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Structural Syntax Network for Code Classification
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Abstract: The field of program classification, a critical aspect of software engineering, facilitates

understanding and categorization of code across various applications, including anomaly detection,

and code quality assessment. The advancement of cross-language program classification opens up

avenues for efficient code translation among different programming languages, significantly aiding

developers in rapid coding and reducing development cycles. Existing research primarily focuses

on semantic code analysis, with limited emphasis on cross-linguistic challenges. To address this,

we introduce an innovative neural network model, CodeSemanticsNN, which leverages a refined

Syntax Structure (SS) approach. This model consists of two integral mechanisms: first, it adopts a

novel SS representation that combines sequential and graph-based SS structures, enhancing semantic

feature capture. Second, it employs a ’unified vocabulary’ strategy to bridge the gap between diverse

programming languages, facilitating efficient cross-language classification. Additionally, we have

compiled a comprehensive dataset of 20,000 files spanning five programming languages, serving

as a benchmark for cross-language classification. Our experiments on this dataset demonstrate that

CodeSemanticsNN surpasses existing models in four key metrics: Precision, Recall, F1-score, and

Accuracy.

Keywords: code analysis; syntax-based classification; multi-language code parsing; cross-linguistic

code analysis

1. Introduction

The field of program classification, pivotal in automating the categorization of software based on

functionality and semantic content, has emerged as a cornerstone in understanding and manipulating

source code. This domain has seen extensive applications in tasks like detecting code clones [1–4],

identifying defects [7–10], and aiding in code retrieval [15,16]. Traditionally reliant on manual effort,

which is labor-intensive and prone to errors, program classification has shifted towards automation,

leveraging the structured nature of source codes for more efficient processing.

Cross-language program classification extends this concept to the realm of multi-language

environments. It involves categorizing code from diverse programming languages based on their

structural and semantic properties. Consider, for instance, the sorting algorithms: "quick sort" in

C++ and "bubble sort" in Python. Despite their differing implementations, both share a sorting

functionality and thus, should be grouped under the same category. This cross-language approach not

only streamlines the process of implementing similar functionalities in different languages but also

fosters an environment conducive to code reuse across languages, thereby expediting development

and reducing time-to-market.

The challenge, however, lies in effectively and precisely capturing the semantic essence of code

across varied programming languages, each with its unique syntax and coding paradigms. Prior

research has approached this from several angles. Harer et al. [17], for instance, utilized token-based

methods to embed vectors and process them through neural networks for feature extraction. However,

tokens capture only lexical information and fail to reflect the deeper structural and semantic nuances of

code. Ben et al. [18] employed Intermediate Representations (IRs) to create XFG graphs, subsequently

analyzed using neural networks like GNN [19] and RNN [20]. While effective in semantic extraction,

the requirement for complete code compilation limits the applicability of IRs, especially for partial

Disclaimer/Publisher’s Note: The statements, opinions, and data contained in all publications are solely those of the individual author(s) and 
contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to people or property resulting 
from any ideas, methods, instructions, or products referred to in the content.

Preprints (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 12 December 2023                   doi:10.20944/preprints202312.0805.v1

©  2023 by the author(s). Distributed under a Creative Commons CC BY license.

https://doi.org/10.20944/preprints202312.0805.v1
http://creativecommons.org/licenses/by/4.0/


2 of 12

code snippets. The Abstract Syntax Tree (AST) based approaches proposed by Azcona et al. [21] and

Mou et al. [22] offered insights into feature extraction from traversal or tree structures of ASTs, yet

they predominantly focused on single-language semantics.

Addressing the gaps in cross-language program classification, we propose a novel neural network

model, the Syntax Structure (SS). SS is designed to extract semantic features using a dual-pronged

approach: employing self-attention mechanisms combined with Bi-LSTM for a flattened AST sequence,

capturing the overarching logical structure of the code, and utilizing a Graph Convolutional Neural

(GCN) [23] network for analyzing graph-like AST structures at a local level. By merging these

sequence and graph features, SS enhances the dimensional representation of structural and semantic

code characteristics. To further bolster cross-language semantic learning, we introduce a ’unified

vocabulary’ strategy, standardizing embedded mapping across different programming languages and

easing the neural network’s learning process. We also curated a dataset from Leetcode comprising

five distinct programming languages, ideal for benchmarking in cross-language classification. Our

experimental analysis on two datasets indicates that SS outperforms leading models like CodeBERT

and Infercode in terms of Recall, Precision, F1-score, and Accuracy. Additionally, we conducted

ablation studies to assess the impact of our unified vocabulary and AST feature fusion on model

performance.

In summary, our primary contributions are as follows:

• Introduction of the Syntax Structure (SS) network, employing two sub-networks (SAST and

GAST) for unified AST representation learning. SAST extracts global syntactic features from

AST path sequences, while GAST captures local semantic features within the AST tree. This

comprehensive approach ensures effective learning of code semantics.
• Development of a unified vocabulary mechanism to minimize language disparities, allowing for

efficient embedded vector mapping and training in cross-language program classification.
• Performance evaluation on two datasets, demonstrating SS’s superiority over existing baselines

in key metrics like Recall, Precision, F1-score, and Accuracy.
• Compilation of a benchmark dataset for cross-language program classification, encompassing

five programming languages (C, C++, Java, Python, and JavaScript), with 50 problems and 20,000

solution files that are semantically akin.

The remainder of this paper is organized as follows: Section 2 delves into the Syntax Structure (SS)

network. Sections 3 and 4 discuss the experimental setup and results. Section 5 reviews related work.

Section 6 presents a discussion of our findings. Finally, Section 7 concludes the paper and outlines

future research directions.

2. Related Work

The concept of program classification has evolved as a key abstraction layer in code analysis,

serving as a cornerstone for various source code comprehension tasks in software engineering. Its

applications extend to diverse areas such as code clone detection [2,4,24,25], bug resolution [26], code

quality assessment [27], defect identification [7], and program understanding [28]. The genesis of

program classification traces back several decades, with initial studies [4,29,33,34] utilizing basic

features like tokens, component names, and code metrics for classification. These early approaches,

though limited in performance due to their reliance on superficial code features and rule-based

classification, laid the groundwork for future advancements.

The integration of machine learning has revolutionized program classification. Techniques such as

Support Vector Machine (SVM) [35] have been employed for classifying code tokens [36], and various

models like SVM, Decision Tree [37], and Bayesian Network [38] have been used to classify code based

on token sequences [39]. The incorporation of deep learning has further propelled this field. Mou et

al. [22] introduced a tree-based convolutional network, adept at capturing the structural intricacies

of source code. Zhang et al. [40] innovatively divided the AST into sub-trees and employed Bi-RNN
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models for vector representation, achieving remarkable success in code classification. Barchi et al. [41]

demonstrated the efficacy of Convolutional Neural Networks (CNN) [42] in analyzing program source

code, establishing CNN as a superior choice in terms of accuracy and learning efficiency.

The advent of deep neural network technology has brought transformative changes to software

engineering, particularly in code representation learning. Various forms of code representation, such

as tokens for lexical information, Abstract Syntax Trees (AST) for structural and grammatical insights,

Data Control Flow (DFG), and Control Flow Graph (CFG) for understanding code flows, have been

utilized alongside neural networks to uncover deeper code semantics.

Harer et al. [17] leveraged the Word2Vec [43] tool to create initial vectors for C/C++ tokens,

applying the TextCNN [44] model for feature learning in software vulnerability detection. Azcona et

al. [21] embedded Python code tokens into vectors for student performance analysis. Mou et al. [22]

developed a TBCNN model based on AST, using a sub-tree kernel and dynamic pooling for structural

extraction. Alon et al. [28] introduced code2vec, applying attention mechanisms to AST paths for

syntactic information extraction. Wang et al. [45] created the Flow-Augmented AST (FA-AST) to

represent source code and applied GNNs [19] for feature extraction. Ben-Nun et al. [18] explored code

semantics learning based on IRs, transforming them into context flow graphs (XFG) and applying

neural networks for feature learning. Wei et al. [46] used type dependency graphs, combined with

GNNs, to extract features from IRs.

Cross-language code learning, a nascent yet promising field, draws parallels with machine

translation in NLP [47,48]. Nguyen et al. [49] introduced semSMT, a tool for migrating Java to C# at

lexical, syntactic, and semantic levels. Bui et al. [50] proposed a bilateral dependency neural network

leveraging Siamese network architectures for feature learning across languages. The MISIM model

by Ye et al. [51] employed the Context-Aware Semantic Structure (CASS) for language-independent

representation learning. Bui et al.’s Infercode [52] adopted self-supervised learning, training on AST

contexts across multiple languages. Peng et al.’s TPTrans [53] integrated code tree features into

transformer structures, showing effectiveness in code summarization tasks.

3. The Proposed Approach

Herein, we introduce the Syntax Structure (SS) model, a sophisticated neural network architecture

engineered for the nuanced task of cross-language program classification. This model is a culmination

of cutting-edge techniques in programming language processing, adapted to understand and categorize

diverse coding languages.

3.1. Overall Structure

SS begins by ingesting source code from various programming languages, transforming them into

Abstract Syntax Trees (ASTs). Leveraging a unique unified vocabulary, the model then applies both

path and graph embeddings to these ASTs. Distinct sub-networks, designed to capture specific code

features from these embeddings, process the path-embedded and graph-embedded vectors separately.

The model culminates its process by fusing these separately learned features for the final classification

task.

This innovative model is structured into five core sections: Unified Vocabulary, Sequence-based

AST Network (SAST), Graph-based AST Network (GAST), Unified AST Feature Fusion, and

Cross-language Program Classification. Each section contributes uniquely to the model’s overall

functionality.

3.2. Unified Vocabulary

The Unified Vocabulary mechanism is a pivotal aspect of the SS model, addressing the challenge

posed by varying textual representations and coding rules across different programming languages. By

normalizing AST node names, such as harmonizing different terms like "program," "translation unit,"

and "module" into a common label "unit," the model significantly reduces linguistic discrepancies.
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This standardization is crucial for the model to learn and classify features consistently across various

programming languages.

3.3. Sequence-based AST Network (SAST)

The SAST component is integral to the SS model, focusing on extracting the syntactic structure

from the code. It begins with a pre-order traversal of the unified AST, producing a path sequence

that flattens the tree structure. This sequence contains comprehensive information about the global

structure and syntax of the source code. To interpret the intricate relationships within these sequences,

the model employs self-attention mechanisms, as formulated:

Attention(Q, K, V) = So f tMax(
QKT

√
dk

)V (1)

Here, Q, K, and V represent matrices initialized from the embedded path sequence vector. The

self-attention mechanism, part of the transformer architecture, excels in extracting internal relationships

and mitigating long-distance dependency issues.

Furthermore, to capture the context of the code, which is crucial for understanding its intent

and logic, the model integrates Bi-directional Long Short-Term Memory (Bi-LSTM). This component

processes the code information bidirectionally, ensuring a comprehensive understanding of the context.

The Bi-LSTM computation is expressed as follows:

it = σ(Wi · [ht−1, xt] + bi) (2)

ft = σ(W f · [ht−1, xt] + b f ) (3)

ot = σ(Wo · [ht−1, xt] + bo) (4)

c̃t = tanh(WC · [ht−1, xt] + bc) (5)

ct = ft ⊙ ct−1 + it ⊙ c̃t (6)

ht = ot ⊙ tanh(ct) (7)

The combination of self-attention and Bi-LSTM enables the SAST to effectively capture both the

syntactic structure and the contextual logic of the source code.

3.4. Graph-based AST Network (GAST)

Complementing the SAST, the GAST focuses on learning the local tree-like structural features of

the AST. This network treats the AST as a unique graph, applying convolution operations to learn the

semantic features inherent in the code’s structure. By aggregating information from neighbor nodes,

GAST adeptly captures the local structural and semantic nuances, as elucidated:

Ã = A + I (8)

Hi
(l+1) = σ(∑

j∈N

D− 1
2 ÃD− 1

2 Hj
(l)W(l)) (9)

The GAST thereby contributes significantly to the model’s understanding of the nuanced

semantics and logic of code, irrespective of the programming language.

3.5. Unified AST Feature Fusion

To synthesize the insights garnered by SAST and GAST, the SS model employs a feature fusion

mechanism. This process involves concatenating the respective feature vectors from each network to

form a unified representation, embody
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ing both the global structural and local semantic aspects of the code:

hcode = concat(hSAST , hGAST) (10)

Through this fusion, the model achieves a holistic understanding of the code’s characteristics,

setting the stage for effective cross-language classification.

3.6. Cross-language Program Classification

In its final stage, SS utilizes the comprehensive feature vector for classifying programs across

different languages. A fully connected layer transforms these features into a format suitable for

classification, with the probabilities for each category derived through a SoftMax layer. The model

utilizes Cross Entropy as its loss function, optimizing it with the Adam optimizer to ensure accurate

and efficient classification:

J = −
k

∑
i=1

yilog(pi) (11)

In conclusion, the Syntax Structure (SS) model represents a sophisticated and holistic approach to

cross-language program classification, harnessing the power of modern neural network techniques to

understand and categorize diverse programming languages.

4. Experiments

This section elaborates on our investigative approach by presenting research questions (RQs),

detailing the experimental datasets, comparing baseline models, specifying experimental settings, and

outlining common evaluation metrics.

4.1. Targets

Our investigation focuses on the efficacy of the Syntax Structure (SS) model, particularly its novel

unified vocabulary and AST feature fusion techniques. The following research questions guide our

exploration:

RQ1: What is the comparative performance of SS against established baselines?

RQ1 evaluates the SS model’s effectiveness relative to other leading methodologies in code

representation learning for cross-language program classification. We compare SS with several

state-of-the-art baselines, as detailed in Section 3.3.

RQ2: How does the unified vocabulary component influence SS’s performance?

RQ2 aims to assess the impact of the unified vocabulary feature in SS. This question is addressed

through ablation studies, analyzing how the inclusion or exclusion of this component affects overall

model performance.

RQ3: What is the effect of the unified AST feature fusion on SS’s efficacy?

RQ3 examines the role of the unified AST feature fusion in SS. Given that the sub-networks SAST

and GAST extract global syntactic and local semantic features respectively, we investigate how their

combined effect enhances model performance.

RQ4: How do various parameter configurations impact SS’s performance?

RQ4 explores the influence of different parameter settings within SS. Key parameters, such as the

path length in AST traversal and the number of GCN layers, are adjusted to identify the most effective

configuration.
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4.2. Datasets

We utilize two distinct datasets for model evaluation:

• JC: Sourced from Bi-TBCNN by Bui et al.[50], this dataset, named JC, comprises 5822 Java files

and 7019 C++ files across 10 program categories from GitHub. It is partitioned into training,

validation, and testing sets, as outlined in Table 1.
• Leetcode: A comprehensive dataset from Leetcode featuring 20000 solutions in five languages

(C, C++, Java, Python, and JavaScript) across 50 categories. We employ NICAD for

deduplication and anonymize function names to maintain consistency. This dataset also follows

a training-validation-testing split, with the distribution detailed in Table 1.

Table 1. Dataset Distribution for JC and Leetcode.

JC Leetcode

Java C++ C C++ Java Python JavaScript

Training 3498 4215 331 3428 5051 2633 557
Validation 1162 1402 110 1143 1684 878 185

Testing 1162 1402 110 1143 1684 878 185

4.3. Baselines

In our study, we compare the effectiveness of the Syntax Structure (SS) model against several

leading baselines in the realm of cross-language code learning:

• Bi-TBCNN [50]: This approach utilizes tree-based neural networks to decipher cross-language

programming paradigms. It features a dual-neural network framework, where each network

encodes and interprets the grammatical and semantic aspects of language codes, thus facilitating

cross-language program classification.
• CodeBERT [54]: A BERT [55] adaptation, CodeBERT employs Replaced Token Detection (RTD) for

its initial training. This model utilizes deep bi-transformer components to generate code features

that integrate contextual information, effectively capturing the nuances of input sequences.

Given its training on six programming languages, it stands as a robust tool for cross-language

classification.
• Infercode [52]: Employing self-supervised learning principles from natural language processing,

this model trains code representations by predicting the contextual subtrees of ASTs. Trained on

a multitude of programming languages, Infercode is adept at extracting and classifying features

unique to different languages, making it suitable for cross-language program classification.

4.4. Setting

Our implementation of the SS model uses Pytorch. We conduct all experiments on a robust setup

featuring a 10-core 3.70GHz Intel(R) Core(TM) i9-10900X CPU and an NVIDIA GeForce RTX 3090 GPU.

To maintain the integrity of our comparative analysis, we utilize a consistent training dataset across all

models. Our parameter tuning, performed on the validation set, includes setting the SS model’s epoch

to 5, with a batch size of 64. We utilize the Adam optimizer [56], setting the learning rate at 0.001. For

the Sequence-based AST Network (SAST) component, we standardize the path sequence length to 700

for the Dataset JC and 200 for the Dataset Leetcode. We set the path embedding dimension to 200, the

Bi-LSTM unit count to 64, and the Bi-LSTM layer count to 2, with a dropout rate of 0.5 for Bi-LSTM

and 0.2 for self-attention. The self-attention layer utilizes 4 heads. The Graph-based AST Network

(GAST) uses an adjacency matrix size of [400, 400], and we implement two layers of GCN.
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4.5. Evaluation Metrics

To evaluate our multi-classification model, we employ well-established metrics: Precision,

Recall, F1-score, and Accuracy. These metrics are widely used in similar studies [40] and provide a

comprehensive assessment of model performance. The mathematical definitions of these metrics are

as follows:

Precision =
TP

TP + FP
(12)

Recall =
TP

TP + FN
(13)

F1 − score = 2 ×
Precision × Recall

Precision + Recall
(14)

Accuracy =
TP + TN

TP + FP + TN + FN
(15)

In these formulas, TP (True Positive) represents the weighted average of correctly predicted positive

samples for each class; FN (False Negative) indicates the weighted average of samples wrongly

predicted as negative per class; FP (False Positive) is the weighted average of incorrectly predicted

positive samples per class; TN (True Negative) denotes the weighted average of correctly predicted

negative samples per class.

4.6. Results and Analysis

This section delves into the experimental outcomes, addressing the four research questions

delineated in Section 4.1.

4.6.1. Model Performance

To address this, we compare the Syntax Structure (SS) model with the algorithms mentioned in

Section 3.3. The comparative results on both datasets are encapsulated in Table 2 and Table 3. From

Table 2, it is evident that SS excels with a Recall of 0.9611, Precision of 0.9631, F1-score of 0.9617,

and Accuracy of 0.9626, thereby surpassing other baselines. Similarly, SS demonstrates superior

performance on the Leetcode dataset, reinforcing its efficacy in cross-language program classification.

Table 2. Comparative experiment on Dataset JC.

Model Recall Precision F1-score Accuracy

CodeBERT 0.9078 0.9177 0.9090 0.9005
Infercode 0.8317 0.8468 0.8325 0.8343

SS 0.9611 0.9631 0.9617 0.9626

Table 3. Comparative experiment on Dataset Leetcode.

Model Recall Precision F1-score Accuracy

CodeBERT 0.6147 0.6348 0.6174 0.6245
Infercode 0.5696 0.5819 0.5762 0.5807

SS 0.7958 0.8025 0.7965 0.7964

The SS model, integrating global and local code structure semantics and leveraging a unified

vocabulary, has demonstrated a notable improvement over other baselines. This is especially

significant in its ability to bridge the gap across various programming languages, thus enhancing its

cross-language classification performance.

The experiments conducted on datasets of varying sizes and language diversities not only

underscore the efficiency of the SS model but also its robust generalization capabilities. The
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Syntax Structure (SS) model significantly outperforms other state-of-the-art baselines across all key

metrics, including Precision, Recall, F1-score, and Accuracy, thereby validating its effectiveness in

cross-language program classification.

4.6.2. The Impact of the Unified Vocabulary

In response, we examine the influence of the unified vocabulary mechanism, integral to SS,

through an ablation study. The results, presented in Table 4, highlight the performance differences

when the unified vocabulary is applied versus when it is not.

Table 4. Ablation experiment results of the unified vocabulary on Dataset JC and Leetcode.

Dataset Model Recall Precision F1-score Accuracy

JC

SS-V 0.8802 0.8868 0.8816 0.8856
SS 0.9125 0.9254 0.9142 0.9142

GAST-V 0.9467 0.9479 0.9469 0.9478
GAST 0.9504 0.9516 0.9511 0.9508
SS-V 0.9524 0.9526 0.9509 0.9516
SS 0.9611 0.9631 0.9617 0.9626

Leetcode

SS-V 0.6553 0.6894 0.6540 0.6554
SS 0.6718 0.7020 0.6707 0.6721

GAST-V 0.7744 0.7793 0.7749 0.7749
GAST 0.7892 0.7956 0.7887 0.7892
SS-V 0.7893 0.7970 0.7904 0.7882
SS 0.7958 0.8025 0.7965 0.7964

The data in Table 4 show that utilizing the unified vocabulary enhances performance across

all metrics on both the JC and Leetcode datasets. This indicates that the unified vocabulary

successfully minimizes feature discrepancies between different programming languages, thereby

boosting cross-language classification performance.

The unified vocabulary’s most significant impact is observed in the Sequence-based AST Network

(SAST). Given that SAST relies heavily on initial vector embedding, which is directly influenced by

vocabulary mapping, this finding aligns with expectations. The Graph-based AST Network (GAST),

while also benefiting from the unified vocabulary, shows a comparatively lesser impact due to its

adjacency matrix construction based on AST structure rather than vocabulary.

In summary, the unified vocabulary mechanism plays a crucial role in enhancing the performance

of the SS model, particularly in cross-language contexts, affirming its effectiveness in bridging language

feature gaps. The unified vocabulary mechanism significantly enhances the performance of the Syntax

Structure (SS) model, particularly evident in the Sequence-based AST Network, validating its role in

reducing feature disparities across different programming languages.

4.6.3. The Impact of the AST Feature Fusion

To elucidate the impact of the unified AST feature fusion on the Syntax Structure (SS) model, we

present our findings. These results indicate a significant enhancement in model performance after

feature fusion. On Dataset JC, we observe improvements ranging from 1.06% to 4.86%, while on

Dataset Leetcode, the enhancements range from 0.66% to 12.58%. This clearly demonstrates that the

unified AST feature fusion substantially boosts the effectiveness of the SS model. Notably, the GAST

network exhibits superior performance over the SAST network on both datasets. This suggests that

features derived from the graph-like AST structure are more informative than those from the flattened

AST sequence. The flattened sequence, lacking branch statement structures, only provides an overall

code process, whereas the graph-like AST’s adjacency matrix captures intricate relationships between

nodes, crucial for understanding specific code structures like loops and conditionals. The unified AST

feature fusion mechanism combines the strengths of both global and local code feature extraction. By
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fusing the hidden vectors from SAST and GAST, the SS model effectively leverages comprehensive

code semantics from multiple perspectives, leading to enhanced performance. The unified AST feature

fusion in the SS model, integrating global structural and local semantic information, significantly

improves model performance, highlighting the importance of a comprehensive code representation

approach.

4.6.4. The Impact of Parameter Settings

Investigating the impact of key parameters within the Syntax Structure (SS) model, specifically the

length of the path sequence in SAST and the layers of the GCN in GAST, is essential. These parameters

critically influence the model’s effectiveness. The path sequence length governs the extent of code

content processed by the neural network, and the GCN layers (hops) determine the scope of neighbor

node information aggregation. To address this, we conduct experiments with varying parameter

settings.

Path Sequence Length: We experiment with different path sequence lengths (ranging from 100

to 1000) to evaluate their impact on the model’s performance. We demonstrate that SS reaches its

peak performance at a sequence length of 700 for Dataset JC and 200 for Dataset Leetcode across all

metrics (Recall, Precision, F1-score, and Accuracy). Longer sequences do not enhance performance and

add to the model’s complexity. Additionally, Bi-LSTM’s inefficiency with extended sequences could

contribute to the diminished model efficacy. Conversely, shorter sequences also degrade performance

due to the loss of essential code information.

AST Path Length Statistics: As shown in Table 5, a significant proportion (80%) of AST path

sequences fall within certain lengths on both datasets (726 for Dataset JC and 221 for Dataset Leetcode).

This insight guides the optimal setting of sequence input lengths, balancing the inclusion of critical

code content while avoiding excessive padding or information loss.

Table 5. Statistical distribution of AST path sequence length on Dataset JC and Leetcode.

Dataset Mean Median 70% 80% 90%

JC 576 354 502 726 1498
Leetcode 165 144 189 221 279

GCN Layer Impact: The model’s efficacy with different GCN layers (1, 2, 3) is assessed, with

optimal performance observed at two layers. This setting provides a balanced neighbor information

range, capturing specific code structures effectively, whereas a greater number of layers might

overextend the neighbor range and risk overfitting.

From these observations, we infer that the choice of path length should be made after careful

analysis of dataset-specific AST path lengths, selecting the most suitable value. Moreover, setting the

GCN layer count to 2 appears to enhance model performance, striking a balance between capturing

local semantic information and maintaining model simplicity. Optimal path sequence length and GCN

layer settings are crucial for the performance of the Syntax Structure (SS) model. Statistical analysis of

AST paths guides the selection of appropriate sequence lengths, while a two-layer GCN configuration

is found to be most effective.

5. Conclusions

This research presents an advanced approach to enhancing cross-language code comprehension,

introducing the Syntax Structure (SS) neural network model. This innovative framework, initially

conceptualized as the Unified Abstract Syntax Tree, is specifically designed for the intricate task of

cross-language program classification. The SS model ingeniously integrates two distinct sub-networks:

the Sequence-based AST Network (SAST) and the Graph-based AST Network. The SAST component is

adept at extracting comprehensive syntactic features from the AST path sequence, providing a global

perspective of the code structure. In contrast, GAST delves into the local semantics embedded within

Preprints (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 12 December 2023                   doi:10.20944/preprints202312.0805.v1

https://doi.org/10.20944/preprints202312.0805.v1


10 of 12

the AST tree, capturing the intricate nuances of code semantics at a granular level. This duality of the

SS model allows for a holistic understanding of code, merging both global syntactic and local semantic

features through its innovative unified AST feature fusion mechanism. This fusion not only bridges

the gap between the two distinct code feature perspectives but also enriches the overall semantic

understanding of the code. Another cornerstone of the SS model is the unified vocabulary mechanism.

This unique feature standardizes terminology across various programming languages, significantly

reducing disparities in coding syntax and semantics. This uniformity in language representation is

pivotal in enhancing the model’s ability to accurately classify and interpret code written in different

programming languages. Empirical evaluations, conducted on both publicly available datasets and our

custom-compiled dataset, underscore the superior performance of the SS model compared to existing

state-of-the-art baselines. The SS model demonstrates an exceptional ability to differentiate between

diverse program types, marking a significant leap in the field of AI-driven software engineering.

Looking ahead, the future trajectory of our research aims to integrate source code analysis with natural

language processing. This ambitious endeavor seeks to further refine program classification techniques,

incorporating a richer, more nuanced understanding of programming languages by harnessing the

descriptive power of natural language text. This fusion of code and text information promises to

unlock new frontiers in the realm of AI-assisted software development and analysis.
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