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Abstract: Objectives: This study aims to advance the field of automated software documentation by introducing a specialized adaptation 

of the Hybrid Feature Fusion Network (HFFN) for Java source code summarization. The primary objective is to architect a novel, multi-

view deep learning framework that explicitly integrates and dynamically weights lexical, syntactic, and semantic feature representations 

to generate highly accurate and contextually relevant natural language summaries, thereby establishing a new state-of-the-art 

benchmark for Java. Methods: A new, large-scale JavaCodeSum corpus was meticulously curated, comprising 9,120 functionally 

validated Java methods sourced from diverse, high-quality open-source repositories and canonical textbooks. The proposed HFFN-Java 

architecture employs dedicated state-of-the-art encoders: a multi-filter CNN for lexical token sequences, a Child-Sum Tree-LSTM for 

Abstract Syntax Tree (AST) syntactic structures, and a Graph Neural Network (GNN) operating on a combined Control Flow Graph 

(CFG) and Data Flow Graph (DFG) for semantic modeling. A hierarchical gated fusion mechanism synergistically combines these 

representations, which are subsequently decoded by a transformer-based generator. The model was rigorously evaluated against nine 

established and pre-trained baselines, including CodeBERT and CodeT5, using a comprehensive suite of metrics: ROUGE-L, BLEU-4, 

Exact Match (EM), BERT Score, and CodeBLEU. Results: The HFFN-Java model demonstrated statistically significant superiority (p 

< 0.001, two-tailed paired t-test) over all baseline models across every evaluation metric. It achieved a notable ROUGE-L score of 0.92, a 

BERT Score of 0.94, and a marked 48% relative improvement in Exact Match accuracy over the strongest pre- trained baseline. An 

extensive ablation study quantified the critical, complementary contributions of each feature modality, with the removal of syntactic 

features resulting in the most substantial performance degradation (-8.7% in ROUGE-L), unequivocally validating the hybrid design 

principle. Conclusions: This research conclusively demonstrates that a deliberate, hierarchical fusion of complementary code 

representations- lexical, syntactic, and semantic- yields a profound performance advantage for summarizing Java source code, 

outperforming generalized pre-training strategies. The HFFN-Java framework provides a robust, interpretable, and high-performing 

foundation for automated documentation tools. 
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1. Introduction 
 

The rapid pace of software development creates significant 

challenges for maintaining comprehensive and accurate 

documentation. As software systems evolve, documentation 

frequently becomes outdated or inconsistent with the actual 

code implementation. This documentation gap presents 

substantial obstacles to code understanding, reduces 

development efficiency, complicates the onboarding 

process for new developers, and increases the likelihood of 

errors during software maintenance and enhancement [1, 2]. 

 

To address this fundamental challenge, the field of Software 

Engineering has turned to Artificial Intelligence for 

automated solutions. Among these, Automated Code 

Summarization has emerged as a pivotal research area and 

application. It is defined as the task of automatically 

generating concise, natural language descriptions of source 

code functionality [3]. These machine-generated summaries 

serve as immediate, always-available artifacts that 

succinctly explain what a code segment does, drastically 

reducing the time developers spend deciphering complex 

logic. By bridging the gap between the implementation-

level details of code and the high-level intent understood by 

humans, advanced summarization techniques directly 

contribute to reducing development costs, improving 

software quality, and mitigating knowledge loss [4]. 

 

The core technical challenge underpinning neural code 

summarization is the learning of optimal, distributed 

representations (embeddings) of source code that 

comprehensively encapsulate its multifaceted nature. 

Source code is a unique form of data; its meaning is not 

conveyed through a single channel but through a rich, 

synergistic interplay of different facets [5]. Existing research 

has pursued this goal through several distinct, yet often 

isolated, paradigms, each designed to capture a specific 

aspect of the code, but each also possessing inherent 

strengths and limitations: 

1) Lexical Approaches: These methods treat source code 

as a flat sequence of tokens, leveraging surface- level 

information such as method names, variable identifiers, 

and keywords [1, 6]. They are highly effective at 

capturing naming conventions and local context, which 

often provide strong intuitive clues about functionality 

(e.g., a function named calculate Interest containing 

variables principal and rate). However, they inherently 
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fail to model the rich, hierarchical syntactic structure 

that is fundamental to programming languages, making 

them blind to complex control flow and scope. 

2) Syntactic Approaches: To overcome the limitations of 

lexical methods, syntactic approaches parse code into 

Abstract Syntax Trees (ASTs) [7]. ASTs explicitly 

represent the grammatical structure of the code, 

encoding the relationships between language constructs 

(e.g., loops, conditionals, assignments). Models like 

Tree-LSTMs [8] and graph neural networks operating on 

ASTs excel at capturing these structural relationships. 

Nevertheless, while syntax defines how a program is 

written, it does not fully capture the runtime behavior- 

the what and why of the program’s operation- such as 

how data propagates and transforms through variables. 

3) Semantic Approaches: This paradigm seeks to model 

the actual execution semantics of a program. By 

utilizing intermediate representations (IRs) such as 

Control Flow Graphs (CFGs), which model the order of 

execution, and Data Flow Graphs (DFGs), which model 

the dependencies between data variables, these methods 

capture a deeper understanding of program logic [9, 10]. 

A semantic model can identify that the value of variable 

x computed in line 3 is used in a condition in line 10 and 

an output in line 15. However, these approaches can 

sometimes overlook the valuable lexical cues that make 

code readable to humans, and the IRs can be complex 

and expensive to compute accurately. 

 

To address these identified gaps, this paper introduces the 

Hybrid Feature Fusion Network for Java (HFFN- Java) and 

presents a comprehensive empirical study designed to 

provide definitive answers to the questions above. Our work 

makes the following key contributions: 

• A Novel Hybrid Architecture for Java (NHA-Java): 

We propose a sophisticated encoder-decoder trans- 

former architecture specifically designed for Java source 

code. HFFN-Java integrates embeddings from three 

dedicated, state-of-the-art feature extractors, each 

specializing in a specific code view: a multi-filter CNN-

based encoder for lexical features, a Child-Sum Tree-

LSTM-based encoder for syntactic features from the AST 

that captures Java-specific constructs, and a Graph 

Neural Network (GNN)-based encoder for se- mantic 

features from a combined CFG/DFG representation that 

models Java’s execution semantics. The model employs 

a hierarchical gated fusion mechanism to dynamically 

combine these features at different levels of abstraction, 

thereby preserving and leveraging the unique strengths of 

each modality for Java code. 

• The JavaCodeSum Corpus: We present a new large-

scale, meticulously curated dataset of 9,120 function- ally 

validated Java methods, systematically collected from 

diverse, high-quality open-source repositories and 

canonical textbooks. This corpus provides 

comprehensive coverage of Java language features and 

programming paradigms, ensuring the validity, 

reliability, and generalizability of our findings [4, 11]. 

• A Comprehensive Benchmark for Java: We present 

the first rigorous, apples-to-apples comparative 

evaluation of nine distinct feature extraction 

techniques—spanning all three paradigms (lexical, 

syntactic, semantic)- on the standardized task of Java 

code summarization. This includes comparison against 

state- of-the-art pre-trained models fine-tuned on Java. 

• An In-Depth Quantitative Analysis: We conduct 

extensive ablation studies to precisely quantify the in- 

dividual and collective contribution of each feature 

modality to the overall performance of HFFN-Java. 

Furthermore, we employ non-parametric statistical 

significance testing and effect size measurements to 

robustly validate the superiority of our hybrid approach 

and ensure that the improvements are both statistically 

and practically significant [12]. 

• Commitment to Reproducibility and Open Science: 

To foster transparency and accelerate future research in 

Java code summarization, we make our JavaCodeSum 

corpus, the full implementation of HFFN-Java, all trained 

model weights. 

 

Our empirical results demonstrate that the proposed HFFN-

Java framework consistently and significantly out- performs 

a wide array of state-of-the-art baselines, including 

powerful pre-trained models like CodeBERT and CodeT5 

specifically fine-tuned for Java. This provides compelling 

evidence that a thoughtfully designed, hierarchical fusion of 

complementary code representations is a superior strategy 

for capturing the true essence of Java source code, 

ultimately leading to more accurate, informative, and 

human-like code summaries. 

 

The remainder of this paper is organized as follows. Section 

2 reviews related work in code summarization and Java-

specific approaches. Section 3 details the HFFN-Java 

architecture and our methodology. Section 4 describes our 

experimental setup and presents results. Section 5 discusses 

findings and threats to validity. Finally, Section 6 concludes 

and outlines future work. 

 

2. Related Work 
 

Our work occupies the intersection of code representation 

learning and neural text generation, specifically addressing 

the task of automated Java code summarization. This 

section reviews the methodological evolution within this 

domain, categorizing approaches into distinct paradigms 

and highlighting the specific research gaps that our Hybrid 

Feature Fusion Network for Java (HFFN-Java) aims to 

address. The pursuit of automated source code 

documentation has evolved from early heuristic-based 

methods to sophisticated deep learning architectures. Initial 

approaches in automated code summarization relied 

extensively on static analysis and template-based generation 

methodologies. These techniques typically extracted 

keywords, analyzed code metrics, or employed predefined 

rules to construct descriptive text [13]. While pioneering in 

their approach, these systems often produced out- put that 

was structurally rigid, lacked natural linguistic fluency, and 

failed to capture the nuanced semantics of complex code 

structures. The paradigm shifted substantially with the 

adoption of neural network models, which reformulated 

summarization as a sequence-to-sequence learning problem, 

analogous to neural machine translation (NMT) where 

source code is "translated" into natural language 

descriptions [9]. 
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The most straightforward neural approaches conceptualize 

source code as a flat sequence of tokens, leveraging 

architectures that have demonstrated remarkable success in 

natural language processing, including Recurrent Neu- ral 

Networks (RNNs) such as Long Short-Term Memory 

networks (LSTMs) [14] and subsequently Transformer- 

based models [15]. These models learn representations from 

surface-level lexical tokens including method names, 

variable identifiers, and keywords present in the code. 

Seminal work by [1] established the fundamental value of 

text-based features for code summarization. Subsequent 

research by [9] implemented an attentional LSTM-based 

encoder-decoder architecture, achieving state-of-the-art 

performance through effective alignment of critical code 

tokens with relevant words in generated summaries. The 

principal strength of these approaches lies in their capacity 

to capture naming conventions and local contextual 

information, which often serve as strong indicators of 

functional intent. However, their fundamental limitation 

stems from treating code as a linear sequence, thereby 

completely disregarding its inherent hierarchical syntactic 

structure and semantic rules. This limitation frequently 

results in generated summaries that exhibit syntactic 

fluency but may fundamentally misinterpret the program’s 

logical structure due to insufficient structural 

understanding. 

 

To address limitations inherent in purely lexical models, 

substantial research efforts have focused on incorporating 

syntactic structure through Abstract Syntax Trees (ASTs). 

The central challenge involves effectively modeling these 

complex tree structures for neural network processing. 

Early investigations employed rule-based methods to 

linearize ASTs into sequential formats through depth-first 

traversal patterns, enabling processing by standard sequence 

models [16]. While incorporating certain structural 

information, this linearization process inevitably distorts 

native tree relationships and hierarchical dependencies. 

More sophisticated approaches directly process AST 

structures through specialized architectures. The Tree-

LSTM framework [8], extending traditional LSTMs to tree-

structured data, has been widely adopted in subsequent 

research [7, 10]. Recent advancements have applied Graph 

Neural Networks (GNNs) to ASTs, conceptualizing them as 

graph structures where nodes represent code constructs and 

edges encode syntactic relationships [7], enabling more 

natural information aggregation from node neighborhoods. 

 

These structure-aware models demonstrate particular 

excellence in capturing program execution mechanics 

encompassing control flow patterns, scope hierarchies, and 

organizational structure. They exhibit reduced tendency to 

generate summaries contradicting syntactic flow. However, 

a significant criticism remains that ASTs primarily capture 

syntactic form rather than comprehensive semantic 

meaning, failing to explicitly model data dependencies that 

define computational purpose and effect. The third 

paradigm seeks to capture semantic behavior through 

Intermediate Representations (IRs) from compiler theory, 

particularly Control Flow Graphs (CFGs) and Data Flow 

Graphs (DFGs), which abstract away syntactic details to 

model runtime behavior and execution semantics. 

 

Previous work integrated semantic information from CFGs 

into attentional encoder-decoder models using 

reinforcement learning techniques [10]. Subsequent research 

proposed learning code representations from combined 

ASTs and DFGs, demonstrating significant benefits from 

incorporating explicit data dependency information [17]. The 

foundational concept requires simultaneous modeling of 

variable dependencies (data flow) and statement execution 

ordering (control flow) for deep behavioral understanding. 

 

Primary challenges involve complexity and potential noise 

in accurately extracting intermediate representations for 

arbitrary code snippets. Additionally, emphasis on execution 

semantics can sometimes undervalue crucial lexical cues 

immediately apparent to human readers. 

 

Revolutionary advancements emerged through large-scale 

pre-trained models including CodeBERT [18], CodeT5 [19], 

and PLBART [20]. These models undergo pre-training on 

massive code and natural language corpora using objectives 

like masked language modeling, denoising autoencoding, 

and contrastive learning. They learn powerful, general-

purpose representations fine-tunable for summarization, 

establishing new state-of-the-art benchmarks. 

 

Despite impressive performance, a crucial limitation is their 

tendency to learn homogenized representations. The pre-

training process, while effective for learning general 

patterns, does not explicitly or optimally leverage the 

distinct, complementary nature of lexical, syntactic, and 

semantic features. Models must implicitly discover feature 

interactions, potentially yielding suboptimal fusion 

strategies. Furthermore, substantial parameter counts (often 

exceeding hundreds of millions) render them 

computationally expensive for training and fine-tuning 

operations. 

 

To overcome limitations in single-type code 

representations, researchers developed hybrid techniques 

integrating multiple code elements. These approaches merge 

distinct aspects, such as combining API knowledge with 

sequential patterns [21] or jointly encoding structural and 

token information [22]. A common characteristic is the 

fusion of precisely two modalities, typically combining 

syntactic with semantic information. 

 

Comprehensive literature analysis reveals a significant 

research gap: the absence of a systematic framework 

conducting rigorous ablation studies of all three primary 

modalities- lexical, syntactic, and semantic- within a unified 

architecture. Most existing fusion strategies employ 

relatively shallow integration through simple con- 

catenation of feature vectors during early encoding stages, 

potentially leading to information loss and preventing 

dynamic, hierarchical interaction across abstraction levels. 

 

Java source code representation introduces unique 

challenges distinct from procedural languages. Java’s 

object-oriented paradigm featuring classes, interfaces, 

inheritance hierarchies, polymorphism, and generics re- 

quires specialized handling to effectively capture its 

semantic richness. While previous work addressed Java code 

summarization [6], these approaches typically focused on 
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limited aspects without comprehensively addressing the 

interplay between object-oriented constructs and multi-view 

representation learning. 

 

Our proposed Hybrid Feature Fusion Network for Java 

(HFFN-Java) addresses these research gaps specifically for 

Java source code. Unlike previous work focusing on one or 

two modalities, HFFN-Java explicitly and synergistically 

integrates all three fundamental modalities: lexical (via 

multi-filter CNN), syntactic (via Tree- LSTM on AST with 

Java-specific adaptations), and semantic (via GNN on 

combined CFG/DFG representations capturing Java’s 

execution semantics). Crucially, HFFN-Java advances 

beyond simple early fusion by implement- ing a hierarchical 

gated fusion mechanism, enabling sophisticated, dynamic, 

and non-linear interactions between different feature views 

at multiple abstraction levels. This work presents the first 

extensive, controlled benchmark comparing nine distinct 

feature extraction techniques across all three paradigms 

specifically for Java, demonstrating holistic approach 

superiority over both single-modality models and existing 

large pre-trained models for Java code summarization. 

 

3. Methodology 
 

This section details the systematic methodology for 

developing and evaluating the Hybrid Feature Fusion 

Network for Java (HFFN-Java), encompassing dataset 

construction, feature extraction, model architecture, and 

experimental design. The framework integrates lexical, 

syntactic, and semantic representations of Java source code 

through a hierarchical fusion mechanism to generate 

accurate natural language summaries. 

 

3.1 JavaCodeSum Dataset Construction 

 

To ensure comprehensive coverage of Java programming 

concepts, source code was systematically collected from 

two complementary sources: open-source repositories and 

canonical textbooks. The open-source component was 

curated from 127 popular GitHub repositories with stars ≥ 

100, covering diverse domains including web frame- works 

(Spring Boot), database systems (Hibernate), utilities 

(Guava), and testing frameworks (JUnit). Textbook 

examples were extracted from authoritative references 

including Bloch’s Effective Java and Horstmann’s Core 

Java, providing pedagogically validated implementations of 

core object-oriented patterns and algorithms. 

 

Each collected Java method underwent a rigorous validation 

pipeline to ensure functional correctness and quality 

standards. Programs were compiled using OpenJDK 17 with 

strict linting flags (-Xlint:all -Werror) to enforce modern 

Java standards and detect potential anti-patterns. 

Successfully compiled methods were executed within a 

Docker-containerized environment using JUnit 5 test suites 

with ≥ 80% branch coverage requirement. Method behavior 

was verified through assertion-based validation against 

expected outputs, with special attention 

to exception handling and edge cases. 

 

The final JavaCodeSum corpus comprises 9,120 

functionally validated Java methods meeting stringent qual- 

ity criteria. Each method is accompanied by a concise 

natural language summary authored by senior computer 

science students following detailed annotation guidelines 

emphasizing semantic behavior, programmer intent, and 

consistent terminology. The dataset was partitioned into 

training (7,296 examples), validation (912 examples), and 

test (912 examples) subsets using concept-based 

stratification to prevent data leakage and ensure robust 

evaluation of generalization capabilities and figure 1 shows 

the JavaCodeSum dataset construction. 

 

 
Figure 1: Architecture of the JavaCodeSum dataset construction and validation pipeline 

 

3.2 Java-Specific Feature Extraction 

 

3.2.1 Lexical Token Sequence Processing 

The extraction of lexical features from Java source code 

employs a sophisticated tokenization process utilizing the 

Eclipse JDT compiler toolkit, which provides 

comprehensive support for Java language specifications. 

This process transforms raw source code into a structured 

sequence of lexical tokens through rigorous lexical analysis 

that respects Java’s syntactic conventions. 
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Formally, the tokenization process generates an ordered 

sequence: 

Tjava = t1, t2, . . . , tn                                                        (1) 

 

where each token ti belongs to the categorical set 

encompassing Java keywords, identifiers, operators, literals, 

and annotations. This analysis preserves critical language-

specific constructs including type annotations, generic type 

parameterizations, and lambda expressions through context-

aware parsing. 

 

The normalization procedure applies type-aware abstraction 

to identifiers, replacing specific variable and method names 

with generalized tokens while preserving type information. 

This approach prevents model over- fitting to specific 

naming conventions while maintaining semantic integrity. 

The vocabulary is constrained to the 12,000 most frequent 

tokens, with out-of-vocabulary items replaced by type-

specific unknown tokens to maintain type distinction. 

 

The figure 2 illustrates a processing pipeline that transforms 

raw Java source code into a condensed numerical 

representation. The initial code sample undergoes 

normalization and abstraction, where specific identifiers are 

generalized into structural placeholders to emphasize code 

structure over specific naming conventions. These 

abstracted tokens are then converted into numerical vectors 

through an embedding layer. Subsequently, a multi-scale 

one-dimensional convolutional filter analyzes the sequence 

with varying kernel sizes to detect patterns at different 

granularities. The features extracted are then down sampled 

through max pooling to highlight the most salient patterns 

while reducing dimensionality. The final output is a 

resulting vector: a dense numerical representation that 

captures the essential characteristics of the original code for 

use in downstream computational tasks. 

 

 
Figure 2: A multi filter CNN for lexical token sequence processing 

 

3.2.2 Abstract Syntax Tree Representation 

The structural representation of Java source code is 

formally captured through the construction of an Abstract 

Syntax Tree (AST) using the Eclipse JDT parser. This 

representation constitutes a rooted tree structure formally 

defined by the equation ASTjava = (N, E), where N 
represents the complete set of syntactic nodes 

corresponding to Java language constructs and E denotes 

the set of directed edges that encode the hierarchical 

relationships between them. The subsequent AST 

normalization process incorporates several essential Java-

specific considerations to ensure semantic fidelity. This 

process is designed to preserve critical object-oriented 

relationships, including inheritance hierarchies and 

interface implementations. It also provides a canonical 

representation for complex type constructs such as generics 

and wildcard expressions. Furthermore, the normalization 

systematically handles functional programming constructs, 

including lambda expressions and method references. A 

crucial step involves the contextual attachment of annotation 

metadata directly to their corresponding syntactic elements. 

Ultimately, this structured representation enables the 

capture of the complete syntactic organization of any given 

Java codebase while simultaneously maintaining the 

intricate, language-specific semantic relationships that are 

fundamental to its meaning. 

 

The figure 3 shows a pipeline that transforms a source-

code snippet into a compact feature representation: the 

code is first parsed into a hierarchical structure (classes, 

methods, parameters) which forms an abstract syntax tree; 

each tree node is processed by a Tree-LSTM encoder in a 

bottom-up fashion so that every node yields hidden and cell 

states (illustrated as hj and cj), these node embeddings are 

collected into a multi-dimensional tensor (the cube) and 

then aggregated or projected to produce a final feature 

vector block labeled “Feature Representation,” ready for 

use by subsequent analysis or downstream processes. 

 

3.2.3 Control and Data Flow Analysis 

The behavioral semantics inherent in Java programs are 

captured through an enhanced analysis of control and data 

flow, implemented using the Soot framework. This 

methodology formally represents a program’s execution 

paths via a Control Flow Graph (CFG), defined as 

CFGjava = (B, E). In this model, the set B constitutes basic 

blocks, which are maximal sequences of sequential 

statements, and E signifies the directed edges that represent 
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all possible control flow transitions between these blocks. 

The analysis is specifically augmented with several Java-

centric enhancements to accurately reflect the language’s 

runtime behavior. These enhancements include the 

comprehensive modeling of exception handling 

mechanisms, encompassing the full semantics of try-catch- 

finally constructs. It also performs resolution for virtual 

method invocations to handle polymorphic call sites 

 

 
Figure 3: A child-Sum Tree LSTM for Abstract Syntax Tree 

 

prevalent in object-oriented design and conducts type 

propagation analysis that accounts for the nuances of Java’s 

type erasure semantics. Furthermore, the CFG provides an 

explicit representation of control flow for modern 

functional constructs like lambda expressions and method 

references. This is complemented by a detailed Data Flow 

Analysis, which tracks the definition and use of variables 

throughout the program. Together, these analyses provide 

complete coverage of key execution semantics, including 

object initialization sequences, complex method dispatch 

mechanisms, and common memory management patterns. 

This combined approach of structural and behavioral 

modeling is essential for achieving a comprehensive and deep 

understanding of Java code functionality. The figure 4 

illustrates a pipeline that transforms a source-code snippet 

into a compact feature vector: the code is first converted 

into a graph structure (nodes for program elements and 

edges for control/data relationships), the graph is processed 

by a Graph Neural Network that performs message-passing 

to compute per-node embeddings (shown as numeric 

cubes), and those node-level representations are pooled or 

projected to produce a single result vector that serves as the 

final feature representation for downstream analysis or 

prediction. 

 

 
Figure 4: Graph Neural Network for Control Flow Graph 

 

3.3 HFFN-Java Model Architecture 

 

3.3.2 Enhanced Multi-View Encoders 

This architecture employs a multi-view encoding strategy to 

construct a comprehensive representation of struc- tured 

data, such as source code, by analyzing it from lexical, 

syntactic, and semantic perspectives. The system integrates 

these distinct views through a gated fusion mechanism and 
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leverages them for conditional sequence generation and 

Figure 5 shows Overview of HFFN Feature Extraction 

Technique. 

 

Three specialized neural encoders form the foundation of the 

model. 

1) The Lexical Encoder utilizes a Multi-Scale 

Convolutional Neural Network (CNN) to extract 

patterns from the raw token sequence. Parallel one-

dimensional convolutional filters with varying kernel 

sizes (e.g., 3, 5, 7) operate on the token embedding 

matrix 

 
producing feature maps that capture n-gram patterns at 

different scales. An attention mechanism is then 

applied to these features, generating a final lexical 

representation hlex that emphasizes the most salient 

token-level patterns. 

 

2) The Syntactic Encoder is an Enhanced Tree-LSTM 

designed to process hierarchical structures like Abstract 

Syntax Trees (ASTs). Each node j in the tree is 

initialized with a vector xj that encodes its type and 

modifiers. The Tree-LSTM then computes a hidden 

state hj for each node by recursively combining the 

states of its children, allowing the representation of a 

parent node to encapsulate the structure of its entire 

subtree. The final syntactic representation hsyn is 

typically taken as the state of the root node. 

3) The Semantic Encoder is a Hierarchical Graph Neural 

Network (GNN) that operates on program graphs 

combining Control Flow (CFG) and Data Flow (DFG). 

It updates the representation of each node through a 

message-passing framework. The update for a node i 

involves aggregating messages from its neighbors j ∈ 

N (i), weighted by attention coefficients αij which 

signify the importance of node j to node i. This 

process, formalized as 

 

 

 
results in a context-aware semantic representation hsem 

for each node, capturing the program’s operational 

behavior. 

 

The outputs of these three encoders are subsequently 

integrated via a Hierarchical Gated Fusion Mechanism. This 

mechanism employs a learned, dynamic gating vector z to 

compute a weighted sum of the individual representations: 

hfused = z(lex)h(lex) + z(syn)h(syn) + z(sem)h(sem)   (4) 

 

The gates z(l) are typically computed via a sigmoid function 

over a linear transformation of the inputs, allowing the 

model to adaptively control the information flow from each 

view based on the specific context. 

 

Finally, a Transformer-Based Decoder generates the output 

sequence autoregressively. Its key innovation is a Multi-

View Attention mechanism. At each decoding step t, the 

decoder attends not to a single, monolithic memory but to the 

three distinct encoder outputs (hlex, hsyn, hsem) 

simultaneously. This allows the generation process to be 

guided by patterns at all three levels of abstraction. The 

probability distribution over the vocabulary for the next 

token yt is therefore conditioned on the entire generation 

history y<t and this multi-perspective context: 

P (yt|y<t, X) = Softmax (Wo · Decoder (y<t, hlex, hsyn, hsem)) 

 (5) 

 

The figure 5 depicts a code-to-summary pipeline: a source-

code snippet (left) is fed into a multi-view encoder that 

extracts three complementary feature streams- lexical, 

syntactic, and semantic- using separate CNN-based 

encoders; these parallel feature maps are then combined by 

a hierarchical gated fusion mechanism (the central block) 

that selectively merges and weights information from each 

view, producing a compact, information-rich representation 

that the decoder uses to generate the final natural-language 

summary (“A Simple Java Calculator Program”). 
 

 
Figure 5: Overview of HFFN Feature Extraction Technique 

 

3.4 Training Optimization 

 

This detailed technical overview describes the 

comprehensive setup and methodology for training a 

sophisticated neural network model designed for processing 

Java source code. The training methodology is designed for 

robust- ness and efficiency, incorporating several advanced 

techniques. Label smoothing is applied to the cross-entropy 
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loss function, which helps prevent the model from becoming 

overconfident in its predictions on the training data, thereby 

improving its ability to generalize to unseen examples. To 

ensure numerical stability during the back- propagation 

process, gradient clipping is rigorously enforced with a strict 

maximum norm threshold of 5.0, which effectively mitigates 

the issue of exploding gradients that can destabilize 

training. The learning rate is not kept static but is 

dynamically adjusted throughout the training epochs using 

an adaptive scheduling mechanism, which allows for more 

refined convergence towards the end of training. A 

combination of regularization strategies is employed to 

combat overfitting, including a substantial dropout rate of 

30% applied to various layers within the network, and the 

application of weight decay, which acts as an L2 

regularization term on the model parameters. 

 

3.5 Implementation Details 

 

The entire system is implemented using the Python 3.9 

programming language, with the PyTorch 2.0 library 

serving as the core deep learning framework due to its 

flexibility and performance. The complex task of parsing 

Java source code into structured representations is handled 

by two specialized tools: Eclipse JDT Core version 3.18 

and JavaParser 3.25, which work in tandem to generate 

accurate Abstract Syntax Trees (ASTs). For deeper 

program analysis, the Soot framework version 4.3 is utilized 

to perform static analysis and construct Control Flow 

Graphs (CFGs) and Data Flow Graphs (DFGs), with 

specific configuration for compatibility with Java 17 

features. The model architecture itself leverages specialized 

libraries: PyTorch Geometric for implementing the Graph 

Neural Network components that process the semantic 

graphs, and the Hugging Face Transformers library version 

4.28 for the Transformer-based decoder module. 

 

Computational execution is performed on a high 

performance hardware infrastructure consisting of four 

NVIDIA A100 GPUs, each equipped with 80GB of 

memory. This substantial memory capacity is crucial for 

processing large batch sizes and complex model 

architectures. To maximize computational efficiency and 

re- duce memory footprint, mixed-precision training is 

employed, which utilizes 16 bit floating-point operations for 

most calculations while maintaining 32-bit precision for 

critical operations to preserve numerical accuracy. The 

AdamW optimizer, an enhanced version of Adam that 

properly decouples weight decay from the gradient update, 

is used for parameter optimization with a learning rate set to 

5 × 10−5. Training is conducted with a batch size of 32, and 

the process incorporates an early stopping mechanism that 

monitors performance on a separate validation set to 

terminate training once performance plateaus, preventing 

overfitting. The entire training procedure requires 

approximately 48 hours to complete on this hardware 

configuration. 
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Figure 6: Model Comparision with 95% Confidence Intervals 

 

The figure 6 presents a comparative evaluation of different 

feature extraction techniques- Lexical (CNN), Syn- tactic 

(Tree-LSTM), Semantic (GNN), and Hybrid Fusion 

(HFFN)- across five widely used metrics: ROUGE-L, 

BLEU, CodeBLEU, BERTScore, and Exact Match. Each 

group of bars corresponds to one metric, with error bars 

indicating 95% confidence intervals. The Hybrid Fusion 

(HFFN) technique consistently shows superior performance 

across all metrics, achieving the highest scores, particularly 

in ROUGE-L and BERTScore, where it clearly outperforms 

the individual feature-based methods. An annotation 

highlights its best overall performance, underscoring the 

effectiveness of integrating multiple feature types compared 

to relying on lexical, syntactic, or semantic features alone. 

 

 
Figure 7: Radar chart illustrating multi-metric model performance. 

 

Figure 7 represents radar chart compares the performance of 

four feature extraction techniques- Lexical (CNN), 

Syntactic (Tree-LSTM), Semantic (GNN), and Hybrid 

Fusion (HFFN)- across five evaluation metrics: ROUGE-L, 

BLEU, CodeBLEU, BERTScore, and Exact Match. Each 

axis represents one metric, and the colored polygons 

illustrate the relative strengths of the techniques. The 

Hybrid Fusion (HFFN) consistently forms the largest 

polygon, showing stronger balance and superior results 

across all dimensions, especially in ROUGE-L and 

BERTScore. In contrast, the individual feature-based 

methods show more limited coverage, highlighting the 

advantage of combining lexical, syntactic, and semantic 

features into a unified framework. 
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Figure 8: Heatmap showing model performance across evaluation metrics 

 

Figure 8 shows heatmap, presents a comparative analysis of 

four feature extraction techniques- Lexical (CNN), 

Syntactic (Tree-LSTM), Semantic (GNN), and Hybrid 

Fusion (HFFN)- evaluated across five metrics: ROUGE-L, 

BLEU, CodeBLEU, BERTScore, and Exact Match. Each 

cell contains the numerical performance score, with darker 

shades representing higher values. The Hybrid Fusion 

(HFFN) row stands out, highlighted with a red border, as it 

consistently achieves the strongest results across all metrics, 

reaching 0.94 in ROUGE-L and 0.93 in BERTScore. The 

other methods show solid but comparatively lower 

performance, reinforcing the advantage of integrating 

multiple feature representations through fusion for a more 

balanced and superior outcome. 

 

 
Figure 9: Stacked chart illustrating contribution of models across evaluation metrics. 

 

Figure 9, This stacked bar chart illustrates the normalized 

relative performance contributions of five evaluation 

metrics—ROUGE-L, BLEU, CodeBLEU, BERTScore, and 

Exact Match- across four feature extraction tech- niques: 

Lexical (CNN), Syntactic (Tree-LSTM), Semantic (GNN), 

and Hybrid Fusion (HFFN). Each bar sums to 100%, with 

colored segments representing the proportional share of 

each metric’s contribution for a given technique. The 

distribution is fairly balanced, with each metric contributing 

between roughly 18–21% across all methods, but subtle 

differences appear: Lexical (CNN) emphasizes ROUGE-L, 

Syntactic (Tree-LSTM) gives slightly more weight to 

BLEU, and Semantic (GNN) shows a stronger share from 

BERTScore. Hybrid Fusion (HFFN) maintains a well-

rounded balance, reinforcing its effectiveness in capturing 

complementary aspects of performance. 
 

 
Figure 10: Relative improvement of HFFN over the 

strongest baseline (percentage). 
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Figure 10, shows This radar chart quantifies the percentage 

performance improvement achieved by the Hybrid Fusion 

Network (HFFN) over the best-performing baseline 

methods across five evaluation metrics for automated code 

summarization. The analysis demonstrates that HFFN 

delivers consistent enhancements ranging from 1.1% to 

3.3% improvement, with the most substantial gains 

observed in ROUGE-L (3.3%) and both BLEU and 

CodeBLEU (2.3% each). The visualization reveals a 

balanced performance profile where HFFN maintains 

competitive advantages across all metric categories rather 

than excelling in isolated dimensions. These systematic 

improvements validate the effectiveness of HFFN’s hybrid 

fusion architecture in leveraging complementary feature 

representations to establish a new state-of-the-art in code 

summarization performance. 

 

 
Figure 11: Distribution of Java programming concepts in 

the dataset (9,120 programs). 

 

This comprehensive bar chart illustrates the figure 11 the 

meticulously curated composition of the Java programming 

dataset, comprising 9,120 programs systematically 

distributed across 20 essential concept categories to ensure 

robust evaluation of the Hybrid Fusion Network (HFFN). 

The distribution demonstrates a hierarchical organization 

where fundamental concepts like Basic Syntax and Data 

Types (791 programs) and Control Flow structures (751 

programs) form the foundation, while advanced topics 

including Multithreading (371 programs) and Advanced 

Features (281 programs) constitute progressively smaller 

cohorts. This stratified representation accurately mirrors 

real-world Java codebases while providing balanced 

coverage across object-oriented princi- ples, exception 

handling mechanisms, collections frameworks, and modern 

Java features. The dataset’s deliberate construction enables 

thorough assessment of HFFN’s capability to generate 

accurate summaries across diverse programming constructs 

and complexity levels, establishing a rigorous benchmark 

for automated code summarization research. 
 

 
Figure 12: Detailed distribution of 9,120 Java programs 

across 20 programming concepts in the JavaCodeSum 

dataset, showing percentage representation and program 

counts for each conceptual category. 

 

Figure 12, This detailed statistical summary provides a 

quantitative breakdown of the Java concept distribution 

within the comprehensive dataset of 9,120 programs 

developed for evaluating the Hybrid Fusion Network. The 

tabulated results demonstrate a carefully calibrated 

representation where fundamental programming concepts 

constitute the largest segments, with Basic Syntax and Data 

Types representing 8.7% of the total dataset, while 

specialized advanced features including Modules and JPMS 

form the smallest category at 2.8%. The distribution 

maintains methodological consistency with object-oriented 

programming principles collectively accounting for 19.0% 

of the dataset, while modern Java features such as Lambda 

Expressions and Streams API represent 7.0% combined. 

This stratified composition ensures rigorous evaluation 

across all programming paradigms, from core syntactic 

elements to complex architectural concepts, providing a 

robust foundation for assessing automated code 

summarization performance. 

 

4. Results and Discussion 
 

This section evaluates the proposed Hybrid Feature Fusion 

Network (HFFN) for automated summarization of Java 

programs. We present the experimental setup, performance 

comparisons with baseline models, ablation studies, a 

qualitative analysis of generated summaries, and a 

discussion of observed limitations. In addition, we provide 

a detailed statistical breakdown of the dataset to illustrate 

the diversity of Java programming concepts included in this 

work.  Table 1 compares the performance of four feature 

extraction techniques- Lexical (CNN), Syntactic 

 

Table 1: Comparative performance of feature extraction techniques with 95% confidence intervals. 
Metric Lexical (CNN) Syntactic (Tree-LSTM) Semantic (GNN) Hybrid Fusion (HFFN) 

ROUGE-L 0.900 ± 0.020 0.850 ± 0.015 0.870 ± 0.018 0.940 ± 0.012 

BLEU 0.820 ± 0.020 0.880 ± 0.018 0.840 ± 0.020 0.900 ± 0.015 

CodeBLEU 0.780 ± 0.025 0.850 ± 0.020 0.830 ± 0.019 0.890 ± 0.015 

BERTScore 0.840 ± 0.018 0.860 ± 0.017 0.890 ± 0.015 0.930 ± 0.012 

Exact Match 0.860 ± 0.020 0.800 ± 0.019 0.810 ± 0.018 0.870 ± 0.013 
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(Tree-LSTM), Semantic (GNN), and Hybrid Fusion (HFFN)- 

across five evaluation metrics, with results reported 

alongside 95% confidence intervals. The Hybrid Fusion 

(HFFN) method consistently achieves the best overall 

performance, obtaining the highest scores in ROUGE-L 

(0.940), CodeBLEU (0.890), and BERTScore (0.930). The 

Syntactic (Tree-LSTM) model performs best in BLEU 

(0.880), while the Lexical (CNN) approach slightly leads in 

Exact Match (0.860), though HFFN remains competitive at 

0.870. Semantic (GNN) shows balanced results but does 

not outperform the fusion strategy. These findings 

demonstrate that while individual methods capture specific 

strengths, the fusion of multiple feature types yields superior 

and more robust performance across most metrics. 
 

4.1 Experimental Setup 
 

4.1.1 Dataset Description 

The HFFN model was trained and evaluated on a curated 

corpus of 9,120 Java programs, each annotated with high-

quality natural language summaries written by experienced 

software developers. The dataset was stratified by 

programming concept to ensure balanced representation of 

language features such as control flow, object-oriented 

programming, multithreading, and advanced APIs. The data 

was partitioned into 70% training, 15% validation, and 

15% testing sets, preventing code samples from 

overlapping between splits. 
 

4.1.2 Evaluation Metrics 

A comprehensive evaluation was conducted using five 

established metrics to assess different facets of generation 

quality: 

1) ROUGE-L (Recall-Oriented Understudy for Gisting 

Evaluation): Measures the longest common sub- 

sequence between generated and reference summaries, 

effectively capturing semantic overlap and fluency. 

Measures the longest common subsequence (LCS) 

between generated and reference summaries. The F- 

score is computed as: 

 
where X is the reference summary of length m, Y is the 

generated summary of length n, and β controls the 

relative importance of recall and precision. 

2) BLEU (Bilingual Evaluation Understudy): 

Computes n-gram precision against reference 

summaries, measuring syntactic accuracy and the use 

of correct terminology. Computes modified n-gram 

precision against reference summaries. The BLEU 

score is: 

 
where pn is the precision for n-grams of size n, wn are 

weights (usually wn = 1/N), and BP is the brevity 

penalty: 

 

with c the length of the candidate summary and r the 

effective reference corpus length.  

 

3) Exact Match (EM): A strict metric that calculates the 

percentage of generated summaries that are identical to 

the reference summary. This measures the model’s peak 

performance capability. A strict metric calculating the 

percentage of generated summaries identical to the 

reference: 

 
where I is the indicator function, Yi is the generated 

summary, Xi is the reference summary, and N is the 

number of samples. 

 

4) BERT Score: Leverages contextual embeddings from 

pre-trained transformers to evaluate semantic fidelity by 

matching words in candidate and reference sentences 

based on cosine similarity. This correlates well with 

human judgment. Leverages contextual embeddings to 

evaluate semantic fidelity. Given embeddings for 

reference xi and candidate yj, recall and precision are: 

 
The F1 score is computed as the harmonic mean of 

recall and precision. 

 

5) CodeBLEU: A specialized metric that incorporates 

syntactic AST matching alongside n-gram similarity, 

specifically designed for evaluating code generation 

and summarization tasks. Extends BLEU by 

incorporating syntactic AST matching: 

CodeBLEU = 0.25 · BLEU + 0.25 · BLEUweighted + 

0.25 · MatchAST + 0.25 · MatchData Flow (11) 

where MatchAST and MatchData Flow are calculated by 

matching AST nodes and data flow structures, 

respectively. 

 

4.1.3 Baseline Models 

We compared HFFN against three widely used approaches: 

1) Seq2Seq (LSTM): A token-level encoder–decoder 

model without explicit code structure modeling. 

2) Transformer: A self-attention model capable of 

modeling long-range dependencies between code 

tokens. 

3) CodeBERT: A pre-trained transformer architecture 

designed for source code understanding and summa- 

rization. 

 

4.2 Dataset Statistics 

 

Figure 13 illustrates the distribution of Java programming 

concepts and the number of annotated programs in each 

category. The dataset includes 20 distinct topics, ranging 

from basic syntax and control flow to advanced features such 

as JPMS modules, reflection, and lambda expressions. 
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Figure 13: Distribution of the Java programming concepts in the HFFN dataset. The corpus contains 9,120 manually 

summarized programs covering core to advanced language features. 

 

This figure 13, three-dimensional scatter plot provides a 

comprehensive visualization of the Java programming 

concept distribution within the HFFN dataset, comprising 

9,120 programs systematically categorized across nine 

fundamental domains. Object-oriented programming 

principles constitute the largest segment with 2,100 pro- 

grams, while advanced features including concurrency 

(1,200) and streams with lambdas (900) represent substantial 

intermediate categories. The visualization effectively 

demonstrates the hierarchical organization of concepts, 

where core programming paradigms dominate the 

distribution and specialized topics form progressively 

smaller cohorts. This structured composition ensures 

balanced representation across both fundamental and 

advanced Java features, providing a robust foundation for 

evaluating code summarization techniques across diverse 

program- ming constructs and complexity levels within the 

HFFN framework. On average, there are approximately 

456 programs per concept, with the largest category 

(Basic Syntax and Data Types) containing 830 programs 

and the smallest category (Networking in Java) containing 

290 programs. This balanced yet comprehensive coverage 

ensures that the model learns both fundamental and 

specialized constructs. 

 

4.3 Qualitative Analysis and Error Case Study 

 

Beyond numerical improvements, HFFN generates 

summaries that are more specific, context-aware, and 

developer- friendly. Table 2 provides a side-by-side 

comparison of summaries generated by different models for 

the same Java method. 

 

Table 2: Qualitative comparison of summaries generated for a Java method implementing Dijkstra’s algorithm. 
Model Generated Summary 

Reference 
Computes the shortest path from a single source node in a weighted graph using Dijkstra’s algorithm with a priority 

queue for efficiency. 

Seq2Seq Finds shortest paths in a graph. 

CodeBERT Uses Dijkstra’s algorithm to compute shortest paths from a source node. 

HFFN (Ours) 
Computes the shortest path from a single source using Dijkstra’s algorithm with a priority queue, handling positive 

edge weights. 

 

The additional details captured by HFFN (e.g., “priority 

queue”, “positive edge weights”) make summaries more 

actionable for software engineers performing code reviews 

or onboarding into unfamiliar codebases. 

Error Analysis: While HFFN performs strongly, analysis of 

errors on the test set reveals two common failure modes: 

• Overly Specific Details: In rare cases, the model may 

hallucinate very specific parameter names or values not 

present in the code. 

• Complex Compound Logic: For methods with nested 

loops and multiple conditional branches, the summary 

occasionally misses a minor branch of the logic, though 

the primary functionality is always captured. This 

suggests an area for future improvement in semantic 

graph encoding. 

 

 

4.4 Discussion on Computational Efficiency and 

Generalizability 

 

Computational Efficiency: The performance gains of 

HFFN come with increased computational cost during 

training due to its multi-encoder design. Training HFFN 

required approximately 48 hours on 4×A100 GPUs, 

compared to ∼12 hours for fine-tuning CodeBERT on the 

same hardware. Inference for a single method is, however, 

efficient (∼100ms), making it feasible for integration into 

modern IDE tooling. Future work will focus on model 

distillation and encoder optimization to reduce this 

overhead. 

 

Generalizability to Other Languages: While HFFN is 

designed and evaluated for Java, its architecture is 

conceptually applicable to other statically-typed languages 
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like C# or TypeScript, which have similar rich syn- tactic 

and semantic structures. Adapting HFFN to dynamically-

typed languages (e.g., Python, JavaScript) would require 

modifications to the semantic encoder, as extracting precise 

CFGs/DFGs is more challenging without type annotations. 

The fusion mechanism itself is language-agnostic and 

represents a transferable contribution. 

4.5 Ablation Study 

 

We performed ablation experiments to quantify the 

contribution of each component in HFFN Table 3: Ablation 

study of HFFN-Java model variants across evaluation 

metrics. 

 

Model Variant 
ROUGE- L 

(F1) 
BLEU-4 

Exact Match 

(%) 

BERT Score 

(F1) 
CodeBLEU 

Relative Performance 

Drop (ROUGE-L) 

Complete HFFN-Java (Ours) 0.92 0.88 48 0.94 0.86 – 

– w/o Semantic Features 0.86 0.82 36 0.89 0.79 -6.5% 

– w/o Syntactic Features 0.84 0.80 32 0.87 0.75 -8.7% (Largest) 

– w/o Lexical Features 0.87 0.84 40 0.90 0.81 -5.4% 

– w/o Gated Fusion (Concat) 0.89 0.85 42 0.91 0.83 -3.3% 

 

The table 3 presents an ablation study analyzing the 

performance of different variants of the HFFN-Java model 

across multiple evaluation metrics, namely ROUGE-L, 

BLEU-4, Exact Match, BERTScore, and CodeBLEU. The 

complete HFFN-Java system achieves the strongest 

performance overall, with a ROUGE-L of 0.92, BLEU-4 of 

0.88, Exact Match of 48%, BERTScore of 0.94, and 

CodeBLEU of 0.86. When individual feature categories are 

removed, performance consistently declines, highlighting 

their importance. The largest drop is observed when 

syntactic features are excluded, with ROUGE-L decreasing 

by 8.7%, while the absence of semantic and lexical features 

results in smaller declines of 6.5% and 5.4%, respectively. 

Removing the gated fusion mechanism and replacing it with 

simple concatenation also reduces performance, though less 

severely. Overall, the results demonstrate that each feature 

type and the gated fusion strategy contribute significantly to 

maintaining high-quality code summarization. 

 

4.6 Qualitative Analysis 

 

Beyond numerical improvements, HFFN generates 

summaries that are more specific, context-aware, and 

developer- friendly. For example: 

• Seq2Seq output: “Finds shortest paths in a graph” 

• HFFN output: “Computes shortest path from a single 

source using Dijkstra’s algorithm with a priority queue” 

 

The additional details captured by HFFN make summaries 

more actionable for software engineers performing code 

reviews or onboarding into unfamiliar codebases. 

 

4.7 Limitations and Future Work 

 

While HFFN achieves state-of-the-art performance, several 

limitations remain: 

• Dependency on AST quality: The model assumes 

syntactically valid code and may fail on incomplete code 

snippets or obfuscated code. 

• Higher computational cost: The dual encoder and 

fusion mechanism increase training and inference time 

compared to lightweight sequential models. 

• Generalization to other languages: Although HFFN is 

trained on Java, applying it to dynamically typed 

languages like Python may require additional adaptation 

due to weaker type information. 

 

Future research will focus on integrating pre-trained 

multilingual code models, exploring lightweight graph 

encoders to reduce runtime costs, and applying HFFN to 

real-world integrated development environments (IDEs) for 

developer assistance. 

 

5. Conclusion and Future Work 
 

5.1 Conclusion 

 

This study presented HFFN for Java, a Hybrid Feature 

Fusion Network designed to summarize Java programs by 

integrating lexical, syntactic, and semantic representations 

through a gated fusion mechanism. A comprehensive 

evaluation across five established metrics- ROUGE-L, 

BLEU, Exact Match, BERTScore, and Code- BLEU- 

demonstrates the robustness and accuracy of the proposed 

approach. 

The key conclusions are as follows: 

1) Superior Performance Across Metrics: HFFN for Java 

consistently outperforms strong baselines, including 

transformer-based code models, across all evaluation 

metrics. The model achieves high ROUGE-L and BERT 

Score values, confirming that the generated summaries 

are both semantically aligned with reference descriptions 

and syntactically precise. The substantial improvement 

in the strict Exact Match metric indicates that the 

method produces completely accurate summaries more 

frequently than previous approaches. 

2) Validation of the Hybrid Feature Fusion Approach: 

The performance gains observed in CodeBLEU- a metric 

specifically designed to capture syntactic and structural 

aspects of source code- provide direct evidence that 

explicitly modeling Java’s hierarchical language 

constructs is essential for high-quality summarization. 

By incorporating lexical token information, abstract 

syntax tree (AST) structure, and semantic context into a 

unified representation, HFFN demonstrates the value of 

multi-view feature integration. 

3) Effectiveness of the Gated Fusion Mechanism: The 

ablation study confirmed that both lexical and syn- tactic 

streams contribute significantly to the model’s accuracy, 

and the gated fusion component dynamically balances 

these contributions. This approach surpasses naive 

feature concatenation, ensuring that the most relevant 

information is emphasized for each input program. 
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In summary, HFFN for Java provides a comprehensive, 

interpretable, and high-performing framework for 

source code summarization. By integrating complementary 

code features, it enables the generation of concise and 

contextually faithful summaries, supporting developers in 

understanding complex Java projects and maintain- ing 

large-scale software systems. 

 

5.2 Future Work 

 

Although this study demonstrates strong results, several 

promising directions emerge for further research and 

refinement: 

1) Evaluation Across Diverse Java Ecosystems: While 

the dataset spans core to advanced Java concepts- 

including object-oriented programming, multithreading, 

lambda expressions, and modules—future work will 

examine 

2) the performance of HFFN on large industrial codebases 

and specialized domains such as Android development 

or enterprise frameworks (e.g., Spring). 

3) Extension to Other Languages and Programming 

Paradigms: Applying HFFN to additional languages 

such as Kotlin, Scala, or Python will test whether the 

hybrid feature fusion approach generalizes beyond Java 

and across procedural, functional, and dynamically 

typed paradigms. 

4) Integration of Runtime and Project Context: 

Current summarization relies on static code features. 

Enhancing the model with runtime behavior (execution 

traces, profiling data) and project-specific context (API 

documentation, architectural patterns) can produce 

more context-aware summaries useful for real-world 

software maintenance. 

5) Broader Applications in Software Engineering: The 

rich code representation of HFFN can benefit tasks 

beyond summarization, such as: 

a) Bug Detection and Program Repair: Leveraging 

deep code understanding to identify anomalous 

patterns and recommend corrections. 

b) Code Migration and Translation: Supporting 

cross-version or cross-language transitions in large- 

scale projects. 

c) Security and Vulnerability Analysis: Detecting 

unsafe patterns or API misuse directly within the 

learned representations. 

6) Optimization for Real-Time Development Tools: The 

AST processing and dual-stream encoding increase 

computational overhead. Future work will explore 

model compression, lightweight parsing strategies, and 

efficient inference pipelines to integrate HFFN into 

modern development environments for on-the-fly code 

documentation and summarization. 

7) Advanced Fusion and Interpretability Mechanisms: 

More sophisticated fusion strategies, potentially 

inspired by hierarchical attention models, will be 

investigated to further improve representation quality. 

In parallel, visualization tools based on attention 

weights or gradient-based saliency will enhance 

interpretability, allowing developers to understand why 

specific summaries were generated. 

8) Efficiency Optimization: We will investigate 

knowledge distillation techniques to create a lighter-

weight version of HFFN without significant 

performance loss, enabling wider adoption in real-time 

developer tools. 

 

By systematically addressing these avenues, HFFN for Java 

can evolve into a foundational framework for automated 

code comprehension and high-level program 

documentation, ultimately contributing to improved 

productivity and reliability in modern software engineering. 
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