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Abstract

Mathematical formulas are the language of communication
between humans and nature. Discovering latent formulas
from observed data is an important challenge in artificial
intelligence, commonly known as symbolic regression(SR).
The current mainstream SR algorithms regard SR as a combi-
natorial optimization problem and use Genetic Programming
(GP) or Reinforcement Learning (RL) to solve the SR prob-
lem. These methods perform well on simple problems, but
poorly on slightly more complex tasks. In addition, this class
of algorithms ignores an important aspect: in SR tasks, sym-
bols have explicit numerical meaning. So can we take full
advantage of this important property and try to solve the SR
problem with more efficient numerical optimization meth-
ods? The Equation Learner (EQL) replaces activation func-
tions in neural networks with basic symbols and sparsifies
connections to derive a simplified expression from a large net-
work. However, EQL’s fixed network structure can not adapt
to the complexity of different tasks, often resulting in redun-
dancy or insufficient, limiting its effectiveness. Based on the
above analysis, we propose MetaSymNet, a tree-like network
that employs the PANGU meta-function as its activation func-
tion. PANGU meta-function can evolve into various candi-
date functions during training. The network structure can also
be adaptively adjusted according to different tasks. Then the
symbol network evolves into a concise, interpretable math-
ematical expression. To evaluate the performance of Meta-
SymNet and five baseline algorithms, we conducted experi-
ments across more than ten datasets, including SRBench. The
experimental results show that MetaSymNet has achieved rel-
atively excellent results on various evaluation metrics.

Code — https://github.com/1716757342/MetSymNet

Introduction
Determining a comprehensible and succinct mathematical
expression from datasets remains a crucial challenge in ar-
tificial intelligence research. Symbolic regression endeav-
ors to identify an interpretable equation Y = F (X) that
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precisely represents the relationship between the indepen-
dent variable X and the dependent variable Y . Contem-
porary predominant approaches to symbolic regression of-
ten treat the problem as a combinatorial optimization chal-
lenge, wherein each mathematical operator is considered
merely an ’action’ with no inherent mathematical signifi-
cance. These methodologies generally employ Genetic Pro-
gramming (GP) or reinforcement learning techniques. While
effective for simpler tasks, their performance deteriorates
when addressing complex symbolic regression challenges
due to the exponential growth of the search space. On the
other hand, in contrast to traditional combinatorial optimiza-
tion tasks, symbols used in symbolic regression possess in-
herent mathematical meanings. Consider the classic Trav-
eling Salesman Problem (TSP), where the elements—four
cities labeled [A, B, C, D]—lack additional implications be-
yond their identification. Conversely, in a symbolic regres-
sion scenario involving four symbols [+,×, sin,x], these are
not merely labels. Each symbol carries a distinct mathemat-
ical significance. For instance, these symbols can function
as activation functions within neural networks, facilitating
processes such as forward or backpropagation.

The Equation Learner (EQL) modifies the architecture of
the Multi-Layer Perceptron (MLP) by consistently incorpo-
rating a predetermined symbolic function as the activation
function in each layer. Following this, a sparsification tech-
nique is applied to eliminate redundant connections within
the network. This methodological framework allows EQL to
derive a concise mathematical expression from complex data
relationships. However, EQL has the following problems: 1)
Sparsification Challenges: Achieving effective sparsifica-
tion within the fully connected network proves to be more
problematic than anticipated. It is often difficult to reduce
the network to only one or two connections while maintain-
ing high fitting accuracy solely through L1 regularization.
As a result, many times the resulting expression does not fit
the data well. 2) Fixed Network Structure: The network
structure is fixed and cannot be adjusted according to the
complexity of the tasks. It is easy to cause a mismatch be-
tween network structure and task. For instance, an exces-
sively large initialized network may produce overly complex
expressions, while a network that is too small may compro-
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mise fitting performance.
In this paper, we introduce MetaSymNet, an innovative

tree-based symbolic regression network. Its architecture is
structured as an expression binary tree, featuring compact
connections between nodes, which effectively eliminates
the need for the sparsification of connection weights. Fur-
thermore, we propose PANGU metafunctions and Variable
metafunctions to serve as activation functions for internal
nodes and leaf nodes, respectively. The PANGU function
possesses the flexibility to evolve into any operational sym-
bol during the training process, while Variable metafunc-
tions enable the selection of the type of input variable. No-
tably, MetaSymNet is capable of adaptively modifying its
structure, allowing it to grow or shrink in response to the
complexity of the task at hand. Our contributions are sum-
marized as follows:
• We introduce MetaSymNet, an innovative symbolic re-

gression algorithm based on numerical optimization that
features dynamic adaptation of node activation functions
in response to specific task requirements. Additionally,
MetaSymNet’s network architecture is capable of real-
time adaptive adjustments driven by gradient informa-
tion, optimizing its structure to align closely with the
complexities of the tasks at hand.

• We propose a novel activation function, PANGU meta-
function, which can adaptively evolve into various can-
didate functions during the numerical optimization pro-
cess.

• We propose a structural adjustment mechanism that uti-
lizes the difference in the number of inputs required by
unary and binary functions. This approach allows Meta-
SymNet to modify its tree network structure in real time,
guided by gradient, progressively refining its topology
toward an optimal configuration.

• We incorporate an entropy loss metric for each set of se-
lected parameters into the loss function. This integration
aims to augment MetaSymNet’s training efficiency and
precision.

Related Work
Based on Genetic algorithm The genetic algorithm (GA)
(Mirjalili and Mirjalili 2019; Katoch, Chauhan, and Kumar
2021) is a classical algorithm that imitates biological evo-
lution, and the algorithm that applies the GA algorithm to
solve the problem of symbolic regression is the Genetic Pro-
gramming (GP) (Espejo, Ventura, and Herrera 2009; Fortin
et al. 2012; Augusto and Barbosa 2000) algorithm. GP repre-
sents each expression in the form of a binary tree, initializes
an expression population, and then evolves a better popula-
tion employing crossover, mutation, etc. Repeat the process
until the termination condition is reached.
Based on reinforcement learning Deep Symbolic Regres-

sion (DSR) (Petersen et al. 2019) is a very good algorithm
for symbolic regression using reinforcement learning. DSR
uses a recurrent neural network as the strategy network of
the algorithm, which takes as input the parent and sibling
nodes to be generated, and outputs as the probability of
selecting each symbol. DSR uses risk policy gradients to

refine policy network parameters. DSO (Mundhenk et al.
2021) introduces the GP algorithm based on DSR. SPL (Sun
et al. 2022) successfully applies MCTS to solve the problem
of symbolic regression. In this algorithm, the author uses
MCTS to explore the symbolic space and puts forward a
modular concept to improve search efficiency. DySymNet
(Li et al. 2023) uses reinforcement learning to guide the gen-
eration of symbol networks. RSRM (Xu, Liu, and Sun 2023)
deeply combines MCTS, Double Q-learning block, and GP,
and achieves good performance on many datasets.
Based on neural networks AI Feynman series algorithms
are mainly divided into two versions, the main idea of this
series of algorithms is to reduce complexity to simplicity. AI
Feynman 1.0 (Udrescu and Tegmark 2020) first uses a neu-
ral network to fit the data and then uses the curve fitted by
the neural network to analyze a series of properties in the
data, such as symmetry and separability. Then the formula
to be found is divided into simple units by these properties,
and finally, the symbol of each unit is selected by random
selection. The idea of AI Feynman 2.0 (Udrescu et al. 2020)
and 1.0 is very similar, the biggest difference between the
two is that version 2.0 introduces more properties so that the
search expression can be divided into simpler units, improv-
ing the search efficiency. DGP (Zeng et al. 2023) works by
normalizing the weight connections and then selecting the
corresponding symbols. EQL (Martius and Lampert 2016;
Kim et al. 2020) algorithm is an SR algorithm based on a
neural network, which replaces the activation function in the
fully connected neural network with basic operation sym-
bols such as [+,−, ..., sin...], then removes the excess con-
nections through pruning, and extracts an expression from
the network.
Based on Transformer The NeSymReS (Biggio et al. 2021)
algorithm treats the symbolic regression problem as a trans-
lation problem in which the input [x, y], and the output is a
preorder traversal of the expressions. NeSymReS first gener-
ates several expressions and then uses the sampled data [x, y]
from these expressions as inputs and the backbone of the ex-
pressions as outputs to train a transformer (Vaswani et al.
2017), pre-training model. When predicting the data, [x, y]
is entered into the transformer, and then combined with the
beam search, a pre-order traversal of the formula is gener-
ated in turn. The biggest difference between the end-to-end
(Kamienny et al. 2022) algorithm and NeSymReS is that the
end-to-end approach can directly predict a constant to a spe-
cific value. Instead of predicting a constant placeholder ‘C’.
(Shojaee et al. 2023) and (Kamienny et al. 2023), use the
pre-trained model as a policy network to guide the search
process of MCTS to improve the search efficiency. The SNIP
(Meidani et al. 2023) uses contrastive learning to train the
data feature extractor. Then, it trains a transformer to gener-
ate the expression skeleton in a self-supervised manner.

Methodology
MetaSymNet, a tree-like neural network, treats each node as
a neuron with internal nodes using the PANGU metafunc-
tion as their activation function, and leaf nodes employing
Variable metafunctions. During training, in addition to opti-
mizing amplitude parameters W and bias term b like ordi-
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Figure 1: Flowchart of the MetaSymNet. (i) First randomly initialize a network, where the internal node S is the PANGU
meta-function and the leaf node Sx is the Variable meta-function. (ii) A numerical optimization algorithm is used to optimize
the parameters. In this process, the amplitude parameter W and the bias parameter B are optimized first, and then the selec-
tion parameters Z and D of the PANGU meta-functions and Variable meta-functions are optimized. Iterate several times. (iii)
After parameter optimization, we determine the basic candidate symbols to which each PANGU metafunction and Variable
metafunction should evolve based on the selection parameters Z and D. (iv) When the network evolves into an expression, we
further refine the constants of the expression and calculate the loss and R2. The iteration stops when R2 reaches the specified
threshold. Otherwise, We replace the internal nodes (operation symbols) of the obtained expression binary tree with PANGU
metafunctions and leaf nodes (variable symbols) with Variable metafunctions. The network structure is then supplemented with
Variable meta-functions such that each PANGU meta-function has two children. The iteration continues.

nary fully connected neural networks, we also optimize the
internal Selecting parameters Z, D of the PANGU metafunc-
tions and Variable metafunctions. The end-to-end training
of MetaSymNet not only results in a high degree of data fit
but also facilitates the evolution of the metafunctions into a
variety of fundamental symbols, transforming the network
into an analyzable and interpretable mathematical formula.
MetaSymNet’s algorithm schematic is shown in Figure 1.
See Appendix 1 for the pseudocode
We begin by stochastically initializing a tree-like network
whose architecture and neuronal count are arbitrarily de-
fined. The activation functions of the network are the
PANGU meta-functions and Variable metafunctions. In the
beginning, each neuron has two inputs because our sym-
bol library contains not only unary activation functions like
[sin, cos, exp, sqrt, log] but also binary activation functions
like [+,−,×,÷], etc.

PANGU Meta-Function
In a standard neural network, the activation function is static,
typically restricted to a single type such as ReLU or sig-
moid. This makes neural networks ultimately a combination
and nesting of multiple sets of activation functions and pa-
rameters, often a complex and hard-to-interpret ‘black box’.
Mathematical formulas in natural science are composed of
basic operation symbols such as sin() and cos(). Can we de-
sign a meta-activation function that can automatically evolve
into various basic operators during training? To realize this,
we design a PANGU meta-function, shown in Fig. 2. The

formula is as follows Eq.1:

OUT = w ∗OET + b (1)

Here, OUT is the corresponding output of the
PANGU meta-function, O = [o1, o2, . . . , on] =
[xl + xr, . . . , e

xl , x1, . . . , xn], and oi is the output of
the ith candidate function in the library. The vector
Z = [z1, z2, ..., zn] is a set of selection parameters
that can be optimized to control the probability of each
activation function being selected. And all internal
neuron function selection parameters Z form the set
Z = [Z1,Z2, ...,Zn]. Here n denotes the number of
internal neurons. E = softmax(Z) = [e1, e2, . . . , en] (or
E = softmax(Z − max(Z)) (Stevens et al. 2021; Dong,
Zhu, and Ma 2019)), ei = ezi∑n

j=1 ec∗zj
is the ith value in

vector E . And ei can be the probability of selecting ith

candidate activation function.

Variables Meta-Function
At the leaf neurons of MetaSymNet, we will initialize a Vari-
able meta-function, shown in Fig 2(bottom), but the function
can only evolve into different variables [x1, x2, ..., xn]. Each
time, the top two most likely variables are selected. The spe-
cific evolution process is shown in the algorithm 2. Its ex-
pression is as follows 2:

OUT = w ∗XET + b (2)
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Figure 2: The structure of PANGU metafunctions and Vari-
able metafunctions. The figure depicts the detailed internal
structure diagram of the PANGU metafunction (top) and
Variable metafunction (bottom). Note: The variable meta-
functions are chosen from two variables at a time.

Here, X = [x1, x2, ..., xk], E = [ ed1∑k
i=1 ec∗di

, ed2∑k
i=1 ec∗di

... edn∑k
i=1 ec∗di

], D = [d1, d2, ..., dk] is a set of variable se-
lection parameters, k is the number of variables in the task,
and q denotes the total number of leaf nodes. And w is
the amplitude control parameter and b is the bias parame-
ter. In MetaSymNet, the variable selection parameter D =
[D1,D2, ...,Dq] and the activation function selection param-
eter Z are optimized together.

Parameters Optimization
Each neuron is assigned three types of parameters, an am-
plitude constant w, a bias constant b, and a set of selec-
tion parameters Z = [z1, z2, ..., zn](The leaf neurons are
D = [d1, d2, ..., dn]). Here, the amplitude constants w of all
neurons form the parameter set W . Similarly, all bias con-
stants b form the set B, and selection parameters Z for all
internal neurons form the set Z. All variable selection pa-
rameters form the set D. We alternately optimize the above
types of parameters with a numerical optimization algorithm
(For example, SGD (Bottou 2012, 2010), BFGS (Dai 2002),
L-BFGS (Liu and Nocedal 1989) etc ). First, the parameters
in the set W and B are optimized, and then the parameters in
the set Z and D are optimized, next the activation functions
of internal neurons and the variables of the leaf neurons are
selected. Finally, after optimizing the parameters alternately
for several rounds, we extract a formula from the network
and further optimize W and B to achieve higher accuracy.

Activation Function Selection
There are many types of candidate activation func-
tions. This article contains four binary activation
functions [+,−,×,÷], five unary activation functions
[sin, cos, exp, log, sqrt], and variables [x1, x2, ..., xk].

PANGU Meta-Function Selection Process, We initial-
ize a PANGU meta-function with an optimizable selection
parameter vector Z = [z1, z2, ..., zn], where n represents
the class of candidate functions. We optimize Z by numer-
ical optimization algorithm, Then the optimized Znew each
element minus the Max(Znew), and then sent softmax to
get E = softmax(Znew −Max(Znew)) = [e1, e2, ..., en].
Each PANGU meta-function S has two inputs xl and xr

(The output of the two child nodes), and then the candidate
functions do the corresponding numerical operations respec-
tively. We can obtain the vector O = [xl + xr, xl − xr, xr ∗
xr, xl/xr, sin(xl), cos(xl), exp(xl), log(xl), sqrt(xl), x1,
x2, ..., xn]. Finally, we dot multiply the vectors E and O,
then multiply by a constant w, and add a bias term b to
get the final output. After optimizing the vector Z multi-
ple times in this way, we map Z to one-hot (Rodrı́guez et al.
2018) form and then dot multiply it with O. The final se-
lected activation function is the symbol corresponding to the
index equal to 1 in one-hot (Figure 1 top left, the evolution
of PANGU metafunction S). Complete the activation func-
tion selection
Variable Meta-Function Selection Process, First, sup-

pose that the output of the leaf neuron Sx is vi after mul-
tiple optimizations. Here, vi = softmax(Di) ∗ X , X =
[x1, x2, ..., xn]. Then the two variables with the highest
probability are selected as xl, xr according to softmax(Di)
(Fig. 1 Top left, the first step in the evolution of the Vari-
able metafunction Sx, selecting two variables (red and pink
boxes) ). Finally, xl and xr are used as the input of each
candidate activation function, and the Oi = [xl + xr, xl −
xr, ..., sin(xl), ..., x1, ..., xn] is obtained, then we choose
the symbol corresponding to the value closest to vi in vector
Oi as the new activation function of the leaf neuron (Figure
1 top left, the second step in the evolution of Variable meta-
function Sx). If the target expression is still not found, or R2

is less than 0.9999. This process is repeated until a stopping
condition is reached.

Network Structure Optimization
The network structure of traditional neural networks is fixed,
which is very easy to cause network structure redundancy.
Although there are many pruning methods to simplify the
structure of neural networks by pruning unnecessary con-
nections, it is not easy to extract a concise expression from
a network (Hermundstad et al. 2011; Maksimenko et al.
2018). We propose an algorithm to optimize the MetaSym-
Net structure in real time under the guidance of gradient.
From the above, we know that the activation function of
MetaSymNet can be learned dynamically and each neuron
has two inputs. We designed a method to realize the dy-
namic adjustment of the network structure when the activa-
tion function changes. The rules for adjusting the structure
according to the activation function changes are as follows:
(1), Structural growth
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Group Dataset BASELINES
MetaSymNet DSO TPSR SPL NeSymReS EQL

St
an

da
rd

s
Nguyen 0.9999±0.000 0.9999±0.001 0.9948±0.003 0.9842±0.001 0.8468±0.002 0.9924±0.005

Keijzer 0.9992±0.001 0.9924±0.001 0.9828±0.002 0.8919±0.002 0.7992±0.002 0.9666±0.003

Korns 0.9999±0.001 0.9872±0.000 0.9325±0.004 0.8788±0.001 0.8011±0.001 0.9285±0.004

Constant 0.9996±0.002 0.9988±0.003 0.9319±0.002 0.8942±0.002 0.8444±0.002 0.9466±0.003

Livermore 0.9924±0.003 0.9746±0.003 0.8820±0.004 0.8728±0.002 0.7136±0.004 0.9037±0.005

Vladislavleva 0.9826±0.003 0.9963±0.004 0.9128±0.005 0.8433±0.004 0.6892±0.004 0.8926±0.004

R 0.9921±0.002 0.9744±0.003 0.9422±0.001 0.9122±0.003 0.8003±0.004 0.8637±0.005

Jin 0.9896±0.002 0.9916±0.002 0.9826±0.004 0.9211±0.002 0.8627±0.002 0.9677±0.004

Neat 0.9953±0.004 0.9827±0.003 0.9319±0.004 0.8828±0.003 0.7996±0.005 0.9631±0.004

Others 0.9984±0.001 0.9861±0.002 0.9667±0.003 0.9435±0.003 0.8226±0.002 0.9438±0.004

SR
B

en
ch Feynman 0.9960±0.002 0.9610±0.003 0.8928±0.003 0.9284±0.003 0.7025±0.003 0.8725±0.005

Strogatz 0.9424±0.004 0.9313±0.002 0.8249±0.003 0.8411±0.002 0.6222±0.002 0.8844±0.005

Black-box 0.9302±0.003 0.9033±0.004 0.8753±0.003 0.9024±0.002 0.6825±0.003 0.7852±0.005

Average 0.9859 0.9749 0.9024 0.8997 0.7528 0.7852

Table 1: Comparison of the coefficient of determination (R2) between MetaSymNet and five baseline. Bold values indicate
state-of-the-art (SOTA) performance. The confidence level is 0.95.

• When Sx evolves into a unary activation function. At this
point, Sx evolves into the chosen unary operator symbol,
and, a variable (leaf node) is selected as an input, (For ex-
ample, the green symbol exp in Fig. 1). Finally, in Figure
1 ‘Completion structure’ stage, the unary operation sym-
bol is changed into PANGU meta-function S, and two
variable meta-functions Sx are added as child nodes. Re-
alize the growth of network structure.

• When Sx evolves into a binary activation function(e.g. +,
*). At this point, Sx evolves into the chosen binary opera-
tor symbol, and two variable leaf nodes are selected as in-
put. Finally, in Figure 1 ‘Completion structure’ stage, the
binary operation symbol is changed into PANGU meta-
function S, and two variable meta-functions Sx are added
as child nodes. Realize the growth of network structure.

(2), Structural reduction
• When S evolves into a variable symbol (e.g. x1,xn). At

this point, S evolves into the chosen variable symbol, and
all child nodes following this node are clipped off. Fi-
nally, in Figure 1 ‘Completion structure’ stage, the vari-
able symbol is changed into a Variable meta-function Sx.
Realize the reduction of network structure.

Loss Function
In the process of MetaSymNet training, the loss function
has a crucial position, because it directly determines the
direction of neural network optimization. In this study, we
introduce a new loss function that aims to further opti-
mize the performance of MetaSymNet. For each PANGU
meta-function, it has a selection parameter Z , and Z gets
E after passing through the softmax function, where E =

[e1, e2, ..., en]. We introduce the entropy (Wehrl 1978; Rényi
1961) of E for all PANGU metafunctions as part of the loss.
Our goal is for the largest element of each vector E to be
significantly higher than the others while maintaining a high
fitting accuracy. We only have to choose one symbol for
the PANGU meta function. To facilitate the evolution of the
PANGU meta-function. Specifically, the expression for the
loss function is as follows 3:

L = LMSE + LEntr

=
1

N

N∑
n=1

(yi − ŷi)
2 − λ

1

M

M∑
j=1

log(max(Ej)) (3)

Where N is the number of sample points, y is the true y
value, and ŷ is the predicted y value. M is the number of
PANGU meta-functions under the current network, and Ej
is the value of the selection parameter of the jth PANGU
meta function after passing softmax. λ is the entropy loss
regulation coefficient.

Results
In order to test the performance of MetaSymNet, we com-
pare the performance of our algorithm with five state-of-the-
art symbolic regression algorithms (DSO (Mundhenk et al.
2021), NeSymReS (Biggio et al. 2021), SPL (Sun et al.
2022), EQL (Martius and Lampert 2016), and TPSR
(Shojaee et al. 2023)) on ten public datasets. Specific for-
mula details are given in Table tables 10 to 14, in the ap-
pendix. Fig. 5 shows the Pareto plots(time and accuracy) of
MetaSymNet and baselines(in SRBench) on black-box data
and Feynman.
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Figure 3: Analysis on performance. a demonstrates the trends of R2 values between MetaSymNet and five baseline methods
across varying noise levels. b Provides a R2-time Pareto plot of the various algorithms on individual datasets, showing opti-
mization performance.

Fit Ability Test
When doing comparative experiments, we strictly control
the experimental variables and ensure that all the other con-
ditions are the same except for the algorithm type to ensure
the fairness and credibility of the experiment. Specifically,
(1) At test time, on the same test expression, we sample xi

on the same interval for different algorithms. To ensure the
consistency of the test data. See Appendix tables 10 to 14,
for the specific sampling range of each expression. (2) For
some of the ‘Constraints’ used in our algorithm, we also use
the same ‘Constraints’ in other algorithms. To ensure that
the performance of the individual algorithms is not affected
by the difference in the ‘Constraints’. In the experiment, we
use the coefficient of determination (R2) (Nagelkerke et al.
1991; Ozer 1985) to judge how well each algorithm fits the
expression. The results are shown in Table 1, from which we
see that MetSymNet achieves the performance of SOTA on
multiple datasets. The expression for R2 is given in the fol-
lowing: R2 = 1 −

∑N
i=1(y−ŷ)2∑N
i=1(y−y)2

; Where ŷ is the predicted y
value and y is the mean of the true y.

Noise Robustness Test
In the real world, data often contains noise and uncertainty.
This noise can come from measurement errors, interfer-
ence during data acquisition, or other unavoidable sources
(Berglund, Hassmen, and Job 1996; Tam et al. 2008; Beall
and Lowe 2007). The Noise robustness test can simulate the
noise situation in the real environment, and help to evalu-
ate the performance of the symbolic regression algorithm
in the case of imperfect data, to help us understand its re-
liability and robustness in practical applications. These tri-
als can guide the tuning and selection of the model, ensur-
ing that it will work robustly in real scenarios. (Ziyadinov
and Tereshonok 2022; Gao et al. 2020). We generate noisy
data ynoise in the following way. To simulate different lev-
els of noise in the real world, we divide the noise into ten

levels. First, the noisy data Datanoise is obtained by ran-
domly sampling on the interval [−L ∗ Span,+L ∗ Span].
Here, L = [0.00.0.01.0.02, ..., 0.1] is the level of noise.
Span = abs|max(y)−min(y)| is the Span of y. ynoise =
y + Datanoise. We employed the datasets to assess the al-
gorithm’s noise robustness. For each mathematical expres-
sion, we conducted 20 times at varying noise levels. Sub-
sequently, we computed the R2 between the curve derived
from each trial and the original curve, serving as a metric
to quantify noise resilience. The outcome was determined
by averaging the results from the 20 trials. The average R2

of both MetaSymNet and five symbolic regression base-
lines were compared across different noise levels, and the
results are depicted in Figure 6a. The comprehensive anal-
ysis demonstrates that MetaSymNet exhibits superior noise
immunity performance in contrast to the other five symbolic
regression baselines.

Inference Time Test
In order to evaluate a symbolic regression algorithm, in ad-
dition to fitting ability and anti-noise ability, the inference
speed of the algorithm is also an extremely important index.
Therefore, in order to test the inference efficiency of Meta-
SymNet and the various baselines, we picked the part of the
expression data in all test datasets where the various algo-
rithms could achieve R2 > 0.99. These selected expressions
make up dataset A. We then test each expression in dataset A
10 times with each algorithm. We plot the R2 − time coor-
dinate plot as shown in Fig 6, For this plot, each color corre-
sponds to an algorithm, and each scatter corresponds to the
average R2 and average inference time for all expressions in
one test dataset. The red dot indicates the center of gravity of
each algorithm, and the closer it is to the bottom-right corner
of the figure, the better the overall performance of the algo-
rithm. The red star part represents our algorithm. From the
figure, we can see that MetaSymNet achieves a good balance
between efficiency and accuracy. In addition, Fig5 shows the
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Dataset MetaSymNet DSO SPL TPSR NeSymReS EQL

Nguyen 16.5 20.3 26.0 16.0 18.2 22.4
Keijzer 18.0 18.4 28.4 20.6 21.3 20.8

Constant 24.4 26.6 33.5 22.9 24.1 32.9
Livermore 34.8 38.2 47.3 35.3 32.9 41.5

Vladislavleva 42.4 46.3 59.4 38.2 36.2 49.2
R 28.5 31.3 38.2 24.6 27.3 36.9
Jin 20.6 22.0 32.0 16.2 19.9 28.4

Others 28.3 33.2 39.5 29.5 32.2 37.4
Neat 19.5 22.7 28.7 16.4 20.6 27.2

Korns 25.8 26.8 32.4 22.5 23.5 32.4
Feynman 23.1 24.1 34.2 21.3 22.4 26.6
Strogatz 21.4 27.2 32.3 24.4 28.1 31.9

Black-box 25.5 32.9 39.2 29.3 33.9 35.3

Average 25.3 28.5 33.2 24.4 26.2 32.5

Table 2: Comparison of the average number of symbols
(complexity) of the resulting expressions between Meta-
SymNet and the other five baselines.

graph of MetaSymNet compared with 20 other baselines un-
der the SRBench standard. We believe that the reason for
MetaSymNet’s efficiency is that the symbolic regression is
changed from a combinatorial optimization problem to a nu-
merical optimization problem while retaining the binary tree
representation of the expression. As we know, in the current
field of machine learning, the efficiency of numerical op-
timization algorithms is higher than that of reinforcement
learning and evolutionary computation algorithms. There-
fore, compared with the traditional symbolic regression al-
gorithm, MetaSymNet is more efficient.

Result Complexity Test
In symbolic regression, our ultimate goal is to get a rela-
tively concise expression to fit the observed data. If the re-
sulting expression is too complex, then its interpretability is
greatly reduced. Therefore, we set up the following experi-
ment to compare the complexity (the number of nodes in the
binary tree) of the resulting expressions obtained by each
algorithm. we selected the expression in which all methods
in the database can achieve R2 > 0.999 as the test set to
compare the complexity (number of nodes) of the expres-
sion obtained by different algorithms when R2 > 0.999.
Each expression was run 20 times and then averaged. The
maximum length is set to 80 for all algorithms. The specific
statistical results are shown in Table 2. As we can see from
the table, MetaSymNet has the second-lowest average num-
ber of nodes after TPSR.

Ablation Experiments with Entropy Loss
For each PANGU metafunction, we have a set of selection
Z passes through softmax() to obtain E = [e1, e2, ..., en],
here

∑i=n
i=1 ei = 1. To improve the efficiency and perfor-

mance of MetaSymNet, we introduce the entropy of E of all
PANGU meta-functions in the network as part of the loss
function. Specifically LEntr = 1

M
∑M

j=1 log(max(Ej)),
here, M denotes the number of PANGU metafunctions in
the network. To demonstrate the effectiveness of entropy
loss, we perform ablation experiments on it. The specific

MetaSymNet With entropy loss Without entropy loss
R2 ↑ Nodes ↓ Time(s)↓ R2 ↑ Nodes ↓ Time(s) ↓

Nguyen 0.9999 16.5 96 0.9998 18.7 118
Keijzer 0.9992 18.0 124 0.9977 23.8 135
Korns 0.9999 24.4 103 0.9924 27.3 132

Constant 0.9996 34.8 109 0.9872 38.3 124
Livermore 0.9924 42.4 104 0.9834 49.2 122

Vladislavleva 0.9826 28.5 122 0.9807 32.2 132
R 0.9921 20.6 100 0.9829 26.4 111
Jin 0.9896 28.3 112 0.9744 32.9 125

Neat 0.9953 19.5 104 0.9881 24.7 131
Others 0.9984 25.8 121 0.9904 31.2 136

Feynman 0.9960 23.1 128 0.9763 27.4 142
Strogatz 0.9424 21.4 132 0.9114 28.2 151

Black-box 0.9302 25.5 142 0.9006 26.3 164
Average 0.9859 25.3 115 0.9743 29.7 133

Table 3: Ablation experiments on whether to introduce en-
tropy loss in the loss function for MetaSymNet.

experimental results are shown in Table 3. We think that the
introduction of entropy loss can promote the values in E to
appear as ‘big is bigger, small is smaller’. Makes One of its
values significantly larger than the others, which is closer to
the one-hot form. It promotes a more efficient and accurate
evolution of the PANGU meta-function to different activa-
tion functions.

Discussion and Conclusion

In this paper, we propose MetaSymNet, which treats the SR
as a numerical optimization problem rather than a combi-
natorial optimization problem. MetaSymNet’s structure is a
tree-like network that is dynamically adjusted during train-
ing and can be expanded or reduced. Compared with the
baselines, MetaSymNet has a better fitting ability, noise
robustness, and complexity. We propose a PANGU meta-
function as the activation function of MetaSymNet. The
function can autonomously evolve into various candidate
functions under the control of selection parameters. In ad-
dition, we present variable metafunctions that can be used to
select variables. Furthermore, the final result of MetaSym-
Net is a concise, interpretable expression. This character-
istic enhances the credibility of MetaSymNet and presents
significant potential for application in fields that involve
high-risk decision-making, such as finance, medicine, and
law. In such domains, where decisions can profoundly im-
pact people’s lives, people must understand and trust the
algorithm’s decision-making process. Despite MetaSymNet
yielding satisfactory results, it has its limitations. For in-
stance, tuning certain hyperparameters, such as the λ in the
loss function, proves to be challenging. Additionally, the
method can occasionally become trapped in local optima, re-
sulting in approximate rather than exact expressions. Next,
we plan to alter the evolution process of PANGU metafunc-
tions. Specifically, instead of relying on the greedy strat-
egy for function selection, we intend to explore a variety of
search methods, including beam search, Monte Carlo Tree
Search, and others, to enhance the algorithm’s performance.
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Rényi, A. 1961. On measures of entropy and information.
In Proceedings of the Fourth Berkeley Symposium on Math-
ematical Statistics and Probability, Volume 1: Contributions
to the Theory of Statistics, volume 4, 547–562. University of
California Press.
Rodrı́guez, P.; Bautista, M. A.; Gonzalez, J.; and Escalera, S.
2018. Beyond one-hot encoding: Lower dimensional target
embedding. Image and Vision Computing, 75: 21–31.
Rumelhart, D. E.; Hinton, G. E.; and Williams, R. J. 1986.
Learning representations by back-propagating errors. na-
ture, 323(6088): 533–536.
Shojaee, P.; Meidani, K.; Farimani, A. B.; and Reddy, C. K.
2023. Transformer-based Planning for Symbolic Regres-
sion. arXiv preprint arXiv:2303.06833.
Stevens, J. R.; Venkatesan, R.; Dai, S.; Khailany, B.; and
Raghunathan, A. 2021. Softermax: Hardware/software co-
design of an efficient softmax for transformers. In 2021 58th
ACM/IEEE Design Automation Conference (DAC), 469–
474. IEEE.
Sun, F.; Liu, Y.; Wang, J.-X.; and Sun, H. 2022. Symbolic
physics learner: Discovering governing equations via monte
carlo tree search. arXiv preprint arXiv:2205.13134.
Tam, C. K.; Viswanathan, K.; Ahuja, K.; and Panda, J. 2008.
The sources of jet noise: experimental evidence. Journal of
Fluid Mechanics, 615: 253–292.
Udrescu, S.-M.; Tan, A.; Feng, J.; Neto, O.; Wu, T.; and
Tegmark, M. 2020. AI Feynman 2.0: Pareto-optimal sym-
bolic regression exploiting graph modularity. Advances in
Neural Information Processing Systems, 33: 4860–4871.
Udrescu, S.-M.; and Tegmark, M. 2020. AI Feynman: A
physics-inspired method for symbolic regression. Science
Advances, 6(16): eaay2631.
Vaswani, A.; Shazeer, N.; Parmar, N.; Uszkoreit, J.; Jones,
L.; Gomez, A. N.; Kaiser, Ł.; and Polosukhin, I. 2017. At-
tention is all you need. Advances in neural information pro-
cessing systems, 30.
Wehrl, A. 1978. General properties of entropy. Reviews of
Modern Physics, 50(2): 221.
Xu, Y.; Liu, Y.; and Sun, H. 2023. RSRM: Rein-
forcement Symbolic Regression Machine. arXiv preprint
arXiv:2305.14656.
Zeng, P.; Song, X.; Lensen, A.; Ou, Y.; Sun, Y.; Zhang,
M.; and Lv, J. 2023. Differentiable Genetic Programming
for High-dimensional Symbolic Regression. arXiv preprint
arXiv:2304.08915.
Ziyadinov, V.; and Tereshonok, M. 2022. Noise immunity
and robustness study of image recognition using a convolu-
tional neural network. Sensors, 22(3): 1241.

27089


