP U(1,3) Ug(10%,10'°)
(1 +4/1+ 5 <08 (61 — 02)> E Energy V,F  V,EP U(1,3) Uog(10%%,10%7)
G 01 Angle V,F V,E NN U(0,6) U (0, 2m)
62 Angle V,E V,FE NN 1(0, 6) U(0, 27)
r  Distance V,F V,EP N/A N/A
2 d  Semimajor axis of elliptical orbit ~ V,F  V,EP U(1,3) Uog(10%,10'°)
B3 r= 1_*_:5;;(;’1_)62) o Orbital eccentricity V,F V,EP U(2,4) Uu(0,1)
61 Angle V,F V,ENN U(4,5) U(0, 2m)
62 Angle V,F V,E,NN U(4,5) U(0, 27)
v Velocity V,F V,EP N/A N/A
m  Mass (The Earth) V,F V,EP U(1,3) Ug(10%3,10%%)
B4 ve 2 (E_U_ %) E Energy V,F V,EP U(8,12) Lhog(lozz,m:)
2mr U Potential energy V,F  V,EP U(1,3) Ug(107",10°")
L Angular momentum V,E  V,F U(1,3) Ue(10%,10'°)
r  Distance V,E  V,EP U(1,3) Ue(10%,10'°)
t  Orbital period V,F V,EP N/A N/A
s d  Semimajor axis of elliptical orbit ~ V,F ~ V,E P U(1,3) Ug(10%,10'°)
B5 t= \/% G Gravitational constant V,FE CEP U(1,3) 6.674x 107
my Mass (The Earth) V,E V,EP U(1,3) Uoe(10%%,10%°)
mo Mass (The Earth) V,FE V,EP U(1,3) Uoe(10%%,10%%)
«  Orbital eccentricity V,F V,EP N/A N/A
e Energy V,E  V,F U(1,3) Upog (10718 1071)
E Energy V,E  V,EP U(1,3) Uy (10718 1071)
B6 we 1 2e2EL2 L Distance V,E V,EP U(1,3) Ug(1071°,1078)
m(Z12242)? m  Mass V,F V,EP U(1,3) Upoeg(1073°,10728)
Z1 Atomic number V,F  V,LP U(1,3) Ug(10°,10")
Zs Atomic number V,F  V,LP U(1,3) Ueg(10°,10")
g Electric charge V,;F  V,F U(1,3) Ug(1071,1079)
H Hubble’s constant V,F V,EP N/A N/A
G Gravitational constant V,F CFEP U(1,3) 6.674 x 10~}
B7 o [87Go _ kg2 p Density of the Universe V,F V,EP U(1,3) Z/{log(10727, 10725)
3 a? k¢ Spacetime curvature V,F VI U(1,2) U(-1,1)
¢ Speed of light V,F CEP U(1,2) 2.998 x 108
a; Radius V,E V,EP U(1,3) Ucg(10%,10'°)
P Gravitational wave energy V,F V,F N/A N/A
P G Gravitational constant V,F CEP U(1,2) 6.674x 10~
B9 . ) ¢ Speed of light V,E CFEP U(1,2) 2.998 x 108,
_ 32G7 (mima)"(m1 +m2) ) Mg V.E V,EP U(1,5) Uog(10%%,10%)
5 5 75 ma Mass V.E V,EP U(1,5) Ues(102%,10%%)
r  Distance V,FE V,EP U(1,2) Ue(10%,10'°)
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Table S11: Hard set of our proposed datasets (part 5).

Eq. ID Formula Symbols l}’r‘operties N Distributions
Original Ours Original Ours
cos 04 Value V,F V,F NA N/A
_ cosbg—v/c 6o Angle V,F V,F U(1,3) U(0, 2m)
BI10 0301 = G070 m p Velocity V.F V,F U(1,3) Ueg(10°,107)
c Speed of light V,F C,EPU(4,6) 2.998 x 108
I Wave intensity V,F V,EP NA N/A
Iy Amplitude of wave V,F V,EP U(1,3) Z/llog(10737 1071
BIl [I=1, (%%)2 a  Wavelength of X-ray V,E V,EP U(1,3) Uog(1071,107°)
N Number of phase difference V,F V,LP U(1,2) Uog(10°,10%)
5 Wavelength of X-ray V,F V,EP U(1,3) Uog(107,1077)
F  Force V,F V,F NA N/A
- _9 q Electric charge V,F  V,F U(1,5) Ug(1073,1071)
BI2 dmey? 5 € Vacuum permittivity V,F C,EPU(1,5) 8.854 X 1012
irevid 9 ) y  Distance V,F V,.EP U(1,3) Uog(1072,10°)
¢ (y2 — d2)? V.  Voltage V,F V,F U(1,5) Uog(1071,10")
d Distance V,F V,EP U(4,6) Uog(1072,10°)
Ve Potential V,F V,F N/A N/A
€ permittivity V,F V,EP U(1,5) Upog(10712,10719)
BI3 V. = ~ q q Electric charge V,F V,F U(1,5) Ug(1073,1071)
dme/r24d? —2drcosa Distance V,F V,EP U(1,3) Uog(1072,10°)
d Distance between dipoles V,F V,EP U(4,6) Uog(1072,10°)
o Angle V,FE  V,F U(0,6) U(o, 2m)
Ve Potential (out) V,F V,F N/A N/A
Er  Magnitude of electric field V,F V,F U(1,5) Uog(10*,10%)
a1 g3 0 Angle V,F V,F U(0,6 Uu(0,2m)
Bl4 Ve = Eicos (a+2 Ea T) r  Distance V,E V,EP uE1,5§ ulug(io*, 10°)
d Radius of dielectric sphere V,F V,EP U(1,5) Ug(1072,10°)
Polarizability V,F V,F U(1,5) Ue(1071,10")
wo Frequency of electromagnetic waves V,F V,F NA N/A
v Velocity V,F V,EP U(1,3) Uog(10°,107)
B15 c Speed of light V,F C,FPuU(5,20) 2.998 x 10°
w Frequency of electromagnetic waves V,F V,EP U(1,5) ulog(log, 10'1)
0 Angle V,F V,F U(0,6) U(0, 2m)
E Energy V,F V,F NA N/A
P Momentum V,F V,F U(1,5) Uog(107°,1077)
E=qV. q Electric charge V,F  V,F U(1,5) Uog(107,1077)
BI6 A Vector potential V,F V,F U(1,5) Uog(10",10%)
Ty (P —gA)?e2+m2et g of light V,F C.EPU(1,5)  2.998 x 10
m  Mass V,F V,EP U(1,5) Uog(1073°,10728)
V.  Voltage V,F  V,F U(1,5) Uog(1071,10")
E Energy V,F V,F NA N/A
1 m  Mass V,F V,EP U(1,5) Uog(1073°,10728)
E=— p Momentum V,F  V,F U(1,5) Ug(1072,1077)
B17 2m w Frequency of electromagnetic waves ~ V,F V,E P U(1,5) Ug(10%,101)
(p2 + m?w?a? (1 + a5)> x  Position V.F V.F U(1,5) Ueg(1071,107%)
Y «a Deviation from the harmonic oscillator V,F  V,F U(1,5) Uog(1071,10%)
y Distance V,F V,EP U(1,5) Uog(107,1077)
Pr Pressure V,F V,F N/A N/A
1 G Gravitational constant V,F CEPU(1,5) 6.674x 101
= c Speed of light V,F CFEPU(1,5) 2.998 x 108
B19 Ak gy ke Variable V,F V,F U(1,5) Uog(10",10%)
< o tcH (1— 2a)> ar  Distance V,F V,EP U(1,5) Uog(10%,10')
f H  Variable V,F V,EP U(1,5) Uog(10°,10%)
a Variable V,F V,F U(1,5) u(—10, 10)
A Differential cross section V,F V,F N/A N/A
o Fine structure constant V,F C,EPU(1,5) 7.297 x 1073
_a®h? fwp\? h  Planck constant V,F CEPU(1,5) 6.626 x 10~
B20 T dnm?2c2 (Z) m  Electron mass V,F C,EPU(1,5) 9.109 x 1073
wo | w o c Speed of light V,F CEPU(1,5) 2.998 x 108
(j T, s 9) wo  Frequency V,F V,EP U(1,5) Uog(10°,10'")
w Frequency V,F V,EP U(1,5) Uog(10%,10)
6 Scattering angle V,F V,F U(0,6) U(0,2m)
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B Hyperparameters for Five Existing SR Baselines

Table[S12]shows the hyperparameter space for the five existing symbolic regression baselines. The
hyperparameters of gplearn [3]]|''| AFP [38], and AFP-FE [35]|'“|are optimized by Optuna [40], a
hyperparameter optimization framework.

Table S12: Hyperparameter sets for the five existing symbolic regression baselines.

Method Hyperparameter sets

gplearn | 100 trials with random combinations of the following hyperparameter spaces:
population_size: U(102,10?), generations: U (10, 10?),

stopping_criteria: U(1071°,1072), warm_start: {True, False},

const_range: {None, (—1.0,1.0), (-10,10), (—=102,10%), (=10%,10%), (—10*,10%)},
max_samples: U(0.9,1.0), parsimony_coefficient: U(1073,1072)

AFP 100 trials with random combinations of the following hyperparameter spaces:
popsize: U(100,1000), g: 14(250, 2500), stop_threshold: U(1071° 1072),
op_list: {[’'n’,’v’,’+°, -, "% °/ Cexp’, "log’, 727,737, 'sqrt’],

[, v, o+, 0=, % P, Cexp’, 'log’, ’27, °3°, “sqrt’, ’sin’, "cos’]}

AFP-FE |100 trials with random combinations of the following hyperparameter spaces:
popsize: U(100,1000), g: U(250,2500), stop_threshold: U(1071°,1072),
op_list: {[’'n’,’v’,’+°, -, 7% °/ Cexp’, ’log’, ’2’, 737, 'sqrt’],

[, v, 2+, °7% ) Cexp’, log’, ’2°, °37, ’sqrt’, *sin’, “cos’]}
Al Feynman | { bftt: 60, epoch: 300, op: *Tops.txt’, poly_deg: 3},

{bftt: 60, epoch: 300, op: *100ps.txt’, poly_deg: 3},

{bftt: 60, epoch: 300, op: *14ops.txt’, poly_deg: 3},

{bftt: 60, epoch: 300, op: *190ps.txt’, poly_deg: 3},

{bftt: 120, epoch: 300, op: *14ops.txt’, poly_deg: 4},

{bftt: 120, epoch: 300, op: *190ps.txt’, poly_deg: 4},

{bftt: 60, epoch: 500, op: *Tops.txt’, poly_deg: 3},

{bfit: 60, epoch: 500, op: *100ps.txt’, poly_deg: 3},

{bftt: 60, epoch: 500, op: *14ops.txt’, poly_deg: 3},

{bfit: 60, epoch: 500, op: *190ps.txt’, poly_deg: 3}

DSR {seed: 1, function_set: [’add’, ’sub’, 'mul’, *div’, ’sin’, ’cos’, "exp’, ’log’},
{seed: 2, function_set: [’add’, ’sub’, 'mul’, ’div’, ’sin’, ’cos’, ’exp’, ’log’},
{seed: 3, function_set: [’add’, ’sub’, 'mul’, ’div’, ’sin’, ’cos’, ’exp’, 'log’},
{seed: 4, function_set: [’add’, ’sub’, "'mul’, *div’, ’sin’, *cos’, ’exp’, ’log’},
{seed: 5, function_set: [’add’, ’sub’, 'mul’, ’div’, ’sin’, ’cos’, ’exp’, 'log’},
{seed: 1, function_set: [’add’, ’sub’, "'mul’, ’div’, ’sin’, cos’, ’exp’, ’log’, const’]},
{seed: 2, function_set: [’add’, ’sub’, 'mul’, ’div’, ’sin’, ’cos’, ’exp’, 'log’, *const’]},
{seed: 3, function_set: [’add’, ’sub’, *'mul’, *div’, ’sin’, "cos’, ’exp’, ’log’, *const’]},
{seed: 4, function_set: [’add’, ’sub’, 'mul’, ’div’, ’sin’, ’cos’, ’exp’, 'log’, *const’]},
{seed: 5, function_set: [’add’, ’sub’, 'mul’, *div’, ’sin’, "cos’, ’exp’, ’log’, *const’]}

"https://gplearn.readthedocs.io/en/stable/reference.html#symbolic-regressor
"https://github.com/cavalab/ellyn
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