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Describing heavy ion collisions at intermediate energies (20-
100AMeV): a challenging task for theoretical models

• Transition region in which NN collisions and mean field effects are important

• Many possible exit channels (binary reactions with midvelocity emission and/or QP/QT 
breakup in peripheral and semiperipheral collisions,  multifragmentation and 
vaporization in central collisions, clustering phenomena)

• Transport models describing the dynamical evolution of the reactions are among the 
most successful

• Among the transport models, two main classes can be distinguished: BUU-type models
and Quantum Molecular Dynamics models

• The Antisymmetrized Molecular Dynamics (AMD) model [A. Ono et al.,Phys. Rev. Lett. 
68, 2898 (1992)] belongs to the class of molecular dynamics models.



AMD is able to globally reproduce in a reasonable way the main properties of 
heavy ion collisions at intermediate energies

S.Piantelli et al., PRC99(2019)064616

FIASCO 93Nb+93Nb 38AMeV

S.Piantelli et al., PRC101(2020)034613

FAZIA 80Kr+40,48Ca 35AMeV

Charge distribution of the QP breakup fragments

INDRA-FAZIA 58Ni+58Ni 32,52AMeV

C.Ciampi et al., PRC106(2022)024603

However, many reaction details cannot be reproduced

C.Ciampi et al., PRC108(2023)054611

INDRA-FAZIA QP breakup channel

QP velocity

AMD



Question: is it possible to improve the agreement between AMD 
and the experimental data by tuning some model parameters?

• We tried to answer to this question by means of a Bayesian analysis

• Provided that we have a model depending on some parameters influencing 
a physical observable and 

• provided that we have experimental measurements of this observable, 

• the Bayesian analysis gives the posterior distribution of the model 
parameters 

• keeping into account the experimental information and the previous 
knowledge on the parameter values (prior distribution) by means of the 
Likelihood distribution 

• according to the Bayes theorem



The Bayesian analysis
We used the Bayesian analysis to investigate two parameters 
of the AMD model

• one related to the in-medium nucleon nucleon cross section

• one related to dynamical cluster formation

• We stopped the dynamical calculation at 500 fm/c and we 
applied the statistical code HFl [G.Baiocco et al., PRC 
87(2013)054614] as an afterburner

• The analysis was performed on the system 20Ne+12C @ 50 
AMeV (data from the FAZIACOR experiment)

• As experimental observables we used all the information 
given by the experiment, i.e. the charge and isotopic 
distributions, the kinetic energy spectra, the angular 
distribution of all the detected particle species

• The simulated data were filtered via a software replica of 
the setup

FAZIACOR 
20Ne,32S+12C@25,50AMeV at 
INFN-LNS
4 FAZIA blocks
C.Frosin et al., 
PRC107(2023)044614



The model parameters

• In AMD the collision probability is given by

N1,2 nucleons 

B1,2 surrounding particles

C1,2 clusters

• Each collision may end with 0, 1 or 2 clusters, which can dynamically break up 
due successive collisions

• The standard nucleon nucleon collision is a particular case



The model parameters: 

• The cluster formation probability is tuned by means of a parameter  
which reduces the cluster formation probability

is the overlap probability factor between the wavefunctions of the colliding nucleons

=0 means no cluster formation allowed, only standard nucleon – nucleon collisions are possible

= means no reduction of the cluster probability formation with respect to the overlap of the nucleon wavefunctions



The model parameters: 
M is the matrix element for the nucleon-nucleon scattering, which may be modified in the nuclear medium

For  we assume the formula

At =5  saturates at the value of free 



The parameter grid

• We produced 165 simulations varying the  and  parameters on a 
grid of values

This is the assumed prior 
distribution in the parameter 
space

For each parameter pair we produced a simulation 
with 6000 primary events in the whole impact 
parameter range (up to bgrazing) and 100 secondary 
events for each primary one

Standard simulation (from literature): 
=0.85
=



The effect of the parameters on the number of collisions per event and 
on the number of dynamically formed clusters in each collision



The observables
• In the calculation of the likelihood distribution we tried a gaussian likelihood 

  and a Laplacian likelihood (useful to reduce the weight of badly performing simulations)

• For discrete observables (charge and isotopic distributions) we directly used the whole spectra

• We replaced the spectra associated to continuous observables (kinetic energy and polar angle distribution) with 
the first 3 moments of the distribution

Gaussian likelihood

Laplacian likelihood

Gaussian likelihood Laplacian likelihood



The results of the Bayesian analysis

Combination of all the available observables 

Gaussian likelihood Laplacian likelihood

Trend towards an increasing of the number of collisions with respect to the value associated to the standard 
simulation
Some clustering is necessary

The posterior distribution is peaked at =5 and >10



The simulation: a time consuming model

• We applied the Bayesian analysis to the 20Ne+12C system 
because it includes a small number of nucleons

• This is not the best system to use for the analysis 
because
• Data were acquired with a setup with limited geometrical 

coverage (only 4 FAZIA blocks)

• The system is small, so the investigation of in-medium effects 
on nucleon nucleon collisions is not so significant

• The higher the number of nucleons the longer the 
production time for the simulation

• We run 165 different simulations

• In order to keep the production time under control we 
were forced to produce only a limited number of primary 
events, thus running into statistics problems for some 
observables (e.g. the yields of rare isotopes) 



An attempt at overcome the problem of the calculation time: preliminary results

• We are testing the possibility to reduce the number of produced simulations exploiting a machine 
learning approach

• We are trying to reduce the granularity of the parameter grid, using a machine learning model to 
emulate the result of the AMD simulation for parameter values for which the simulation was not run.

• The advantages are 
• Reduction of the total time for the production of all the simulations necessary for the Bayesian analysis

• Possibility to apply the Bayesian analysis to systems with a larger number of nucleons with respect to 
20Ne+12C

• This task can be faced as a regression problem, i.e. a supervised learning technique used to predict 
continuous, numerical output values by modeling the relationship between independent input 
features and a dependent target variable

• It can be approached with different methods, e.g. Dense Neural Netwok, Random Forest Regressor, 
MultiOutput Regressor

• Inputs: the parameter values  and 

• Output: the distribution of all the investigated observables



Input and output
Output of the ML model:

• the distributions of all the observables have been 
replaced by their first 5 moments, all of them arranged in 
a unique histogram, where each group of 5 channels 
corresponds to a particular observable (e.g. the kinetic 
energy of protons, the charge distribution, etc.) for a 
total of 685 channels (137 different observables)

• For each pair of (,) parameters there is a different 
histogram

• The available histograms are split in two samples, the 
training and the test samples

• The ML model is trained on the training sample and 
tested on the test sample, i.e. the output of the training 
sample is feeded to the model and then the trained 
model is applied to the input of the test sample in order 
see how well it reproduces the output of the test sample

• Adopted train-to-test-ratio = 0.99, meaning that 2 
simulations are included in the test sample and 163 in 
the training sample

Input (,) values

Output: histrograms 
corresponding to the Input 
values

Model

Training phase

Output: histograms corresponding to the Input 
values, to be compared with the true one

Test phase

Input (,) values
Trained model

Bin 1-5 : Z
Bin 6-10: E(p)
Bin 11-15: E(d)
Bin 16-20: E(t)
Bin 21-25: E(3He)
Bin 26-30: E()
Bin 31-35: E(6Li)
Bin 36-40: E(7Li)



A possible implementation of the dense network

To be optimized on the basis of 
the obtained results

Training epochs: 100

Mean squared error:  141851066368
It is calculated from the comparison between the true output and 
the predicted output

[3.6343424 5.40544   1.1187084 ... 0.        0.        0.       ]

[ 3.5676596e+00  5.0049534e+00  1.1993632e+00 ...  
5.8444224e-02  -8.5435435e-04 -6.1753653e-03]

True values for =3, =0.55

Predicted values 



DNN: True values/predicted values

NB the quality of the result depends on the , values (i.e. the capability to predict the AMD output 
depends on the particular simulation we want to reproduce)
Not all the observables are reproduced with the same degree of accuracy

Perfect reproduction for the channels where the ratio is 1



Random Forest Regressor: True 
values/predicted values

Mean squared error:  128894466012



MultiOutputRegressor  using 
GradientBoostingRegressor: True values/predicted 
values

Mean squared Error 148353840352

Work in progress……



Comparison among the different models

True value/Simulated value for input= =0.6,=3

The good result is 1



Comparison among the different models

True value/Simulated value for input= =0.2,=100

The good result is 1



Summary and perspectives
• A Bayesian analysis on the system 20Ne+12C @ 50AMeV aimed at tuning 2 parameters of the 

AMD model related to cluster formation and the in-medium nucleon nucleon cross section 
was performed

• The analysis required the production of many time consuming AMD simulations varying the 
input parameters on a grid of values

• A machine-learning-based approach was introduced in order to see if it is possible to reduce 
the granularity of the parameter grid

• Work in progress to implement to ML model

• The possibility to use the generative AI to reproduce not only histograms but events is at 
present under study. 

• One possibility might be the use of GAN (Generative Adversarial Networks), with 2 
networks. One network (the generator) generates events starting from random input noise, 
while the other is a binary classifier, feeded with both true data and fake data produced by 
the first network, which must say who is fake and who is true data, giving a feedback to the 
generator. If the fake data are correctly identified as such, the generator tunes its 
parameters to produce more realistic data. In this way it would be very easy to increase the 
statistics starting from few events produced by AMD.
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