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Comprehending the rationality of massive software systems is one of the 
key issues of modern software engineering. The traditional code 
summarizing methods are largely based on static analysis and heuristics 
that are often manually developed, and may not succeed in reflecting the 
semantic relationship between elements of code. The suggested approach 
fills this gap by using Word2Vec embeddings to encode code tokens with 
dense vectors of a continuous semantic space. Through contextual 
cooccurrence associations among tokens, Word2Vec is able to elicit latent 
patterns in program organization and program behavior. Experiments on 
open-source repositories prove that embedding-based models can be 
effectively used to produce meaningful code logic summaries, which are 
better than frequency-based baseline methods on both quantitative and 
qualitative metrics. The findings show that Word2Vec embeddings are an 
effective semantically-aware basis of automated code summarization 
workflows, which is computationally efficient and can scale without 
sacrificing performance to competitive assets to supervised neural 
architectures. The embedding training process is unsupervised, and hence 
it does not rely on large labeled datasets, which is why the technique is 
especially applicable to a wide variety of programming tasks and new 
languages where annotated training data is limited.  
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1. Introduction  

New software development results in more and more complicated codebases that even the most 

experienced developers struggle to ensure that they fully understand. Big applications can have complex 

logical processes with thousands of files, where the meaning and action of each unit are extremely 

difficult to decipher without spending significant time and effort on their meaning. The software 

maintenance, which takes up most of the lifecycle of a system, is largely dependent on the capability of 

developers to acquire the functionality of the existing code in as short a time as possible. The importance 

of code summarization as a technique to fill this gap in comprehension is that it generates concise 

descriptions in natural language that are automatically generated to capture program logic and intent 

[2].  

Existing methods of summarizing codes have been based mainly on systems based on templates and 

rule-based heuristics, which derive information based on syntactic structures. They are methods that 

analyze control flow patterns, abstract syntax trees, and use identifier naming conventions to construct 

summaries. Although they are useful in simple scenarios where the variables are descriptive and the 

current regulations apply to the coding, they find it difficult to handle the abbreviated identifiers, non-

standard names, and complex logical functions. The inherent weakness is that semantic relationships 

cannot be encoded that go past surface grammar, and hence the summary of a code may frequently lack 

the conceptual nature of code behavior [2].  
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The development of representation learning methods has brought strong substitutes to learn the 

semantic information of textual data. Distributed representation algorithms map discrete symbols into 

continuous vector spaces where semantic relatedness is expressed geometrically. The paradigm shift 

allows the computational models to be able to identify and encode relationships between elements 

according to the way they are used in context, as opposed to predefined rules. The fundamental concept 

of these methods assumes that items that occur in the same settings have corresponding meanings, and 

unsupervised learning algorithms can identify semantic meaning in raw data [1].  

The capacities of the vector space models have been demonstrated to have remarkable abilities to 

capture subtle and delicate associations such as analogies, hierarchical relations, and similarities of 

functions. Such models are trained on large corpora to acquire dense representations of vectors, with 

mathematical operations being associated with semantic processes. Such techniques applied to 

programming languages extend the fact that code has structural and statistical characteristics that are 

similar to natural language, where tokens are organized into statements by grammatical rules and 

semantic conventions [1].  

This study proposes the use of an embedding-based representation in the development of automatic 

software logic summarization. The approach builds contextual semantics signatures of the body of code 

by training semantic models in large bodies of code, where semantic models are learned through 

programming tokens. The approach describes functionally similar code blocks and creates natural 

language summaries that describe underlying logical operations through the use of vector averaging 

and clustering operations. Benchmark experiments have shown that embedding-based systems 

significantly enhance the quality of summarization over traditional frequency-based algorithms at a 

high level of computation efficiency [2].  

  

2. Background and Related Work  

Code summarization is a fundamental research problem in software engineering, which aims at creating 

a natural language description that summarizes the key functionality of source code automatically. The 

conventional methods of tackling this issue were based on the use of heuristic rules and syntactic pattern 

matching, deriving information on the basis of the program structures, e.g., method signature, names 

of variables, and control flow structures. These primitive systems used templates that were defined to 

convert syntactic objects into textual descriptions. Nevertheless, these rule-driven approaches revealed 

a low level of effectiveness in the face of various coding styles, intricate logic operations, and non-

standard program behaviours which did not follow the anticipated trends [3].  

The transition to neural network-based solutions brought significant advances in the quality of the 

summarization and the generalization. Deep learning models also allowed learning patterns of 

summarization on large sets of code-comment pairs, instead of having to rely on hand-written rules. 

Attention-based sequence-to-sequence models were successful in producing natural language code 

outputs through the processing of tokens as a sequence of tokens and the generation of natural 

language. With these models, specific code segments are learned to match with corresponding parts of 

the generated summary, which enhances the coherence and accuracy. The recent developments have 

also investigated graph-based representation, which explicitly represents structural relationships in 

programs. GNNs handle code by building graph representations whose nodes denote the elements of 

the program and edges denote a variety of relationships, such as control flow, data flow, and syntactic 

relationships based on abstract syntax trees. It is a graph-based method, which utilizes the relational 

nature of software systems, where understanding a piece of code fragment will, in most cases, require 

one to understand how it interrelates with the rest of the program elements and the system as a whole 

[3].  

Distributed representation learning gives the basic methods of storing semantic data in continuous 

vectors. Embedding techniques are trained to encode discrete symbols with high-dimensional vectors 

with geometric proximity as a measure of semantic similarity. The working principle of these 
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approaches is that objects occurring in similar contexts are likely to have similar meanings and, 

therefore, one can learn semantic structure in an unsupervised mode of raw data. The learned 

representations facilitate diverse computational tasks such as similarity measurement, clustering, and 

semantic composition [4].  

  

Approach Type  Technique  Key Feature  

Traditional  Template-based systems  Rule-driven heuristics  

Neural  Sequence-to-sequence  Attention mechanisms  

Graph-based  Graph neural networks  Structural relationships  

Embedding  Path-based representations  AST traversal  

Table 1: Code Summarization Approaches [3, 4]  

  

Embedding techniques on the source code exploits have been used to find parallels between natural 

languages and programming languages. Code tokens serve as a lexical unit that is combined based on 

grammatical rules to create meaningful statements. Precisely, path-based embedding algorithms that 

represent codes in abstract syntax trees walk syntax trees to provide structural context. These methods 

represent code fragments by sets of syntax tree paths between terminal nodes and have a semantic 

intent as well as syntax. The resulting embeddings can be used to semantically reason about code 

functionality, and can be used in various downstream tasks such as code search, bug detection, and 

documentation generation [4].  

  

3. Methodology  

3.1 Corpus Construction and Preprocessing  

The construction of efficient embedding models of source code requires the creation of large-scale data 

sets that reflect natural programming practice in a wide range of application areas. Public repositories 

of code contain a large amount of real-world code and are widely used to cover a wide range of 

programming idioms, algorithmic solutions, and software engineering patterns. The process of corpus 

construction includes the extraction of source code of popular hosting platforms, with the priority given 

to repositories to show active development, a significant number of contributors, and extensive 

documentation. The selection criteria are based on the projects that cut across different areas like web 

development, data processing, scientific computing, and system utilities to maintain representativeness 

across the different programming paradigms [5].  

Preprocessing processes convert unstructured source files into structured token sequences that can be 

used in the training of models. Language-specific lexical analyzers break language code down to basic 

units such as language keywords and user-defined identifiers, operators, and literal constants. Elements 

of documentation, including comment blocks, inline annotations, and descriptive strings, are 

automatically eliminated to make sure that learned representations are based on the semantics of 

executable code instead of a textual description written by a human. This screening does not allow 

models to acquire superficial links between natural language remarks and code tokens [5].  

Vocabulary normalization processes deal with the difficulty of having identifier name differences 

between different codebases and code writers. Semantically identical identifiers in various syntactic 

forms undergo conversion to canonical representations via stemming and lemmatization processes, 

which, in effect, minimize vocabulary size and hierarchically maintain semantically equivalent 

identifiers in different syntactic forms. Function-level segmentation groups processed tokens into whole 

semantic units and provides natural groupings of contextual representations analogous to sentence 

structure in natural language processing [6].  



Journal  of  Information  Systems  Engineering  and  Management    
2025, 10(63s)  

e-ISSN: 2468-4376    

https://jisem-journal.com/  Research Article    

  

540  
Copyright © 2025 by Author/s and Licensed by JISEM. This is an open access article distributed under the Creative 

Commons Attribution License which permits unrestricted use, distribution, and reproduction in any medium, 

provided the original work is properly cited.  

3.2 Embedding Training and Code Representation  

The models learn distributed representations by exposure to large-scale code corpora, finding latent 

semantic structures based on the statistics of co-occurrence of tokens. The Skip-gram architecture is 

effective in especially representing a code because it allows modeling of relationships of tokens that 

occur infrequently, which are typical of both specialized programming terms and domain-specific 

identifiers. Hyperparameter optimization is a trade-off between model expressiveness and 

computational efficiency that decides the dimensionality of vectors, the scope of context windows, 

thresholds on vocabulary inclusion, and training optimization techniques [6].  

Aggregate vector representations are computed on code blocks based on constituent token embeddings, 

and the result, which is a fixed-dimensional semantic signature encoding functional properties, is 

produced. These vector representations are clustered using an algorithm to find semantically related 

segments of code using geometric proximity scales, showing functional similarities that cannot be found 

based on syntactic differences. Natural language summaries of common logical patterns can be 

generated using representative tokens obtained in the centroid of clusters [5].  

  

Stage  Operation  Result  

Corpus Assembly  Extract from repositories  Multi-domain code  

Tokenization  Lexical parsing  Token sequences  

Filtering  Remove documentation  Executable semantics  

Normalization  Stemming, lemmatization  Canonical forms  

Segmentation  Function-level organization  Semantic units  

Table 2: Preprocessing Pipeline [5, 6]  

  

4. Experimental Results and Evaluation  

4.1 Experimental Setup  

The measurement of code summarization systems needs well well-structured experimental design that 

tests the technical accuracy of the generated description as well as the practical usefulness. Code 

summarization benchmark datasets are usually a set of source code functions with human-written 

descriptions that have been copied out of documentation or comments. These data sets cut across 

various programming languages and application areas, and present varied test cases that test the models 

to extrapolate across the different coding and problem domains. Assessment plans should take into 

consideration the nature of variability inherent in the process of developers describing the same 

functionality, since there can be a number of valid summaries of a given piece of code [7].  

Baseline comparisons create a performance level through which new approaches can be assessed. The 

basic baselines of non-neural methods are traditional approaches to translation based on term 

frequency analysis and statistical language modeling. State-of-the-art results are achieved with neural 

baselines that add attention mechanisms, learning to selectively attend to code portions that are 

relevant in the generation of a summary. Attention-based architectures encode and decode input 

sequences using encoder-decoder networks, in which attention weights reflect how much a token of the 

source most strongly predicts a given word generated. The long input sequence is better dealt with by 

this selective focus mechanism that allows models to process long input sequences better than fixed-

length encoding techniques [7].  

Assessment methods build on automated measures to include numerous aspects of summary quality by 

incorporating human evaluation. Lexical overlap between generated and reference summaries (ngram 

matching) is measured using automated metrics and gives objective and repeatable quality scores. 

Nonetheless, all these metrics are known to have limitations since semantically similar summaries can 
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have dissimilar vocabulary and expressions. Human assessment is a complement to automated 

assessment, whereby software developers are employed to provide judgment on summary accuracy, 

completeness, and readability. Multi-point rating scales are a common type of evaluation protocol 

where the developers determine whether the code functionality has been captured within the 

summaries and whether the documentation is useful or not [8].  

4.2 Quantitative Performance and Qualitative Insights  

Embedding-based methods exhibit competitive results as compared to their more advanced neural 

equivalents and consume significantly fewer computational resources and training examples. The 

learned representations learn semantic relationships that allow meaningful summarization despite 

comparatively straightforward aggregation and generation algorithms. The analysis of performance 

results in various categories of codes indicates strong performance on dealing with common types of 

programming patterns, with the determination of places where structural information can be used to 

improve the understanding of complex control flow [8].  

The qualitative analysis of the generated summaries can give information in addition to the numerical 

data and help understand how various strategies approach edge cases, domain-specific vocabulary, and 

abnormal coding patterns. Embedding techniques demonstrate resistance to variations in identifier 

naming and are able to identify functional equivalence in a variety of implementations [7].  

  

Component  Method  Type  

Datasets  Code-comment pairs  Benchmark  

Baselines  Frequency analysis  Traditional  

Neural Baselines  Attention architectures  Advanced  

Metrics  N-gram matching  Automated  

Human Assessment  Developer ratings  Qualitative  

Table 3: Evaluation Framework [7, 8]  

  

5. Discussion  

Based on the use of embedding-based representations of source code analysis, there is a set of promising 

features as well as limitations that can be noted and should be considered. Distributional learning 

techniques have been effective in modeling semantic association between code tokens, showing that 

statistical associations of co-occurrence have significant information about the functionality of 

programs. Embedding training by itself is unsupervised, which removes the need to rely on manually 

annotated datasets, which has some substantial benefits in scalability and adaptation to new 

programming environments. Such freedom of labeled data is especially useful considering the intensive 

work that must be done to generate high-quality code-documentation pairs in a variety of programming 

domains [9].  

Embedding methods are better in terms of computational resource demands than complex neural 

implementations using multiple layers of recurrent or convolutional processing. The relative ease of 

model embedding allows it to be trained efficiently on small-scale hardware setups, and be 

experimented with and deployed quickly. The time to train scales positively with the size of the corpus, 

and incremental updates can be conducted rapidly whenever new code is available, rather than 

necessarily retraining all the models. These pragmatic reasons make the implementation of embedding-

based solutions more viable in actual software development systems where computational resources 

can be limited [9].  

Nevertheless, there are underlying architectural constraints on the representational ability of the pure 

token embedding methods. The structure of source code has an intrinsically hierarchical structure that 
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mirrors the nesting of scoping rules, function call structure, and compositional semantics. This 

hierarchical structure is explicitly represented in abstract syntax trees, which encode parent and child 

relationships that form the basis of syntactic validity and semantic interpretation. Embeddings of 

tokens on flattened sequences ignore this structural information, and code is a linear sequence of tokens 

as opposed to a hierarchically structured object. Such structural blindness imposes a constraint on the 

reasoning of scope-dependent variable bindings, nested control structures, and compositional 

semantics describing programming languages [10].  

Sequential ordering of data is also vital in the process of identifying the behavior of programs since 

statements are executed in a temporal order, which is essentially included in determining the result of 

computations. The bag-of-embeddings representations is a type of representation where token vectors 

are summed or averaged, disregarding positional data, and considering different permutations of the 

same token to be identical. This position invariant encoding is insufficient in learning control flow logic 

where execution order determines program semantics. The tree-structured neural architecture is used 

to overcome this shortcoming, in that abstract syntax trees are handled by recursive composition, which 

allows the explicit expression of hierarchical dependence and structural relationships within program 

structure [10].  

Purely distributional methods have other difficulties with external library dependencies. The current 

software development heavily depends on the importation of functionality based on the external 

modules and frameworks, where the API behavior can not be observed merely based on surface-level 

usage patterns [9].  

  

Aspect  Strength  Limitation  

Data Requirements  Unsupervised training  No labeled leverage  

Computation  Efficient processing  Limited expressiveness  

Semantics  Contextual patterns  No hierarchy  

Sequence  Simple aggregation  Ignores order  

Table 4: Strengths vs Limitations [9, 10]  

  

Conclusion  

Word2Vec embeddings are a valuable and computationally efficient method of modeling semantic 

relationships within source code and creating automated summaries of software logic. Embeddingbased 

methodology is significantly more effective than traditional frequency-based techniques of baselines 

and performs competitively against supervised neural architectures despite using much less labelled 

training data and computation. Future directions involve the incorporation of explicit structural 

information by the addition of abstract syntax tree capabilities or graph neural networks to expand the 

ability of the model to encode hierarchical logical relationships that are hierarchical. Adding data flow 

analysis and def-use chains to token-level embeddings would be a more complete representation of 

program semantics and variable dependencies. Another approach to consider is hybridized 

architectures that jointly use distributional embeddings and transformer-based encoders to use both 

local co-occurrence information and global attention to process long-range dependencies. 

Generalization of the method to cross-lingual code summarization, i.e., creating summaries between 

programming languages, is a valuable practical use with major implications for software understanding 

and software migration problems. The effectiveness of comparatively straightforward embedding-based 

methods implies that a lot of semantic data regarding the logics of a program can be conveyed under 

distributional study, and thus, the framework of superior automated software engineering applications 

that boost the productivity of developers and enhance the understanding of code under scale.  
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