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Abstract 
 

Genetic programming (GP) is one of the evolutionary computation 

techniques.  GP has many applications in different areas. In this work, GP is 

used to model total cross section of proton-proton collision and proton-

antiproton collision from low to ultrahigh energy.   We have obtained a 

model collision with correlation coefficient of 0.9641 that describe the total 

cross section as a function of center of mass energy using data taken from 

Particle Data Group (PDG) and CERN for proton-proton ( ).   Another 

model for proton-antiproton ( ) cross section has been found with a 

correlation coefficient of 0.9969. The models that have been discovered 

fit/predicate the data with high accuracy, and with high value of the 

correlation coefficients.  
 

Abbreviations: GP, Genetic Programming; LHC, Large Hadrons Collider; PDG, 

Particle Data Group; HEP, High Energy Physics; AI, Artificial Intelligence; SSR, 

Sum of Squares of the Regression; MSE, Mean Square Error; RSME,  Root of 

Square Mean Error 
 

Keywords:   “proton-proton interaction”, “modeling ", “machine learning ", and 

“genetic programming” 

 

1. Introduction 
 

Physics searches for the fundamental particles and forces that construct the 

world surrounding us and understands how our universe works at its most 

fundamental level. Elementary particles of the Standard Model are gauge Bosons  
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(force carriers) and Fermions. Fermions are classified into two groups: Leptons 

(i.e. Muons, Electrons, etc) and Quarks (Protons, Neutrons, etc).  

The study of the interactions between those elementary particles requests 

enormously high energy collisions as in LHC [4,8,26,2], up to the highest energy 

hadrons collider in the world  =14 TeV.  Experimental results provide excellent 

opportunities to discover the missing particles of the Standard Model.  As well as, 

LHC possibly will yield the way in the direction of our awareness of particle 

physics beyond the Standard Model.  

The proton-proton ( / ) interaction is one of the fundamental 

interactions in high-energy physics.  In order to fully exploit the enormous 

physics potential, it is important to have a complete understanding of the reaction 

mechanism. Some of these models are based on string fragmentation mechanism 

[15-16] and some are based on Pomeron exchange [12]. 

Recently, different modeling methods, based on soft computing systems, 

include the application of Artificial Intelligence (AI) Techniques. Those Evolution 

Algorithms have a physical powerful existence in the high energy physics 

[25,19,11]. Due to the nonlinear relationship between the interaction parameters 

and the output, the behavior of the  interactions often becomes complicated. To 

understand the interactions of fundamental particles, multipart data analysis are 

needed and AI techniques are vital. Those techniques are becoming useful as 

alternate approaches to conventional ones [28]. In this sense, AI techniques, such 

as Artificial Neural Network [13], Genetic Algorithm [14], and GP [17 24], can be 

used as alternative tools for the simulation of these interactions. 

The GP is a Global Optimization algorithm and an Automatic 

Programming technique that had been applied in particle physics [10]. It is a 

recently developed Evolutionary Computation method for function discovery and 

data analysis.  GP is established on the assumption of Darwin’s theory of 

evolution in nature.  GP uses population of individuals, selects them according to 

fitness, and produces genetic variation using one or more genetic operators [20]. 

The motivation of using a GP approach is its learning algorithm that learns 

the relationships between variables in sets of data and then builds models to 

explain these relationships (mathematically dependence)[18].    

In this paper, I have discovered the functions that describe the total cross 

section of ( / ) interactions at different values of law to high energies using 

the GP technique. This paper is organized on five sections. Section 2, gives a 

review to the basics of the GP technique. Section 3 explains how GP is used to 

model the interaction. Finally, the results and conclusion are provided in sections 

4 and 5 respectively. 

 

2. An Overview of Genetic Programming Algorithms 
 

GP uses biologically inspired operations like replication, recombination 

and mutation. In GP, programs are expressed as syntax trees rather than as lines of 

code. Each program or individual on the population is generally represented as a 

tree.  For example (Figure 1) shows the tree representation of the program  

http://wwwlhc01.cern.ch/
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max(x+x, x+3*y). The variables and constants in the program (x, y and 3) are 

leaves of the tree. In GP they are called terminals, whilst the arithmetic operations 

(+, * and max) are internal nodes called functions. The sets of allowed functions 

and terminals together form the primitive set of a GP system. It is common in the 

GP literature to represent expressions in a prefix notation similar to that used in 

Lisp or Scheme. For example, max(x+x, x+3*y) becomes (max (+ x x) (+ x (* 3 

y))). This notation often makes it easier to see the relationship between (sub) 

expressions and their corresponding (sub) trees. Therefore, in the following, we 

will use trees and their corresponding prefix-notation expressions 

interchangeably.  

 

 
 

Figure 1: GP syntax tree representing max(x+x,x+3*y). 

 

 

Each individual in the population is assigned a fitness value, which 

quantifies how well it performs in solving the problem. The fitness value is 

computed by a problem dependent fitness function. The fitness function that can 

be applied for evaluating performance of generated solution are measured with the 

Summed square of residuals (SSE), R-square is the ratio of the sum of squares of 

the regression (SSR) and MSE is the mean square error or the residual mean 

square [7]. 

A typical implementation of GP (i.e. the process of determining the best 

(or nearly best) solution to a problem in GP) involves the following steps as in 

figure 2:  

 

3. The Proposed Genetic Programming for the Interaction 
 

The approach is to use the genetic programming that is enough intelligent to 

discover functions for ( / ) interactions (total cross sections with respects of 

the total center of mass energy). This paper used GPLAB, a genetic programming 

toolbox for MATLAB. Besides most of the features traditionally used in genetic 

programming, see [21]. 

 

Total cross sections are proposed with two individual GP models.  Two 

models are trained/predicated one by one using experimental data to simulate the 

( / ) interaction. The two models are as follows: 
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Figure 2: The flowchart of GP algorithm 

 

1- The first model that calculates the total cross sections  of  

interaction is function of the total center of mass energy , as input. 

2- 2- The second model that calculates the total cross sections σpp   of  

interaction is function of the total center of mass energy , as input. 

 

GP has the potential to discover new models, to show that the data sets are 

subdivided into two sets (training and predication).  GP discover new models by 

using the training set while the predicated set is used to examine their 

generalization capabilities. 

To measure the error between the experimental data and the simulated data we 

used the statistic measures as fitness function.  The total deviation of the response 

values from the fit to the response values. It is also called the summed square of 

residuals and is usually labeled as SSE.  The statistical measures of sum squared 

error (SSE), the correlation coefficient r and the standard error of the regression 

(root of square mean error RSME) is defined in [7]. 

 

4. Results 
 

The discovered functions are tested by using the experimental data of the 

total cross sections  and σpp with the centre-of-mass energy .  The training  
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data considers both the recent experimental observations at LHC experiment 

[23,27,1,9], and the Particle Physics Data Group for ( / ) interaction 

experiments in the range of low to ultra-high energy [22,5].  

 

4.1. The first interaction model proton-antiproton interaction: 

The GP was running, as configured in ‘table 1’, until the fitness function is 

reduced to an acceptable level (the minimum value of the experimental data error 

is 0.0001). The discovered function has been tested to associate the input patterns 

to the target output patterns using the error function.  

Table 1 Shows GP optimal parameters that were obtained. 

GP Parameters  ( ) 

Generations 1000 

Populations 30000 

Function set *,/,-,+,ln , exp and sqrt 

Terminal Set {constant, } 

Fitness function SSE 

Selection method Elits, rank and tournament 

Mutation rate 0.01 

Crossover rate 0.9 

 

 

The final discovered function (the tree expression) for describing the total 

cross sections  for proton-antiproton collision with the centre-of-mass energy 

is given by:
 

 

Figure 4 illustrations the matching between the discovered model  and 

the experimental data. The correlation coefficient of this fitting is 0.9969, which is 

very near to one and this reflects that the model fits the experimental data with 

high accuracy.  

 
4.2. The second interaction model proton-proton interaction: 

 

The GP was running, as configured in ‘table 2’, until the fitness function is 

reduced to an acceptable level (the minimum value of the experimental data error 

is 0.001). The discovered function has been tested to associate the input patterns 

to the target output patterns using the error function. The model for the proton-

proton collision is represented by the tree expression shown in Figure 3.  

The final discovered function (the tree expression)  for describing the total 

cross sections σpp with the centre-of-mass energy is given by: 
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Figure 3:   The progress of the total cross sections  

 

 

Table 2 Shows GP optimal parameters that were obtained. 
 

GP Parameters σT  ( ) 

Generations 1000 

Populations 40000 

Function set *,/,-,+,ln, exp and sqrt 

Terminal Set {constant,  } 

Fitness function SSE 

Selection method Elits, rank and tournament 

Mutation rate 0.01 

Crossover rate 0.9 

 
The correlation coefficient of this fit is 0.9641, which is a high value that 

represents an acceptable fitting.  

 

Table 3 Comparing the results of σpp ( ) between the LHC detectors 

measurements and the prediction model. 
 

 

Experiment Total cross-section 

calculated  (mb) 

Total cross-section predicted (mb) 

using σpp ( ) 

 = 7 TeV 98.3 (± 3.0) 98.5 

 = 8 TeV 102.9(± 3.0) 103.1 

 

 

 



 

Modeling proton-proton and proton-antiproton collisions                                  109 
 

 

 
 

Figure 4:   The progress of the total cross sections σpp function of the centre-of-

mass energy  between 10-50000 Gev had been shown. 

 

  In ‘table 3’, the discovered function σpp( ) has been used to predict the 

total cross sections σpp at  = 7 TeV & 8 TeV which were 98.5 mb and 103.1 mb 

respectively.  Those values are the same as experimental results of LHC detectors 

(TOTOM, CMS, ATLAS and ALICE) [9,1,23, 27].  In the following ‘figure 4’, 

the values of the total cross-sections σpp( ) is compared with results at low 

energies and the high energies from cosmic rays together with an overall fit of the 

compete collaboration [22]. Moreover, the model is in excellent agreement with 

the extrapolation from low energies. 

The predicted values for σpp ( ) are 109.0690 mb and 111.3407 mb at  

= 13 TeV and  = 14 TeV respectively.  Those results match with Block [5-6].  

Moreover, TOTOM resent results of total cross-section at  = 13 TeV is 109.5(± 

3.4) [3]. 

 

5. Conclusions 
 

In this paper two models for ( ) interaction that describe total cross 

section as a function of center of mass energy were obtained. GP tool was used to 

obtain the two models using data taken from PDG and CERN. The first model for 

was for the proton-antiproton collision. The discovered model fits the data 

with high value of correlation coefficient; 0.9969. The prediction of this model at 

high energy agrees with the previous work. The second model for  found was 

for proton-proton collision and it fit the experimental data with high accuracy. 

The correlation coefficient of this fitting was; 0.9641. The models that have been  
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found in this paper can be used to find the total cross section at any center of mass 

energy, low or ultrahigh energy.  To conclude, GP has become one of significant 

research areas in the field of high energy physics. 
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