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ABSTRACT

Modern software systems continue to grow in complexity, making it increasingly challenging for
developers to understand code without clear and up-to-date documentation. This study proposes a
multimodal transformer architecture based on CodeT5, enhanced with Abstract Syntax Tree (AST)
information to improve both code summarization and the detection of semantic bugs. The suggested
framework is designed to capture token-level, structural, and contextual cues, enabling deeper program
comprehension than traditional text-only models. The model has been trained and tested on the CoNaLa
dataset and compared to baseline and CodeT5 models. Experimental results show substantial
improvements, achieving a Bilingual Evaluation Understudy (BLEU) score of 81.34 (an improvement of
44.14 points over CodeT5) and a Recall-Oriented Understudy for Gisting Evaluation—-Longest Common
Subsequence (ROUGE-L) score of 0.89. These findings confirm that incorporating structural awareness
significantly enhances summary relevance and bug-identification capability. The study contributes a
scalable, context-sensitive model for automated software understanding and offers strong potential for

integration into real-world development tools.
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I.  INTRODUCTION

Software systems have become increasingly complex.
Software developers frequently encounter poorly documented
and unwieldy code. This complexity has necessitated the
development of tools that can help simplify code and enhance
its maintainability and reliability. Code summarization is one
such tool that provides brief descriptions of functions, classes,
or code in natural language. Such descriptions reduce the
burden on developers and help them quickly understand what a
piece of code does. They also conserve time during debugging
and facilitate the software documentation process, as noted by
authors in [1].

Code summarization has become an inherent component of
software engineering and helps developers understand complex
code more easily. It automatically generates short natural
language descriptions of code functions or classes to improve
code maintenance. This assists developers in saving time on
manual documentation and allows new developers to
understand the logic of a large project within a short time.
Additionally, summarization supports teamwork, debugging,
and knowledge transfer within a development team. Automated
code summarization provides an effective and uniform method
of documentation management, particularly as software
systems continue to grow in size.
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Transformer-based models have been widely used in
Natural Language Processing (NLP) applications in recent
years and are increasingly being applied to code
summarization. As pointed out by authors in [2], transformers
outperform earlier models like recurrent neural networks
because they can capture long-range relationships and
dependencies in sequences. However, source code is naturally
structured and not purely sequential, and conventional models
tend to ignore this structure, resulting in superficial summaries.
To address this limitation, authors in [3] and [4] developed
multimodal transformer models, which integrate multiple code
representations, including Abstract Syntax Trees (ASTs),
Control-Flow Graphs (CFGs), Data-Flow Graphs (DFGs), and
raw source code. This integration captures both structural and
logical relationships within programs and generates summaries
that more accurately reflect program intent and behavior.

Despite these advances, authors in [5] observed that most
transformer models remain overly dependent on token-level
data and lack structural or contextual understanding, which
limits their generalization and precision. This limitation
highlights the need for a strategy that incorporates structural,
semantic, and contextual information to improve code
summarization. In comparison, older rule-based models and
recurrent approaches, reviewed by authors in [6] and [7], face
issues with scalability and long-sequence learning, whereas
newer neural approaches often capture only surface-level
semantics. Furthermore, authors in [8] found that deep learning
models can automatically extract richer features than manually
engineered models.

Existing transformer-based approaches still struggle to
capture deeper structural context, reducing their ability to
generalize and summarize code with complex logic or nested
structures. These observations highlight the need for models
that integrate structural, semantic, and contextual information
for more reliable code understanding.

The main objective of this study is to develop a multimodal
transformer model that combines code text, AST structure, and
contextual information to improve summarization accuracy. A
secondary objective is to evaluate the model against standard
baselines to assess its effectiveness and generalizability. To
achieve this, the proposed work develops an improved
multimodal transformer model using CodeT5 that incorporates
structural, semantic, and contextual inputs, such as ASTs,
CFGs, and documentation, to generate context-dependent code
summaries. The model will be tested on a benchmark dataset,
CoNala, to determine its accuracy, robustness, and scalability.
This framework is expected to refine automated code
summarization by learning syntax, documentation, and
program flow. It should assist in code review, support
understanding of legacy code, and integrate with development
tools, including Integrated Development Environments (IDEs)
and testing frameworks, thereby enhancing software reliability
through higher-quality code summaries and automated code
understanding.

This study contributes by integrating AST-based structural
information into CodeTS5 to create a multimodal summarization
framework. It further provides an empirical evaluation showing
substantial improvements over baseline models. The work

offers a scalable, context-aware framework that enhances
automated code understanding and supports practical software
engineering tasks.

Code summarization has evolved alongside advances in
deep learning, particularly transformer-based approaches for
source code comprehension. Earlier models relied primarily on
sequential token representations, whereas recent methods
capture both syntactic and semantic features to enhance
contextual understanding. This study discusses the most critical
literature related to replacing token-based summarization
models with more sophisticated multimodal architectures, such
as CodeBERT, CodeT5, PLBART, and GraphCodeBERT,
which integrate structural and semantic inputs to create richer
and more precise summaries. Recent studies from 2024-2025,
such as those by authors in [9] and [10], further highlight the
growing adoption of multimodal transformers for software
comprehension tasks.

A. Context-Aware Code Summarization

Early code summarization models mainly concentrated on
token-level and syntactic features, and in most cases, they
produced shallow and non-contextual summaries. Transformer-
based models have addressed this limitation by including
semantic and structural representations. Authors in [9] used
Large Language Models (LLMs) on Java code, where
contextual information was provided at the method level. This
approach improved accuracy but was not evaluated on other
programming languages.

Authors in [11] reported that integrating ASTs and
positional encoding improved semantic processing but
increased redundancy. According to authors in [12], semantic
embeddings improved performance but lacked cross-language
generalization. According to the study by authors in [10], local
and global context enhances the quality of summarization.

Authors in [13] observed that the Bilingual Evaluation
Understudy (BLEU) and Recall-Oriented Understudy for
Gisting Evaluation (ROUGE) metrics fail to capture summary
quality comprehensively, so BLEU and ROUGE should be
replaced with a contrastive learning metric closer to human
judgment. Authors in [14] emphasized the importance of
consistent preprocessing to enable fair comparisons. Authors in
[15] incorporated semantic information such as variable names
and control-flow into prompts, which enhanced performance at
the expense of increased computing time. Authors in [16]
introduced BASTS, combining ASTs and control-flow data to
provide better summaries, albeit at the cost of expensive
hardware.

Overall, the literature indicates that meaningful code
summaries require both context and structural information.
However, most models remain reliant on single data sources
and are not flexible across programming languages. These
studies demonstrate that contextual information greatly
improves summarization quality, which inspires the integration
of structural signals for more precise program understanding.

Although current context-aware summarization models
have improved greatly, they largely rely on textual or syntactic
features. These features are often not integrated between
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different code representations, such as ASTs, CFGs, and
execution traces, limiting their ability to fully capture program
logic. To address this, authors started to explore hybrid and
multimodal structures that consider both structural and
semantic aspects of code, enhancing the depth of
summarization and the degree of generalization.

B. Multimodal Transformer Models

Recent developments indicate that combining multiple code
representations, such as ASTs, CFGs, execution traces, and
documentation enables a deeper understanding of code logic
and intent. Earlier models, including CodeBERT and
GraphCodeBERT, applied natural language transformers to
computer programs. CodeBERT was trained to learn paired
representations of code and natural language, enhancing the
relevance of the large-scale code search and summarization
tasks on benchmark datasets, such as CodeSearchNet [17].
GraphCodeBERT included data-flow edges into the attention
mechanism, which assisted the model better capture
relationships among program variables and statements [18].

Later, encoder—decoder frameworks like PLBART and
CodeT5 extended these approaches to support both code
understanding and code generation tasks [5]. UniXCoder also
enhanced cross-language flexibility by jointly training masked

language modeling and contrastive learning objectives,
enabling the model to align representations among program
languages. Authors in [3] proposed a multimodal transformer
that integrates code tokens, control-flow, and data-flow
information, which improved BLEU and METEOR scores on
CodeSearchNet, but with the cost of complex preprocessing.
M2TS, proposed authors in [4], is a multi-scale multimodal
transformer that leverages both token and AST embeddings,
thus increasing accuracy, but with a low scalability. Authors in
[19] proved the increased applicability of multimodal
transformers in other fields, such as question answering, which
suggests their potential for broader software analysis tasks.

Additional research has explored models that incorporate
both syntactic and contextual information. Syntactic and
contextual data models such as SynCoBERT and Deep Context
Transformer [20], achieved higher accuracy on Defects4].
However, they require significant computational resources, and
long input sequences remain challenging. A recent study by
authors in [21] emphasizes the need for hybrid deep-learning
methods capable of handling diverse input modalities,
reinforcing the direction adopted in this study.

Table I summarizes related work, including techniques,
datasets, key findings, and limitations.

TABLE L. RELATED WORK SUMMARY
Model / Reference Technique used Dataset / domain Key findings / results Limitations
M2TS [4] Multi-scale multimodal transformer Python and Java Increased summarization accuracy Low scalability, complex
using token and AST embeddings code datasets via multimodality preprocessing
Text-to-text transformer for code Codex GLUE, Excellent contextual Ignores AST/CFG-based
CodeTS5 [5] . . o
understanding and generation CodeSearchNet summarization structure
CodeBERT [17] Transformer pre-trfnned on code—text CodeSearchNet High accuracy in code—text Limited strugtural
pairs dataset understanding tasks representation
Context-aware code LLM with method-level contextual . Improved summary accuracy with Language-specific, lacks
. . Java code repository . . .
summary generation [9] input contextual integration generalization

Structure feature
transformer [11]

Transformer with AST-based
positional encoding

CodeSearchNet
benchmark

Enhanced semantic processing and
summary structure

Increased redundancy,
overfitting risk

CoCoSUM [12]

Multi-relational Graph Neural
Network (GNN) using UML and
relational graphs

Java and Python
projects

Improved accuracy via structural +
semantic fusion

Heavy computation,
limited scalability

Programmer visual
attention model [10]

Visual attention using local and
global context

Java methods dataset

Improved readability and
coherence of summaries

Performance drops for
long code blocks

Semantic prompt

Semantic prompting using variable

Python and Java

Higher accuracy in context-aware

Slower due to heavy

augmentation [15] names + control-flow data datasets summarization computation time
BASTS [16] AST + CFG-based summarization Open-source code Better summaries through Requires high-end
dataset structural data hardware
GraphCodeBERT [18] Data-ﬂowflntegré}ted attention CodeSearchNet, Better Varlab}efstatement Compgtatlonally ‘h‘eavy,
mechanism Defects4] association limited scalability
Tag-cloud code Tag-cloud visualization of source Java object-oriented Provides high-level structural Not a textual
visualization model [22] code identifiers programs visualization summarization approach
Hybrid deep learning Deep learning models (CNN, RNN, Time-series network High accuracy, reduced false Domain-specific; not
detection model [21] LSTM) for anomaly detection data positives directly for code
Proposed model (this Multimodal transformer with AST + BLEU = 81.34, ROUGE-L = 9'89; High computational cost;
. CoNalLa dataset strong structural & semantic L
work) documentation context needs optimization
capture
Overall, multimodal transformer models have high aware frameworks, such as the proposed AST-enhanced

potential, as they combine syntax, structure, and semantics to
enhance code summarization and defect forecasting. However,
most approaches still face high computational cost, complex
preprocessing, limited scalability, or reliance on a single
dominant modality, which restricts practical use. These
challenges underscore the need for lightweight, structurally

multimodal model, which aims to balance performance and
efficiency.
C. Summary and Research Gap

The literature indicates a definite shift from syntax-based to
multimodal, context-aware code understanding. Models such as

www.etasr.com

Saif et al.: Context-Aware Code Summarization Using Multimodal Transformer



Engineering, Technology & Applied Science Research

Vol. 16, No. 2, 2026, 34257-34263 34260

CodeBERT, CodeT5, and GraphCodeBERT have improved
summarization but still rely on single-modality inputs, such as
tokens or ASTs [22, 23]. They do not fully incorporate
structural, semantic, and contextual information, limiting their
adaptability to large-scale or multi-language systems [18].
Furthermore, reproducibility is constrained by inconsistencies
in dataset quality, evaluation metrics, and high computational
costs [24].

To address these gaps, this study proposes a multimodal
transformer framework that integrates code, documentation,
and execution data. This approach aims to improve accuracy,
generalization, and scalability of code summarization across a
wide range of programming environments.

II. METHODOLOGY

In this section, the research design, dataset, preprocessing,
model architecture, training, and evaluation are described as
applied in this study. The research aims to develop a
multimodal transformer model, which can summarize themes
in source code and identify semantic bugs using both text and
structural evidence.

A. Research Design

This paper combines deep learning and NLP to analyze
program code. The model carries out two key functions:
generating short natural-language summaries of code and
finding latent logical errors. Contrary to traditional transformer
frameworks, which operate with only code tokens, the
proposed model incorporates both structural and contextual
information, including ASTs and code documentation.

The model accepts both the input code and input meaning
and transforms them into token representations. They are
processed using a transformer backbone, which extracts
semantic and structural features simultaneously. The proposed
model will be compared to a baseline text-only transformer
(T5-small) to determine the benefit of multimodal features.
This experiment aims to demonstrate the improvement in
summarization accuracy due to the integration of structural and
contextual information.

B. Dataset

The dataset used in this study is CoNalLa (Code/Natural
Language) [25], which is a collection of sample Python code
with brief natural-language intents stating what the code is
doing. It is commonly wused in tasks such as code
summarization and code understanding. The dataset was
cleaned to yield 2,379 valid samples, removing records that
lacked either the code snippet or the corresponding intent.
CoNaLa was selected because the code blocks are written by
real developers, making it suitable for training models that
reflect real-world usage. Each record contains an ID, the code
snippet, the original intent, and a human-refined rewritten
intent. The attributes of the dataset are presented in Table II.

This dataset offers the required tradeoff between code
structure and description and is therefore optimal for building
code summarization activities. Multi-language datasets such as
CodeSearchNet were not used in this study to maintain

consistency in language-specific patterns and avoid introducing
cross-language variability during model evaluation.

TABLE II. CONALA DATASET ATTRIBUTES
Attribute Description
question_id Unique ID for each query

intent Natural language description of code
Human-refined version of intent

Python code snippet

rewritten_intent
snippet

C. Data Preprocessing

The raw data were preprocessed to eliminate noise and
prepare them for training with transformers. Filtering was used
first to eliminate unfinished sets of code and intents. Next, text
normalization was applied, converting all text to lowercase and
removing extra spaces and special characters. Code snippets
were also formatted to ensure consistent spacing and
indentation. Both code and intents were tokenized with the help
of a Byte Pair Encoding (BPE) mechanism that preserves key
operators and identifiers. Lastly, the data were separated into
80% training, 10% validation, and 10% testing sets to ensure
fair learning and evaluation. This preprocessing produced clean
and balanced data suitable for training the model.

D. Model Architecture

The proposed model is built on the CodeT5 transformer, a
sequence-to-sequence model trained on large code corpora.
CodeT5 is capable of learning both natural language and code
syntax, making it suitable for code summarization.
Nevertheless, it tends to operate only with one kind of input
(tokens). In this study, CodeT5 is expanded into a multimodal
tool that supports ASTs as well as documentation, providing
richer insight into program logic. A baseline model (T5-small)
is used for comparison. It considers the code as a text and
ignores structural information, allowing evaluation of whether
multimodal inputs enhance performance.

The AST-based module parses each code snippet into a
tree, providing the logical organization of the program. AST
embeddings are concatenated with code tokens and fed into the
transformer encoder. This aids the model to capture loops,
conditions, and dependencies that establish program meaning.
To detect bugs, a classification head is included in CodeT5 to
categorize snippets as buggy or non-buggy. The model shares
the same tokenizer and embeddings as the summarization
model, but uses binary cross-entropy loss instead of sequence-
to-sequence loss making the framework applicable for both
code understanding and quality assessment.

In contrast to the baseline T5-small, which processes code
as plain text without structural awareness, the proposed
multimodal CodeT5 leverages AST-based structural
representations, enabling the encoder to learn control flow,
hierarchy, and dependency cues, improving summarization
accuracy.

E. Training and Evaluation

The models were trained using the AdamW optimizer with
adaptive learning rate scheduling. For code summarization, a
sequence-to-sequence loss function was employed. Overfitting
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was avoided using dropout regularization. Standard metrics
were used to evaluate model performance, including BLEU,
ROUGE-Longest Common Subsequence (ROUGE-L), Metric
for Evaluation of Translation with Explicit Ordering
(METEOR), and BERTScore. These metrics were used to
measure the similarity between the generated summaries and
the reference summaries. Accuracy, Fl-score, and Receiver
Operating Characteristic — Area Under the Curve (ROC-AUC)
were calculated to assess the model's ability to identify logical
faults.

F. Experimental Workflow

The overall workflow is illustrated in Figure 1. The process
begins with the CoNalLa dataset, which undergoes cleaning,
tokenization, and feature extraction. The processed data are
then divided into testing and training sets. Two models are
trained in parallel: the proposed multimodal CodeT5 (including
AST and context) and the baseline TS5-small (text-only). After
training, both models are evaluated on the test set using the
selected metrics to compare performance.

CoNalLa Dataset

Y

[ Preprocessing J

‘ Dataset Acquisition ]

Cleaning, Tokenization, Feature Extraction

Y

{Data Split: 80% Train, 10% Val, 10% Test]

Y

Proposed Model ]

CodeT5 + AST Features

Y

[Fine—Tuning on Code-Intent Pairs]

\

Evaluation Metrics
BLEU, ROUGE-L, METEOR, BERTScore

\

[Comparison with Baseline (CodeTS)]

Y

Results Analysis
Visualization & Interpretation

Fig. 1. Workflow diagram of the experimental setup.

III. RESULTS AND DISCUSSION

This section presents the findings of the proposed
multimodal transformer model for code summarization using
the CoNaLa dataset. The results are compared against two
baselines: a text-only transformer (T5-small) and the standard
CodeT5 model. The comparison highlights the impact of

incorporating structural (AST) and contextual features on
summarization quality.

A. Code Summarization Results

The proposed model outperformed both baselines across all
evaluation metrics. The baseline transformer produced
summaries with limited semantic relevance, whereas CodeT5
demonstrated stronger performance due to its pretraining on
large code—text corpora. The AST-augmented model achieved
the best results overall, benefiting from its ability to capture
structural and hierarchical program relationships.

The summary results are presented in Table III. The BLEU
score increased from 6.55 (baseline) to 81.34 (AST model),
indicating a substantial improvement in n-gram overlap.
Similarly, ROUGE-L and METEOR, which capture sentence
structure and semantic alignment, increased significantly,
reflecting improved fluency and semantic coherence. The
BERTScore reached 0.9814, indicating strong semantic
consistency with human-written summaries.

TABLETIL.  COMPARATIVE CODE SUMMARIZATION
PERFORMANCE OF MODELS
Model BLEU | ROUGE-L | METEOR BElgls)“’re
Baseline 6.55 0.3913 0.3624 0.8959
transformer
CodeT5 45.20 0.7321 0.7012 0.9427
AST-augmented | ¢ 3, 0.8927 0.8834 0.9814
model

These results confirm that incorporating AST features
enables the model to better capture control flow, function
hierarchies, and variable dependencies. The progressive
improvement across the baseline, CodeT5, and AST-
augmented model demonstrates the cumulative benefits of
integrating structural and contextual information.

These improvements are consistent with earlier work by
authors in [3] and [4], who also demonstrated that structural
representations enhance semantic accuracy and fluency in
summarization. The significant gains in BLEU and ROUGE-L
further validate the effectiveness of integrating syntactic
information into transformer-based models.

The summarization performance across BLEU, ROUGE-L,
METEOR, and BERTScore for the baseline transformer,
CodeT?5, and the proposed AST-augmented model is shown in
Figure 2, highlighting the substantial improvements achieved
by incorporating structural (AST) information.

B. Discussion

The experimental findings indicate that incorporating
structural information significantly enhances the understanding
capabilities of transformer-based code models. The AST-
augmented model was found to have the best summarization
and best bug classification accuracy, which confirms the
importance of syntactic and semantic integration to generate
results with more meaning and reliability. CodeT5 exhibited
high semantic comprehension because of large-scale
pretraining, but with the inclusion of AST information it was
able to reason about control flow and interdependencies among
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variables. Both summarization and defect detection benefited
from this enhancement, as the model was able to capture fine-
grained program dependencies. Misclassifications were
primarily observed in code snippets with limited context or
unusual formatting, suggesting that further improvements could
be achieved by incorporating more diverse training data and
extending the framework to additional modalities, such as
CFGs.

100

B Baseline Transformer 0.90 0.94
B CodeT5 0.89 088 d
[0 AST-Augmented i 8
80 8134
073 0.70
¥ 60
&
g 4520
= 0.73 0.88
40
20
6.55
0
BLEU ROUGE-L METEOR BERTScore (F1)
Fig. 2. Comparison of code summarization performance of the models.

IV.  CONCLUSION AND FUTURE WORK

This paper presents a multimodal transformer architecture
that integrates text and structural information to generate
accurate code summaries. Existing transformers, such as
CodeT5, primarily rely on token sequences and often lack
insight into program structure and logic. The proposed Abstract
Syntax Tree (AST)-enhanced CodeT5 model addresses this
limitation by leveraging the AST to represent program structure
and logical flow.

Evaluation on the CoNalLa dataset demonstrated that the
proposed model outperforms both the baseline transformer and
standard CodeT5 across all metrics. Specifically, it achieved a
35.7% improvement in Bilingual Evaluation Understudy
(BLEU) score over CodeT5, confirming the effectiveness of
incorporating AST-based structural signals. The model
generated summaries with significantly higher accuracy and
stronger semantic relevance, demonstrating that structural
awareness is critical for reliable transformer-based code
summarization. This framework can assist developers in
understanding code more quickly, improving comprehension
and productivity, leading to more maintainable and efficient
software systems.

Future studies should evaluate the model on larger and
multi-language datasets to test its scalability and generalization.
Code representations could be further enhanced using Graph
Neural Networks (GNNs) or Control-Flow Graphs (CFGs).
Additionally, future work should focus on reducing
computational costs to enable deployment in real-world
applications, such as Integrated Development Environment
(IDE) extensions, automated documentation systems, and
Continuous Integration/Continuous Deployment (CI/CD)
analysis frameworks. These developments will enable more
accurate and interpretable Artificial Intelligence (AI)-based
software engineering tools.
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