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Abstract - The article proposes a method for automated creation and modification of semantic 

networks using large language models (LLMs). The method uses formalized primitives to extract 

concepts, expand them, and combine them into a single network. For the first time, the concept of 

preferential semantic attachment is presented, which adapts the Barabashi-Albert model taking into 

account the semantic relevance of nodes. The experiments demonstrated the effectiveness of the 

proposed approach, using the example of the analysis of cybersecurity texts. The obtained results 

show the correspondence of the generated network to the power distribution, which is confirmed by 

the Kolmogorov-Smirnov criterion. The proposed approach can be used for information analysis 

and modeling of the evolution of knowledge in various subject areas. 

Keywords: semantic networks, large language models, prompt generation, preferred semantic 

association, information analysis, Barabashi-Albert model, cyber security, automated concept 

extraction, knowledge evolution 

1. Introduction 

Concept networks are a powerful tool for modeling knowledge in various fields of science. In 

the works of Barabási and Albert [1], a preferential attachment model was proposed, which explains 

the formation of scale-free networks with a power-law distribution of node degrees. This model is 

based on two key principles: 

1. Network growth – the network grows gradually by adding new nodes. 

2. Preferential joining - the probability that a new node will join an existing one is proportional 

to the number of connections (degree) of this node. 

The algorithm for constructing the Barabashi-Alberta network is as follows: 

1. We start with a small initial graph with 
0

m  nodes 

2. At each step, we add a new node that creates mmm connections with already existing nodes. 

3. Probability of connecting a new node j  with a node i  determined by the formula: 

 
as well 

i
k  – the degree (number of connections) of the node i , and the sum in the denominator 

counts all degrees in the current network. 

4. The process is repeated until the network reaches the required size. 

In the Barabashi-Albert model, the distribution of node degrees P(k) is described by a power 

law: 
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where γ is the exponent. For the classic model 3  .   

2. Model of preferential semantic attachment 

This study adapts the Barabashi-Albert model to analyze the concept network that is formed 

iteratively using LLM. However, unlike classical preferential joining, new nodes are joined not only 

based on the degrees of existing nodes, but also taking into account their semantic proximity to new 

terms. This process was called preferential semantic attachment. 

First, a semantic network is considered, which is formed according to a certain algorithm [2] 

from the concepts included in the documents on the selected topic, in particular, cybersecurity. That 

is, at the initial stage ( 0t  ) network consists of a fixed number of nodes 
0

m , which represent 

primary concepts extracted from a specific article.  After that, new concept nodes from the selected 

subject area are added to this network during each tact (time unit). After a certain large number of 

cycles, the generation of new concepts is stopped and the distribution of the nodes of the newly 

formed network is examined.  

Let  t t t
G V E,  — a network of concepts at a moment in time t , and: 

t
V  — set of nodes 

(concepts), 
t

E  — a set of edges (connections between concepts). At every turn t  a new node is 

added to the existing network 
1t

v


 which represents a new concept generated by LLM. Semantic 

proximity  1t i
S v v,


 between the new term 

1t
v


 and an existing node 

i
v  is calculated using 

semantic text analysis. For example, you can use cosine similarity in the vector space representing 

the semantics of words: 

, 

as well 
1t

v


 and 
i

v  — vector representations of terms 
1t

v


 and 
i

v , obtained using methods such as 

Word2Vec or BERT. After calculating the semantic proximity for all existing nodes, it is selected 

0
m m  nodes with the highest values  1t i

S v v,


, and a new node 
1t

v


 joins them. To generate new 

concepts, LLM is used, which takes the topic of an article (for example, "cybersecurity") and 

generates a list of related terms. Each generated term is added to the network as a new node 
1t

v


. 

Connections between a new node and existing nodes are established by the rule of preferential 

semantic joining. 

 

In the modified model, we expect, by analogy with the Barabashi-Alberti model, that the 

introduction of semantic proximity will not disturb the power-law nature of the distribution, but 

may affect the value of γ. 

 

3. Codeless tools for forming semantic networks  

To implement the model of preferential semantic joining, we will use the methodology of 

codeless formation of systems described in [3], where the essence of the proposed approach to 

creating systems is to present prompts as analogs of program constructions (conditional operators, 

loops, functions) through the mathematical formalization of their logic and interactions. Basic 

primitives ("bricks") such as "Condition", "Cycle" and "Function" are used to form prompts, as well 

as methods of composition of these primitives to build complex systems, in particular semantic 

networks. 

We will describe the framework on the basis of which, in the future, prompts will be formed 

by large language models, which will be used for the formation of semantic networks, being 

executed, in turn, in the environment of large language models. 
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Each primitive in the codeless prompt engineering framework is described as a mathematical 

object with clear rules for transforming input data into outputs. These primitives are the basic 

"bricks" for creating complex logical constructions similar to the operators of programming 

languages, but based on natural language. 

3.1. Primitive "Condition" (If-Else) 

Formalization: 

Let: 

− Input — input data (for example, text, numeric parameter, etc.). 

− C is a condition (predicate) that returns True or False. 

− 1A  , 2A  — two possible actions that are performed when the condition is True or False, 

respectively. 

The prompt function P is defined as: 

 
   

   

1

2

,

,

A Input if C Input True
P Input

A Input if C Input False


 



 

This formal definition is analogous to the classic if-else statement in programming languages, 

but applied through textual instructions. 

Explanation: 

The working mechanism of the "Condition" primitive is to pass the LLM a task with two 

possible scenarios, one of which is executed depending on the result of the condition check. A 

condition can be any logical construct, for example: 

− Checking the presence of a certain word in the text. 

− Comparison of numbers. 

− Analyzing the context or category of data. 

Example: 

"If the text contains the term 'cybersecurity', return its definition; otherwise, a list of related terms." 

Here: 

− C — presence of the word "cyber security" in the text. 

− 1A  — generation of the definition of the term "cyber security". 

− 2A  — search for associations to the term "cyber security". 

This primitive allows the model to make decisions based on given criteria, effectively 

modeling a logical condition. 

3.2. Primitive "Cycle" (For-Loop) 

Formalization: 

Let: 

−  1 2, ,..., nS s s s  — a set of elements to be processed. 

− F is an operation that is applied to each element of the set. 
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The prompt function P(S) is defined as the union of the results of the application of the 

operation F to each element of the set: 

1

( ) ( ).
n

i

i

P S F s


  

This formal definition is analogous to the classic for loop in programming languages, where 

the same operation is repeated for all elements of a set. 

The way the Loop primitive works is to pass the LLM a list of elements along with the 

operation to be applied to each element. The result is a combination of all received answers. This 

approach is useful for bulk data analysis, pattern extraction, or generating responses for multiple 

inputs simultaneously. 

Example: 

"For each term from the list ['phishing', 'firewall'], find 3 examples of its use." 

Here: 

− S = {'phishing', 'firewall'} is a set of terms. 

− F — the operation of finding examples of the use of the term. 

The result will be a combination of examples for both terms. 

3.3. Primitive "Function" (Abstraction) 

Formalization: 

Let: 

− F: X → AND — a function that converts elements from a set X in plural elements AND. 

− x is an input element. 

− parameter — a set of parameters that regulate the behavior of the function. 

The prompt function Fextract(x, parameter) is implemented through an instruction passed to the 

model: 

Fextract(x, parameter)=promptly(x,instruction with parameter). 

This formal definition is analogous to abstraction in programming languages, where a 

function can accept parameters to regulate its logic. 

The way the Function primitive works is to pass a specific task to the LLM with parameters 

that define the details of its execution. This allows for flexible instructions that can be reused for 

different inputs. 

General principles of primitive selection 

Clarity of formulation: Each primitive must be a precisely described construct to ensure 

unambiguous understanding by the model. 

Flexibility: Primitives can be parameterized, which allows them to be adapted to different 

tasks. 

Composition: Primitives can be combined to create complex systems, similar to how 

programmers write code from basic constructs. 
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These three primitives—Condition, Loop, and Function—form the basis for codeless system 

creation through prompt engineering, allowing the use of natural language as a tool to drive the 

logic of AI systems. 

3.4. Composition of primitives into systems 

A system is an orchestration of primitives, analogous to programs.  The prompt syntax forms 

a language with a formal grammar that can be represented as AST  (Abstract Syntax Tree): 

Promt::=Primitive∣(Prom⊕promise)∣Condition(Promt, Promt) 

as well ⊕ — a composition. 

4. Formation of a network of preferential semantic attachment 

To obtain a clear formal prompt for forming a preferred semantic association network, the 

above framework is converted to a PDF document and uploaded to an LLM system (such as 

ChaGPT, Qwen, or DeepSeek). After that, we download the prompt task for forming a formalized 

prompt for creating a network of preferred semantic connections of the following form: 

In accordance with the given methodology, please form a general prompt for solving the problem: 

Let us have some input text [input text] on the topic [topic]. From the text, 20 pairs of the most 

interconnected concepts on this topic are selected, which are displayed in the form of a list in the 

format "concept; concept" to form a network. The network will be undirected. After the formation 

of this network 100 times, the following procedure is carried out: A new concept is selected from 

a given topic and it is connected to three concepts of the already formed network, which are most 

strongly connected with it and are displayed in the form "new concept; concept". This completes 

the cycle. The finally formed network is displayed in the form of a "concept; concept" list. 

Provide the generated prompt 

Below is a view of a formalized prompt, a task for forming a network of preferred semantic 

associations, formed as a result of the execution of the given primary prompt: 

You have received the incoming text [incoming text] that belongs to the topic [topic]. Your task 

is to create a network of concepts that describes the relationships between the key ideas of this 

text. To do this, follow the procedure below: 

Initial text analysis: 

− Analyze the input text and highlight 20 pairs of the most strongly related concepts on the 

given topic. 

− Write these pairs in the format "concept; concept". The network is undirected at this stage. 
Network expansion: 

Carry out 100 iterations, where at each iteration: 

− Choose a new concept from the given topic [topic]. 

− Find three concepts from the already formed network that are most strongly related to the 

new concept. 

− Add new connections to the network in the format "new concept; concept". 
Formation of the result: 

After all iterations are complete, output the final network as a list of connections in 

concept;concept format. 
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Details of the formalization, a formal description of the prompt through primitives are also 

given. 

1. Primitive "Function" for selection of initial pairs 

Fextract(text, parameter="extract 20 pairs of concepts") → InitialNetwork 

− Input data: text by topic [topic]. 

− Operation: text analysis to select 20 pairs of concepts with the greatest connection. 

− Output: a list of pairs in the format "concept; concept". 

2. Primitive "Cycle" for expanding the network 

For (i = 1 to 100): 

Fextend(new concept, parameter="search for 3 closest concepts in the 
network") → ExtendedNetwork 

Input data: 

− a new concept is a concept chosen from the topic [topic]. 

− InitialNetwork + ExtendedNetwork — the current network of concepts. 

Operation: for each new concept there are three closest related concepts from the current 

network. 

Output: new connections in the format "new concept; concept". 

3. "Function" primitive for combining results 

Fmerge(InitialNetwork, ExtendedNetwork) → FinalNetwork 

Input data: 

− InitialNetwork — an initial network of 20 pairs. 

− ExtendedNetwork — network extended after 100 iterations. 

Operation: combining all connections into a single list. 

Output: The final network in concept;concept format. 

4. Experiment results 

Initial network: 
0

20m   nodes (primary concepts extracted from the article). The number of 

connections of a new node does not exceed: 3m  . Topic: "cyber security". Number of iterations: 

100T  . A network of 73 nodes was formed (Fig. 1).  

Application of the Kolmogorov-Smirnov test showed that the empirical distribution agrees 

with the power distribution with the indicator γ=2.3 (p-value 0.09 > 0.05). 

Conclusions 

This paper proposes a new approach to the automated creation and modification of semantic 

networks based on large language models (LLMs). The main results of the study include two key 

aspects: 
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Figure 1 - View of the generated network 

1. Development and research of the preferential semantic joining algorithm 

− An algorithm for building a semantic network is proposed, combining the Barabashi-Albert 

mechanism with changes that take into account the semantic relevance of concepts. 

− An experimental analysis of the obtained networks was carried out, which confirmed that their 

structure obeys the power distribution (Kolmogorov-Smirnov test, p-value = 0.09). 

2. Formalization of the prompt creation process and an approach to codeless prompt engineering 

− A new approach to prompt generation based on formal operations on sets and structured 

primitives (Fextract(), Fextend(), Fmerge()) is proposed. 

− For the first time, the concept of codeless prompt engineering is presented, which allows you to 

automate the construction of complex queries to LLM without the need for manual 

configuration. 

The obtained results can be used for information analysis, information impact research and 

automated text processing. 

Further research could focus on improving algorithms for relevant concept association and 

extending the capabilities of codeless prompt engineering to integrate with various LLMs. 
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