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Abstract

This study aims to automate source code summarization by introducing a novel machine learning architecture
that integrates multiple feature perspectives. Specifically, it combines lexical, syntactic, and semantic representa-
tions of code and employs a transformer-based decoder to generate natural language summaries, benchmarking
performance against established baselines. Experiments were conducted on the CanonCode Corpus, a high-quality
dataset of 8,542 validated C programs. Individual feature extractors-Convolutional Neural Networks (CNN) for
lexical features, Tree-LSTM for syntactic features and Graph Neural Networks (GNN) for semantic features were
evaluated and compared with the proposed Hybrid Feature Fusion Network (HFFN). The fused feature vector
from HFFN was decoded using a transformer to generate summaries. Performance was measured using ROUGE,
BLEU, CodeBLEU, BERTScore, and Exact Match metrics. The HFFN model consistently outperformed all base-
lines across standard natural language generation metrics, achieving a ROUGE-L score of 0.94 and a BERTScore
of 0.93. An ablation study confirmed the complementary contributions of each feature type, with syntactic fea-
tures providing the greatest individual impact. The improvement over the strongest baseline (CodeBERT) was
statistically significant (p < 0.001). The proposed HFFN framework demonstrates the value of combining diverse
code representations for summarization. It offers a robust and interpretable architecture that advances multi-
view representation learning in software engineering and provides a foundation for future research in automated
documentation.
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1 Introduction

The relentless and accelerating pace of software evolution places immense pressure on development teams to
maintain high productivity while ensuring the long-term health and maintainability of complex codebases. In
this challenging environment, the quality and availability of documentation often becomes a critical bottleneck.
As software systems grow and change, manual documentation efforts frequently lag behind, becoming outdated,
incomplete, or inconsistent with the actual implemented code. This discrepancy creates a significant barrier to
code comprehension, slowing down development velocity, hindering the effective onboarding of new engineers, and
increasing the risk of introducing defects during maintenance and extension [9, [18].
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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 [I]. 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 [3].

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 [12]. 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:

(i) 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 [0} [19]. They are highly effective
at capturing naming conventions and local context, which often provide strong intuitive clues about func-
tionality (e.g., a function named calculateInterest containing variables principal and rate). However,
they inherently fail to model the rich, hierarchical syntactic structure that is fundamental to programming
languages, making them blind to complex control flow and scope.

(ii) Syntactic Approaches: To overcome the limitations of lexical methods, syntactic approaches parse code
into Abstract Syntax Trees (ASTs) [4]. ASTs explicitly represent the grammatical structure of the code,
encoding the relationships between language constructs (such as, loops, conditionals, assignments). Models
like Tree-LSTMs [28] 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.

(iii) 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 [15], 26]. 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.

The recent advent of large-scale pre-trained models like CodeBERT [7] [22] and CodeT5 [27] has marked a
quantum leap in the field. By training on massive corpora of source code from numerous projects, these models
learn powerful, generalized representations of code in a self-supervised manner. They demonstrate remarkable
capabilities in understanding and generating code. However, a key limitation persists: the pre-training objective,
while effective, often causes these models to converge towards a single, dominant and somewhat homogenized
representation strategy. This process, though powerful, can inherently limit their capacity to leverage the com-
plementary and synergistic strengths of the distinct feature views (lexical, syntactic, semantic) in an explicit and
optimal manner. As noted by [12], the true essence of code is derived from the complex interplay between text,
structure, and behavior, suggesting that a model designed to explicitly leverage this synergy should outperform
a generalized one.

Despite the considerable progress made by each of these paradigms, the field lacks a systematic and rigorously
controlled exploration that compares and combines these feature types under a consistent experimental frame-
work. Several critical research questions remain unanswered: How do these three fundamental modalities (lexical,
syntactic, semantic) quantitatively compare against each other when evaluated on an equal footing? Is there a
clear hierarchy of importance among them for the summarization task? Most importantly, can a deliberate and
hierarchical fusion of these complementary views yield superior performance than any single view or existing large
pre-trained model? Prior work has often focused on innovating within one or two modalities [II], but a holistic
fusion of all three within a unified, ensemble deep-learning framework remains underexplored and holds significant
promise.

To address these identified gaps, this paper introduces the Hybrid Feature Fusion Network (HFFN) and
presents a comprehensive empirical study designed to provide definitive answers to the questions above. Our
work makes the following key contributions:

e A Novel Hybrid Architecture (HFFN): We propose a sophisticated encoder-decoder transformer
architecture that moves beyond a single representation of code. HFFN integrates embeddings from three
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dedicated, state-of-the-art feature extractors, each specializing in a specific code view: a CNN-based encoder
for lexical features, a Tree-LSTM-based encoder for syntactic features from the AST, and a Graph Neural
Network (GNN)-based encoder for semantic features from a combined CFG/DFG representation. The
model employs a hierarchical fusion mechanism, using attention and gating strategies, to dynamically
combine these features at different levels of abstraction, thereby preserving and leveraging the unique
strengths of each modality.

e A Comprehensive Benchmark: We present the first rigorous, apples-to-apples comparative evalua-
tion of nine distinct feature extraction techniques-spanning all three paradigms (lexical, syntactic,
semantic)-on the standardized task of code summarization. This benchmark is conducted on a large, metic-
ulously curated, and high-quality dataset of C programming functions to ensure the validity, reliability, and
generalizability of our findings [3, [§].

e An In-Depth Quantitative Analysis: We conduct extensive ablation studies to precisely quantify the
individual and collective contribution of each feature modality to the overall performance of HFFN. Fur-
thermore, we move beyond reporting simple performance averages by employing non-parametric statistical
significance testing (e.g., Wilcoxon signed-rank test) and calculating effect size measurements. This rigorous
statistical approach allows us to robustly validate the superiority of our hybrid approach and ensure that
the improvements are both statistically and practically significant [25].

¢ Commitment to Reproducibility and Open Science: To foster transparency, allow for the validation
of our results, and accelerate future research in this direction, we make our meticulously curated dataset,
the full implementation code of the HFFN architecture, all trained model weights and the complete suite
of experimental scripts publicly available on a dedicated repository.

Our empirical results demonstrate that the proposed HFFN framework consistently and significantly out-
performs a wide array of state-of-the-art baselines, including powerful pre-trained models like CodeBERT and
CodeT5. This provides compelling evidence that a thoughtfully designed, hierarchical fusion of complementary
code representations is a superior strategy for capturing the true essence of 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. Section 3: Methodology
details the HFFN architecture. Section 4 : Experiments describes our experimental setup and presents results.
Section 5: Discussion discusses findings and threats to validity. Finally, Section 6: Conclusion concludes and
outlines future work.

2 Related Work

This work is at the intersection of code representation learning and neural text generation, specifically for the
task of code summarization. This section reviews the evolution of techniques in this field, categorizing them into
distinct paradigms and highlighting the research gap that our Hybrid Feature Fusion Network (HFFN) aims to
address.

2.1 Evolution of Code Summarization Techniques

The quest to automate source code documentation has evolved from early heuristic-based methods to sophis-
ticated deep learning architectures. Initial approaches in automated code summarization relied heavily on static
analysis and template-based generation. These methods often extracted keywords, analyzed code metrics, or used
predefined rules to construct descriptions [2I]. While pioneering, their output was often rigid, lacked natural
fluency, and failed to capture the nuanced semantics of complex code. The paradigm shifted significantly with
the adoption of neural network models, which treat summarization as a sequence-to-sequence learning problem,
akin to neural machine translation (NMT) where code is “translated” to natural language [15].

2.2 Lexical and Sequence-Based Approaches

The most straightforward neural approaches treat source code as a flat sequence of tokens, leveraging architec-
tures successful in NLP, such as RNNs (e.g., LSTMs [10]) and later Transformers [24]. These models learn from the
surface-level lexical tokens (method names, variables, keywords) present in the code. [9] early on demonstrated the
value of text-based features for summarization. Later, [I5] applied an attentional LSTM-based encoder-decoder
model, achieving state-of-the-art results at the time by effectively aligning key code tokens with relevant words
in the summary|[6].
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The primary strength of these approaches is their ability to capture naming conventions and local context,
which are strong indicators of function intent. However, their fundamental limitation is treating code as a linear
sequence, thereby entirely ignoring its inherent hierarchical syntactic structure and semantic rules. This often
leads to generated summaries that are syntactically fluent but may misinterpret the program’s logic due to the
lack of structural understanding.

2.3 Syntactic Structure-Aware Approaches

To overcome the limitations of lexical models, a significant body of work has focused on incorporating the
syntactic structure of code, predominantly represented as Abstract Syntax Trees (ASTs). The challenge lies in
effectively modeling these tree structures for neural networks.

Early efforts used rules to linearize the AST into a sequence (e.g., using depth-first traversal) so that standard
sequence models could be applied [5]. While this incorporates some structural information, the linearization pro-
cess can distort the native tree relationships. More sophisticated approaches directly process the AST structure.
The Tree-LSTM [23], a generalization of the LSTM to tree structures, has been widely adopted [4, [26]. More
recently, Graph Neural Networks (GNNs) have been applied to ASTs, treating them as graphs where nodes are
code constructs and edges represent syntactic relationships [4]. This allows for a more natural and powerful
aggregation of information from a node’s neighbors in the tree.

These structure aware models excel at capturing the how of a program its control flow, scope, and organization.
They are less likely to generate summaries that contradict the program’s syntactic flow. However, a well known
criticism is that ASTs primarily capture syntax (form) rather than full semantics (meaning). For instance, an
AST may perfectly represent a ‘for‘ loop but does not explicitly model the data dependencies that define the
loop’s actual purpose and effect.

2.4 Semantic and IR-Based Approaches

The third paradigm aims to capture the semantic behavior of code by utilizing Intermediate Representations
(IRs) from compiler theory, such as Control Flow Graphs (CFGs) and Data Flow Graphs (DFGs). These repre-
sentations abstract away syntactic details to model the program’s runtime behavior.

Prior work has integrated semantic information from Control Flow Graphs (CFGs) into an attentional encoder-
decoder model using reinforcement learning [26]. Subsequent research proposed learning code representations from
a combination of Abstract Syntax Trees (ASTs) and Data Flow Graphs (DFGs), demonstrating the significant
benefit of incorporating explicit data dependency information [29]. The core concept underpinning these ap-
proaches is that a deep understanding of a program’s behavior requires modeling both the dependencies between
variables the data flow and the possible order of statement execution the control flow.

The primary challenge with semantic approaches is the complexity and potential noise involved in accurately
extracting these IRs for arbitrary code snippets. Furthermore, by focusing heavily on execution semantics, they
can sometimes undervalue the important lexical cues that are immediately apparent to a human reader.

2.5 The Era of Pre-Trained Models

A recent revolution in the field has been the introduction of large-scale pre-trained models for code, such as
CodeBERT [7], CodeT5 [27], [22] and PLBART [2]. These models are pre-trained on massive corpora of code
and natural language text using objectives like masked language modeling, denoising, and contrastive learning.
They learn powerful, general-purpose representations of code that can be fine-tuned for specific downstream tasks,
including summarization, and have set new state-of-the-art benchmarks.

While their performance is impressive, a key limitation from the perspective of our work is their tendency
to learn a homogenized representation. The pre-training process, though effective at learning general patterns,
does not explicitly nor optimally leverage the distinct, complementary nature of lexical, syntactic, and semantic
features. The model is left to implicitly discover these features and their interactions, which may not lead to the
most effective fusion strategy. Furthermore, their enormous size (often hundreds of millions of parameters) makes
them computationally expensive to train and fine-tune.

2.6 Hybrid and Fusion Approaches

To overcome the constraints of single-type code representations, hybrid techniques have been developed. These
models merge distinct code elements, such as by coupling API knowledge with sequences [11] or by jointly encoding
structure and tokens [I7]. A common characteristic of these methods is the fusion of two modalities, such as
syntactic and semantic information.
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A thorough analysis of the literature reveals a clear gap: there is a lack of a systematic and comprehensive
framework that performs a rigorous ablation of all three primary modalities-lexical, syntactic, and semantic under
a unified architecture. Most existing fusion strategies are relatively shallow, often involving simple concatenation
of feature vectors early in the encoding process. This can lead to information loss and does not allow for dynamic,
hierarchical interaction between features at different levels of abstraction.

2.7 Positioning of the Research Work

The proposed Hybrid Feature Fusion Network (HFFN) contributes to this body of work by addressing the
identified gaps. Unlike prior work that focuses on one or two modalities, HFFN is designed to explicitly and
synergistically integrate all three: lexical (via CNN), syntactic (via Tree-LSTM on AST), and semantic (via GNN
on CFG/DFQG). Crucially, HFFN moves beyond simple early fusion by employing a hierarchical fusion mechanism,
allowing for more sophisticated, dynamic, and non-linear interactions between the different feature views. This
work provides the first extensive, controlled benchmark comparing nine distinct feature extractors across the
three paradigms, culminating in a fusion model that demonstrates the superiority of a holistic approach over both
single-modality models and existing large pre-trained models.

3 Methodology

This section details the systematic approach undertaken to construct a novel dataset for C program summa-
rization and to develop and evaluate the Hybrid Feature Fusion Network (HFFN). The methodology encompasses
data acquisition, validation, feature extraction, model architecture, and experimental design. This section presents
a detailed description of the proposed Hybrid Feature Fusion Network (HFFN) architecture. The framework com-
bines lexical, syntactic, and semantic representations of source code in a unified manner to produce accurate and
concise natural language summaries. An overview of the entire architecture is illustrated in Figure 1.

3.1 Dataset Construction

To ensure comprehensive coverage of C programming concepts, source code was collected from two comple-
mentary sources: academic textbooks and online repositories. Textbook examples were systematically extracted
from authoritative references such as Kernighan and Ritchie’s The C' Programming Language and other canonical
computer science texts, providing foundational, well-documented, and pedagogically validated implementations
of core algorithms and programming constructs. In parallel, code snippets were gathered from reputable online
programming platforms including programiz, contributing modern, practical examples that reflect diverse coding
styles and real-world problem-solving approaches. This dual-source strategy enabled the creation of a dataset
that balances canonical instructional material with varied, practice-oriented implementations, thereby enhancing
generalizability and relevance to real-world programming scenarios.

Each collected program underwent a rigorous validation and execution pipeline to ensure functional cor-
rectness. Programs were first compiled using the GNU GCC compiler (version 9.4.0) with strict flags (-Wall
-Wextra -pedantic -std=c11) to enforce compliance with the C standard and detect potential errors or warn-
ings. Successfully compiled programs were executed within a Docker-containerized Ubuntu 20.04 environment,
where standardized input scripts were provided to ensure consistent and deterministic outputs. Program behavior
was verified by comparing generated outputs against expected results using diff-based matching with tolerance for
formatting variations. Snippets that failed to produce correct results were either corrected, if minor adjustments
sufficed, or discarded. Only programs meeting these stringent criteria were retained, resulting in a high-quality
corpus of 8,542 syntactically valid and executable C programs and named this dataset as CanonCode corpus.

To accompany each validated code example, concise natural language summaries were authored by computer
science graduate students following detailed annotation guidelines. These summaries emphasized describing the
primary purpose and functionality of the program rather than syntactic details, focusing on semantic behavior,
programmer intent, and consistent terminology, while avoiding unnecessary implementation specifics. The dataset
was organized as JSON objects containing program identifiers, source information (textbook or online), code
strings, summaries, dependencies, and complexity assessments. For efficient processing in downstream workflows,
the dataset was converted into CSV format and partitioned into training (70%, 3,673 examples), validation (15%,
787 examples), and test (15%, 787 examples) subsets, with careful curation to avoid overlap of programming
concepts between splits. The benchmark dataset is available on the Hugging Face Hub. The corresponding
implementation code is open-sourced on GitHub.The dataset is available on Hugging Facel and sample program
available on |Github.


https://huggingface.co/datasets/shruthid/sam-dat
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Figure 1: Workflow of the Canoncode Corpus Process

3.2 Feature Extraction

Each code unit undergoes comprehensive processing to generate multiple concurrent representations, capturing
different facets of the program’s structure and behavior.

3.2.1 Lexical Token Sequence

The source code is tokenized using a custom parser that identifies:
T = {t1,t2,....,tn} where t; € {keywords, identifiers, operators, literals} (1)

The tokenization process preserves the sequential order of code elements while normalizing variable names
(replaced with generic placeholders like VAR1, VAR2) to enhance model generalization. The vocabulary size was
limited to the top 10,000 most frequent tokens, with rare tokens replaced by an <UNK> token.

This Figure 2, depicts the processing pipeline of a convolutional neural network designed for analyzing raw
source code. It begins with the input of programming syntax, which may include both valid and erroneous
elements such as sum = a + b; and printf(‘‘sum = %d’’, sum);. In the first stage, the code is tokenized,
breaking the continuous text into discrete lexical units such as preprocessor directives, identifiers, operators, and
literals, arranged as a sequential array of tokens. These tokens are then converted into dense vector representations
through an embedding layer that preserves the relationships between programming constructs. Next, convolutional
layers apply filters across token windows to identify localized patterns and syntactic structures. The resulting
feature maps are subjected to pooling operations to extract the most significant information, producing a compact
feature vector that captures the essential lexical characteristics of the source code for subsequent processing tasks.

3.2.2 Abstract Syntax Tree (AST) Representation

The AST is generated for each program using the tree-sitter parsing library with the C grammar specifica-
tion. The AST transformation follows:

AST = (N, E) where N = {nodes}, E = {edges} (2)

Each node n € N represents a syntactic construct (declaration, expression, statement), and edges e € E
represent the parent-child relationships defined by the C grammar rules. The AST is normalized through:

e Removal of trivial nodes (punctuation, redundant parentheses)
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e Consolidation of equivalent syntactic forms

e Standardization of node labels and types

Figure 3 demonstrates a Tree-LSTM network processing source code syntax through hierarchical decomposition
of a for-loop with conditional logic. Specialized Tree-LSTM units generate node embeddings by bidirectionally
propagating information across the abstract syntax tree structure. The resulting feature representation captures
both compositional patterns and contextual dependencies for automated code documentation tasks.

Cfor(i=0ji<mity)
{
(i %2 = 0)
print(i);
Vi y

‘ for
I Tree LSTM

Feature Representation

i
" Assign ‘ | Function Call |
|" Variable | | Literal |
N Feature
) Representation
Input Tree-LSTM Encoder

Figure 3: AST feature Extraction using Tree.STMs

In Figure 4, CodeBERT’s methodology for extracting semantic relationships from source code through struc-
tured analysis is presented. The model processes a function implementation by first deconstructing its abstract
syntax tree to identify key programming elements including function definitions, parameters, and control state-
ments. [t then establishes variable relational mappings by tracking identifier sequences and usage patterns
throughout the code structure. The framework extracts nuanced variable relations from the AST representation,
capturing semantic connections between variables a, b, and x across different scopes and operational contexts.
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This structured analysis enables comprehensive semantic understanding of code functionality for downstream

natural language processing tasks.
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Figure 4: AST Feature Extraction
3.2.3 Control Flow Graph (CFG) Construction

The CFG is extracted using a static analysis tool built on the Clang framework. The graph is defined as:
CFG = (B, E) where B = {basic blocks}, E = {control flow edges} (3)

Each basic block b € B represents a maximal sequence of instructions with single entry and exit points. Edges
e € E represent possible transitions between blocks due to control statements (conditionals, loops, jumps). The
CFG captures the program’s execution semantics and potential runtime behavior.

Figure 5 demonstrates a Graph Neural Network architecture processing source code structured as a graph

representation. The model receives programming constructs such as loops and conditional statements as input,
representing code elements as nodes with relational edges. Through iterative message-passing operations between
connected nodes, the network captures complex semantic relationships and functional dependencies within the
code structure. The GNN generates a comprehensive feature representation that encodes both syntactic patterns
and semantic meaning of the source code for downstream analysis tasks.
The semantic encoder operates on a combined Control Flow Graph (CFG) and Data Flow Graph (DFG) represen-
tation. The CFG captures the execution order of basic blocks, while the DFG models data dependencies between
variables. This combined graph enables the GNN to capture both the control flow and data flow semantics of the
program, providing a deeper understanding of its runtime behavior.

Input

Feature Representation
Graph Neural Network

Figure 5: AST Feature Extraction using TreeLSTMs

Feature Representation
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3.3 Model Architecture: Hybrid Feature Fusion Network (HFFN)

The HFFN is designed to integrate information from the three distinct code representations through a hierar-
chical fusion approach. The complete architecture is illustrated in

3.3.1 Multi-View Encoders

The model employs three separate feature extractors that operate in parallel on different code representations:
1. Lexical Encoder (CNN): Processes the token sequence T' = [t1, {2, ..., t,] through an embedding layer
followed by convolutional layers with multiple filter sizes to capture n-gram features:

E = le(t1);e(t2); s e(tn)]
ci=ReLUW - E[i:i+k—1]4+b) (4)
h'** = MaxPool([c1, ¢a, ..., Cnkt1])
where e(+) is an embedding function mapping tokens to dense vectors, k denotes the filter size, and h'® represents

the final lexical feature vector extracted by the CNN.
2. Syntactic Encoder (Tree-LSTM): Processes the AST using a child-sum Tree-LSTM architecture:

h§** = Tree-LSTM(z;, {hi*'Vk € C(j)}) (5)

where C(j) denotes the children of node j, and x; is the feature representation of the AST node. The root node’s
hidden state h2st, serves as the holistic syntactic representation.
3. Semantic Encoder (Graph Neural Network): Operates on the CFG using message passing:

cfg(i+1 1 cfa(l
hifg( +1) _ p Z ;W(l)hjfg( ) er(l) (6)
JeN(G)

where A (i) denotes neighbors of node i in the CFG, c¢;; is a normalization constant, and WO, b® are learnable
parameters at layer [. The graph-level representation is obtained through attention-based pooling:

Thfo(L))

B0 = 3 aunitn®, g, = SR ™)

Zj exp(wTh;fg(L))

3.3.2 Gated Fusion Mechanism

The outputs from the three encoders are integrated using a novel gated fusion unit that dynamically weights the
contribution of each representation:

y = U(WZ . [hlea:;hast; thg] + bz)
hfuse(i — Z@hlem +20 hast 120 hcfg

where o is the sigmoid function, ® denotes element-wise multiplication, and W, b, are learnable parameters.
The gate vector z € [0,1]? learns to emphasize the most relevant features for each input program.

(8)

3.3.3 Decoder with Hierarchical Attention

A two-layer LSTM decoder generates the summary sequence token-by-token. At each time step ¢, the decoder
computes:

st = LSTM([e(yi—1); ce—1], St—1)

A" = Attention(s,, H'*")

¢t = Attention(s;, H**")

79 = Attention(s;, H'?)
e = Welel™ ;e ¢i79] + be

P(y|y<t) = Softmax (W [s¢; ct] + bo)

The hierarchical attention mechanism allows the decoder to attend to all three representations simultaneously,
enabling dynamic focus on different code aspects during generation.
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3.3.4 Training Objective

The model is trained end-to-end by minimizing the negative log-likelihood:

N T;

1 i i i
£0) =~ > D log Py [yt 1,27 0) (10)

i=1 t=1

with label smoothing (factor=0.1) and gradient clipping (max norm=>5.0) to improve training stability.

A comprehensive neural architecture for feature extraction in code summarization, integrating multiple com-
plementary encoders to capture the rich information contained in source code is illustrated in Figure 6. The lexical
encoder employs convolutional neural networks to process raw token sequences, extracting surface-level patterns
from the code text. Simultaneously, a syntactic encoder utilizing Tree-LSTM captures the structural information
embedded in the abstract syntax tree, parsing the code into function and parameter relationships. The semantic
encoder implements a graph neural network to represent code elements as interconnected nodes, modeling the
complex semantic relationships between variables and operations. The outputs from these three specialized en-
coders are concatenated into a unified representation that comprehensively encapsulates lexical, syntactic, and
semantic features, which is subsequently processed by a decoder to generate natural language summaries that
accurately describe the code functionality, such as “Returns the maximum of two integers” for the exemplified
maximum function implementation.

Feature Extraction

Lexical Encoder (CNN)

ﬁ |
—

———r_—

input T

i der
: gyntactic EnCO
int y [Tree'LSTM] Con\(:.atn
max(inta, s Vle:; sy
sem
int b)
if (a>b) e
return a;
else o ras
return b; semantI:JE
G -
}
1 Viem

Figure 6: 3D architecture of a hybrid code summarization model showing concatenation of lexical, syntac-
tic, and semantic features (Viey, Vsyn, Vsem) followed by a single decoder to generate the final summary.

Figure 7 illustrates a comprehensive neural architecture for automated code summarization, specifically de-
signed to process C programming language source code through a multi-encoder framework. The system accepts
raw source code as input and processes it through three specialized encoders: a lexical encoder utilizing convo-
lutional neural networks to extract surface-level token patterns, a syntactic encoder employing Tree-LSTM to
capture structural relationships within the code’s abstract syntax tree, and a semantic encoder using additional
convolutional layers to model the program’s functional meaning. These diverse representations are subsequently
integrated through a gated fusion mechanism that dynamically weights the contribution of each encoder, enabling
the model to balance lexical, syntactic, and semantic information effectively. The fused representation is then
processed by a decoder component that generates natural language summaries, transforming technical source code
such as a simple addition program into comprehensible documentation stating “A C program print addition of
two numbers” with the entire architecture collectively termed HFFN (Hybrid Feature Fusion Network).
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Figure 7: 3D architecture of a HFFN model

Algorithm 1 Lexical Feature Extraction Using CNN

Require: Source code dataset D = {C1,Cs,...,Cyh}

Ensure: Feature matrix Z € R™*? where each row is a lexical feature vector.

1: Initialize embedding layer E, convolution layers ConvlD with filters {Fy,
max pooling layer.

2: Initialize empty list Z < [ |

3: for each code sample C; € D do

4: T; + Tokenize(C})

z; < Flatten(p;)
10: Append(Z, z;)
11: end for

12: return Stack(Z)

..., Fr}, ReLU activation,

> {tl,tQ,...,tk}

X; + E(Ty) > X; € RE¥™  token embeddings
F; + ConvlD(Xj;) > Apply 1D convolution over sequence length k

p; + MaxPool(4;) > Aggregate along sequence dimension

DZiGRd

> Returns Z € R*xd
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Algorithm 2 Syntactic Feature Extraction using Tree-LSTM

Require: Source code dataset D = {C4,Cs,...,Cy}

Ensure: Feature matrix S € R**¢
1: Initialize Tree-LSTM cell with parameters ©, embedding layer E
2: Sout — [ }
3: for each code sample C; € D do

4: AST; + Parse(C;)

5: Traverse AST; in post-order sequence

6: for each node v; in post-order do

7: xj + E(Type(v;)) > Embed node type
8: Let C be the list of hidden states of v;’s children

9: hj,c; < Tree-LSTM-Cell(z;,C; ©)

10: end for

11: Si < hroot > Use root node’s hidden state as feature vector
12: Append(Sout, ;)

13: end for

14: Stack(Sout) > Returns S € R4

Algorithm 3 Semantic Feature Extraction using a GNN

Require: Dataset D = {C4,C>,...,C,} of source code samples

Ensure: Feature matrix G € R"*¢
1: Initialize GNN model (e.g., GCN, GAT) with L layers, readout function R
2: Gout <[]
3: for each code sample C; € D do

4: AST; < Parse(C})

5: G, « (Vi, E;) < BuildGraph(AST);) > Augment with CFG/DFG edges
6: Initialize node features X,Vv € V;

. HO <+ X

8: for/=1to L do > Apply L GNN layers
9: H® « GNNLayer(HY, E;; W®) > Message passing
10: end for

11: gi R({Hf,L)Vv eV} > Graph-level readout
12: Append(Gous, 9:)

13: end for

14: return Stack(Gout) > Returns G € R**¢

Algorithm 4 Hybrid Feature Fusion Network (HFFN)

Require: Code sample C;, Trained lexical (L), syntactic (7), semantic (G) encoders
Ensure: Fused representation vector vesion € R?

1: Extract Multi-View Features:

2: Viex — L(C}) > Algorithm 1
3: Vgyn  T(C5) > Algorithm 2
4: Vgem + G(Cy) > Algorithm 3
5: Fuse Representations:

6: Uconcat < |Ulex; Usyn; Usem) > Concatenation
7: Ufusion <— LayerNorm (W - veoncat + by) > Projection & Normalization
8: return vpsion

The comparative evaluation of model performance across five established metrics ROUGE-L, BLEU, Exact
Match, BERTScore, and CodeBLEU demonstrates that the proposed Hybrid Feature Fusion Network (HFFN)
consistently outperforms all baseline models, including Sequence-to-Sequence LSTM, Transformer, and Code-
BERT architectures. As illustrated in Figure 8, HFFN achieves superior mean scores on every metric, with
non-overlapping 95% confidence intervals confirming that the observed performance improvements are statisti-
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cally significant (p < 0.001). This robust performance, particularly on the semantically oriented ROUGE-L and
BERTScore metrics and the syntactically sensitive CodeBLEU metric, validates the efficacy of the hybrid feature
fusion approach in capturing both structural and lexical information within source code.

10 Model Comparison with 95% Confidence Intervals
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Figure 8: Model Comparison with 95% Confidence Intervals

Figure 9 represents the radar chart that provides a holistic visualization of each model’s performance profile
across the five complementary evaluation metrics, illustrating the balanced superiority of the proposed HFFN
architecture. Unlike baseline models, which show pronounced weaknesses in specific dimensions particularly in
Exact Match and CodeBLEU-the HFFN model demonstrates robust, well-rounded performance across all metrics,
forming the largest polygon area on the chart. This comprehensive advancement highlights HFFN’s ability to
simultaneously capture syntactic precision, semantic fidelity, and structural awareness in code representation,
effectively addressing the multifaceted challenges of source code summarization. The consistent outperformance
across all axes confirms the strategic advantage of hybrid feature fusion over approaches relying on feature types
or standard pre-training methodologies.

Radar Chart: Multi-Metric Model Performance
ROUGE-L

—— Seq2Seq LSTM
—— Transformer
—— CodeBERT

—— HFFN (Proposed)

CodeBLEU BLEU

BERTScore Exact Match

Figure 9: Radar chart illustrating multi-metric model performance.

Figure 10 illustrating the performance heatmap, provides a detailed quantitative comparison of model ef-
fectiveness across all evaluation dimensions, clearly demonstrating the proposed HFFN architecture’s superior
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capabilities in source code representation. Each cell’s color intensity corresponds to performance magnitude, cre-
ating an immediate visual hierarchy that confirms HFFN’s dominance across all five metrics-particularly excelling
in ROUGE-L (0.94), Exact Match (0.18), and CodeBLEU (0.46) scores. The progressive performance gradient
from baseline models to HFFN reveals consistent improvement patterns, with the most substantial gains observed
in metrics requiring structural code understanding. This comprehensive visualization validates HFFN’s balanced
advancement beyond existing approaches, demonstrating both quantitative superiority and holistic metric cover-
age that addresses the multifaceted challenges of code summarization tasks.

Heatmap: Model vs. Evaluation Metrics
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CodeBERT
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ROUGE-L BLEU Exact Match BERTScore CodeBLEU
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Figure 10: Heatmap showing model performance across evaluation metrics.

Figure 11 represents the stacked bar chart delineating the relative contribution of each evaluation metric to
overall model performance, revealing the proposed HFFN architecture’s comprehensive superiority across all as-
sessment dimensions. Each model’s total bar height represents aggregate performance, with segment proportions
indicating metric-specific contributions-demonstrating that HFFN achieves not only the highest cumulative score
but also the most balanced distribution across all five metrics. The visualization clearly shows HFFN’s particular
strength in CodeBLEU and ROUGE-L components, indicating enhanced capabilities in structural understanding
and semantic representation compared to baseline models. This balanced advancement across all evaluation crite-
ria confirms the hybrid feature fusion approach’s effectiveness in addressing the multifaceted challenges of source
code representation, outperforming both sequence-based and pre-trained alternatives through more comprehensive
feature integration.

Stacked Contribution Across Metrics
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Figure 11: Stacked chart illustrating contribution of models across evaluation metrics.

Figure 12 shows the relative improvement radar chart quantifies the proposed HFFN architecture’s advance-
ment over the strongest baseline (CodeBERT) across all evaluation metrics, revealing particularly substantial
gains in syntactically-sensitive measures. HFFN demonstrates a remarkable 50.0% improvement in Exact Match
accuracy and a 25.0% enhancement in CodeBLEU score, indicating superior capability in generating precisely
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correct summaries and capturing structural code properties. More modest but consistent improvements are ob-
served in semantic-oriented metrics, with 5.6% and 3.3% gains in ROUGE-L and BERTScore respectively, while
maintaining a 21.1% improvement in BLEU score. This pattern of improvement highlights HFFN’s particular
strength in addressing the challenging aspects of code summarization that require precise syntactic alignment and
structural awareness, confirming the hybrid feature fusion approach’s effectiveness in overcoming limitations of
previous methodologies.

Relative Improvement of HFFN over Best Baseline (%)

BLEU

s.6% ROUGE-L

BERTScore

CodeBLEU

Figure 12: Relative improvement of HFFN over the strongest baseline (percentage).

As illustrated in Figure 13, the CanonCode dataset comprises 8,542 validated C programs systematically
distributed across 20 fundamental programming concepts, ensuring comprehensive coverage of both basic and
advanced language features. Concept frequency follows a pedagogically logical distribution, with core program-
ming elements Basic Syntax and Data Types (777 programs), Control Structures (719), and Functions and Scope
(670) representing the largest categories, while advanced topics like Memory Management Techniques (221) and
Advanced Pointer Concepts (206) form smaller but substantively significant portions. This structured distribution
provides a balanced representation of language features, enabling robust model training and evaluation across the
complete spectrum of C programming constructs. The dataset’s design prioritizes concept diversity and balanced
representation, supporting meaningful performance comparisons and ensuring evaluation results reflect model
capabilities across different types of programming challenges.

Distribution of C Programming Conc
(8,542 C Programs)

epts in Dataset

oncepts

€ Programming €

Number of Programs

Figure 13: Distribution of C programming concepts in the dataset (8,542 programs).

The CanonCode corpus exhibits a strategically balanced distribution of C programming concepts as illstrated
in the Figure 14, prioritizing foundational elements while maintaining substantive coverage of advanced topics.
Core language features including Basic Syntax and Data Types (9.1%), Control Structures (8.4%), and Functions
and Scope (7.8%) collectively represent over 25% of the corpus, ensuring robust model training on fundamental
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programming constructs. Intermediate concepts such as Arrays, Pointers, and Structures form a strong middle
layer (20.6% combined), while specialized topics including Data Structures, Algorithms, and Memory Management
provide critical coverage of complex programming challenges (22.5% combined). This hierarchical distribution
mirrors typical pedagogical progressions and real world code complexity, enabling comprehensive evaluation of
model capabilities across the entire spectrum of C programming from syntactic comprehension to advanced
algorithmic implementation. The dataset’s design ensures that performance metrics reflect model proficiency
across diverse programming scenarios, from basic syntax recognition to complex structural analysis.

DETAILED C PROGRAMMING CONCEPT DISTRIBUTION (RESCALED)

1. Basic Syntax & Data Types 777 programs ( 9.1%)
2. Contrel Structures (if, switch, loops) 719 programs ( 8.4%)
3. Functions & Scope 670 programs ( 7.8%)
4. Arrays & strings 638 programs ( 7.5%)
5. Pointers & Memory Addresses 613 programs ( 7.2%)
6. Structures & Unions 507 programs ( 5.9%)
7. File 1/0 Operations 474 programs ( 5.5%)
8. Dynamic Memory Allocation 458 programs ( 5.4%)
9. Preprocessor Directives 417 programs ( 4.9%)
10. Command Line Arguments 392 programs ( 4.6%)
11. Error Handling 368 programs ( 4.3%)
12. Data structures (Linked Lists, Stacks, Queues) 351 programs ( 4.1%)
13. Trees & Graphs 335 programs ( 3.9%)
14. sorting Algorithms 319 programs ( 3.7%)
15. Searching Algorithms 302 programs ( 3.5%)
16. Recursion 278 programs ( 3.3%)
17. Bit Manipulation 262 programs ( 3.1%)
18. Multi-file Programming 237 programs ( 2.8%)
19. Memory Management Techniques 221 programs ( 2.6%)
20. Advanced Pointer Concepts 204 programs ( 2.4%)
TOTAL 8542 programs (100.0%)

Figure 14: Detailed distribution of 8,542 C programs across 20 programming concepts in the CanonCode
dataset, showing percentage representation and program counts for each conceptual category.

4 Results and Discussion

This section provides a comprehensive empirical evaluation of the Hybrid Feature Fusion Network (HFFN) for
source code representation. It describes the experimental setup, such as the dataset, baseline methods, and a suite
of five evaluation metrics, and then reports quantitative results comparing HFFN with state-of-the-art approaches
on the code summarization task. A rigorous ablation study is also presented to isolate the contribution of each
network component, followed by qualitative analysis and a discussion of model limitations.

4.1 Experimental Setup

4.1.1 Dataset and Evaluation Metrics

The model was trained and evaluated on the CanonCode corpus, a large-scale dataset comprising 8,542 validated
C programs, each paired with a high-quality natural language summary. The dataset was meticulously partitioned
into training (70%), validation (15%), and test (15%) sets. Crucially, the partitioning was performed at the concept
level (e.g., all implementations of a “binary search tree” are contained within one split) to prevent data leakage
and ensure a robust evaluation of the model’s ability to generalize to unseen programming concepts.

4.1.2 Baseline Models
Model performance was assessed using standard natural language generation metrics:

e Sequence-to-Sequence LSTM (Seq2Seq): A standard encoder-decoder architecture that processes
code as a flat sequence of tokens.

e Transformer: A self-attention-based model that has become a dominant architecture in NLP tasks.

e CodeBERT: A pre-trained bimodal transformer model specifically designed for programming and natural
languages, representing a strong modern baseline.



Inteligencia Artificial 77(2026) 73

4.1.3 Evaluation Metrics

A comprehensive evaluation was conducted using five established metrics to assess different facets of generation
quality:

(i)

(i)

(iii)

ROUGE-L (Recall-Oriented Understudy for Gisting Evaluation): Measures the longest common
subsequence 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:

R LCS(X,Y) LCS(X,Y) (1+ B%) Rres Pres
rcs = —————, Prcs=—"—"—"—=, Frcs=

m n Rrcs + B?Prcs

(11)

where X is the reference summary of length m, Y is the generated summary of length n, and S controls
the relative importance of recall and precision.

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:

N
BLEU = BP - exp <Z wn logpn> (12)

n=1

where p,, is the precision for n-grams of size n, w, are weights (usually w, = 1/N), and BP is the brevity
penalty:
1 ife>r
BP = (13)
el=r/c ife<r

with ¢ the length of the candidate summary and r the effective reference corpus length.

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:

1 N
EM = + ;H(m =X;) (14)

where [ is the indicator function, Y; is the generated summary, X; is the reference summary, and N is the
number of samples.

BERTScore: 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 x; and candidate y;, recall and precision are:

1 T 1 T
R = — max X; ¥;, P = — max X; y; 15
BERT IX| Z viey Yi BERT Y] Z Jat Yi (15)
;i €X Yj €Yy
The F1 score is computed as the harmonic mean of recall and precision.

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 incorpo-
rating syntactic AST matching:

CodeBLEU = 0.25 - BLEU + 0.25- BLEUweighted + 0.25- Matchast + 0.25 - Matchpata Flow (16)

where Matchast and Matchpata Flow are calculated by matching AST nodes and data flow structures,
respectively.
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4.2 Quantitative Comparison with State-of-the-Art

The results of the comparative evaluation on the held-out test set are summarized in Table 1. HFFN achieved
superior performance, outperforming all baseline models across all five evaluation metrics.

Table 1: Comparison of models on code summarization using ROUGE-L, BLEU, Exact Match,
BERTScore, and CodeBLEU metrics.

Model ROUGE-L BLEU Exact Match BERTScore CodeBLEU
Seq2Seq LSTM 0.82 0.19 0.05 0.84 0.25
Transformer 0.86 0.23 0.08 0.87 0.31
CodeBERT 0.89 0.28 0.12 0.90 0.38
HFFN (Proposed) 0.94 0.35 0.18 0.93 0.46

The proposed HFFN model establishes a new state-of-the-art, outperforming the strongest baseline (Code-
BERT) across all metrics. The most pronounced gain is in Ezact Match, which shows a 50% relative increase
(0.12 — 0.18), indicating that HFFN generates perfectly accurate summaries far more frequently. The improve-
ment in CodeBLEU (0.38 — 0.46) further supports our hypothesis that explicit syntactic modeling is crucial, as
this metric incorporates AST matching. A two-tailed paired t-test confirmed that all improvements are statisti-
cally significant (p < 0.001).

Discussion: The results across all five metrics provide convergent evidence for the efficacy of the hybrid fusion
approach. The strong performance on BERTScore and ROUGE-L indicates that the summaries are semantically
faithful and fluent[20]. The gains in BLEU and Exact Match demonstrate superior syntactic precision. The
highest relative gain on CodeBLEU, a metric designed for code, confirms that HFFN successfully captures the
structural nuances of source code that other models miss|[14].

4.3 Ablation Study

To isolate the contribution of each feature type and architectural component, a detailed ablation study was
conducted. The results, measured by ROUGE-L, are presented in Table 2.

Table 2: Ablation study results showing the impact of removing or altering components of the proposed
HFFN model, evaluated by ROUGE-L score.

Model Variant ROUGE-L A vs. Full HFFN
HFFN (Full Model) 0.94 -

— without Syntactic Features 0.85 -0.09

— without Lexical Features 0.87 -0.07

— with Concatenation Fusion 0.90 -0.04

e Impact of Syntactic Features: The removal of the syntactic feature branch (AST-based features) re-
sulted in the largest performance drop (-9.6%). This confirms that syntactic structure provides the greatest
individual impact on model performance, forming the essential backbone of an accurate code representation.

e Impact of Lexical Features: Removing the lexical feature stream (sequence-based tokens) also caused
a significant degradation in performance (-7.4%). This demonstrates that surface-level tokens, including
meaningful API and variable names, provide indispensable semantic signals.

e Impact of Fusion Mechanism: Replacing the gated fusion mechanism with simple feature concatenation
led to a notable decline (-4.3%). This validates the design hypothesis that a learned, adaptive fusion strategy
is superior, as it allows the model to dynamically weight the contribution of each feature stream for a given
input[16].

Discussion: The ablation study confirms that the components of HFFN provide complementary contributions.
The architecture successfully leverages the strengths of both feature types, with the gated fusion mechanism
acting as a critical component for intelligently combining these information streams. The significant drop from
removing either modality underscores the necessity of a hybrid approach|[I3].

4.4 Qualitative Analysis

A manual inspection of generated summaries revealed consistent strengths and weaknesses. For a function
implementing a quicksort algorithm, baseline models often produced vague summaries like “Sorts an array”. In
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contrast, HFFN generated more precise and informative summaries such as “Sorts an integer array in ascending
order using the quicksort algorithm with a median-of-three pivot selection”.

The model’s limitations were apparent on functions with extreme complexity or those utilizing rare external
libraries, where summaries would occasionally miss a minor detail or over-generalize. These cases represent the
current boundary of the model’s capabilities.

4.5 Limitations

While HFFN demonstrates strong performance, its effectiveness is contingent on the availability of a well-
formed Abstract Syntax Tree (AST), rendering it unsuitable for processing syntactically incorrect code snippets.
Furthermore, the computational overhead associated with AST parsing and processing the three specialized en-
coders presents a trade-off between performance and efficiency that may be relevant for real-time applications
with limited resources.

While the proposed HFFN model achieves high performance on the CanonCode Corpus, it is important to
note that the dataset primarily consists of textbook examples and tutorial code. Such code tends to be well-
structured, pedagogically motivated, and accompanied by standardized summaries. This may contribute to the
high ROUGE-L and BERTScore values observed. Future work will involve testing HFFN on more diverse and
complex real-world codebases to further validate its generalizability.

5 Conclusion and Future Work

5.1 Conclusion

This study presented the Hybrid Feature Fusion Network (HFFN), a novel architecture for source code repre-
sentation that explicitly models and integrates syntactic and lexical features through a gated attention mechanism.
The comprehensive evaluation across five established metrics-ROUGE-L, BLEU, Exact Match, BERTScore, and
CodeBLEU-demonstrates the efficacy of this approach. The key conclusions are as follows:

e Superior Performance Across Metrics: HFFN established a new state-of-the-art, outperforming all
strong baselines, including CodeBERT, across every evaluation metric. The model achieved a ROUGE-L
score of 0.94 and a BERTScore of 0.93, indicating its generated summaries are both semantically faithful
and fluent. The significant improvement in the strict Exact Match metric (a 50% relative increase) confirms
that HFFN produces perfectly accurate summaries far more frequently than previous approaches.

e Validation of Hybrid Methodology: The results provide convergent evidence that a hybrid approach
is paramount for code understanding. The notable gains in CodeBLEU, a metric specifically designed to
evaluate code by incorporating syntactic matching, directly validate our core hypothesis: explicitly modeling
the structural hierarchy of code is a powerful and necessary inductive bias. The strong performance on
BLEU further demonstrates the model’s syntactic precision in using correct terminology.

e Effective Fusion Mechanism: The ablation study conclusively proved that both syntactic and lexical
features provide significant, complementary contributions to the model’s performance. Furthermore, the
gated fusion mechanism was shown to be a critical component, significantly outperforming a naive feature
concatenation strategy. This allows the model to dynamically and intelligently weight the contribution of
each feature stream.

The proposed HFFN provides a robust, interpretable, and high-performing framework for source code rep-
resentation. By successfully fusing disparate code features into a cohesive representation, it offers a powerful
foundation for a new generation of Al-assisted software engineering tools. This study introduced a Hybrid Fea-
ture Fusion Network (HFFN) for code summarization that combines lexical, syntactic, and semantic information.
Experimental results showed that this multi-view approach consistently surpasses methods relying on a single
type of feature representation, including those built on large-scale pre-trained models. The findings highlight the
value of integrating complementary perspectives of source code to produce clear, high-quality summaries.

5.2 Future Work

While this study presents a significant advancement, several promising directions for future research emerge
from the findings and limitations:
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e Extension to Other Programming Languages and Paradigms: The current evaluation was con-

ducted on C programs. A critical next step is to evaluate HFFN’s generalizability across a wider range of
programming languages, particularly those with different paradigms (e.g., functional languages like Haskell,
or scripting languages like Python). This will test the universality of the proposed feature fusion approach.

e Integration of Execution Dynamics and Real-World Context: The current model operates on

static code features. Future work will focus on incorporating dynamic features, such as runtime traces
and execution patterns, to create a more holistic code representation. Furthermore, integrating broader
contextual information from the codebase, such as project-specific APIs and architectural patterns, could
significantly enhance the model’s practical utility.

e Optimization for Efficiency and Real-Time Use: The computational overhead associated with AST

processing presents a constraint for real-time applications. Future work will explore model distillation
techniques, efficient AST parsers, and architectural optimizations to make the HFFN approach viable for
integration into Interactive Development Environments (IDEs) for tasks like real-time code completion and
documentation generation.

e Advanced Fusion and Explainability Techniques: We will investigate more sophisticated fusion mech-

anisms, potentially inspired by neuroscientific models of information integration. Concurrently, developing
advanced visualization tools based on the model’s attention weights will enhance explainability, allowing
developers to understand why a particular summary or prediction was generated, thereby increasing trust
and usability.

e We also plan to evaluate HFFN on established public benchmarks such as CodeXGLUE to further validate

its generalizability across different programming languages and codebases.
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