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Abstract. This work investigates the use of symbolic regression (SR) to address the trade-off be-

tween predictive accuracy and computational efficiency in modeling physical phenomena by con-

structing compact, closed-form expressions directly from data. In this study, SR is applied to develop

fast and accurate models for predicting lateral spread in the hot rolling of steel slabs. The SR models

are trained on high-fidelity finite element simulation data and evaluated against established analytical

models. Model selection is guided by a parsimony-based optimization strategy that balances predic-

tive accuracy and expression complexity. The results show that the SR-derived formulations achieve

lower prediction errors with reduced complexity compared to traditional analytical models. Moreover,

SR maintains strong predictive performance even when trained on limited datasets, demonstrating its

robustness. Overall, the findings of this work highlight the suitability of symbolic regression for com-

putationally efficient and accurate modeling of complex physical phenomena.

Introduction

Hot rolling is a key process in steel manufacturing, in which cast slabs are transformed into plates

or strips while breaking down the as-cast microstructure and improving microstructural homogeneity

[1]. As the thickness is reduced, the metal undergoes elongation in the rolling direction and spreads

laterally, the latter being referred to as lateral flow or spread. Unlike processes where lateral deforma-

tion is largely constrained (e.g., cold rolling), lateral spread is a dominant phenomenon in hot rolling

and must be accurately controlled to achieve the desired final width. Roughing hot rolling mills play

a central role in shaping steel slabs, with rougher rolls reducing thickness and edger rolls controlling

width. A schematic representation of a roughing stand is shown in Fig. 1. The final slab geometry and

lateral spread at the stand exit result from the combined action of the rougher and edger rolls.

Maintaining tight tolerances over the thickness and width of the rolled slabs is essential to ensure

product quality and guarantee consistent performance in downstream operations. Furthermore, pre-

cise profile control minimizes product rejection or the need for additional preprocessing. Therefore,

accurate prediction of lateral spread is crucial for achieving dimensional control and optimizing the

hot rolling process.

Key Engineering Materials Submitted: 2026-01-19
ISSN: 1662-9795, Vol. 1050, pp 157-169 Revised: 2026-02-17
doi:10.4028/p-5QE7ks Accepted: 2026-02-18
© 2026 The Author(s). Published by Trans Tech Publications Ltd, Switzerland. Online: 2026-04-16

This article is an open access article under the terms and conditions of the Creative Commons Attribution (CC BY) license
(https://creativecommons.org/licenses/by/4.0)

https://doi.org/10.4028/p-5QE7ks


strip

edger
rougher

Fig. 1: Schematic of a roughing hot rolling stand, showing the vertical edger rolls and horizontal

rougher rolls acting on the strip.

The lateral flow in hot rolling results from complex interactions between material properties, rolling

parameters, and temperature, which makes it challenging to model with sufficient accuracy and pre-

cision. On the one hand, finite element (FE) simulations can capture the full three-dimensional de-

formation of the slab and provide detailed insight into material and process behavior [2]; however,

despite their accuracy, such models are computationally demanding and thus unsuitable for direct

integration into real-time control or optimization frameworks. On the other hand, analytical and semi-

analytical models enable a fast prediction of lateral spread and are typically derived from plasticity

theory, geometric relationships, and experimental observations. Although computationally efficient,

many classical formulations oversimplify the complex physics of rolling; therefore, fail to predict lat-

eral spread with sufficient accuracy, particularly under varying material and process conditions.

To reduce the trade-off between accuracy and efficiency in predicting complex physical phenomena,

data-driven strategies have emerged, often in the context of hybrid modeling approaches [3]. These

frameworks describe system behavior as the combination of a baseline mechanistic model, capturing

established but simplified physical assumptions, and a residual contribution that remains unexplained

by the model. Chinesta et al. [4] formalized this idea through the concept of modeler ignorance. Mod-

eler ignorance denotes an epistemic model-form uncertainty, originally defined as the discrepancy

between a physics-based model and the response of the real system; it may also be understood as the

systematic discrepancy between a simplified analytical formulation and a more trusted high-fidelity

reference description of the process. When experimental measurements are unavailable, this reference

may be provided by a detailed FE model. Building on this concept, Bock et al. [5] proposed a predic-

tive framework in which a fast but inaccurate analytical model is corrected towards high-fidelity FE

solutions using machine learning to predict residual stresses induced by laser shock peening. A similar

hybrid strategy has been applied to the prediction of lateral flow in hot strip rolling by Hashemzadeh et

al. [6], who introduced an Analytical Predictor–Machine Learning Corrector framework in which ana-

lytical models provide initial width predictions that are subsequently refined using a machine learning

model trained on high-fidelity FE data.

In addition to conventional machine-learning algorithms, symbolic regression (SR) has gained in-

creasing attention as an alternative data-driven modeling approach. SR aims to identify explicit math-

ematical relationships between input and output variables through an optimization process that bal-

ances predictive accuracy andmodel complexity [7]. Unlike traditional regressionmethods that rely on

prescribed functional forms, SR automatically explores combinations of variables and mathematical

operators (such as addition, multiplication, and exponentiation) to discover concise analytical expres-

sions that may support physical interpretation.

Within the broader landscape of data-driven strategies, SR can be employed in two complemen-

tary ways: as part of a hybrid modeling framework to learn model discrepancies [8], or as a model-

discovery tool to directly derive analytical expressions that represent the underlying physical behavior

encoded in the data [9, 10]. In this work, the second approach is adopted and symbolic regression is

used to construct a compact analytical model for lateral spread. In the context of hot rolling, direct
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experimental measurements of lateral flow are extremely difficult due to the harsh conditions in the

rolling stand, including high temperatures and limited accessibility. As a result, high-fidelity FE sim-

ulations are employed as a surrogate model for the real physical system.

The remainder of the paper is organized as follows. First, the finite element framework used to sim-

ulate the hot rolling process is described, together with the generation of a high-fidelity data set that

covers both rougher and edger rolling configurations and the adopted sampling strategy. Next, the

symbolic regression methodology implemented using PySR [11] is presented, and the procedure for

deriving compact analytical expressions for lateral spread from the simulation data is outlined. Finally,

the resulting symbolic models are evaluated on an independent validation dataset and compared with

established analytical formulations in terms of predictive accuracy and model complexity.

Methodology

FE simulations. Because lateral spread is governed by three-dimensional plastic flow, its accurate

prediction requires a fully three-dimensional modeling approach. For this reason, the dataset describ-

ing lateral flow as a function of the rolling parameters is generated through three-dimensional FE

simulations performed in Abaqus. In the numerical model, rolls are represented as rigid cylindrical

surfaces, whereas the slab is modeled as a deformable body. Consequently, elastic roll deformations,

including roll bending, are not considered. Roll bending modifies the roll gap profile across the strip

width, thereby influencing the deformation mechanics and resulting lateral spread. Within the present

approach, this effect could be incorporated by extending the FE model, for example through coupling

with the influence function method to account for roll deflection [12]. However, this extension falls

outside the scope of this study, as the symbolic regression models are assessed against analytical for-

mulations that likewise assume rigid rolls. To capture both rolling configurations of interest in rough-

ing mills, namely the edger and the rougher, the same FE framework is employed to perform a series of

independent simulations, each corresponding to a distinct slab cross-sectional geometry. In particular,

the width-to-thickness aspect ratio is systematically varied to represent edger-type and rougher-type

configurations, rather than modeling their successive occurrence within a single rolling sequence, as

shown in Fig. 2. Accordingly, the two rolling stages are treated independently, and deformation his-

tory is not transferred from the edger to the rougher (e.g., strain accumulation is not used as input for

subsequent passes). This simplification is intentional, as the objective is to generate predictive models

for lateral spread under each configuration and to enable direct comparison with analytical formula-

tions, which likewise neglect deformation history between rolling steps. The slab length is chosen to

be sufficiently large to ensure that steady-state rolling conditions are achieved, thereby eliminating

transient effects near the entry and exit regions and enabling a consistent evaluation of lateral flow.

(a) Edger configuration. (b) Rougher configuration.

Fig. 2: Edger and rougher rolling configurations considered in the FE model.

Key Engineering Materials Vol. 1050 159



The slab has a length of 600 mm and an initial width of 6 mm. It is discretized using hexahedral

elements, with the element size selected on the basis of a mesh convergence study. The final mesh

resolution is set to a minimum element size of 3 mm in the longitudinal direction, 1.5 mm in the

width direction, and 1.28 mm in thickness. This discretization is found to provide an appropriate

balance between numerical accuracy and computational cost and is therefore kept constant across all

simulations.

The material behavior is described using the Johnson–Cook constitutive model [13], which relates the

von Mises flow stress (�) to the equivalent plastic strain ("p), the equivalent plastic strain rate ( _"p) and
the temperature (T ), according to the following equation:

� =
�
A+B "np

� �
1 + C ln

�
_"p
_"0

���
1−

�
T − Tr
Tm − Tr

�m �
: (1)

Table 1: Johnson–Cook material parameters [13].

Parameter Value Unit Description

A 33.901 MPa Initial yield stress

B 100.18 MPa Strain hardening coefficient

n 0.4951 – Strain hardening exponent

C 0.2471 – Strain-rate strengthening coeffi-

cient

m 0.6444 – Thermal softening exponent

_"0 0.0037 s−1 Reference plastic strain rate

Tr 900 �C Reference temperature

Tm 1500 �C Melting temperature

In this study, an isothermal analysis is performed at a constant temperature of 1100 �C and constant

rolling speed of 2.2772 rad/s. These operating conditions are selected in accordance with represen-

tative hot rolling conditions reported in the literature [14]. Roll–slab interaction is modeled using a

surface-to-surface contact formulation inAbaquswith a kinematic constraint and finite sliding. Normal

contact is enforced using a hard contact formulation, while tangential behavior follows an isotropic

Coulomb friction law with a constant friction coefficient of 0.2. Explicit simulations are employed

[15] due to their robustness in handling complex contact conditions typical for rolling processes. To

reduce computation time while preserving numerical stability, mass scaling is applied with a factor of

900, ensuring that the kinetic energy remains below 5% of the internal energy and that the response

remains quasi-static.

The simulations are executed until steady-state conditions are achieved using the built-in steady-state

detection capability in Abaqus. The detection criterion is based on the evolution of the equivalent

plastic strain (PEEQ in Abaqus notation).

Input–output space for data generation. The rolling geometry is primarily characterized by a small

set of geometric quantities that govern material flow and lateral spread, namely the slab width (w),
slab thickness (h), and roll radius (R). These parameters control the degree of geometric constraint
and curvature imposed by the rolls and therefore play a central role in the deformation kinematics.

The subscripts in and out denote entry and exit conditions, respectively, as illustrated in Fig. 2.

To enable robust and scalable data-driven modeling, both input and output quantities are expressed

in non-dimensional form. Non-dimensionalization normalizes the parameter space, improves numer-

ical conditioning, and enhances generalization performance in data-driven models [16], while also

ensuring dimensional consistency within the symbolic regression framework. Based on the character-

istic geometric scales of the rolling process, the following three dimensionless input parameters are
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defined:

x1 :=
win

hin
; x2 :=

hin
R

; x3 :=
hout
hin

:

The parameter intervals are chosen as:

x1 2 [0:5; 2]; x2 2 [0:1; 0:25]; x3 2 [0:5; 1]:

These ranges are selected to ensure that both rougher and edger configurations are adequately repre-

sented within the data set. Specifically, edger configurations correspond to win < hin (x1 < 1), while
rougher configurations are characterized by win > hin (x1 > 1). The target output of the model is the
exit strip width, which is likewise expressed in non-dimensional form as:

y :=
wout

R
:

Sampling method. Once the parameter ranges are defined, the number of simulations that can be

performed is limited by computational cost, making it essential to select combinations of input pa-

rameters that efficiently cover the design space. This process, referred to as sampling, can be carried

out using various strategies, including structured grids, random sampling, Latin hypercube sampling,

and quasi-random sequences such as Sobol points.

The choice of sampling strategy has a direct impact on the quality and generalizability of the symbolic

regression results. A key criterion for evaluating sampling methods is the discrepancy, a quantitative

measure of how uniformly a set of points fills the parameter space [17]. Lower discrepancy values in-

dicate more uniform coverage and, consequently, more representative sampling. The centered discrep-

ancy is a specific form of discrepancy that emphasizes uniformity around the center of the sampling

domain and reduces sensitivity to boundary effects. The centered discrepancy values for the different

sampling strategies considered in this study are reported in Table 2.

As shown in Table 2, Sobol sampling yields the lowest discrepancy and therefore provides the most

uniform coverage of the parameter space. Since Sobol sequences are most effective when the number

of samples is a power of two [18], 256 simulations were performed to generate the training dataset,

representing a practical balance between computational cost and coverage of the input space. In ad-

dition, 128 independent simulations were generated for validation, using the same parameter ranges

and Sobol sampling strategy but with a different random seed. The influence of the number of training

samples on model accuracy is examined in a subsequent sensitivity analysis.

Table 2: Centered discrepancy values for the different sampling strategies using 256 samples in a

three-dimensional input space.

Sampling Method Centered Discrepancy

Grid 0.014900

Random 0.002068

Latin Hypercube 0.000446

Sobol 0.000045

Post-processing and deformed shapes. After completion of the simulations, post-processing scripts

are employed to extract the final strip width for training the predictive model. The deformed cross

section is evaluated at the location where steady-state conditions are reached, that is also where lat-

eral flow has fully developed. The exit width, denoted as wout, is measured along the centerline of the

deformed cross section and serves as a scalar measure of the accumulated lateral spread. Although

this constitutes a simplification, since the actual cross section is generally non-uniform due to three-

dimensional material flow, this assumption is adopted to ensure consistency with analytical models,

which also assume a rectangular cross section.
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In addition to width extraction, the steady-state deformed shapes of the slabs are analyzed to assess

the influence of the process configuration on lateral flow behavior. Owing to differences in boundary

conditions and dominant deformation mechanisms, the rougher and edger configurations exhibit dis-

tinct deformation patterns. Figures 3 and 4 show representative deformed slab cross sections for the

two configurations, together with contour plots of the maximum equivalent plastic strain (PEEQ, in

Abaqus notation) for randomly selected samples.

1:46� 10−1 2:00 � 10−1

(a) hin = 34.1620 mm, win= 36.1602 mm,

hout = 28.1873 mm, wout = 38.9235 mm.

5:30� 10−1 6:42� 10−1

(b) hin = 25.4125 mm, win = 39.7811 mm, hout =
14.1775 mm, wout = 49.5427 mm.

Fig. 3: Deformed slab cross-sections for representative rougher configurations, showing contours of

equivalent plastic strain.

1:32� 10−1 1:93� 10−1

(a) hin = 48.8902 mm, win = 35.3641 mm, hout =
41.0318 mm, wout = 37.6633 mm.

3:03� 10−2 6:35� 10−2

(b) hin = 23.9475 mm, win = 13.3833 mm, hout =
22.2743 mm, wout = 13.7051 mm.

Fig. 4: Deformed slab cross-sections for representative edger configurations, showing contours of

equivalent plastic strain.

Lateral spread originates from the lateral material flow induced by thickness reduction under the action

of the rolls. For a given undeformed slab geometry (i.e., fixed width-to-thickness ratio), the magnitude

of spread increases with increasing thickness reduction. Conversely, for a fixed amount of thickness

reduction, the relative importance of spread increases as the width-to-thickness ratio decreases. For

large width-to-thickness ratios, deformation in the central region approaches plane-strain conditions

and lateral flow is strongly constrained, resulting in limited spread. As the width-to-thickness ratio

decreases, the deformation becomes increasingly three-dimensional and lateral spread becomes more

pronounced.
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Symbolic regression. Symbolic regression is a machine learning technique that aims to discover an-

alytical expressions that describe physical systems directly from data, without assuming a predefined

model structure [19]. In contrast to conventional regression approaches, symbolic regression searches

simultaneously for the functional form and the associated parameters, enabling the identification of

governing equations from observational or simulation data. In this study, symbolic regression is im-

plemented using PySR, a high-performance framework for scientific model discovery [11]. PySR rep-

resents candidate models as hierarchical expression trees, where mathematical operators form internal

nodes and variables or constants appear as terminal leaves. The search over possible expressions is

performed using evolutionary algorithms, including selection, crossover, and mutation, to identify

models that best map the input parameters to the target output. The search space considered in this

work includes the binary operators addition, subtraction, multiplication, and division, as well as the

unary operators logarithm, sine, cosine, and exponential, allowing a broad class of nonlinear analytical

expressions to be explored. To quantify model complexity, each symbolic expression is represented

by its corresponding complexity tree, which explicitly reflects the number and arrangement of elemen-

tary operations. As an illustration, Fig. 5 presents the complexity tree corresponding to the following

expression:

� tanh(� x+ 
) (2)

�

� tanh

+


 �

� x

Fig. 5: Complexity tree representation of the symbolic expression in Eq. (2). Multiplicative coeffi-

cients are shown in red, the additive bias in blue, and the input variable in black.

For this illustrative example, the resulting complexity is 8, corresponding to the number of elemen-

tary operations and terms involved in the expression. Notably, this functional form is equivalent to the

computation performed by a single neuron with a hyperbolic tangent activation function in a neural

network. Even at this level, the corresponding complexity tree already has a complexity of 8. For a

shallow neural network with a single hidden layer and three neurons, the explicit analytical represen-

tation would consist of the superposition of three such expressions, resulting in a complexity of 28.

For deeper or wider architectures, the complexity grows substantially. In contrast, symbolic regression

yields a single closed-form expression whose complexity is explicitly controlled, resulting in compact

formulations that retain transparency and may support physical interpretation.

An important feature of PySR is its ability to balance model accuracy and complexity by optimizing

along the Pareto front, according to the principle of the Occam’s razor [19]. This enables the selec-

tion of expressions that achieve an optimal trade-off between predictive performance and analytical

simplicity. In this study, a total of 256 simulations are used to train the model using PySR. The re-

sulting symbolic models are subsequently validated using 128 independent simulations covering the

same parameter ranges. Based on this validation set, the expressions are evaluated in terms of both

prediction error and model complexity, and the optimal model is selected accordingly.
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Analytical models. Three analytical models are used to benchmark the symbolic regression model

[14]: the Ekelund, Tselikov, and Helmi–Alexander models.

The Ekelund model computes the exit width wout from:

wout
2 − win

2 =

�
8� − 4 ln

�
wout

win

�
[hin + hout]

�p
R�

"
1:6�

p
R� − 1:2�

hin + hout

#
; (3)

where � = hin − hout.
The Tselikov model is given by:

�w = wout − win =
2c

�h2

�p
R� − �

2�

� �
(1− �h)

2
ln

�
1

1− �h

�
− �h + 1:5�h

2

�
; (4)

where �h := (hin−hout)/hin denotes the relative draught, the parameter c, known as the spread factor,
depends on the ratio between the sample width and the projected contact arc (that is, hout/

p
R�) and

typically takes values in the range [0:5; 1].
Finally, the Helmi–Alexander model is expressed as:

ln

�
wout

win

�
= 0:95 ln

�
hin
hout

��
hin
win

�1:1

exp

 
−0:707

�
winp
R�

��
hin
win

�0:971
!
: (5)

Results and Discussions

SR-derived vs. analytical models. This study evaluates the performance of symbolic regression in

comparison with the analytical models established by Ekelund, Tselikov, and Helmi-Alexander. The

comparison is conducted using two complementary strategies: (i) assessing the predictive accuracy of

symbolic expressions constrained to a complexity comparable to that of the analytical models, and (ii)

examining the complexity required by symbolic regression to achieve prediction errors comparable to

those of the analytical formulations.

To quantify the structural complexity of the analytical models, each formulation is represented by a

complexity tree, following the structure illustrated in Fig. 5. The resulting complexity values for the

analytical models, expressed as the total number of nodes in the corresponding trees, are reported in

Table 3.

Table 3: Complexity of analytical models.

Model Complexity (nodes)

Ekelund 37

Tselikov 30

Helmi-Alexander 31

The first analysis focuses on the former perspective, in which symbolic regression is constrained to

produce a model of similar complexity to the analytical formulations and the resulting predictive per-

formance is assessed. Under this constraint, the PySR symbolic regression tool yields the expression

reported in Eq. 6, which has a complexity of 29 and is hereafter denoted as SR 29.

wout

R
=
h(
x0:9894
1 − 0:0129

�
x2

i h(
x1:3275
3 − x2

�0:0317i
exp
�(

xx1
2

�x2
cos(x3)

(
1:0324− x3

��
: (6)

The prediction error of this equation is compared to that of the analytical models using the Mean Ab-

solute Error (MAE) andR2, both computed based on the predicted slab width. Table 4 summarizes the
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results and shows that the PySR-derived model achieves anMAE nearly one order of magnitude lower

than that of the best-performing analytical formulations (Tselikov’s and Helmi–Alexander’s models).

Table 4: Performance comparison of models based on MAE and R2, ranked from worst to best MAE.

Model MAE [mm] R2

Ekelund 2.0502 0.9808

Tselikov 0.9123 0.9956

Helmi-Alexander 1.7667 0.9741

SR 29 0.1485 0.9993

The analysis is then extended by relaxing the complexity constraint and identifying a symbolic model

with predictive accuracy comparable to that of the analytical formulations. Under this condition, PySR

yields the expression reported in Eq. 7, which achieves predictive performance similar to that of the

best-performing analytical formulation, namely Tselikov’s model (MAE = 1.0124 mm,R2 = 0.9954),

while exhibiting a substantially lower complexity of 7.

wout

R
= x1 x2 x

−0:3309
3 (7)

These results demonstrate that symbolic regression consistently achieves a superior trade-off between

complexity and prediction error compared to existing analytical models.

Parsimony.A parsimonymetric is employed to comparePySR-generated expressions of varying com-

plexity with the analytical models. Parsimony provides a single scalar measure that balances prediction

error and model complexity, defined as:

Parsimony = MAE+ �Complexity: (8)

Here, � denotes the complexity penalty factor. Lower values of � emphasize prediction error, whereas
higher values penalize model complexity more strongly. In this study, � = 0:01 is selected. An

overview of the results of the parsimony evaluation is provided in Table 5.

Table 5: Parsimony values for different model complexities with � = 0:01.

Model Complexity MAE [mm] Parsimony

Ekelund 37 2.0502 2.4202

Tselikov 30 0.9123 1.2123

Helmi-Alexander 31 1.7667 2.0767

SR 17 17 0.2374 0.4074

SR 19 19 0.2213 0.4113

SR 20 20 0.2184 0.4184

SR 22 22 0.2101 0.4301

SR 23 23 0.1865 0.4165

SR 24 24 0.1630 0.4030

SR 25 25 0.1586 0.4086

SR 26 26 0.1554 0.4154

SR 27 27 0.1534 0.4234

SR 28 28 0.1534 0.4334

SR 29 29 0.1485 0.4385

Among the SR-derived expressions, themodel with a complexity of 24 (SR 24 in Table 5) has achieved

the lowest parsimony score. The corresponding formulation is reported in Eq. 9.
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wout

R
= exp((A− x3) cos(x3) (x

x2
2 )x1)

h
sin(x3 − x2)

B (x1x2)
i
: (9)

The fitted parameters in Eq. 9 are A = 1:0207 and B = 0:0478. The expression in Eq. 9 is identified
as the best overall model when both prediction error and complexity are considered jointly.

SR-derived models for varying training dataset sizes. In the previous section, the expressions in

Eq. 6, Eq. 7 and Eq. 9 were obtained using PySR based on a data set comprising 256 simulations. In

this section, the influence of the size of the data set on the performance of the model is investigated by

trainingPySR on progressively smaller subsets consisting of 128, 64 and 32 simulations and comparing

the resulting models. Table 6 shows a comparison of PySR-generated models with a complexity of 29

(SR 29) trainedwith different numbers of simulations. The lowestMAE is obtainedwhen using the full

dataset of 256 simulations. As the number of simulations is reduced, the MAE increases, but remains

lower than that of the analytical models for all dataset sizes considered (see Table 4). In addition,

prediction errors remain relatively stable when the size of the data set is reduced from 128 to 64 and

32 simulations, indicating that symbolic regression can produce compact and accurate models even

with limited training data.

Table 6: MAE of PySR-generated models (SR 29) for varying dataset sizes.

Number of simulations MAE [mm]

256 0.1485

128 0.1700

64 0.1872

32 0.2334

Figure 6 presents the relationship between complexity and prediction error for the PySR-generated

models trained with different dataset sizes. The graph shows that for model complexities above 20,

the lowest error is obtained by the model trained on the full dataset of 256 simulations. Models trained

on 128, 64, and 32 simulations exhibit higher errors, which remain comparable among these reduced

dataset sizes. Across all cases, the prediction error stabilizes at a complexity of approximately 20,

beyond which further increases in complexity result in negligible performance gains.

Fig. 6: Comparison of PySR-generated models trained using different numbers of simulations.
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Impact of rolling configuration on model prediction error. Model performance is further exam-

ined by distinguishing between rougher and edger rolling configurations for both analytical and PySR-

generated models. Although the analytical formulations were originally developed for rougher rolling,

their MAE is also reported for edger-only and combined datasets for completeness.

Table 7 summarizes the resulting MAE values. As expected, the analytical models exhibit improved

predictive performance when evaluated exclusively on rougher configurations, while their errors in-

crease substantially for edger configurations. In contrast, the PySR-generated model with a complex-

ity of 29 (SR 29) achieves consistently low MAE values across all configurations. Notably, the SR 29

model trained on the combined dataset maintains strong predictive accuracy, highlighting its robust-

ness with respect to rolling configuration.

Table 7: MAE in mm for analytical and PySR-generated models across rolling configurations.

Model Rougher Edger Both

Ekelund 1.6884 2.6215 1.9982

Tselikov 0.6158 1.3683 0.8657

Helmi-Alexander 0.7529 3.6659 1.7201

SR 29 0.1423 0.0520 0.1485

Finally, Figure 7 shows the relationship between model complexity and prediction error for PySR-

generated models trained on rougher-only, edger-only, and combined datasets. At a complexity of ap-

proximately 20, the combined model achieves low prediction errors that are close to the configuration-

specific results and significantly lower than those of the analytical formulations.

Fig. 7: Trade-off between complexity and prediction error for PySR-generated models trained on

rougher-only, edger-only, and combined datasets (256 simulations).

Conclusions

This study presents a systematic application of symbolic regression to derive compact analytical mod-

els for predicting lateral spread in hot rolling. A structured workflow is employed, beginning with

high-fidelity FE simulations and culminating in the identification of concise and accurate symbolic

expressions.
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A total of 256 FE simulations are performed using Sobol sampling to ensure uniform coverage of

the input parameter space. The exit width of the rolled strip, normalized by the roll radius, is used

as the target output for training the PySR framework. Multiple symbolic expressions are generated

and subsequently validated using independent simulation datasets, and their predictive performance

is assessed in comparison with established analytical models.

At comparable model complexity, the SR-derived expression achieves nearly one order of magnitude

lower prediction error than the best-performing analytical formulation. Conversely, when constrained

to match the accuracy of analytical models, symbolic regression yields expressions with substantially

lower structural complexity. Furthermore, a parsimony-based analysis shows that the most balanced

SR-derived model simultaneously achieves reduced complexity and superior predictive performance

relative to all analytical models considered.

Unlike analytical formulations, which are developed specifically for rougher configurations, the sym-

bolic regression models exhibit strong predictive performance across both rougher and edger rolling

conditions. In particular, a single symbolic model trained on combined datasets maintains low predic-

tion errors, indicating robust behavior over a wide range of geometrical configurations.

Overall, this work demonstrates that symbolic regression provides an effective alternative to traditional

analytical modeling approaches by delivering compact analytical expressions with high predictive ac-

curacy and low computational cost. The resulting formulations, characterized by explicitly controlled

complexity, offer a promising basis for fast surrogate modeling of complex physical processes such

as hot rolling.
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