PHYSICAL REVIEW C 112, 014911 (2025)
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This study optimizes resonance parameters responsible for strangeness production in the SMASH (Simulating
Many Accelerated Strongly-interacting Hadrons) transport model using a genetic algorithm. By fitting resonance
parameters to experimental data on exclusive strangeness cross sections at low energies, we significantly improve
the model’s accuracy, notably in pion-proton interactions. Our approach explores how machine-learning tools can
be used for precise resonance tuning in transport approaches.
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I. INTRODUCTION

One of the primary goals of heavy-ion collisions is to
explore the quantum chromodynamics (QCD) phase diagram,
which describes the behavior of strongly interacting matter
under extreme conditions of temperature and density. Both
theoretical and experimental studies suggest the existence of a
phase, known as the quark-gluon plasma (QGP), where quarks
and gluons are nearly deconfined [1]. This state of matter
is expected to emerge at high temperatures and/or densities,
providing a unique environment to study the fundamental
properties of QCD.

Strangeness plays a crucial role in this investigation be-
cause it is conserved under the strong interaction and must
have been created during the collision. Its presence can of-
fer significant insights into the properties of the quark-gluon
plasma (QGP).

Various models have been developed to describe strange
quark production under different energy and density con-
ditions. At higher energies, event generators such as
Pythia/Angantyr [2,3] utilize the Lund string-fragmentation
model to simulate hadronization, including the production
of strange quarks. Recently, the string framework has been
extended with rope hadronization [4], a feature added to these
models to address strangeness enhancement.

In contrast, models that focus on the thermodynamics
of heavy-ion collisions, such as hydrodynamic and statisti-
cal hadronization models, describe strange quark production
through primarily gluon interactions [5]. These approaches
focus on the collective behavior of the medium rather than
on individual hadronization processes.
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At lower energies, where hadronic dynamics dominate,
transport approaches provide a more suitable description of
the observed phenomena. For example, the Parton-Hadron-
String Dynamics (PHSD) approach, which models both
nucleon resonances and color dipoles (strings) [6], incorpo-
rates in-medium effects on strangeness production.

PHSD achieves this through modifications to the antikaon
potential, spectral functions, and reaction cross sections,
which depend on baryon density, temperature, and antikaon
momentum in the nuclear medium [7]. This approach has em-
phasized the significance of in-medium effects on strangeness
in nuclear matter.

Complementing the medium effects, the vacuum prop-
erties of resonances, such as pole positions and branching
ratios, also play a significant role in strangeness production.
In transport models like Ultra-relativistic Quantum Molec-
ular Dynamics (UrQMD), strangeness production at lower
energies is included through resonance decay [8]. These res-
onances are modeled by their vacuum properties tuned to
experimental data.

A newer transport model, Simulating Many Accelerated
Strongly-interacting Hadrons (SMASH), shares similarities
with UrQMD but differs in the selection of resonances and
resonance parameters [9]. At higher energies, both SMASH
and UrQMD employ string fragmentation handled by Pythia.

However, resonance properties, such as branching ratios,
are often poorly constrained by experimental data, leading
to uncertainties in model predictions. This is demonstrated
in the UrQMD study [10], which investigated model stability
under variations in resonance mass and widths. Their findings
showed that at lower energies, where resonance dynamics
dominate, transport models are sensitive to resonance param-
eters. In SMASH, resonance properties have been tuned to
experimental data [11], but a systematic approach to investi-
gate different parameter sets has not yet been applied.

To address this challenge, we propose a more system-
atic approach by leveraging experimental data on exclusive
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strangeness cross sections at low energies to fit the reso-
nance parameters. In this paper, we utilize a genetic algorithm
for parameter optimization and apply it within the SMASH
transport model to simulate the cross sections and refine the
resonance properties.

The remainder of this paper details our simulation setup,
including the use of SMASH and the development of an
emulation method. We then describe the application of genetic
algorithms to optimize resonance parameters. This is followed
by a presentation of our results, where we compare simulation
outcomes with experimental data. We discuss the implications
of our findings and suggest directions for future research.
Finally, we conclude by summarizing the key contributions
and significance of our work.

II. RESONANCE PRODUCTION IN SMASH

SMASH is a relativistic hadron transport approach for
heavy-ion collisions, incorporating resonances up to a mass
of ~2 GeV as degrees of freedom at lower energies. At
higher energies, strings are formed and then fragmented with
Pythia.

In SMASH, resonances are modeled by a spectral function
A, represented as a relativistic Breit-Wigner distribution

m2T(m)

(m2 — m(z))2 + m2T(m)? ’

A(m) = ey

where my is the pole mass and I'(m) is the mass-dependent
width. The Manley et al. [12] approach is used to describe the
mass-dependent widths as
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By is the Blatt-Weisskopf function, L is the orbital angular
momentum of the decay channel, R is the interaction length,
and F; is a form factor for unstable decay products. The on-
shell parameters, branching ratio T'y ., /T'Y . mass myp, and
width at the pole are taken from the particle data group (PDG)

[13].

III. EMULATION

Transport codes require significant CPU resources, es-
pecially for cross sections that demand extensive statistics,
such as those involving strangeness. Therefore, emulation of
transport simulation is preferred. Emulation, in this context,
means creating a simplified model that approximates the be-
havior of the full simulation. A straightforward emulation of
strangeness production via resonances involves multiplying
the resonance cross section by the respective branching ratio.
By summing all possible resonances, one obtains the portion
of the strangeness cross section due to resonances.

Since SMASH uses mass-dependent partial widths, the
branching ratio must be integrated over the possible mass val-
ues along with the spectral function. Strings are not affected
by resonance parameters; thus, the string cross section can be
simulated once and then added to the emulation. All of the
above considerations lead to the following expression:

r *—d
Od+i ~ Ustring—>d+i + ZUN*< ? >, (4)
N* Ne
1" NN S§—m; F NN
< N d>=/ dmA(m) Y d(m), 5)
NS ma Ly« (m)

where d and i stand for decay products and spectator, re-
spectively. It is important to note if the spectral function is
not normalized to the integration interval then the integral in
Eq. (4) needs to be divided by

Vs—m;
N = dmA(m), 6)

mq

which ensures that the correct mean for the branching ratio is
calculated. For pion-proton collisions that form a resonance
through a two-to-one reaction, the mass is not sampled for the
mass-dependent branching ratio because the mass is set to /s
due to kinematics.

IV. DATA SELECTION AND PARAMETER BOUNDS

To exclude secondary collisions and other interfering
strangeness-production interactions, exclusive proton-proton
and pion-proton cross- sections were used. The data were col-
lected from the same sources as in Ref. [11], which includes
Refs. [14-25].

In principle, any exclusive cross section can be used,
provided that only resonances contribute. However, using
multiple cross sections increases computational complexity,
as it requires tuning additional hyperparameters due to the
varying weights of each cross section in the scoring function.
Furthermore, as the reward function grows more complex, the
algorithm is expected to be less efficient in finding optimal
solutions.

To obtain reliable constraints, we selected cross sec-
tions that have similar resonance contributions. For example,
the A + K° cross section has resonance contributions similar
to the A + p+ K™ cross section. The cross sections used in
the optimization are the same as those in Sec. V.

For the resonance-parameter bounds, we used the limits
reported by the PDG whenever available. However, because
the default SMASH parameter set includes resonances and
decay modes unconfirmed by the PDG, we assigned bounds
differently in such cases. Specifically, for the widths and
masses of these resonances, we varied the default SMASH
values rather than using fixed PDG limits. For unconfirmed
decay modes, which are generally small (on the order of 1%),
we set the default SMASH values as the upper bound and 0
as the lower bound. These choices resulted in the parameter
bounds presented in Tables I and II.
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TABLE I. Tabulation of branching-ratio bounds and current de-
fault values for SMASH-3.1.

TABLE II. Tabulation of the default resonance masses and
widths in SMASH-3.1 and bounds used.

Resonance Mode Upper Lower SMASH-3.1
N(1650) AK 15.0 5.0 4.0
N(1710) AK 25.0 5.0 13.0
N(1720) AK 19.0 4.0 5.0
N(1875) AK 2.0 1.0 4.0
N(1880) AK 3.0 1.0 2.0
N(1895) AK 23.0 3.0 18.0
N(1900) AK 20.0 2.0 2.0
N(1990) AK 6.1 5.9 3.0
N(2060) AK 20.0 10.0 1.0
N(2080) AK 2.0 1.0 0.5
N(2100) AK 1.0 0.0 1.0
N(2250) AK 3.0 1.0 0.2
N(1710) ¥ K 1.0 0.0 1.0
N(1875) ¥ K 1.1 0.3 4.0
N(1880) K 24.0 10.0 10.0
N(1895) ¥ K 20.0 6.0 11.0
N(1900) ¥ K 7.0 3.0 3.0
N(1990) K 1.0 0.0 3.0
N(2060) ¥ K 5.0 1.0 4.0
A(1900) YK 1.0 0.0 1.0
A(1910) K 14.0 4.0 4.0
A(1920) ¥ K 6.0 2.0 3.0
A(1930) ¥ K 1.0 0.0 4.0
A(1950) K 0.5 0.3 0.5
N(2080) N ¢ 1.0 0.0 1.0
N(2100) N ¢ 1.0 0.0 1.0
N(2120) N ¢ 1.0 0.0 1.0
N(2190) N ¢ 1.0 0.0 1.0
N(2220) N ¢ 1.0 0.0 1.0
N(2250) N ¢ 1.0 0.0 1.0
N(1880) N a(980) 5.0 1.0 2.0
A(1920) N a((980) 1.0 0.0 1.0
N(2080) N £,(980) 1.0 0.0 0.1
N(2190) N f6(980) 1.0 0.0 0.1
N(2220) N £,(980) 1.0 0.0 0.1
N(2250) N £,(980) 1.0 0.0 0.1

V. PARAMETER STABILITY

There are significant uncertainties regarding resonance
properties. For instance, according to the PDG, the N(1900)
resonance has bounds on its decay mode A + K ranging from
2% to 20%, illustrating the extent of these uncertainties. Such
large uncertainties in resonance properties can be expected to
manifest in observables sensitive to resonances.

To illustrate this, Eq. (4) was used to investigate the param-
eter stability of exclusive strange cross sections by varying
resonance parameters within the bounds provided by PDG.

Figures 1-7 show the mean respective cross sections and
standard deviations generated by running the emulator
without strings for randomized parameter sets. These fig-
ures demonstrate that some cross sections, such as Fig. 3,
are more stable compared to others like Fig. 2, which ex-
hibit larger standard deviations relative to their means. More
importantly, the means of some cross sections are closer to

Mass (GeV) Width (GeV) Mass (GeV) Width (GeV)

Resonance SMASH-3.1 SMASH-3.1 bounds bounds
N(1440) 1.440 0.350 1.36-1.38  0.18-0.205
N(1520) 1.515 0.110 1.505-1.515 0.105-0.12
N(1535) 1.530 0.150 1.5-1.52 0.08-0.13
N(1650) 1.650 0.125 1.65-1.68 0.1-0.17
N(1675) 1.675 0.145 1.65-1.66 0.12-0.15
N(1680) 1.685 0.120 1.66-1.68  0.11-0.135
N(1700) 1.720 0.200 1.65-1.75 0.1-0.3
N(1710) 1.710 0.140 1.65-1.75 0.08-0.16
N(1720) 1.720 0.250 1.66-1.71 0.15-0.3
N(1875) 1.875 0.250 1.85-1.95 0.1-0.22
N(1880) 1.880 0.400 1.82-1.9 0.18-0.28
N(1895) 1.895 0.120 1.89-1.93 0.08-0.14
N(1900) 1.900 0.200 1.9-1.94 0.09-0.16
N(1990) 1.990 0.500 1.9-2.1 0.2-0.4
N(2060) 2.100 0.400 2.02-2.13 0.35-0.43
N(2080) 2.000 0.350 1.85-1.92 0.12-0.25
N(2100) 2.100 0.260 2.05-2.15 0.24-0.34
N(2120) 2.120 0.300 2.05-2.15 0.2-0.36
N(2190) 2.180 0.400 1.95-2.15 0.3-0.5
N(2220) 2.220 0.400 2.13-2.2 0.36-0.48
N(2250) 2.250 0.470 2.1-2.2 0.35-0.5
A(1620) 1.610 0.130 1.59-1.61 0.08-0.14
A(1700) 1.710 0.300 1.64-1.69 0.2-0.3
A(1900) 1.860 0.250 1.83-1.9 0.18-0.3
A(1905) 1.880 0.330 1.75-1.8 0.26-0.34
A(1910) 1.900 0.300 1.8-1.9 0.2-0.5
A(1920) 1.920 0.300 1.85-1.95 0.2-0.4
A(1930) 1.950 0.300 1.82-1.88 0.3-0.45
A(1950) 1.930 0.280 1.87-1.89  0.22-0.26

the experimental data than others. Comparing Fig. 5 to Fig. 3
highlights the difference in closeness to the experimental data.
The mean cross section in Fig. 5, particularly in the lower-
energy region, deviates by several standard deviations from
the experimental data points.

VI. GENETIC ALGORITHM

Genetic algorithms (GAs) are a class of optimization al-
gorithms inspired by the principles of natural selection and
genetics. They excel in solving complex problems where
traditional optimization techniques struggle, such as noisy
black-box functions lacking derivative information. In such
scenarios, stochastic algorithms may find it challenging to
navigate multiple optima effectively. Furthermore, GAs are
embarrassingly parallelizable, allowing for efficient use of
CPU resources.

Genetic algorithms (GAs) belong to the broader family
of evolutionary algorithms, which mimic natural evolution
to find optimal or near-optimal solutions. These population-
based optimization techniques utilize Darwinian principles to
iteratively search for optimal solutions.
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FIG. 1. Mean exclusive proton-proton cross section for K+ +
n + X production as a function of collision energy /s, with shaded
area representing the standard deviation.

A. Algorithm

A GA operates through several key steps, each crucial to
its iterative optimization process:

(1) Initialization. Start by creating an initial population P
of random solutions. Each solution represents a poten-
tial answer to the problem, often encoded as a binary
string or an array of parameters.

(2) Evaluation and fitness. Assess the fitness of each in-
dividual in the population P by applying a fitness
function. This function quantifies how well each so-
lution performs in solving the problem. Higher fitness
scores indicate better solutions.

(3) Evolution loop. Iterate until a termination criterion
is met, such as reaching a desired fitness level or a
maximum number of generations:

(i) Selection. Choose individuals from population
P to act as parents for the next generation’s
offspring. Selection methods typically favor
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FIG. 2. Mean exclusive proton-proton cross section for K+ +
p + A production as a function of collision energy +/s, with shaded
area representing the standard deviation.
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FIG. 3. Mean exclusive proton-proton cross section for K+
p + X7 production as a function of collision energy +/s, with shaded
area representing the standard deviation.

individuals with higher fitness scores, using
techniques like tournament selection or roulette-
wheel selection.

(ii) Crossover. Perform crossover, a genetic operator
where pairs of parent solutions exchange genetic
information to create new offspring. This pro-
cess mimics biological recombination and aims
to combine beneficial traits from different solu-
tions. In this paper, a random uniform crossover
is used, where each parameter of the offspring is
randomly inherited from either parent.

(iii)) Mutation. Introduce diversity by applying muta-
tion to offspring solutions. Mutation randomly
alters a small portion of offspring genes, helping
to epxlore new regions of the solution space that
might lead to better solutions. The mutation rate
governs the probability of mutation occurrence.
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FIG. 4. Mean exclusive 7 *-proton cross section for K* + X+

production as a function of collision energy +/s, with shaded area
representing the standard deviation.
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FIG. 5. Mean exclusive 7~ -proton cross section for K+ + X~
production as a function of collision energy +/s, with shaded area
representing the standard deviation.

(iv) Evaluation of offspring. Assess the fitness of
newly generated offspring using the same fitness
function as before.

(v) Survivor selection. Combine the current popula-
tion P with the offspring. Then, select individuals
to form the next generation, typically favoring
higher-fitness individuals to ensure that the pop-
ulation continues to improve over generations.

This paper employs a straightforward approach to the ge-
netic algorithm, following the outlined steps. Specifically,
crossover involves a random mixing of two solutions, while
mutation introduces random alterations to the offspring so-
lutions. The chosen mutation rate was 10%, meaning each
parameter has a 10% chance of being randomized. Fur-
thermore, the selection process eliminates the bottom 50%
of solutions in each generation. However, many advanced
techniques exist to enhance specific algorithmic steps, such
as probabilistic selection methods and more sophisticated
crossover strategies tailored to the problem domain.

p+p — K°+K°+p+p

0.051 —— Simulated Mean
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FIG. 6. Mean exclusive proton-proton cross section for p + p +
K°+ K° production as a function of collision energy /s, with
shaded area representing the standard deviation.

p+n = K+A

—— Simulated Mean
1.01 Simulated Std Dev
® Experimental Data
0.8 A
B 0.6
€
© 0.4 -
0.2 41 v.
J ‘¥
(X J )
0.0 —~ o
1.5 2.0 25 3.0 3.5 4.0 4.5

Vs [GeV]

FIG. 7. Mean exclusive 7~ -proton cross section for K% + A
production as a function of collision energy +/s, with shaded area
representing the standard deviation.

B. Fitness function

The purpose of the fitness function is to quantify the quality
of a solution. In our case, the quality of a solution depends
on how well the simulation reproduces experimental data.
Hence, the fitness function should measure how closely the
simulation matches experimental results. A simple choice is
to define it in terms of the relative difference between the
simulation and experimental data:

|Usoluti0n(\/§) - o‘s:xp(\/g)|
O'exp(\/g) ’

To calculate the fitness, we sum over all data points. When
incorporating multiple cross sections, we must determine how
to weigh them, as each cross section may contain a different
number of data points. Should cross sections with more data
points carry more weight? This naturally occurs if one cross
section has more data points. However, by using the mean for
each cross section instead of just summing the data, we ensure
that each cross section contributes equally to the scoring.
Additionally, a weight based on the error of each data point
is applied:

D(4/s, solution) = (7

Oexp(\/s) - Gexp,error(\/g)
Oexp («/E )
This results in a fitness function defined as

W ({/s, solution)D(+/s, solution),
NG

W (J/s, solution) = ®)

F (solution) =
points

€))

where Npoinis 1s the number of data points for each cross
section. Equation (9) can then be used to calculate the fitness
for each cross section. However, following the logic from
Sec. V about parameter stability, there will be a bias towards
parameters that improve the cross sections which are, on
average, close to experimental data. To allow parameter sets
that improve the cross sections which are, on average, further
from the data, weights on each cross section were used. These
weights were easily determined by running the algorithm with
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TABLE III. Tabulation of the default branching ratios of
SMASH-3.1 and the result of the genetic algorithm.

TABLE 1V. Tabulation of the default resonance masses and
widths in SMASH-3.1 and the result of the genetic algorithm.

Resonance Mode Br (%) (default) Br (%) (genetic)
N(1650) A K 4.000 8.289
N(1710) A K 13.000 5.107
N(1710) YK 1.000 0.995
N(1720) A K 5.000 6.165
N(1875) 2K 4.124 0.961
N(1875) AK 4.124 1.042
N(1880) A K 2.000 1.021
N(1880) ¥ K 10.000 23.813
N(1880) N a((980) 2.000 3.252
N(1895) AK 18.000 3.738
N(1895) YK 11.000 19.925
N(1900) AK 2.000 2.004
N(1900) K 3.000 5.690
N(1990) AK 3.000 5912
N(1990) K 3.000 0.776
N(2060) AK 1.000 10.025
N(2060) K 4.000 4.972
N(2080) AK 0.558 1.143
N(2080) N ¢ 1.116 0.600
N(2080) N £,(980) 0.112 0.760
N(2100) AK 0.990 0.477
N(2100) N ¢ 0.990 0.364
N(2120) N ¢ 0.988 0.341
N(2190) N ¢ 1.000 0.992
N(2190) N £,(980) 0.100 0.335
N(2220) N ¢ 1.122 0.303
N(2220) N £0(980) 0.112 0.547
N(2250) AK 0.226 1.080
N(2250) N ¢ 1.129 0.928
N(2250) N £0(980) 0.113 0.149
A(1900) 2K 1.000 0.589
A(1910) YK 4.000 5.384
A(1920) K 3.000 5.816
A(1920) N a((980) 1.000 0.033
A(1930) YK 4.000 0.279
A(1950) K 0.500 0.449

a small population (for time efficiency) and tuning by hand.
Then, the “score” of a solution can be defined as the reciprocal
of its total fitness, allowing for a more natural comparison
between solutions.

VII. RESULTS AND DISCUSSION

Tables IIT and IV compare the results from the genetic algo-
rithm optimization with the default parameters of the SMASH
transport model. While the default masses and widths are
similar to the fitted values, the branching ratios show signifi-
cant changes. For the proton-proton cross sections, the results
shown in Figs. 8, 9, and 13 are similar to the default SMASH
parameters. In contrast, Fig. 10 shows a worse fit to the exper-
imental data compared to the default parameters. However,
for the pion-proton cross sections, the algorithm identifies
alternative solutions that are more faithful to the experimental

Mass (GeV) Mass (GeV) Width (GeV) Width (GeV)

Resonance  (default) (genetic) (default) (genetic)
N(1650) 1.650 1.651 0.125 0.119
N(1710) 1.710 1.685 0.140 0.158
N(1720) 1.720 1.680 0.250 0.152
N(1875) 1.875 1.855 0.250 0.209
N(1880) 1.880 1.823 0.400 0.246
N(1895) 1.895 1.890 0.120 0.130
N(1900) 1.900 1.901 0.200 0.157
N(1990) 1.990 2.039 0.500 0.379
N(2060) 2.100 2.128 0.400 0.429
N(2080) 2.000 1.852 0.350 0.226
N(2100) 2.100 2.115 0.260 0.339
N(2120) 2.120 2.118 0.300 0.354
N(2190) 2.180 2.090 0.400 0.328
N(2220) 2.220 2.137 0.400 0.460
N(2250) 2.250 2.177 0.470 0.393
A(1900) 1.860 1.848 0.250 0.207
A(1910) 1.900 1.896 0.300 0.462
A(1920) 1.920 1.945 0.300 0.226
A(1930) 1.950 1.848 0.300 0.336
A(1950) 1.930 1.880 0.280 0.223

data, as seen in Figs. 11, 12, and 14. Hence, there is some
tension between the cross sections in Figs. 10 and 11.

The pion-proton cross sections exhibit dips at certain col-
lision energies that are not observed in the experimental data.
Since the genetic algorithm did not find a solution that re-
solves these dips, it suggests that they may be caused by
missing resonances or overly restrictive mass bounds in the
optimization. Pion-proton cross sections are more sensitive
to resonance masses compared to proton-proton collisions
because, in pion-proton interactions, the resonance mass is
determined by kinematics rather than being directly sampled.
This leads to narrower peaks that are more sensitive to
parameter variations. For instance, the peak observed in
Fig. 11 is attributed to the decay of the N(1710) resonance.

p+p->K+n+z+

0.10

—— SMASH-3.1
—— Genetic
0.081 M Experimental Data

o

o
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-
—-—

0.02 1

0.00 1 | |
214 2j6 2:8 3j0 312 3j4 3:6 318
Vs [GeV]

FIG. 8. Exclusive proton-proton cross section for K™ +n + X+
production as a function of collision energy /s.
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p+p->Kr+p+A
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0.06 B Experimental Data

0.05 A
S 0.041
E
o 0.03

0.02 A

0.01 A

0.00 A

3 4 5 6 7
Vs [GeV]

FIG. 9. Exclusive proton-proton cross section for K* + p+ A
production as a function of collision energy +/s.

A notable feature observed in Fig. 14 is a bump around
/s &~ 2 GeV, which can be attributed to the N(1990) and
N(2060) resonances. The positions of these peaks are de-
termined by the resonance pole masses, while their heights
depend on the branching ratios. The default SMASH param-
eters, which use older PDG bounds for the branching ratios,
result in much lower values, and consequently, no bump is
observed in the cross section. The genetic algorithm, which in-
corporates newer PDG values for the branching ratios, yields
higher values for the N(1990) and N(2060) resonances, lead-
ing to the observed bump in the cross section. Updating the
SMASH to incorporate the newer branching ratio bounds
would likely result in the default parameter set producing the
same bump in the cross section, as shown in Fig. 14.

VIII. CONCLUSION AND OUTLOOK

In this study, we optimized strangeness production from
resonances within the SMASH transport model. By applying
a genetic algorithm, we systematically adjusted resonance
parameters to better align with experimental data, addressing
the substantial uncertainties in branching ratios, masses, and
widths as reported by the PDG.

p+p->Ko+p+2+

0.08 A —— SMASH-3.1
—— Genetic
B Experimental Data

0.02 A
0.01

0.00
2.5 3.0

3.5 4j0 4j5
Vs [GeV]

FIG. 10. Exclusive proton-proton cross section for K° + p + X+
production as a function of collision energy /.

mn- +p->Kr+2-

—— SMASH-3.1

0.307 —— Genetic
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Yy

0.25 1
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— 0.15 A

0.10 4
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"

0.00 +

1.6 1.8 2i0 2j2 2f4 2:6 2.8 3.0
Vs [GeV]

FIG. 11. Exclusive 7~ -proton cross section for K* + X~ pro-
duction as a function of collision energy /s.

Our findings show that, while the default SMASH parame-
ters provide a reasonable baseline, significant improvements
can be achieved through optimization. The genetic algo-
rithm effectively navigated the complex parameter space,
identifying alternative sets of branching ratios and resonance
properties that more accurately reproduce experimental cross
sections, particularly for pion-proton interactions. Therefore,
the parameter set from the genetic algorithm was incorpo-
rated into the SMASH-3.2 [26] as given in Tables III and
IV. The properties of two nucleon resonances are kept at
their SMASH-3.1 default values, the N(2080) and N(1720)
specifically, to ensure agreement with dilepton production
that constrains the ¢ meson production yields [27]. The sen-
sitivity of pion-proton cross sections to resonance masses,
with sharp peaks resulting from kinematic constraints, under-
scores the importance of precise parameter tuning in modeling
strangeness production. However, the fit was worse for one
case, as shown in Fig. 10, suggesting some tension between
the observables. Therefore, applying weights to the cross sec-
tions or energy intervals contributing to the score could help
resolve this, and exploring alternative scoring functions may
lead to further improvements.

Despite these challenges, the algorithm presented here is
efficient in terms of CPU usage and computation time, pro-

Yt +p->Kr+3+

—— SMASH-3.1
0.7 —— Genetic
M Experimental Data

2;0 2j5 310 3:5 4;0 4j5 510 5.5
Vs [GeV]

FIG. 12. Exclusive 7 *-proton cross section for K™ + X* pro-
duction as a function of collision energy +/s.
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FIG. 13. Exclusive proton-proton cross section for K° + K° +
p + p production as a function of collision energy +/s.

viding a strong foundation for future optimization algorithms.
Future studies could include additional resonances and use
more relaxed bounds for a broader exploration, potentially
shedding light on poorly constrained resonance properties.

Overall, the approach and findings demonstrate the poten-
tial for significantly improving the accuracy of resonance-
based transport models. By fine tuning model parameters
using optimization algorithms, we can achieve a closer
alignment with experimental data, leading to more reliable
simulations and a better understanding of the underlying
physics in heavy-ion collisions.

™ +p - KOHA

1.0 4 —— SMASH-3.1
—— Genetic
Experimental Data
084 L] p
'S 0.6 1
S
B 0.4 A
0.2 1
0.0 1
1.5 2.0 25 3.0 3.5 4.0 4.5

Vs [GeV]

FIG. 14. Exclusive 7 ~-proton cross section for K° + A produc-
tion as a function of collision energy ./s.
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