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Programming language understanding and representation (a.k.a code representation learning) has always been a hot and
challenging task in the field of software engineering. It aims to apply deep learning techniques to produce numerical
representations of the source code features while preserving its semantics. These representations can facilitate subsequent
code-related tasks, e.g., code summarization.The abstract syntax tree (AST), a fundamental code feature, illustrates the syntactic
information of the source code and has been widely used in code representation learning. It is commonly acknowledged
that AST-based code representation is critical to solving code-related tasks. However, there is still a lack of systematic and
quantitative evaluation of how well AST-based code representation facilitates subsequent code-related tasks. Additionally,
learning an AST-based code representation is an extremely complex endeavor involving three intertwining stages, including
AST parsing, AST preprocessing, and AST encoding. The solutions available in each stage are diverse. There is currently a
lack of guidance on selecting solutions at each stage to get the most out of AST.
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In this paper, we first conduct comprehensive experiments to reveal the impact of the choice of AST parsing/preprocess-
ing/encoding methods on AST-based code representation across three popular types of code-related tasks, including code clone
detection, code search, and code summarization. The experiments involve four AST parsing methods, six AST preprocessing
methods, and four AST encoding methods, all of which are widely utilized in existing AST-based code representation research.
The experimental results showcase that the impact of different methods at different stages varies for different code-related
tasks. Based on these, we further explore the practical influence of the AST-based code representation in facilitating follow-up
code-related tasks. To do so, we compare the performance of models trained with code token sequence (Token for short) based
code representation and AST-based code representation on the three code-related tasks. Surprisingly, the overall quantitative
statistical results demonstrate that models trained with Token-based code representation consistently perform better across
all three tasks compared to models trained with AST-based code representation. Our further quantitative analysis reveals that
models trained with AST-based code representation outperform models trained with Token-based code representation in
certain subsets of samples across all three tasks. For instance, in the code summarization task, such samples constitute as
much as 39% of the total, while in the code search task, they account for 28%. As ASTs are now being used in practice under
various contexts (a.k.a., code-related tasks), the results in this paper call for more research on context-specific AST-based code
representation learning in the future. Our study provides future researchers with detailed guidance on how to select solutions
at each stage to fully exploit AST.

CCS Concepts: • Software and its engineering → Software maintenance tools.

Additional Key Words and Phrases: Abstract Syntax Tree, Programming Understanding, Programming Representation, Code
Representation

1 Introduction
The ascendancy of deep learning (DL) in software engineering has engendered a growing interest in code
representation learning for program understanding and representation. Code representation learning aims to use
DL techniques to learn the distributed vector representation of (program) code features, which supersedes the
feature engineering and selection step in classic machine learning methods. The distributed vector representation
of code features (code representation/embedding, for short) preserves code semantics and facilitates subsequent
code intelligence tasks, such as code clone detection [25, 92], neural code search [30, 64, 73], neural code
summarization [9, 37, 74], etc.

The procedure of code representation learning can be decomposed into two sequential steps: extracting code
features from program source code and encoding code features using DL techniques, where the code embeddings
produced by DL techniques aim to capture the semantics of the code features. The choice of code features has
a great impact on code representation learning. In existing code representation learning efforts, typical code
features include code token sequences (Token), abstract syntax trees (AST), control flow graphs (CFG), data flow
graphs (DFG), etc. Researchers utilize different code features depending on the kind of information that needs to
be extracted, such as Token for lexical information, AST for syntactic information, and CFG/DFG for semantic
information [65]. Syntactic differences are considered to be the key differences between programming languages
and natural languages. Therefore, AST, which expresses syntactic information, has received widespread attention
and is widely used in code representation learning research [3, 6, 11, 12, 37, 38, 50, 52, 59, 67–69, 78, 82, 90–92,
95, 98, 99, 103].

It is generally believed that Token contains lexical information, while AST contains lexical information
and the syntactic structure of source code [99]. Previous research [22, 38, 99] indicates that the source code
comprises rich syntactic information and cannot be directly considered as plain text. It is considered crucial
to model the code’s syntactic knowledge via AST, which is often done in practice. AST has been widely used
to model the source code (i.e, learning AST-based code representation) for many follow-up code-related tasks,
such as code classification [86, 99], code clone detection [10, 13, 99], code search [30, 31, 34, 36, 83, 95], code
summarization [52, 68], etc. Nevertheless, some other studies have demonstrated that Token outperforms AST
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in facilitating DL models to learn code semantics, or the incorporation of AST leads to reduced DL models’
performance [1, 41, 67, 82]. Hence, it necessitates conducting a systematic and quantitative evaluation of the
extent to which AST-based code representation facilitates code-related tasks.

Furthermore, learning AST-based code representation and using it to solve code-related tasks is extremely
challenging. Fig. 1(a)–(c) shows the procedure of using AST for code representation learning to solve code-related
tasks. It is observed that given a piece of source code (usually a method/function), it goes through the AST
processing pipeline to obtain an AST-based code representation. Then, the AST-based code representation that
preserves code semantics is fed into distinct task models to solve different code-related tasks. As shown in
Fig. 1(a), the internal design of the AST processing pipeline is complex and varied, which consists of three core
and intertwining stages: AST parsing, AST preprocessing, and AST encoding.

During the AST Parsing stage, different AST parsing methods are utilized to parse the source code into
ASTs. Since these AST parsing methods adopt different lexical rules and grammar rules, distinct ASTs would
be generated for the same source code. As DL models are highly sensitive to input data, users must consider
whether the differences in ASTs generated by different parsers might affect the model’s learning of AST-based
code representation and subsequent code-related tasks. Utkin et al. [80] find out that ASTs generated by different
AST parsers vary in size and abstraction level, and such variation affects the models’ method name prediction
performance. Similar conclusions may also hold in other code-related tasks.

AST Preprocessing stage is responsible for preprocessing the AST to simplify the complexity of the AST [82, 91],
or to adapt to the input requirements of different DL models [78]. Existing preprocessing methods can be divided
into two categories according to the form of the AST data they output: sequential AST preprocessing methods
(e.g., SBT [37] and AST Path [5]) and structural AST preprocessing methods (e.g., Binary Tree [91] and Split
AST [68]). The effectiveness of these preprocessing methods has been verified in corresponding papers. However,
horizontal comparisons of these methods are still lacking. Besides, there are significant differences in node and
structure information among different sequential/structural AST data. The impact of these differences on the
model’s ability to learn AST-based code representation and its performance on subsequent code-related tasks is
still lacking systematic investigation.

AST encoding models transform preprocessed AST data into numerical vector representations (i.e., AST-based
code representation), which can be used for solving various code-related tasks. According to the form of the
preprocessed AST data, existing AST encoding methods can be categorized into two types: sequence models (e.g.,
BiLSTM [66] and Transformer [81]) and tree-structured models (e.g., TreeLSTM [77] and AST-Trans [78]). The
sequence models and tree-structure models are designed for encoding sequential AST data and structural AST
data, respectively. Just as with AST preprocessing methods, there exist notable differences between sequence
models and tree-structured models, as well as among different sequence/tree-structure models. Hence, we
conduct a systematic evaluation of the impact of different AST encoding models on the produced AST-based
code representation and subsequent code-related tasks.

To address the above gaps, in this paper, we conduct a comprehensive empirical study to: (1) reveal the impact
of the choice of AST parsing/preprocessing/encoding methods on AST-based code representation and subsequent
code-related tasks; (2) explore the effectiveness of the AST-based code representation in improving subsequent
code-related tasks. All experiments are performed on three popular types of code-related tasks, including a
code-to-code matching task, i.e., code clone detection [92], a text-to-code matching task, i.e., code search [64],
and a code-to-text generating task, i.e., code summarization [1]. We quantitatively evaluate the effectiveness of
the involved models on commonly used metrics for different tasks. A total of 11 metrics are used in the three
tasks. BigCloneBench [76] and CodeSearchNet (Java) [42] are selected as experimental datasets, which are widely
used in existing code-related studies.

Our experimental results demonstrate that the choice of AST parsing, preprocessing, and encoding methods
has a non-negligible impact on AST-based code representations and subsequent code-related tasks. Specifically,
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Fig. 1. Overview of our empirical study.

AST parsing methods that generate ASTs with smaller tree sizes, shallower tree depth, and higher abstraction
levels yield more favorable outcomes for all three code-related tasks. As for AST preprocessing methods, different
code-related tasks have varying requirements for AST node and structure information, leading to differences
in performance among different AST preprocessing methods across distinct tasks. Among the AST encoding
models we investigate, the Transformer performs best overall. However, there is still room for improvement in
designing Transformer-based models suitable for learning AST-based code representation from structural AST
data (e.g., Raw AST).

We also verify through experiments that the contribution of AST to the expressiveness of code representation
is weaker compared to Token. Nonetheless, it is worth noting that the models trained with ASTs outperform
the models trained with Token on certain samples of all three code-related tasks, such as pairs of code snippets
that have low token similarity in code clone detection, code snippets that require more high-level abstract
summaries in code summarization, and code snippets that semantically match but contain fewer query words in
code search. In these samples, the syntactic information contained in the AST plays a vital role in improving
the expressiveness of code representation as well as code-related tasks. It inspires us to combine multiple code
representation methods, such as Token and AST-based representation, to improve the effectiveness of code
representation.

The purpose of this study is to provide a systematic and generalized understanding of AST processing and
applications, which could facilitate learning AST-based code representation and solving many code-related tasks.
We hope that the conclusions of this paper can provide researchers with guidance on whether they need to
choose AST-based code representation and how to use ASTs for code representation. In summary, we make the
following contributions in this paper.

• We conduct a comprehensive evaluation of the impact of the choice of AST parsing, preprocessing, and
encoding methods on AST-based code representation and subsequent code-related tasks. Our study can
provide future researchers with detailed guidance on how to select solutions at each stage to fully exploit
AST.

• We conduct a systematic and quantitative evaluation of the effectiveness of AST-based code representations
on three popular types of code-related tasks. To better grasp under what circumstances AST-based code
representation can facilitate code-related tasks, we conduct a more detailed qualitative analysis of code
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characteristics in samples where models trained using ASTs performed better. The results of quantitative
evaluation and qualitative analysis demonstrate that the current application of AST in code-related tasks
is still insufficient, and the value of AST is not maximized. As ASTs are now being used in practice
under various contexts (many code-related tasks), the results in this paper call for more research on
context-specific AST-based code representation learning in the future.

• To facilitate replication and further research in this area, we release the source code, the dataset and
results of our experiments to help other researchers replicate and extend our study [75].

The remainder of this paper is organized as follows. Section 2 provides the research background. Section 3
describes our study design. Section 4 presents experimental results and concludes our findings. Section 5 discusses
some threats to validity. Section 6 introduces the related work. We conclude our study in Section 7.

2 Background

2.1 Abstract Syntax Tree
AnAbstract Syntax Tree (AST) is one of themost commonly used code features in code representation learning [65].
It uniquely represents a source code snippet in a given language and grammar. As the program is highly structured
data compared to plain text, many code-related works attempt to extract the structure information behind the
source code to capture syntactic information of the source code [71]. Currently, the specific definitions of AST
vary slightly across different sources. The representative one is the definition given by Alon et al. [4]. They
formalize the AST of a method/function code snippet as follows:

Definition 2.1 (Abstract Syntax Tree). An Abstract Syntax Tree (AST) for a method is a tuple ⟨𝑁 , 𝑇 , 𝑋 , 𝑠, 𝛿 , 𝜙⟩
where 𝑁 is a set of non-terminal nodes, 𝑇 is a set of terminal nodes, 𝑋 is a set of values, 𝑠 ∈ 𝑁 is the root node,
𝛿 ∶ 𝑁 → (𝑁 ∪ 𝑇)∗ is a function that maps a non-terminal node to a list of its children, ∗ represents closure
operation, and 𝜙 ∶ 𝑇 → 𝑋 is a function that maps a terminal node to an associated value. Every node except the
root appears exactly once in all the lists of children.

In the above definition, terminals are considered as leaf nodes of the AST. In fact, many researchers [11, 17, 49,
80, 96] also regard the values of the terminals as the leaf nodes. In this paper, we also follow the latter. We show
an example of AST in the supplemental material and our repository [75].

2.2 Code Representation Learning
Code representation learning aims to apply DL techniques to convert source code features (e.g., Token and AST)
into distributed, real-valued vector representations (also known as code representations/embeddings). Code
representations condense the semantics of code features, and two pieces of code with similar semantics will be
located close to one another in the vector space. Code representation enables the application of DL techniques in
various code-related tasks.

Code representation learning can be divided into two sequential processes: code feature extraction and code
feature representation. Code feature extraction is responsible for extracting code features, such as method
name [32, 64, 95], Token [15, 26, 30, 32, 41, 95], API sequences [14, 24, 32, 39], CFG [31, 82, 101], etc. AST
that we investigate in this paper is also a fundamental code feature, illustrating the syntactic structure of the
source code. More details on other code features are discussed in Section 6.1. Code feature representation is
responsible for applying DL techniques to convert source code features into code representations. Typically,
the code representation generated for the Token is called the Token-based code representation. In this paper,
we focus on code representations derived from ASTs, referred to as AST-based code representations. More
details on code representations for other code features are discussed in Section 6.2. To generate high-quality
and semantic-preserving AST-based code representation, researchers have successfully proposed many AST
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preprocessing methods and introduced many neural network models from the fields of CV and NLP as AST
encoding methods. AST preprocessing methods aim to transform the raw AST generated by AST parsing methods
into a data form that is streamlined and easy for AST encoding models to learn. As mentioned in Section 1,
common data forms encompass sequential AST data (e.g., SBT [37]) and structural AST data (e.g., Binary Tree [91]).
Correspondingly, to process different forms of AST data, existing research has introduced various sequence
models (e.g., BiLSTM [66]) and tree-structured models (e.g., TreeLSTM [77]). In this paper, we focus on evaluating
the impact of various choices of AST preprocessing and encoding methods, aiming to guide future researchers on
how to effectively exploit these methods to enhance AST-based code representation and their code-related tasks.

3 Study Design

3.1 Research Questions
The evaluation presented in this work aims to answer the following research questions:
RQ1: How do AST parsing methods affect the performance of AST-based code representation on
subsequent code-related tasks?

This research question systematically compares ASTs generated by different AST parsing methods. Their
differences are revealed through multiple quantitative measurements, including tree size, tree depth, branch
factor, unique types, and unique tokens, applicable programming languages (detailed in Section 4.1). These
differences may have implications for code representation and the models used for subsequent code-related tasks.
This research question aims to expose these implications. In this paper, we investigate the four commonly used
AST parsing tools, including JDT [45], srcML [21], ANTLR [62], and Tree-sitter [57] (detailed in Section 3.2). We
compare the performance differences of these four AST parsing tools and analyze the correlation between tree
size/tree depth/branch factor/unique types/unique tokens and evaluation results.
RQ2: How do AST preprocessing methods affect the performance of AST-based code representation on
subsequent code-related tasks?

Considering that the original AST generated by the AST parsing method may be too large and complex to be
learned by the code representation model, some researchers have proposed some AST preprocessing methods
to alleviate this. These preprocessing methods change (or even break) the structure and content of the original
AST. These changes may have implications for AST-based code representation and subsequent code-related task
models. This research question aims to expose these implications. In this paper, we investigate six commonly used
AST preprocessing methods, including Breadth-first Search (BFS), SBT [37], AST Path [5], Binary Tree [41, 82, 91],
and Split AST [52] (detailed in Section 3.3).
RQ3: How do AST encoding methods affect the performance of AST-based code representation on
subsequent code-related tasks?

Different neural network architectures/models (e.g., LSTM and Transformer) differ in capturing data features.
For the data characteristics of different AST preprocessing results (e.g., sequential data or structured data), existing
research has also tried a variety of neural network models to capture the features of these AST data. This research
question seeks to expose the impact of AST encoding methods on AST-based code representation and subsequent
code-related task models. In this paper, we investigated four AST encoding methods, including BiLSTM [66] and
Transformer [81] for sequential AST data, TreeLSTM [77] and AST-Trans [78] for structured AST data (detailed
in Section 3.4).
RQ4: Does AST improve the expressiveness of code representation and facilitate subsequent code-
related tasks?

This research question seeks to figure out whether code representations fused AST perform better on subsequent
code-related tasks than unfused ones. Some existing works [22, 38, 99] claim that AST can facilitate code
representation, while other works hold the opposite attitude [1, 41, 67, 82]. We conduct a comparative analysis of
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the performance of Transformer trained with four distinct types of inputs, including Token, SBT, SBT without
(w/o) Token, and Token + SBT w/o Token, on all three code-related tasks. Besides, we conduct a deeper analysis
to explore when to use AST-based code representation.

3.2 AST Parsing Method
AST parsing methods/tools (parsers, for short) are used to convert source code into corresponding abstract syntax
trees. There are many AST parsers available for different scenarios. In this paper, we conduct experiments to
investigate four commonly used AST parsers as follows.

Eclipse Java Development tools (JDT) [45]: JDT contains a set of plugins to support Java in the Eclipse IDE,
including code highlighting, code refactoring, and AST parsing. It has been widely used by researchers in solving
various software engineering tasks, such as code comment generation [37], code clone detection [13], and code
understanding [85].

srcML [21]: srcML is a lightweight and highly scalable AST parser, which converts source code into an XML
representation, where the markup tags identify elements of the AST. Currently, it supports C/C++, C#, and Java. It
has been used in multiple works. For example, LeClair et al. [50], Wei et al. [90], and Shahbazi et al. [67] leverage
srcML to parse AST in their code summarization techniques.

ANTLR [62]: ANTLR takes the grammar of the target programming language as input and generates a
corresponding AST parser. Currently, ANTLR supports many programming languages, including C++, Java, and
Python. In this paper, we use the open-source ANTLR Java grammar 1 to generate the Java parser. Shi et al.[68]
and Hua et al.[41] employ ANTLR as the AST parser in their code summarizer CAST and clone detector FCCA,
respectively.

Tree-sitter [57]: Like ANTLR, Tree-sitter can generate a parser for a target programming language using its
grammar. Tree-sitter focuses on real-time usage in text editors or IDEs, and thus, it can parse code incrementally
and is robust enough to parse code with syntax errors. In this paper, we use the most popular Tree-sitter Java
grammar 2 to generate the Java parser. Gu et al. [30] and Guo et al. [33] adopt Tree-sitter to parse source code
into AST in the code search tool and the pre-training task, respectively.

3.3 AST Preprocessing Method
In this section, we introduce several typical AST preprocessing methods that are investigated, including structure-
based traversal (SBT) [37], AST path [5], binary tree [41, 82, 91], and split AST [52].

Breadth-first Search (BFS). BFS is a traditional AST traversal method, which starts at the root node and
explores all nodes at the present depth before moving on to the nodes at the next depth level. Through BFS
traversal, users can get the node sequence of an AST.

Structure-based Traversal (SBT). SBT proposed by Hu et al. [37] is a popular AST traversal method and has
been widely used in the field of code representation [50, 90]. SBT converts a tree into a sequence consisting of
tree nodes and brackets, from which we can restore the original tree. SBT representation is produced via the tree
preorder traversal algorithm. The detailed procedure is as follows: 1) from the root node, SBT first uses a pair of
brackets to represent the tree structure and puts the root node itself behind the right bracket. 2) Then, it traverses
the subtrees of the root node and puts all root nodes of subtrees into the brackets. 3) Finally, it traverses each
subtree recursively until all nodes are traversed and the final sequence is produced.

AST Path. AST path proposed by Alon et al. [5] is a common AST traversal method, which represents the
AST using a set of paths extracted from the AST. An AST path is a path between two terminals in the AST, which
is formally defined as follows.

1https://github.com/antlr/grammars-v4/tree/master/java/java
2https://github.com/tree-sitter/tree-sitter-java
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Definition 3.1 (AST Path). Given an 𝐴𝑆𝑇 ∶= ⟨𝑁 , 𝑇 , 𝑋 , 𝑠, 𝛿 , 𝜙⟩ (see Definition 2.1), an AST-path of length 𝑘
is a sequence of the form: 𝑛1𝑑1⋯𝑛𝑘𝑑𝑘𝑛𝑘+1, where 𝑛1, 𝑛𝑘+1 ∈ 𝑇 are terminals, for 𝑖 ∈ [2⋯ 𝑘] ∶ 𝑛𝑖 ∈ 𝑁 are
non-terminals and for 𝑖 ∈ [1⋯ 𝑘] ∶ 𝑑𝑖 ∈ {↑, ↓} are movement directions (either up or down in the tree). If 𝑑𝑖 =↑,
then: 𝑛𝑖 ∈ 𝛿(𝑛𝑖+1); if 𝑑𝑖 =↓, then: 𝑛𝑖+1 ∈ 𝛿(𝑛𝑖). For an AST-path 𝑝, we use 𝑠𝑡𝑎𝑟 𝑡(𝑝) to denote 𝑛1 - the starting
terminal of 𝑝; and 𝑒𝑛𝑑(𝑝) to denote 𝑛𝑘+1 - its final terminal.

We use path-context as the final input of the encoding models. A path-context is a tuple of an AST path and
the values of two terminals, which are formally defined as follows.

Definition 3.2 (Path-context). Given an AST Path 𝑝, its path-context is a triplet ⟨𝑥𝑠𝑡𝑎𝑟 𝑡, 𝑝, 𝑥𝑒𝑛𝑑⟩ where 𝑥𝑠𝑡𝑎𝑟 𝑡 =
𝜙(𝑠𝑡𝑎𝑟 𝑡(𝑝)) and 𝑥𝑒𝑛𝑑 = 𝜙(𝑒𝑛𝑑(𝑝)) are the values associated with the start and end terminals of 𝑝.

Following previous work [6], we use maximum 𝑙𝑒𝑛𝑔𝑡ℎ – the maximal value of 𝑘 – to limit the length of an
AST Path, and the maximum 𝑤𝑖𝑑𝑡ℎ – the maximal difference in child index between two child nodes of the same
intermediate node – to limit the horizontal distance between nodes in an AST Path, thereby limiting the size of
the training data and reduce sparsity. These values are determined empirically as hyperparameters.

Binary Tree. Considering the computational cost, some existing code representation works [41, 82, 91]
transform an otherwise complex AST into a structurally simplified binary tree. Unlike a binary search tree (BST)
designed for ordered data retrieval, this binary tree is a purely topological variant where each non-leaf node has
at most two children. In an AST, different kinds of nodes may have different numbers of children, which can
cause problems in parameter-sharing [91]. Usually, to avoid this problem, ASTs are transformed into binary trees
whose nodes only have two or zero children. The process contains the following two steps: 1) split nodes with
more than two children, generate a new right child together with the old left child as its children, and then put
all children except the leftmost as the children of this new node; repeat this operation in a top-down way until
only nodes with zero, one, and two children are left; 2) combine nodes with one child with its child. Now only
nodes with zero or two children remain, and the AST is transformed into a binary tree. Fig. 2 shows a simplified
version of AST-to-Binary-Tree conversion process using fundamental tree-binarization algorithms.

Split AST. Due to the complexity of programs, the ASTs of the program source code are usually large and deep,
leading to long training time and gradient vanishing problems for DL models [68]. To overcome this problem,
some researchers propose to split the large and deep AST into a set of small and shallow subtrees. For example,
Zhang et al. [99] split an AST into small statement trees, each of which represents a statement in the source code.
Shi et al. [68] split an AST into a set of subtrees that are reconstructible. After learning the representation of
subtrees, they reconstruct the split ASTs and learn the AST’s representation from all subtrees’ representation by
a tree-based neural model. Lin et al. [52] first split the code of a method based on the blocks in the dominator
tree of the control flow graph (CFG), and then generate a split AST for each split code.

In this paper, we mainly investigate the state-of-the-art AST split solution proposed by Lin et al. [52]. The
reason why we investigate the solution by Lin et al. is detailed in Section 5.1.

We show examples of data produced by AST preprocessing methods in the supplemental material and our
repository [75].

3.4 AST Encoding Method
In this section, we will introduce two types of AST encoding methods: sequence models and tree-structured
models. More technical details about the AST encoding methods are provided in the supplemental material.

3.4.1 Sequence models.
(i) Bidirectional Long Short Term Memory (BiLSTM).
The LSTM architecture [35] addresses the problem of learning long-term dependencies of RNN by introducing

a memory cell that can preserve state over long periods of time [77]. Bidirectional LSTM (BiLSTM) [66] uses two
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Fig. 2. Simplified AST-to-Binary-Tree conversion process.

LSTMs at each layer. One LSTM takes the original sequence as input, and the other takes the reversed sequence
as input. So it is capable of modeling the sequential dependencies between words and phrases in both directions
of the sequence.

(ii) Transformer.
Transformer [81] has demonstrated strong feature learning ability on NLP tasks [46] and also proved to be

effective in software engineering studies [1, 33, 67]. The transformer follows an encoder-decoder structure and
utilizes a multi-headed self-attention mechanism and positional encoding to draw global dependencies between
input and output. For the code clone detection and the code search task, the decoder part of the Transformer is
not used since a decoder is not needed. For the code summarization task, both the encoder and decoder are used.

3.4.2 Tree-structured models.
(i) Tree-Structured Long Short-Term Memory Networks (TreeLSTM)
TreeLSTM was first proposed by Tai [77] to capture the syntactic properties of natural language. TreeLSTM is

a generalization of LSTMs to model tree-structured topologies. Given a tree, let 𝐶(𝑗) denote the set of children of
node 𝑗. The TreeLSTM unit at each node 𝑗 is defined to be a collection of vectors in ℝ𝑑, where ℝ is the set of real
numbers, 𝑑 is the memory dimension of the TreeLSTM: an input gate 𝑖𝑗, forget gates 𝑓𝑗𝑘 where 𝑘 ∈ 𝐶(𝑗), an output
gate 𝑜𝑗, a memory cell 𝑐𝑗 and a hidden state ℎ𝑗. The entries of the gating vectors 𝑖𝑗, 𝑓𝑗 and 𝑜𝑗 are in [0, 1]. There are
two types of TreeLSTM: Child-Sum TreeLSTM and N-ary TreeLSTM. The Child-Sum TreeLSTM is used on tree
structures where the number of children is arbitrary, and children’s orders are not considered. Contrastingly, the
N-ary TreeLSTM is used on tree structures where the number of children is at most 𝑁 and children are ordered,
i.e., they can be indexed from 1 to 𝑁. TreeLSTM has been widely adopted to capture the syntactic features in
ASTs. CDLH [91] uses TreeLSTM to learn representations of code fragments for clone detection, where code
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fragments are parsed to ASTs. Wang et al. [89] apply TreeLSTM to extract the important information from ASTs
for the task of code summarization.

(ii) AST-Trans.
AST-Trans [78] is a simple variant of the Transformer model to efficiently handle the tree-structured AST.

AST-Trans exploits ancestor-descendant and sibling relationship matrices to represent the tree structure, and
uses these matrices to dynamically exclude irrelevant nodes.

AST-Trans has the same encoder and decoder structure as the Transformer, while replacing the single-head
self-attention with tree-structured attention. The absolute position embedding from the original Transformer
is replaced with relative position embeddings defined by the two relationship matrices to better model the
dependency.

For an AST, it will first be linearized into a sequence, which means being transformed into SBT [37] in our
experiment. Then the ancestor-descendant and sibling relationships among its nodes will be denoted through
two specific matrices. Based on the matrices, tree-structured attention is adopted to better model these two
relationships. In the following part, we will introduce the construction of relationship matrices and tree-structured
attention.

3.5 Confounding Factors Separation
Tomeasure the impact of four AST parsers on the downstream tasks, many other steps are required, like processing
and encoding. To separate the effect of confounding factors from these steps, we utilize strategies as follows:

• RQ1: Controlling preprocessing and encoding to isolate the parser’s effect. When comparing the
four AST parsing methods, we fix both the preprocessing techniques (SBT or Raw AST) and the encoding
models (BiLSTM or TreeLSTM). We select SBT/Raw AST because these methods preserve rich node-level
and structural information, enabling a more faithful examination of the parser’s impact on downstream
tasks. Likewise, BiLSTM and TreeLSTM are chosen due to their simplicity, widespread adoption, and
minimal confounding complexity. With these components held constant, the performance differences
observed in RQ1 can be attributed primarily to the AST parsing method itself.

• RQ2: Reducing parser-specific bias with representative parsers. In RQ2, we select three represen-
tative parsers with different AST granularities: JDT and Tree-sitter, which generate compact ASTs, and
ANTLR, which produces substantially larger ASTs. (Note that JDT cannot process syntactically incorrect
fragments under the Split-AST setting, so it is excluded for that specific scenario.) We again adopt the
same BiLSTM/TreeLSTM encoders as in RQ1 to ensure that differences across experiments arise from the
parsers, not downstream components.

• RQ3: Using the best-performing configuration from RQ1 and RQ2. To further mitigate unrelated
variability, in RQ3 we use the best-performing parser identified in RQ1 (JDT) together with the best-
performing preprocessing method from RQ2 (SBT/Raw AST). This allows us to focus on the behavior
of AST representations under more challenging or realistic settings, while minimizing the influence of
external factors.

• RQ4: Evaluating token vs. AST representations under an optimal setup. In RQ4, we adopt the
optimal configuration identified in the earlier research questions, namely employing the JDT-generated
ASTs together with the SBT-based preprocessing strategy and a Transformer-based encoder. This design
ensures that the comparison between token-based and AST-based representations is conducted under a
robust and consistent experimental setup, eliminating potential artifacts introduced by suboptimal parser
or preprocessing choices.

In summary, across all research questions, we systematically fix preprocessing techniques, encodingmodels, and
parser selections whenever these components are not the primary variables under investigation.This experimental
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design allows us to confidently separate the true effects of AST parsing methods from other potential confounders.

3.6 Experimental Setup
3.6.1 Code-related Tasks.
(1) Code Clone Detection. This task is a binary classification problem to predict whether a given pair of codes
has the same semantics, with the 𝐹1-score used as the evaluation metric. Given 𝑛 code fragments {𝐶1, ..., 𝐶𝑛}where
𝐶𝑖 is the 𝑖-th raw code fragment, and pairwise labels to indicate whether two code fragments belong to a clone pair
or not: 𝑦𝑖𝑗=1 if (𝐶𝑖, 𝐶𝑗) is a clone pair, 𝑦𝑖𝑗=0 if (𝐶𝑖, 𝐶𝑗) is not a clone pair, then the training set is represented by a
set of triplets 𝒟 = {(𝐶𝑖, 𝐶𝑗, 𝑦𝑖𝑗)|𝑖, 𝑗 ∈ [𝑛], 𝑖 < 𝑗}, where [𝑛] = 1, 2, ..., 𝑛 [91]. Given a pair of code fragments, we first
convert them into ASTs using AST parsers and preprocess the ASTs if necessary. Then we use different encoding
methods to encode the input as vectors 𝑧𝑖 and 𝑧𝑗. Given 𝑧𝑖 and 𝑧𝑗, their distance is measured by 𝑧𝑖𝑗 = |𝑧𝑖 − 𝑧𝑗| for
semantic relatedness [77]. We use a linear layer and a softmax function to map 𝑧𝑖𝑗 to 𝑟𝑖𝑗 ∈ 𝑅2, where 𝑟𝑖𝑗[0] and
𝑟𝑖𝑗[1] represent the probability of 𝑦𝑖𝑗 = 0 or 𝑦𝑖𝑗 = 1 separately. We use cross-entropy as the loss function, which is
defined as

𝐽 (Θ, ̂𝑦 , 𝑦) = ∑(−(𝑦 ⋅ 𝑙𝑜𝑔( ̂𝑦) + (1 − 𝑦) ⋅ 𝑙𝑜𝑔(1 − ̂𝑦))) (1)
Our goal is to minimize the loss, and we use Adam as the optimizer. The training will stop if the model’s 𝐹1-score
on the evaluation dataset doesn’t exceed the previous best 𝐹1-score for more than 3 continuous epochs. After
training, the model with the best 𝐹1-score is stored. For new code pairs (𝐶𝑖, 𝐶𝑗), they will be fed into the reloaded
model and get 𝑟𝑖𝑗 and ̂𝑦 = 𝑟𝑖𝑗[1]. We get the prediction of whether (𝐶𝑖, 𝐶𝑗) is a clone pair by

𝑃𝑟𝑒𝑑𝑖𝑐𝑡 𝑖𝑜𝑛 = {
𝑇 𝑟𝑢𝑒 ̂𝑦 > 𝛿
𝐹𝑎𝑙𝑠𝑒 ̂𝑦 ≤ 𝛿

(2)

where 𝛿 is the threshold. We enumerate 𝛿 from 0.01 to 0.99 with a step of 0.01 and evaluate the model on the
evaluation dataset. The 𝛿 with the best model 𝐹1-score is chosen as the final 𝛿.
(2) Code Summarization Code summarization is the task of generating natural language descriptions for
the given code snippets. It can help developers quickly understand and maintain source code [74]. With the
availability of large-scale data, deep learning methods are widely used to improve the performance of code
summarization tools. The pioneers find that some Seq2Seq models, such as RNN [7, 20] and LSTM [43], are
capable of modeling the semantic relations between code snippets and summaries. To capture the structural
information, some researchers use TreeLSTM to process structural representations of code [69, 77]. However,
RNN-based methods have poor long-term dependence. To break through the bottleneck that may be encountered
when modeling long sequences, some Transformer-based methods [1, 94] are proposed, which show superior
performance for the task.

Generally, the code summary model consists of two parts: an encoder and a decoder. The encoder uses the
required input data to generate the context vectors 𝑒𝐸𝑛. Then, the decoder takes in 𝑒𝐸𝑛 and unfolds it into the
target sequence. The words in the target sequence are predicted one by one, which means the word with the
highest probability is selected from the vocabulary each time.

Specifically, when both encoder and decoder are based on LSTM, the initial hidden state and cell state of the
decoder are initialized by 𝑒𝐸𝑛. The dynamic model is as follows:

ℎ𝑡, 𝑐𝑡 = 𝑓 (𝑦𝑡−1, ℎ𝑡−1, 𝑐𝑡−1)
𝑝(𝑦𝑡|𝑌<𝑡, 𝑋 ) = 𝑔(𝑦𝑡−1, ℎ𝑡−1)

(3)

where 𝑓 (⋅) and 𝑔(⋅) are activation functions. ℎ𝑡 and 𝑐𝑡 are the hidden state and the cell state at time 𝑡. 𝑦𝑡 is the
predicted target word at 𝑡. 𝑌<𝑡 denotes the history 𝑦1, 𝑦2, … , 𝑦𝑡−1.
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When both encoder and decoder are based on Transformer, the memory of the decoder is initialized by 𝑒𝐸𝑛.
The dynamic model is as follows:

𝑝(𝑦𝑡|𝑌<𝑡, 𝑋 ) = 𝑘(𝑌<𝑡, 𝑒𝐸𝑛) (4)

where 𝑘(⋅) is activation function.
In our experiment, when the encoder is BiLSTM, Transformer, or AST-Trans, the decoder is the same neural

network architecture, which means BiLSTM, Transformer, or AST-Trans. When the encoder is TreeLSTM, the
decoder is BiLSTM.
(3) Code Search. The task is to find specific code snippets according to a natural language query. Previous
studies mainly relied on the textual similarity between source code and natural language queries. Since the
rise of DL technology, today it is more often to jointly embed code snippets and natural language descriptions
into a high-dimensional vector space, in such a way that a code snippet and its corresponding description have
similar vectors. Using the unified vector representation, code snippets related to a natural language query can
be retrieved according to their vectors. Semantically related words can also be recognized, and irrelevant/noisy
keywords in queries can be handled. According to related works, the loss function tends to be a triplet loss
function, which is defined as:

𝐿(𝑎, 𝑝, 𝑛) = 𝑚𝑎𝑥(𝑑(𝑎, 𝑝) − 𝑑(𝑎, 𝑛) + 𝛼, 0) (5)
where 𝑑(𝑥, 𝑦) measures the distance between 𝑥 and 𝑦, and 𝛼 is the margin that ensures the positive code snippet
is closer to the anchor than the negative code snippet. We can consider different distance metrics for 𝑑, such as
the Cosine distance . To construct a triplet, we first randomly select a description from the dataset as the anchor.
Its corresponding code snippet is then used as the positive example, while a random code snippet unrelated to
the anchor is chosen as the negative example.

3.6.2 Datasets.
(1) Dataset for Code Clone Detection.

BigCloneBench. BigCloneBench is a well-known dataset of method-level Java code clones provided by
Svajlenko et al. [76], which is a widely used large code clone benchmark [56]. It consists of known true and false
positive clones from a big data inter-project Java repository. Lu et al. [56] filter the BigCloneBench dataset by
discarding code snippets without any tagged true or false clone pairs. In this paper, we directly use the filtered
BigCloneBench dataset provided by Lu et al. in CodeXGLUE 3 [56] and remove the data if there exists at least one
AST parser that cannot parse the code. Table 1 presents the statistics of the BigCloneBench dataset, including
programming language, training set size, validation set size, and test set size.
(2) Dataset for Code Search and Code Summarization.

CodeSearchNet. The CodeSearchNet dataset [42] is a vast collection of methods accompanied by their
respective comments, written in Go, Java, JavaScript, PHP, Python, and Ruby. These methods are sourced from
open-source projects hosted on GitHub. This dataset is widely used in studying code search [11, 30, 33, 53, 95]
and code summarization [33, 52, 67, 103]. Analogously, Lu et al. [56] show that some comments contain content
unrelated to the code snippets and perform data cleaning on the CodeSearchNet dataset. Therefore, in this paper,
we directly use the clean version of the CodeSearchNet dataset provided by them in CodeXGLUE. In our specific
case, we consider Java as the only programming language in our experiments, so we concentrated on utilizing the
Java-related data from the CodeSearchNet dataset while disregarding data in other languages. Table 1 presents
the statistics of the Java corpus of the CodeSearchNet dataset.

3.6.3 Evaluation Metrics.
(1) Evaluation Metrics for Code Clone Detection

3https://github.com/microsoft/CodeXGLUE
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Table 1. Dataset statistics

Dataset Language Training Validation Test
BigCloneBench Java 900,713 415,416 415,416
CodeSearchNet Java 164,923 5,183 10,955

Precision (𝑃) measures among all of the clone pairs detected by a clone detection approach, how many of them
are true clone pairs:

𝑃 =
# of true clone pairs

Total # of detected clone pairs
(6)

Recall (𝑅) measures among all known true clone pairs, how many of them are detected by a clone detection
approach:

𝑅 =
# of true clone pairs detected

Total # of known true clone pairs
(7)

𝐹1-score (𝐹1) is a harmonic mean of precision and recall.

𝐹1 = 2 × 𝑃 × 𝑅
𝑃 + 𝑅

(8)

Following previous work [33, 91, 99], we use Recall, Precision, and 𝐹1-score as the evaluation metric in the
code clone detection task.
(2) Evaluation Metrics for Code Summarization

We use three automatic metrics (BLEU [61], METEOR [8], and ROUGE [19]) to evaluate the quality of the
generated comments in the code summarization task. These three metrics are widely used in code summariza-
tion [29, 39, 43, 81, 84, 94].

BLEU-4, the abbreviation for BiLingual Evaluation Understudy [61], is widely used for evaluating the quality
of generated summaries [39, 43, 84]. It compares 𝑛-grams in the predicted and target summaries. Typical imple-
mentations of BLEU scores set the range of 𝑛 from 1 to 4. An average BLEU score is then computed by combining
these individual 𝑛-gram scores using predetermined weights.

METEOR [8] is introduced to address the concerns of using BLEU [61]. It is also widely used to evaluate
the quality of generated summaries [89, 96, 98]. It combines n-gram precision and n-gram recall by taking their
harmonic mean to compute a measure of similarity.

ROUGE-L [19] evaluates how much reference text appears in the generated text. It is also widely used to
evaluate the quality of generated code summaries [9, 52, 67]. Based on the longest common subsequence (LCS), it
uses the F-score, which is the harmonic mean of precision and recall.

BertScore [100] is a metric that reflects the semantic similarity of two summaries. It uses a variant of BERT [23]
(we use the default 𝑅𝑜𝐵𝐸𝑅𝑇𝑎𝑙𝑎𝑟𝑔𝑒 [54]) to embed every token in the summaries, and computes the pairwise inner
product between tokens in the reference summary and generated summary. Then it matches every token in the
reference summary and the generated summary to compute the precision, recall, and 𝐹1 measure. We report the
𝐹1 measure of BERTScore.
(3) Evaluation Metrics for Code Search

SuccessRate@k (𝑆𝑅@𝑘) [82] measures the percentage of queries for which more than one correct result
could exist in the top 𝑘 ranked results, which is calculated as follows:

𝑆𝑅@𝑘 = 1
|𝑄|

|𝑄|
∑
𝑖=1

𝛿(𝐹𝑅𝑎𝑛𝑘𝑄𝑖 ⩽ 𝑘) (9)
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where 𝑄 is a set of queries, 𝛿(⋅) is a function that returns 1 if the input is true and returns 0 otherwise, and
𝐹𝑅𝑎𝑛𝑘𝑄𝑖 refers to the rank position of the correct result for the 𝑖-th query in 𝑄. SuccessRate@k is important
because a better code search engine should allow developers to discover the needed code by inspecting fewer
returned results. The higher the SuccessRate value is, the better the code search performance is.

Mean Reciprocal Rank (𝑀𝑅𝑅) [82] is the average of the reciprocal ranks of results of a set of queries 𝑄. The
reciprocal rank of a query is the inverse of the rank of the first hit result. The MRR is defined as:

𝑀𝑅𝑅 = 1
|𝑄|

|𝑄|
∑
𝑖=1

1
𝐹𝑅𝑎𝑛𝑘𝑄𝑖

(10)

where |𝑄| is the size of the query set. The higher the MRR value is, the better the code search performance is.

3.6.4 Statistical Tests.
To find out whether or not there is a statistically significant difference between different treatments in our

experiments, we conduct statistical tests.
(1) Code Clone Detection: McNemar’s Test + Odds Ratio
We use McNemar’s test for the significance test. The experimental results are divided into four categories

and represented in a 2*2 matrix. The four categories are (a) samples that are misclassified by both treatment-1
and treatment-2, (b) samples that are misclassified by treatment-1 and correctly classified by treatment-2, (c)
samples that are correctly classified by treatment-1 and misclassified by treatment-2, and (d) samples that are
correctly classified by both treatment-1 and treatment-2. When the 𝑝−𝑣𝑎𝑙𝑢𝑒 is less than 0.05, there is a significant
difference.

We use the Odds Ratio (OR) to measure effect size. The experimental results are also divided into four categories
and represented in a 2*2 matrix. To ensure that the OR value has meaning, the four categories are different as
above. The four categories are (a) samples that are misclassified by treatment-1, (b) samples that are correctly
classified by treatment-2, (c) samples that are misclassified by treatment-2, and (d) samples that are correctly
classified by treatment-2. Thereby, the Odds Ratio means that the risk of misclassification using treatment-1 is
{OR} times that of using treatment-2. When the OR value is 1, it means that the two treatments have no impact
on the experimental results. When the OR value is greater than 1, it means that treatment-1 is more likely to
result in a misclassification. When the OR value is less than 1, it means that treatment-2 is more likely to result
in a misclassification.

(2) Code Summarization & Code Search: Wilcoxon signed-rank test + Cliff’s delta
We use the Wilcoxon signed-rank test for the significance test and Cliff’s delta to measure effect size. For code

summarization, the observation value is the BLEU, METEOR, ROUGE-L, and BertScore for each sample in the
test dataset. For code search, the observation value is 1/𝑟𝑎𝑛𝑘 where 𝑟𝑎𝑛𝑘 is the rank of the ground-truth code
snippet. When the 𝑝 − 𝑣𝑎𝑙𝑢𝑒 is less than 0.05, there is a significant difference. Cliff’s delta ranges from -1 to 1.
When Cliff’s delta is 0, it means the compared groups tend to overlap. The larger the absolute value of Cliff’s
delta is, the larger the effect size is.

3.6.5 Experimental settings. At the training stage, we employ the AdamW optimizer [55] along with a linear
learning rate scheduler. To ensure comprehensive training, we use an early stopping strategy based on the best
validation 𝐹1/BLEU/MRR to control the number of training epochs for the model. For specific parameter settings,
since different models and code-related tasks use different parameters, please refer to our code published on
GitHub [75]. All models are implemented using the PyTorch 1.10.0 framework with Python 3.8. All experiments
are conducted on servers equipped with one or two Tesla V100 GPU(s) with 32 GB memory, running on Ubuntu
20.04.4.
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Table 2. Comparison of ASTs generated by different AST parsing methods in the five metrics. Column Parsing lists AST
parsing methods for comparison.

Dataset Parsering Tree Size Tree Depth Branch Factor Unique Types Unique Tokens Language Support
Mean Median Mean Median Mean Median Mean Median Mean Median

BigCloneBench

JDT 312 213 13 12 2 2 22 22 58 48 Java
srcML 529 356 22 21 1 1 26 26 67 55 Java/C/C++/C#
ANTLR 709 480 27 26 2 2 37 37 76 65 Any

Tree-sitter 485 329 14 13 2 2 28 27 76 65 Any

CodeSearchNet

JDT 117 83 10 10 2 2 16 15 29 24 Java
srcML 193 135 18 17 1 1 23 23 37 29 Java/C/C++/C#
ANTLR 262 184 22 21 2 2 31 31 42 36 Any

Tree-sitter 181 126 11 11 2 2 20 19 42 36 Any

Average

JDT 214.5 148 11.5 11 2 2 19 18.5 43.5 36 –
srcML 361 245.5 20 19 1 1 24.5 24.5 52 42 –
ANTLR 485.5 332 24.5 23.5 2 2 34 34 59 50.5 –

Tree-sitter 333 227.5 12.5 12 2 2 24 23 59 50.5 –

4 Results and Findings

4.1 Answer to RQ1: How do AST parsing methods affect the performance of AST-based code
representation on subsequent code-related tasks?

As mentioned in Section 1, different AST parsing methods use different lexical and grammatical rules, resulting
in ASTs with other structures and node labels. Therefore, before applying AST to subsequent code-related tasks,
it is necessary to figure out whether and where the Raw ASTs generated by different AST parsing methods are
different. This will help reveal which differences have an impact on AST-based code representation as well as
subsequent code-related tasks. We follow the study of Utkin et al. [80] and use five metrics to characterize ASTs
generated by AST parsing methods.

Tree size. It is defined as the total number of nodes in an AST.
Tree depth. It is defined as the number of nodes in the path from the root of an AST to its deepest node.
Branching factor: It is defined as the average number of children of non-leaf nodes in an AST.
Unique types: It is defined as the number of unique non-leaf nodes in an AST. Lower values of unique types

represent a higher level of abstraction used in an AST parsing method, as it can represent the same code snippet
in a more compact way [80].

Unique tokens: It is defined as the number of unique sub-tokens in AST leaf nodes, which often represent
code tokens. Lower values of unique tokens also reflect a higher level of abstraction (e.g., whether an AST parsing
method keeps binary operators as code tokens or as node types [80].

Tree size, tree depth, and branching factor reflect the difference in the structure of ASTs and can be used to
estimate how different the trees are size-wise. Unique types and unique tokens reflect the difference in node
labels of ASTs. Lower values in unique types and unique tokens mean a higher level of abstraction.

Specifically, we compare the ASTs generated by the four commonly used AST parsing methods, i.e., JDT, srcML,
ANTLR, and Tree-sitter, which are discussed in detail in Section 3.2. We utilize them to generate ASTs for Java
code snippets in the BigCloneBench and CodeSearchNet datasets, then compute the five metrics for each AST
parsing method.

Table 2 presents the mean and median values of the computed metrics for each AST parsing method. From
Table 2, it is observed that in terms of structure (i.e., tree size, tree depth, and branch factor), the ASTs generated by
ANTLR achieve the maximum mean and median values. This means that ANTLR tends to generate larger, deeper
ASTs than the other three. Compared with ANTLR, JDT is the other extreme. The ASTs generated by JDT achieve
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Table 3. Effect of AST parsing methods on the performance of models trained with AST

Preprocessing Encoding Parsing Code Clone Detection Code Summarization Code Search

Recall Precision 𝐹1 BLEU METEOR ROUGE-L BertScore SR@1 SR@5 SR@10 MRR

SBT BiLSTM

JDT 73.06 78.68 75.77 9.013 4.540 16.45 83.19 0.1720 0.4052 0.5276 0.2827
srcML 69.77 80.39 74.70 8.667 4.019 17.04 82.05 0.1395 0.3023 0.3604 0.2254
ANTLR 71.59 80.11 75.61 7.689 3.353 13.49 82.50 0.1279 0.2093 0.2674 0.1791

Tree-sitter 72.56 79.00 75.64 8.660 4.332 15.99 82.97 0.1744 0.3605 0.4419 0.2732

AST TreeLSTM

JDT 84.25 92.18 88.04 9.779 5.317 18.54 83.15 0.0906 0.2076 0.2660 0.1524
srcML 78.13 82.87 80.43 9.578 3.517 18.28 83.25 0.0556 0.1784 0.2485 0.1181
ANTLR 87.06 84.04 85.52 9.372 3.425 17.79 83.10 0.0760 0.1520 0.2251 0.1226

Tree-sitter 84.76 88.36 86.52 9.280 3.521 17.97 82.91 0.0760 0.1784 0.2193 0.1268

Table 4. Statistical tests results for RQ1. The first number is the p-value for McNemar’s test / Wilcoxon signed-rank test. The
second number (in the parentheses) is Odds Ratio / Cliff’s delta.

Model Parsing Code Clone Detection Code Summarization Code Search
BLEU METEOR ROUGE-L BertScore

BiLSTM

JDT vs srcML 0.071(0.99) <0.001(-0.02) <0.001(0.05) <0.001(-0.05) <0.001(0.25) <0.001(0.87)
JDT vs ANTLR 0.082(1.01) <0.001(0.08) <0.001(0.17) <0.001(0.12) <0.001(0.15) <0.001(0.89)

JDT vs Tree-sitter 0.975(1.0) <0.001(0.02) <0.001(0.03) 0.004(0.02) <0.001(0.05) <0.001(0.9)
srcML vs ANTLR <0.001(1.02) <0.001(0.11) <0.001(0.14) <0.001(0.18) <0.001(-0.1) <0.001(-0.06)

srcML vs Tree-sitter 0.049(1.01) <0.001(0.04) <0.001(-0.02) <0.001(0.07) <0.001(-0.21) <0.001(0.09)
ANTLR vs Tree-sitter 0.081(0.99) <0.001(-0.07) <0.001(-0.14) <0.001(-0.1) <0.001(-0.1) <0.001(0.15)

TreeLSTM

JDT vs srcML <0.001(0.59) <0.001(-0.0) <0.001(0.2) 0.461(0.01) <0.001(-0.05) <0.001(0.03)
JDT vs ANTLR <0.001(0.8) <0.001(0.02) <0.001(0.22) <0.001(0.03) 0.817(-0.0) <0.001(-0.8)

JDT vs Tree-sitter <0.001(0.86) <0.001(0.02) <0.001(0.21) 0.003(0.02) <0.001(0.05) <0.001(0.08)
srcML vs ANTLR <0.001(1.36) <0.001(0.02) 0.005(0.02) <0.001(0.02) <0.001(0.04) <0.001(-0.81)

srcML vs Tree-sitter <0.001(1.46) <0.001(0.02) 0.421(-0.0) 0.012(0.01) <0.001(0.1) <0.001(0.05)
ANTLR vs Tree-sitter <0.001(1.08) 0.989(0.0) 0.003(-0.02) 0.066(-0.02) <0.001(0.05) <0.001(0.83)

the minimum mean and median values in both tree size and tree depth. The same phenomenon that ANTLR and
JDT tend to generate larger and smaller ASTs, respectively, can also be observed in the CodeSearchNet dataset.
In terms of abstraction level, ANTLR generates ASTs with more unique types and unique tokens, followed by
Tree-sitter and srcML, and then JDT.

. Summary ▶ The ASTs generated by different AST parsing methods differ in structure size (especially in
tree size and tree depth), and abstraction level. The AST generated by JDT is the smallest, shallowest, and has
the highest level of abstraction, whereas ANTLR is the opposite. Tree-sitter and srcML are both intermediate
in structure size and abstraction level between JDT and ANTLR. ◀

Therefore, we further discuss the influence of these differences on AST-based code representation and the
performance of models trained with AST on subsequent code-related tasks. Specifically, to obtain more general
findings and conclusions, the experiments in this section involve all four AST parsers (i.e., JDT, srcML, ANTLR,
and Tree-sitter), two AST preprocessing methods (i.e., SBT and Raw AST), two AST encoding methods (i.e.,
BiLSTM for encoding SBT and Child-Sum TreeLSTM for encoding Raw AST), and three tasks (i.e., code clone
detection, code summarization, and code search).

Table 3 presents the overall performance of BiLSTM-based and TreeLSTM-based models trained with ASTs
generated by four AST parsing methods on three subsequent code-related tasks. Table 4 shows the statistical
test results. It is observed that on the code clone detection task, when the encoding model is BiLSTM, srcML is
significantly worse than ANTLR and Tree-sitter, while the results of other parsers show no significant difference.
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Table 5. Pearson correlation coefficient between Tree Size/Tree Depth/Branch Factor/Unique Types/Unique Tokens and the
evaluation result of each sample in the test dataset. Numbers in parentheses are p-values.

Task Encoding Tree Size Tree Depth Branch Factor Unique Types Unique Tokens

Code Clone Detection BiLSTM -0.004(<0.001) -0.004(<0.001) 0.003(<0.001) -0.002 (0.003) -0.006(<0.001)
TreeLSTM 0.004(<0.001) -0.18(<0.001) 0.030(<0.001) -0.007(<0.001) 0.002(0.034)

Code Summarization BiLSTM -0.023(<0.001) -0.038(<0.001) -0.023(<0.001) -0.039(<0.001) -0.012(0.013)
TreeLSTM -0.026(<0.001) -0.013(0.008) -0.023(<0.001) -0.012(0.015) -0.021(<0.001)

Code Search BiLSTM 0.062(<0.001) 0.059(<0.001) -0.008(0.087) 0.077(<0.001) 0.079(<0.001)
TreeLSTM -0.064(<0.001) -0.171(<0.001) -0.086(<0.001) -0.184(<0.001) -0.023(<0.001)

The reason why there is no significant difference between other AST parsers is the insufficient learning ability of
BiLSTM. When the encoding model is TreeLSTM, there is a significant difference between the four AST parsers,
and JDT achieves the highest 𝐹1-score. On the code summarization task, JDT achieves the highest score across
all metrics except for ROUGE-L when the encoding model is BiLSTM and BertScore when the encoding model is
TreeLSTM. For ROUGE-L, the results of the statistical test show that there is no significant difference between
JDT and the best-performing parser srcML. Hence, on the code summarization task, overall JDT performs best
across all metrics. On the code search task, except that TreeLSTM trained with AST generated by Tree-sitter
performs best in SR@1, the models trained with the AST generated by JDT perform best in other cases (e.g., in all
four metrics and two preprocessing settings). And there is a significant difference between all AST parsers. In
most cases, the AST parser will affect the effectiveness of code representation. To sum up, JDT performs best on
all three tasks, achieving the highest scores on most metrics.

Recall that the tree size, tree depth, unique types, and unique tokens of the ASTs generated by JDT are the
smallest. Therefore, although the ASTs generated by srcML, ANTLR, and Tree-sitter generally contain richer
information than that of JDT, this richness could potentially impose a higher learning burden on the model at the
same time, which may not be conducive to improving the model’s performance on subsequent code-related tasks.

To verify our conjecture, we calculate the Pearson correlation coefficient between Tree Size/Tree Depth/Branch
Factor/Unique Types/Unique Tokens and the evaluation result of each sample in the test dataset, shown in Table 5.
To represent the evaluation result of each sample, for code clone detection, we use a 0-1 sequence where 0 means
the sample is incorrectly classified and 1 means the sample is correctly classified. For code summarization, we use
the BLEU score of each sample. For code search, we use 1/𝑟𝑎𝑛𝑘, where 𝑟𝑎𝑛𝑘 is the rank of the ground-truth code
snippet. From Table 5, it is observed that TreeSize, TreeDepth, Branch Factor, Unique Types, and Unique Tokens
have a weak negative correlation with the evaluation results in most cases. In the code search task, when the
model is BiLSTM, all metrics except Branch Factor are positively correlated with the experimental results (and
the four AST parsers have only a small difference in Branch Factor). Theoretically, it should be that the larger the
AST parser is in the four metrics, the better the performance is. However, it is not the truth. For example, ANTLR
performs worse than srcML. It reveals that these five metrics (especially Unique Types and Unique Tokens) cannot
fully describe all the features of ASTs. We need to find more metrics to reflect features of ASTs, such as the node
label quality.

. Summary ▶ JDT, which generates ASTs with the smallest tree size, shallowest tree depth, and highest
abstraction level, yields the most favorable outcomes on all three tasks. This suggests that too many nodes in
the AST or too deep trees can impede the DL model’s ability to learn code semantics from the AST. ◀
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4.2 Answer to RQ2: How do AST preprocessing methods affect the performance of AST-based code
representation on subsequent code-related tasks?

In this section, we discuss the impact of AST preprocessing methods on AST-based code representation as well as
subsequent code-related tasks. AST preprocessing methods we investigate can be classified into two categories:
one processes ASTs into sequential data, while the other processes ASTs into structural data. For sequential data,
including BFS, SBT, and AST Path, we uniformly leverage BiLSTM, a representative sequence model, to encode
them. For structural data encompassing Raw AST and Split AST, we uniformly utilize Child-Sum TreeLSTM to
encode them. For the Binary Tree, we use N-ary TreeLSTM as the encoder.

In RQ1, the sizes and depths of ASTs generated by different AST parsing methods are ranked in ascending
order as follows: JDT, Tree-sitter, srcML, and ANTLR. In this RQ, we select JDT (which generates the smallest
AST) and ANTLR (which generates the largest AST) as representative AST parsing methods to eliminate the
influence of AST sizes on the RQ conclusions. Meanwhile, for Raw AST, Binary Tree, and Split AST, Tree-sitter
(producing the second-smallest AST) is used instead of JDT. During the processing of Split AST, code snippets
are divided into code pieces, which may contain syntactic errors that prevent JDT from generating their ASTs.

Table 6 presents the overall performance of BiLSTM-based and TreeLSTM-based models on three code-related
tasks. Table 7 shows the statistical test results. These models are trained using ASTs preprocessed by the above six
AST preprocessing methods. Combining the results in Table 6 with the observations in Section 3.3, we can analyze
the impact of AST node and structure information on AST-based code representation and different code-related
tasks, providing some guidelines for choosing appropriate AST preprocessing methods for each code-related task.

For the code clone detection task, from Table 6, it is observed that for three sequential AST data, the
conclusions on JDT and ANTLR are consistent: the BiLSTM-based model trained with SBT achieves the highest 𝐹1-
score, outperforming those trained with AST Path and BFS. For the three structural AST data, the best-performing
AST preprocessing method varies. Raw AST performs best when preprocessing ASTs generated by JDT, while
Binary Tree yields the best results with ANTLR-generated ASTs. Split AST consistently performs the worst. The
effectiveness of Binary Tree for ANTLR-generated ASTs may be attributed to the presence of numerous parent
nodes with only one child node. During the processing of the Binary Tree, such nodes are merged with their
child node, reducing AST depth and potentially improving performance. Table 7 shows that there are significant
differences between the experimental results of each preprocessing method.

Recall that, as detailed in Section 3.3, SBT and Raw AST retain complete node and structure information while
other preprocessing methods do not. This demonstrates that both node and structure information are crucial to
identifying code clones. Therefore, the preprocessing method that preserves complete AST nodes and structure
information is optimal, especially for small ASTs.

For the code summarization task, from Table 6, it is observed that for three sequential AST data, the
conclusions on JDT and ANTLR are consistent in general: the BiLSTM-based trained with SBT has achieved the
best performance on BLEU, METEOR, ROUGE-L, and BertScore (except that ANTLR-generated SBT has lower
BertScore than BFS). Although JDT-generated SBT may not significantly outperform BFS in terms of BLEU and
ROUGE-L while ANTLR-generated SBT performs relatively better than AST Path and BFS. Notably, the BLEU
score of the model trained with SBT has exhibited an improvement of 1.36% and 0.87% on JDT and 2.82% and
4.27% on ANTLR over those of the BiLSTM-based models trained with BFS and AST Path, respectively. It indicates
that complete node and structure information (SBT) is the optimal choice when generating code summaries using
sequence models. Besides, BFS (complete nodes, little structure information) has exhibited superior performance
compared to AST Path (partial nodes, partial structure information), suggesting that nodes play a crucial role in
sequence models to generate code summaries.

Among the three structural AST data, the TreeLSTM-based model trained with Binary Tree attains the highest
scores on BLEU, METEOR, ROUGE-L and BertScore with significant difference. Therefore, we can find that
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Table 6. Overall performance of models trained with six types of AST preprocessing methods.

Parsing Encoding Preprocessing Code Clone Detection Code Summarization Code Search

Recall Precision 𝐹1 BLEU METEOR ROUGE-L BertScore SR@1 SR@5 SR@10 MRR

JDT BiLSTM
BFS 68.24 78.52 72.88 8.347 3.849 16.01 82.07 0.1453 0.3372 0.4244 0.2440
SBT 73.06 78.68 75.77 9.013 4.540 16.45 83.19 0.1720 0.4052 0.5276 0.2827

AST Path 72.84 77.45 75.08 7.550 4.118 14.07 82.47 0.1543 0.4383 0.5185 0.2904

Tree-sitter TreeLSTM
Raw AST 84.76 88.36 86.52 9.280 3.521 17.97 82.91 0.0760 0.1784 0.2193 0.1268

Binary Tree 80.64 90.96 85.49 9.570 3.761 18.33 83.29 0.0706 0.1765 0.2353 0.1279
Split AST 66.64 71.57 69.02 9.336 3.634 17.85 83.03 0.0588 0.1647 0.2588 0.1179

ANTLR

BiLSTM
BFS 62.92 82.23 71.29 5.336 1.845 8.295 80.24 0.0933 0.2391 0.3149 0.1695
SBT 71.59 80.11 75.61 7.689 3.353 13.49 82.50 0.1279 0.2093 0.2674 0.1791

AST Path 61.17 65.58 63.30 5.041 1.853 7.972 79.12 0.0978 0.2786 0.3524 0.1839

TreeLSTM
Raw AST 87.06 84.04 85.52 9.372 3.425 17.79 83.10 0.0760 0.1520 0.2251 0.1226

Binary Tree 85.60 89.51 87.51 9.443 3.734 18.17 83.19 0.0673 0.1813 0.2456 0.1273
Split AST 55.87 51.40 53.45 9.403 3.573 18.02 83.18 0.0526 0.1023 0.1637 0.0868

although Raw AST contains complete node and structure information, the TreeLSTM-based model trained with it
has the worst code summarization performance. Compared with Raw AST, both Binary Tree and Split AST remove
some redundant node/structure information or retain only essential nodes and structures, resulting in improved
performance in code summarization. Of course, it is undeniable that both node and structure information is
crucial to facilitate AST-based code representation and code summarization tasks.

For the code search task, from Table 6, it is observed among the three sequential AST data, there is a
significant discrepancy between the conclusions of JDT and ANTLR. On JDT, the BiLSTM-based model trained
with SBT attains the highest values on SR@1 and SR@10 (i.e., 0.1720 and 0.5276, respectively), whereas the
BiLSTM-based model trained with AST Path has the highest values on SR@5 and MRR (i.e., 0.4383 and 0.2904,
respectively). In comparison to the BiLSTM-based model trained with AST Path, the BiLSTM-based model trained
with SBT has exhibited improvements of 11.47% and 1.76% on SR@1 and SR@10, respectively. However, on
ANTLR, BiLSTM-based model trained SBT performs best on SR@1 and AST path attains highest values on SR@5,
SR@10, and MRR. Conversely, the BiLSTM-based model trained with AST has improved SR@5 and MRR by 8.17%
and 2.72% over the BiLSTM-based model trained with JDT-generated SBT and improved SR@1 by 37.08% with
ANTLR-generated SBT, respectively.

Among the three structural AST data, the TreeLSTM-based model trained with AST yields the best results on
SR@1 and SR@5 (0.0760 and 0.1784, respectively), the TreeLSTM-based model trained with Binary Tree exhibits
the best performance on MRR (0.1279), and while the TreeLSTM-based model trained with Split AST exhibits the
best performance on SR@10 (0.2588), a similar result can be observed on models trained with ANTLR-generated
AST. From Table 7, it is observed that experimental results between different AST preprocessing methods are
significant. In terms of overall performance, the TreeLSTM-based model trained with Raw AST emerges as the
top performer, followed by the models trained with Binary Tree and Split AST. However, when it comes to larger
AST, the TreeLSTM-based model trained with Binary Tree takes the lead.

Based on the performance of BiLSTM-based and TreeLSTM-based models trained with different preprocessed
data, we can conclude that, similar to the code clone detection task, capturing complete node and structure
information is most advantageous on code search tasks.
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Table 7. Statistical tests results for RQ2. The first number is the p-value for McNemar’s test / Wilcoxon signed-rank test. The
second number (in the parentheses) is Odds Ratio / Cliff’s delta.

Parser Model Preprocessing Code Clone Detection Code Summarization Code Search
BLEU METEOR ROUGE-L BertScore

JDT BiLSTM
BFS vs SBT <0.001(1.09) 0.823(-0.01) <0.001(-0.07) 0.875(0.01) <0.001(-0.26) <0.001(-0.89)

BFS vs AST Path <0.001(1.05) <0.001(0.11) <0.001(0.04) <0.001(0.13) <0.001(-0.09) <0.001(-0.01)
SBT vs AST Path <0.001(0.96) <0.001(0.11) <0.001(0.09) <0.001(0.11) <0.001(0.16) <0.001(0.83)

Tree-sitter TreeLSTM
AST vs Binary Tree <0.001(0.96) <0.001(-0.02) <0.001(-0.03) 0.002(-0.02) <0.001(-0.1) <0.001(-0.07)
AST vs Split AST <0.001(0.42) 0.013(-0.01) 0.005(-0.01) 0.343(0.00) <0.001(-0.04) <0.001(-0.14)

Binary Tree vs Split AST <0.001(0.44) <0.001(0.01) <0.001(0.02) <0.001(0.02) <0.001(0.06) <0.001(-0.08)

ANTLR

BiLSTM
BFS vs SBT <0.001(1.1) <0.001(-0.2) <0.001(-0.33) <0.001(-0.3) <0.001(0.08) <0.001(0.86)

BFS vs AST Path <0.001(0.75) <0.001(-0.04) <0.001(-0.2) <0.001(0.01) <0.001(0.87) <0.001(0.86)
SBT vs AST Path <0.001(0.68) <0.001(0.23) <0.001(0.14) <0.001(0.34) <0.001(0.82) <0.001(0.24)

TreeLSTM
AST vs Binary Tree <0.001(1.17) 0.002(-0.01) <0.001(-0.06) <0.001(0.04) 0.008(-0.02) <0.001(0.81)
AST vs Split AST <0.001(0.26) <0.001(0.03) <0.001(0.04) 0.024(0.02) 0.011(-0.02) <0.001(0.68)

Binary Tree vs Split AST <0.001(0.23) <0.001(0.05) <0.001(0.09) <0.001(-0.01) 0.971(0.00) <0.001(-0.15)

. Summary ▶ AST preprocessing effectiveness is highly contingent on both the target task and encoder
architecture. For code clone detection and search requiring structural comprehension, information-preserving
methods (SBT for sequences, Raw AST for trees) perform best. For summarization, BiLSTM favors a complete
AST context (SBT), whereas TreeLSTM benefits from structural simplification (Binary Tree). AST scale
significantly influences outcomes, with larger ASTs (e.g., from ANTLR) particularly suited to structural
compression techniques. Method selection should therefore holistically consider task objectives, model
design, and AST properties. ◀

4.3 Answer to RQ3: How do AST encoding methods affect the performance of AST-based code
representation on subsequent code-related tasks?

In this section, we conduct experiments to investigate the impact of AST encoding methods on AST-based code
representation and follow-up code-related tasks. Specifically, we investigate two types of models, i.e., sequence
models and tree-structured models. Both of them are widely used to encode AST in existing code-related studies.
For sequence models, we compare two classic models, BiLSTM and Transformer. Such models are not inherently
designed to process tree-structured data. Therefore, AST must first be transformed into a sequential format to be
fed into these models. For tree-structured models, we compare two representative models, i.e., TreeLSTM and
AST-Trans. Such models are specifically designed to handle tree-structured data and can more effectively capture
the structural information of AST. From the perspective of model architecture, BiLSTM and TreeLSTM are built
on the LSTM architecture, while Transformer and AST-Trans are built on the Transformer architecture. Therefore,
we analyze the experimental results from two perspectives: (1) between sequence models and tree-structured
models, which one is more effective in modeling AST; and (2) between LSTM and Transformer, which architecture
is more suitable for building an AST-based code representation model. For a fair comparison, we uniformly
employ JDT to generate ASTs for the BigCloneBench and CodeSearchNet datasets, since JDT achieves the best
performance, detailed in Section 4.1. For BiLSTM and Transformer, we convert AST into SBT to adapt to the
models. For TreeLSTM and AST-Trans, we feed the Raw AST into the models.

Table 8 shows the overall performance of models built on the four AST encoding methods on three code-related
tasks. Table 9 shows the statistical test results. It is observed that compared with the models built on BiLSTM, the
models built on Transformer overall perform better on all three tasks. Besides, the model built on TreeLSTM
outperforms that built on AST-Trans on the code clone detection tasks, but the reverse is true on the code
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Table 8. Overall performance of models built on four different AST encoding methods

Parsing Preprocessing Encoding Code Clone Detection Code Summarization Code Search

Recall Precision 𝐹1 BLEU METEOR ROUGE-L BertScore SR@1 SR@5 SR@10 MRR

JDT
SBT BiLSTM 73.06 78.68 75.77 9.013 4.540 16.45 83.19 0.1720 0.4052 0.5276 0.2827

Transformer 92.57 91.06 91.81 15.01 8.558 29.85 87.16 0.2216 0.4898 0.6122 0.3490

Raw AST TreeLSTM 84.25 92.18 88.04 9.779 5.317 18.54 83.15 0.0906 0.2076 0.2660 0.1524
AST-Trans 87.66 87.96 87.81 10.30 4.710 20.11 84.99 0.1241 0.2701 0.3430 0.2015

Table 9. Statistical test results for RQ3. The first number is the p-value for McNemar’s test / Wilcoxon signed-rank test. The
second number (in the parentheses) is Odds Ratio / Cliff’s delta.

Model Code Clone Detection Code Summarization Code Search
BLEU METEOR ROUGE-L BertScore

BiLSTM vs Transformer <0.001(2.95) <0.001(-0.29) <0.001(-0.38) <0.001(-0.42) <0.001(-0.67) <0.001(0.31)
BiLSTM vs TreeLSTM <0.001(2.11) <0.001(-0.08) <0.001(-0.1) <0.001(-0.1) 0.825(0.0) <0.001(0.87)
BiLSTM vs AST Trans <0.001(1.98) <0.001(-0.14) 0.002(-0.06) <0.001(-0.17) <0.001(-0.43) <0.001(0.92)

Transformer vs TreeLSTM <0.001(0.72) <0.001(0.23) <0.001(0.31) <0.001(0.35) <0.001(0.68) <0.001(0.76)
Transformer vs AST Trans <0.001(0.67) <0.001(0.2) <0.001(0.38) <0.001(0.31) <0.001(0.41) <0.001(0.83)
TreeLSTM vs AST Trans <0.001(0.94) <0.001(-0.05) <0.001(0.06) <0.001(-0.07) <0.001(-0.44) <0.001(0.15)

summarization and code search tasks. Combining the above observations, we can conclude that the Transformer
architecture is more advantageous than the LSTM architecture in building the AST-based code representation
model.

Comparing the performance of BiLSTM and TreeLSTM, it is observed from Table 8 that the models built on
TreeLSTM achieve better performance in the code clone detection and code summarization tasks, while the
model built on BiLSTM achieves better performance in the code search task. It indicates that tree-structured
models are better suited for the code clone detection and code summarization tasks, while sequence models
are better suited for the code search task. However, a similar phenomenon does not appear in the comparison
between Transformer and AST-Trans, as shown in Table 8, where Transformer outperforms AST-Trans in all
metrics. Unlike Transformer, AST-Trans takes the relationship matrix as input in addition to SBT, and uses
tree-structured attention to model the structure information of AST. Nevertheless, we believe that there is still
room for improvement in enhancing the Transformer architecture to better model AST structures.

The statistical test results shown in Table 9 demonstrate a significant difference between encoding models,
except for BiLSTM and TreeLSTM on BertScore, which does not threaten our conclusion.

. Summary ▶ Among the four AST encoding methods investigated in this paper, Transformer performs
best overall. Tree-structured models (e.g., TreeLSTM) and sequence models (e.g., Transformer) each have their
own advantages in modeling AST. This paper finds that tree-structured models are better suited for the code
clone detection and code summarization task, while sequence models are better suited for the code search
task. However, there is still room for improvement in designing a model built on Transformer architecture
that is suitable for modeling the structural information of AST. ◀

4.4 Answer to RQ4: Does AST improve the expressiveness of code representation and facilitate
subsequent code-related tasks?

Previous works [28, 69, 79, 99] hold on to the point that AST contains syntactic knowledge, which contributes
more to modeling source code than token information, but there is no solid evidence. To figure out whether
AST can improve the effectiveness of code representation, we conduct a comparative analysis of models trained
with four distinct types of inputs, including Token, SBT, SBT w/o Token, and Token + SBT w/o Token, on three
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Table 10. Overall performance of models trained with four types of inputs on three code-related tasks

Model Input Code Clone Detection Code Summarization Code Search

Recall Precision 𝐹1 BLEU METEOR ROUGE-L BertScore SR@1 SR@5 SR@10 MRR

Transformer

Token 93.80 93.15 93.74 15.14 8.975 30.75 87.19 0.3615 0.6122 0.6909 0.4774
SBT 92.57 91.06 91.81 15.01 8.558 29.85 87.16 0.2216 0.4898 0.6122 0.3490

SBT w/o Token 68.47 58.40 63.03 11.56 5.204 22.22 85.37 0.0421 0.0146 0.0671 0.0962
Token + SBT w/o Token 91.39 93.75 92.55 14.72 8.658 29.87 87.06 0.3586 0.6327 0.7114 0.4842

code-related tasks, i.e., code clone detection, code search, and code summarization. The specifics of the four inputs
are outlined below:

Token: Use the complete token sequence of the code snippet as input.
SBT: Use SBT sequences as input. Here, code snippets are parsed into AST using JDT. SBT sequences are

generated using the AST preprocessing method proposed by Hu et al. [37], as detailed in Section 3.3.
SBT w/o Token: The difference between SBT and SBT w/o Token is that we change every leaf node label to

<mask> in SBT w/o Token. Intuitively, we can regard SBT w/o Token as only retaining the structural information
of the AST. Fig. 3 shows an example of Token, SBT, and SBT w/o Token.

Token + SBT w/o Token: We feed the model with Token and SBT w/o Token, and let it learn the embedding
vectors for these two inputs, respectively. Then, we concatenate these two vectors on the second dimension and
use a linear layer to compress the concatenated vector to get the final embedding vector, which is the same size
as the Token embedding vector and SBT w/o Token embedding vector. In fact, SBT and Token + SBT w/o Token
can be regarded as two combinations of token information and syntactic information.

Code

int a=1;

Token

['int', 'a', '=', '1', ';']

SBT

(VariableDeclarationStatement(PrimitiveType(int)int)PrimitiveType(VariableDeclarationFragment(SimpleName(a)a)SimpleName(Nu
mberLiteral(1)1)NumberLiteral)VariableDeclarationFragment)VariableDeclarationStatement

SBT w/o Token

(VariableDeclarationStatement(PrimitiveType(<mask>)<mask>)PrimitiveType(VariableDeclarationFragment(SimpleName(<mask>)
<mask>)SimpleName(NumberLiteral(<mask>)<mask>)NumberLiteral)VariableDeclarationFragment)VariableDeclarationStatement

Fig. 3. An example of Token, SBT, and SBT w/o Token.

In this RQ, we uniformly use JDT as the AST parsing method. This is because JDT is the best-performing AST
parser in RQ1, and Transformer is the best-performing encoding model in RQ3.

Table 10 presents the overall performance of Transformer-based models trained with four types of inputs on
the three code-related tasks. Table 11 shows the statistical test results. The experimental results of Token are
significantly different from those of others according to Table 11. The exception is that for the code summarization
task, Token and SBT achieve results with no significant difference in BertScore. Additionally, on the code search
task, the experimental results of Token and Token + SBT w/o Token show no significant difference. Overall, the
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Table 11. Statistical test results for RQ4. The first number is the p-value for McNemar’s test / Wilcoxon signed-rank test. The
second number (in the parentheses) is Odds Ratio / Cliff’s delta.

Model Input Code Clone
Detection

Code Summarization Code Search
BLEU METEOR ROUGE-L BertScore

Transformer

Token vs SBT <0.001(0.79) <0.001(0.02) <0.001(0.04) <0.001(0.03) 0.164(0.0) <0.001(0.32)
Token vs SBT w/o Token <0.001(0.15) <0.001(0.18) <0.001(0.38) <0.001(0.28) <0.001(0.34) <0.001(0.73)

Token vs Token + SBT w/o Token <0.001(0.89) <0.001(0.02) <0.001(0.03) <0.001(0.02) <0.001(0.02) 0.674(-0.0)
SBT vs SBT w/o Token <0.001(0.19) <0.001(0.15) <0.001(0.34) <0.001(0.24) <0.001(0.34) <0.001(0.49)

SBT vs Token + SBT w/o Token <0.001(1.13) 0.298(0.0) 0.194(-0.01) 0.169(-0.01) <0.001(0.02) <0.001(-0.32)
SBT w/o Token vs Token + SBT w/o Token <0.001(6.01) <0.001(-0.16) <0.001(-0.36) <0.001(-0.27) <0.001(-0.33) <0.001(-0.74)

models trained with Token perform significantly better on all three tasks. Besides, models trained with SBT w/o
Token significantly perform worse than models trained with the other three types of input. Therefore, we can
come to the conclusion that lexical information (Token) plays a major role in AST-based code representation and
solving code-related tasks.

Fig. 4. Venn diagram of samples on which models trained with Token/SBT perform better.

Tufano et al. [79] suggest that different code features (e.g., Token, AST, CFG, and DFG) can provide an
orthogonal view of the same code snippet. To figure out under what circumstances SBT (or syntactic information)
can perform better than Token, we further drill down to analyze samples where models trained with only Token or
SBT perform better. Fig. 4 shows the Venn diagram of samples on which models trained with Token/SBT perform
better on code clone detection, code summarization, and code search. The percentage of the test samples might
benefit from the AST-based code representation is 2.14%, 28.45%, and 39.20% on code clone, code summarization,
and code search, respectively. The non-overlapping parts of the Venn diagram indicate that Token is more effective
in some cases, while SBT is more effective in other cases. If we can find a way to distinguish these two types of
cases and combine token-based and AST-based code representation, we may be able to improve the effect of code
representation.

Hence, we undertake a more detailed excavation of the characteristics of the code within samples where
SBT-based models perform better. For the code clone detection task, intuitively, the model trained with Token
should exhibit greater accuracy in identifying true clone pairs with similar tokens. In this paper, we leverage
the Jaccard index [60] which is widely used in code clone detection works [40, 44, 47] to compute the similarity
between tokens of two code snippets in each clone pair. The Jaccard index 𝑆𝐽𝑎𝑐𝑐𝑎𝑟𝑑 between two code snippets
can be computed as follows:

𝑆𝐽𝑎𝑐𝑐𝑎𝑟𝑑 = 𝐽𝑎𝑐𝑐𝑎𝑟𝑑𝐼 𝑛𝑑𝑒𝑥(𝑐𝑜𝑑𝑒1, 𝑐𝑜𝑑𝑒2) =
|𝑇 𝑜𝑘(𝑐𝑜𝑑𝑒1) ∩ 𝑇 𝑜𝑘(𝑐𝑜𝑑𝑒2)|
|𝑇 𝑜𝑘(𝑐𝑜𝑑𝑒1) ∪ 𝑇 𝑜𝑘(𝑐𝑜𝑑𝑒2)|

(11)
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Table 12. Number of samples that Token/SBT is better counted by different 𝑆𝐽𝑎𝑐𝑐𝑎𝑟𝑑 intervals.

Input ≤ 0.1 (0.10, 0.15] (0.15, 0.20] (0.20, 0.25] (0.25, 0.30] (0.30, 0.35] >0.35 Average Score

Token 33 363 627 429 282 94 34 0.2021
SBT 84 553 154 145 136 59 34 0.1763
Ratio 71.79% 60.37% 19.72% 25.26% 32.54% 38.56% 50% /

Table 13. Number of samples that Token/SBT is better counted by different 𝑒 intervals

Input ≤0.05 (0.05, 0.10] (0.10, 0.15] (0.15, 0.20] >0.20 Average Score

Token 3110 1061 429 153 65 0.0473
SBT 2822 922 363 124 59 0.0453
Ratio 47.57% 46.5% 45.83% 44.77% 47.58% /

Table 14. Number of samples that Token/SBT is better counted by different 𝑟 intervals

Input ≤ 0.1 (0.1, 0.12] (0.12, 0.14] (0.14, 0.16] >0.16 Average Score

Token 6209 298 212 181 258 0.046
SBT 2678 133 93 66 146 0.050
Ratio 30.13% 30.86% 30.49% 26.72% 36.14% /

where 𝑇 𝑜𝑘(⋅) is a function used to tokenize code snippets; | ⋅ | represents the size of the set. As for the tokenizer,
we use the pre-trained tokenizer provided by CodeBERT [27].

Table 12 divides the true clone pairs in the test dataset into 7 intervals according to the Jaccard index, and
counts the number of clone pairs only detected by the model trained with Token and the number of clone pairs
only detected by the model trained with SBT. 𝑅𝑎𝑡𝑖𝑜 in Table 12, Table 13 and Table 14 refers to the proportion of
samples on which SBT performs better to the total samples, that is to say 𝑅𝑎𝑡𝑖𝑜 = 𝑁𝑈𝑀(𝑆𝐵𝑇 )/(𝑁𝑈𝑀(𝑆𝐵𝑇 ) +
𝑁𝑈𝑀(𝑇 𝑜𝑘𝑒𝑛)), where 𝑁𝑈𝑀(𝑇𝑜𝑘𝑒𝑛) and 𝑁𝑈𝑀(𝑆𝐵𝑇 ) refers to the number of samples on which models trained
with Token/SBT perform better respectively. No matter which interval, some clone pairs are only correctly
detected by the model trained with Token/SBT. When the Jaccard index is less than 0.15, SBT detects more
clone pairs. It reveals that, when the similarity between the tokens of two code snippets in a clone pair is low,
AST-based code representation is a better alternative than token-based code representation. As the Jaccard index
increases, 𝑅𝑎𝑡𝑖𝑜 first decreases and then increases. It indicates that when the textual similarity between code and
code is relatively high, Token is a more effective way to represent code. However, when the textual similarity
reaches a certain level, the effectiveness of SBT also increases. This is because the leaf nodes in AST also tend to
be similar, not because of the syntactic information in the AST. Considering the complexity difference between
using SBT and using Token, as well as the input length limit of DL models, it is recommended to use Token as
model input when the Jaccard similarity is high.

Fig. 5 visually shows an example from BigCloneBench of a true cloned code pair ⟨𝑠3, 𝑠4⟩ which is only detected
by Transformer-based models trained with Token. Due to the page limit, we only display the ASTs of partial code
statements highlighted in red font. Fig. 5(b) showcases the AST of the 4-𝑡ℎ statement in 𝑠3. Fig. 5(d) showcases
the AST of the 3-𝑡ℎ and 5-𝑡ℎ statements in 𝑠4. It is observed that although the code statements highlighted in red
font in 𝑠3 and 𝑠4 share many similar tokens and implement the same semantics, that is, using the url to create an
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idx 4562786

1 private String GetResponse(URL url) {

2 String content = null;

3 try {

4 HttpURLConnection conn = (HttpURLConnection) url.openConnection();

5 conn.setDoOutput(false);

6 conn.setRequestMethod("GET");

7 ......

8 } catch (IOException e) {

9 e.getStackTrace();

10 }

11 return content;

12 }

(a) Code Snippet 𝑠3 (b) AST of the 4-𝑡ℎ statement in 𝑠3

idx 5989666

1 private String postXml(String url, String soapAction, String xml) {

2 try {

3 URLConnection conn = new URL(url).openConnection();

4 if (conn instanceof HttpURLConnection) {

5 HttpURLConnection hConn = (HttpURLConnection) conn;

6 hConn.setRequestMethod("POST");

7 }

8 ......

9 } catch (IOException e) {

10 throw new RuntimeException(e);

11 }

12 }

(c) Code Snippet 𝑠4 (d) AST of the 3-𝑡ℎ and 5-𝑡ℎ statements in 𝑠4

Fig. 5. An example of a clone pair detected by the Transformer-based model trained with Token.

HTTP connection, their ASTs are significantly different. In this case, feeding syntax information into the DL
model is not conducive to identifying clone pairs.

Fig. 6 shows an example where syntactic information is conducive to code clone detection. The example is also
a true clone pair from BigCloneBench, which is only detected by Transformer-based models trained with SBT.
Contrary to Fig. 5, the code statements highlighted in red font in 𝑠5 and 𝑠6 share a few similar tokens, but their
ASTs are very similar. In this case, syntactic information helps Transformer identify this clone pair.

For the code summarization task, Intuitively, code summarization is easier if most of the words in the
summary can be found in the code. In this case, it may be sufficient to train the model with only the Token.
Therefore, we measure the ease of code summarization by the proportion of words in the summary that appear
in the code snippet, which is represented by 𝑒. It can be regarded as a conditional probability distribution in set
theory, which is the proportion of the intersection of two sets 𝐴 and 𝐵 relative to the size of either set 𝐴 or 𝐵.
In our setting, 𝐴 and 𝐵 are summaries and the corresponding code snippets. Therefore, 𝑒 can be computed as
follows:

𝑒 = 𝑃(𝑐𝑜𝑑𝑒|𝑠𝑢𝑚𝑚𝑎𝑟𝑦) =
|𝑇 𝑜𝑘(𝑠𝑢𝑚𝑚𝑎𝑟𝑦) ∩ 𝑇 𝑜𝑘(𝑐𝑜𝑑𝑒)|

|𝑇 𝑜𝑘(𝑠𝑢𝑚𝑚𝑎𝑟𝑦)|
(12)

where 𝑇 𝑜𝑘(⋅) is a function used to tokenize summaries and code snippets; | ⋅ | represents the size of the set. As for
the tokenizer, we use the pre-trained tokenizer provided by CodeBERT[27].

We count the number of samples on which models trained with Token/SBT obtain better BLEU scores in
different 𝑒 intervals, which is shown in Table 13. 𝑅𝑎𝑡𝑖𝑜 is defined similarly as Table 12. From Table 13, it is observed
that as 𝑒 increases, 𝑅𝑎𝑡𝑖𝑜 tends to first decrease, then increase. The conclusion is similar to that in the code clone

ACM Trans. Softw. Eng. Methodol.

 



1:26 • W. Sun and C. Fang, Y. Miao, Z. Chen, M. Yuan, Y. Chen, Q. Zhang, A. Guo, X. Chen, Z. Chen.

idx 15241397

1 protected void doGet(HttpServletRequest request, HttpServletResponse response) 
throws ServletException, IOException {

2 ......

3 InputStream inputStream = httpURLConnection.getInputStream();

4 OutputStream outputStream = response.getOutputStream();

5 IOUtils.copy(inputStream, outputStream);

6 }

(a) Code Snippet 𝑠5

idx 4716110

1 public static void copyFile(File in, File out) throws Exception {

2 FileChannel sourceChannel = new FileInputStream(in).getChannel();

3 FileChannel destinationChannel = new FileOutputStream(out).getChannel();

4 sourceChannel.transferTo(0, sourceChannel.size(), destinationChannel);

5 sourceChannel.close();

6 destinationChannel.close();

7 }

(b) Code Snippet 𝑠6

(c) AST of statements in lines 3–5 of 𝑠5 (d) AST of statements in lines 2–4 of 𝑠6

Fig. 6. An example of a clone pair detected by the Transformer-based model trained with SBT.

detection task; syntactic information embedded in AST can facilitate code representation and subsequent code
summarization tasks when the similarity between code and summary is low. When 𝑒 is greater than 0.2, the
performance of SBT also increases. We believe it is attributed to the overlap between leaf nodes and summaries,
rather than the structural information provided by AST. Therefore, when the similarity between the code and the
summary is high, the better code representation method is still Token, considering the usage complexity and
model input length limit. In other words, if you want to generate a summary that contains fewer tokens in the
code, the AST-based code representation can be taken into account.

Fig. 7 illustrates two code summarization cases, where two code snippets 𝑠7 and 𝑠8 in (a) and (d) are from the
CodeSearchNet dataset. From Fig. 7(a) and (b), it is observed that compared with the summary generated by the
model trained with SBT, the summary generated by the model trained with Token has a higher BLEU value of
1.0 and is closer to the reference summary. The 𝑒 between 𝑠7 and its reference summary we compute is 0.8571.
From Fig. 7(c) and (d), it can be seen that the summary generated by the model trained with SBT has a BLEU
value of 0.4416 and is better than that generated by the model trained with Token (0.1674). The 𝑒 between 𝑠8 and
its reference summary we compute is only 0.2. These two examples intuitively illustrate that SBT is suitable for
situations where the code snippet itself lacks tokens that can be used to constitute a summary, such as when
the tokens (especially the developer-defined identifiers) in the code snippet are not informative. The developer’s
expectation that the model should not rely on the identifiers within the code snippet when generating summaries
can be regarded as one such case.

For the code search task, intuitively, the results of the code search are more relevant if most of the words in
the user queries can be found in the code. In this case, it may be sufficient to train the code search model directly

ACM Trans. Softw. Eng. Methodol.

 



Abstract Syntax Tree for Programming Language Understanding and Representation • 1:27

(c) A Java code snippet 𝑠!

(d) Summaries generated by models trained with Token/SBT for 𝑠!

1 public <T> T getValue(final String key) {

2 T val = (T) map.get(key);

3 if (val instanceof Map) {

4 return (T) new JsonObject((Map) val);

5 }

6 if (val instanceof List) {

7 return (T) new JsonArray((List) val);

8 }

9 return val;

10 }

Reference: Returns the value with the specified key as an object. 𝑒: 0.2

Token: Gets the value of the JSON property. BLEU: 0.1674

SBT: Returns the value associated with the specified key. BLEU: 0.4416

(a) A Java code snippet 𝑠"

(b) Summaries generated by models trained with Token/SBT for 𝑠"

1 private String addTitleToHtmlFile(String html, String title){

2 if (html == null) {return html;}

3 if (title != null) {

4 getLog().debug("Setting the title in the HTML file 
to: " + title);

5 return html.replaceFirst("titleToken", title);

6 } else {

7 getLog().debug("Title was null, setting the title 
in the HTML file to an empty string");

8 return html.replaceFirst("titleToken", "");

9 }

12 }

Reference: Adds the title to the html file. 𝑒: 0.8571

Token: Adds the title to the HTML file. BLEU: 1.0

SBT: Adds the HTML. BLEU: 0.2671

Fig. 7. Case of SBT having a negative/positive effect on code summarization task.

with Token. Therefore, similar to the calculation of 𝑒, we measure the relevance of the query and the code by the
proportion of words in the query that appear in the code snippet. The relevance of code search represented by 𝑟
can be computed as follows:

𝑟 = 𝑃(𝑐𝑜𝑑𝑒|𝑞𝑢𝑒𝑟𝑦) =
|𝑇 𝑜𝑘(𝑞𝑢𝑒𝑟𝑦) ∩ 𝑇 𝑜𝑘(𝑐𝑜𝑑𝑒)|

|𝑇 𝑜𝑘(𝑞𝑢𝑒𝑟𝑦)|
(13)

where 𝑇 𝑜𝑘(⋅) is a function used to tokenize queries and code snippets; | ⋅ | represents the size of the token set. As
for the tokenizer, we also use the pre-trained tokenizer provided by CodeBERT [27].

We count the number of samples on which the ground-truth results (i.e., code snippets) are ranked higher
by models trained with Token/SBT in different 𝑟 intervals. Table 14 shows the results 𝑅𝑎𝑡𝑖𝑜 is defined similarly
as in Table 12. From Table 14, it is observed that 𝑅𝑎𝑡𝑖𝑜 is bigger when 𝑟 is quite low or quite high, which is
similar to Table 12 and Table 13. Hence, our conclusion is the same as that of the code clone detection and
code summarization tasks. When the textual similarity between the query and the code is low, which means
the developer expects the matching code to contain fewer tokens in the query, the structural information in the
AST has the potential to improve code representation. In other cases, token-based code representation is more
recommended.

Fig. 8 illustrates two code search cases, where queries 𝑞1 and 𝑞2 in (a) and (d) are comments from the Code-
SearchNet dataset. Fig. 8(b) and (e) shows two code snippets 𝑠9 and 𝑠10 that are ground-truth results of 𝑞1 and
𝑞2, respectively. Fig. 8(c) and (f) show the rankings of 𝑠9 and 𝑠10 in corresponding results retrieved for 𝑞1 and 𝑞2
respectively by the models trained with Token/SBT. For example, “Rank (Token as input): 1” in Fig. 8(c) indicates
that 𝑠9 ranks first in the results retrieved by the model trained with Token for query 𝑞1, while it ranks 6th in the
results retrieved by the model trained with SBT (denoted “Rank (SBT as input): 6” in Fig. 8(c)). Clearly, in this
case, the model trained with Token outperforms the one trained with SBT. The 𝑟 we calculate between 𝑠9 and 𝑞1
has a large value of 0.6333. From Fig. 8(e) and (f), it can be seen that the rankings of 𝑠10 in the results retrieved for
𝑞2 by the models trained with Token and SBT are 105 and 23, respectively. It indicates that in this case, the model
trained with SBT outperforms the one trained with Token. The 𝑟 between 𝑠10 and 𝑞2 we compute is only 0.0556.
These two examples intuitively illustrate that SBT is suitable for situations where the code snippet itself may not
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1 protected void onError(Exception ex) {

2 Notification.show("Error", 
ex.getLocalizedMessage(), 
Notification.Type.ERROR_MESSAGE)

3 }

Rank (Token as input): 105 Rank (SBT as input): 23 r:0.0556

1 private static String getRoleWithDefaultPrefix(String
defaultRolePrefix, String role){

2 if(role == null) {return role;}

3 if(defaultRolePrefix==null||defaultRolePrefix.length()==0){

4 return role;}

5 if(role.startsWith(defaultRolePrefix)) {return role;} 

6 return defaultRolePrefix + role;}

Rank (Token as input): 1 Rank (SBT as input): 6 r:0.6333

Query: Prefixes role with defaultRolePrefix if defaultRolePrefix is non - null and if role
does not already start with defaultRolePrefix.

Query: Handler for errors reported by REST endpoints.

(a) A Java code search query 𝑞!

(b) A Java code snippet 𝑠" retrieved by models trained with Token/SBT for 𝑞!

(d) A Java code search query 𝑞#

(c) Rankings of 𝑠" in results retrieved by models trained with Token/SBT

(e) A Java code snippet 𝑠!$ retrieved by models trained with Token/SBT 𝑞#

(f) Rankings of 𝑠!$ in results retrieved by models trained with Token/SBT

Fig. 8. Case of SBT having a negative/positive effect on code search task.

contain many tokens that may appear in the user queries, such as when the identifiers in the code snippet are not
informative, or the user’s query is quite abstract and does not contain words that may appear in the code snippet.

These findings further provide practical guidance for developers and researchers on how to select and utilize
appropriate code representations in real-world scenarios. Although token-based representations generally achieve
better overall performance, syntactic information encoded in ASTs can still offer complementary benefits under
specific conditions. Therefore, instead of treating token and AST representations as competing alternatives,
practitioners should consider how to adaptively choose or combine them based on the characteristics of their
specific tasks.

For code clone detection and other similarity-based tasks, developers can directly compute the Jaccard similarity
between two code snippets before model training or inference. This value serves as a concrete and accessible
indicator for representation selection. When the Jaccard similarity is relatively high (e.g., above 0.15), token-
level overlap between snippets is already strong enough to capture their equivalence, making token-based
representations the recommended choice. Conversely, when the Jaccard similarity is low, but the code snippets
are expected to be functionally related, AST-based representations can better capture the underlying structural
and semantic similarities.

In code search tasks, although developers cannot directly measure variables such as 𝑒/𝑟 in advance, the
experimental findings still provide useful guidance for practical decision-making. When the goal is to retrieve
code snippets that share high lexical overlap with natural language queries, such as when query terms resemble
function or variable names, token-based models should be preferred, as they preserve detailed lexical information
and improve keyword-level matching. However, if the developer aims to find semantically relevant code that
may use different identifiers or abstractions, AST-based models can leverage syntactic structure and semantic
relations to enhance retrieval performance.

A similar principle applies to code summarization. When the desired summaries should follow the lexical and
naming patterns present in the source code, token-based representations are more effective. In contrast, when
the goal is to generate more abstract or semantically rich summaries, particularly for code with poor naming
conventions or limited comments, AST-based representations can better capture the underlying structure and
functional intent of the code.

In summary, these results offer actionable guidance for developers:
• using token-based representations when the lexical similarity between code and its counterpart (another
snippet, a query, or a summary) is high;
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• preferring AST-based representations when lexical similarity is low but semantic correspondence is
important.

For researchers, these observations suggest a promising direction toward hybrid or dynamic code representation
approaches that can automatically adjust between token-level and structure-level encoding according to the
characteristics of each task instance.

. Summary ▶ Currently, Token is more helpful than SBT for code understanding and representation,
and facilitates subsequent code-related tasks. Token information plays a pivotal role in SBT-based code
representation. The syntactic information contained in the AST is very useful on some samples, such as two
code snippets with low textual similarity in code clone detection. Simultaneously, AST representation can
be used to train models that tend to output code snippets with low text-token overlap in code search and
generate natural language descriptions with low code-token overlap in code summarization. ◀

5 Threats to Validity

5.1 Threats to Internal Validity
The threats to internal validity stem from potential inaccuracies in implementing AST preprocessing and encoding
methods. While we cannot ensure complete correctness or identical performance to the original claims, we have
taken measures to minimize these threats.

Specifically, in terms of AST preprocessing methods, we implement the algorithms to convert source code into
SBT [37], AST Path [5], and Binary Tree [91] according to the algorithms described in the corresponding paper.
This is necessary because either the original paper does not provide code or the code provided in the original
paper is limited to a specific AST parsing tool. As BFS is a widely used and simple algorithm, we implement the
algorithm to convert source code into BFS on ourselves as well. As for split AST, there are several preprocessing
methods to split the complete AST into smaller components, such as ASTNN [99], CAST [68] and BASTS [52].
The split AST of ASTNN consists of AST nodes of one statement, which is considered to ignore the long-term
dependencies of multiple statements and has been proven to be less effective than the split AST of CAST [68] and
BASTS [52]. Between CAST and BASTS, considering the need to not be limited to a specific AST parser, we opt for
the split AST preprocessing method of BASTS, which is proposed by Lin et al. [52]. We use the implementation
code provided by Lin et al. to process source code into split code, and then generate ASTs for the split code using
an AST parsing tool.

In terms of AST encoding models, we call the interface provided by PyTorch to implement BiLSTM and
Transformer. TreeLSTM is modified based on the code provided by Lin et al. [52]. The original code is implemented
using TensorFlow, and we convert it into a PyTorch-based implementation. As to AST-Trans [78], we reuse the
model part and data processing part of the code provided in the original paper, and slightly modify the code to
adapt to the code framework of CodeXGLUE. We have published the specific implementation code for other
researchers to check and use [75].

5.2 Threats to External Validity
The threats to external validity lie in the generalizability of our findings. To reduce these threats, we considered
three popular types of code-related tasks, including a code-to-code matching task, i.e., code clone detection, a
text-to-code matching task, i.e., code search, and a code-to-text generating task, i.e., code summarization.

Another potential threat to external validity is the variety of AST parsing/preprocessing/encoding methods
we investigated, which may affect the generalization of our findings to other methods. To reduce this threat,
we consider multiple representative AST parsing/preprocessing/encoding methods in our experiments, which

ACM Trans. Softw. Eng. Methodol.

 



1:30 • W. Sun and C. Fang, Y. Miao, Z. Chen, M. Yuan, Y. Chen, Q. Zhang, A. Guo, X. Chen, Z. Chen.

are commonly used for various code-related tasks. In the future, we will conduct experiments on more AST
parsing/preprocessing/encoding methods to generalize our conclusions.

The selection of the experimental dataset and programming language also poses a threat to external validity.
To mitigate this threat, we select two classic and representative datasets, i.e., BigCloneBench and CodeSearchNet,
as our experimental datasets. Both of them are widely used to evaluate the effectiveness of code models in the
field of software engineering. In addition, we mainly focus on the Java programming language in this paper for
the following reasons: (1) Java is one of the most popular and well-studied programming languages 4; (2) existing
AST parsing tools vary in language support, but almost all of them can reliably generate ASTs for Java code,
ensuring consistency and comparability across different parsing tools. In summary, investigating the influence
of ASTs on Java code representation learning has a potential impact on real-world software development. We
acknowledge that programming language characteristics (e.g., syntax regularity and typing system) and dataset
sample distributions may influence the effect of AST-based representations. Therefore, the findings, such as
𝜏 value for Jaccard, reported in this paper may not directly generalize to other programming languages such
as Python or C/C++. We consider this as an explicit threat to external validity and leave cross-language and
cross-dataset validation as an important direction for future work.

Another concern regarding the clone detection task is the potential impact of different clone types on the
results. In BigCloneBench, clone pairs are categorized into five types: Type-1 (T1), Type-2 (T2), Strongly Type-3
(ST3), Moderately Type-3 (MT3), and Weakly Type-3/Type-4 (WT3/T4) [87]. Among these, WT3/T4 clone pairs
constitute the vast majority (98.23%) of the dataset. Our analysis reveals that for T1, T2, ST3, and MT3 clone types,
both Token-based and SBT-based BiLSTMmodels achieve correct detection in most cases, indicating that detecting
these types is relatively straightforward and the input representation (Token vs. SBT) has negligible impact.
However, for the predominant WT3/T4 clone type, which represents the most challenging and prevalent scenario,
we observe significant performance differences between Token-trained and SBT-trained models. Therefore, the
experimental conclusions for RQ4 primarily focus on WT3/T4 clones. While aggregating results across all clone
types could oversimplify the task and be influenced by type imbalance, our focused approach on WT3/T4 ensures
that the findings are representative of the most critical and common clone detection scenario in the dataset.

5.3 Threats to Construct Validity
The threats to construct validity mainly lie in the evaluation metrics we use in our work. In order to ensure
the effectiveness of the evaluation metrics, we consider the metrics that are widely used on three code-related
tasks. Additionally, to avoid implementation errors, we use public libraries or reuse the implementation code
provided by previous researchers to calculate these metrics. For the code clone detection task, we use the interface
provided by Scikit-learn to calculate the precision, recall, and 𝐹1-score. For the code summarization task, we
calculate BLEU using the code provided in the CodeXGLUE [56]. We calculate METEOR and ROUGE-L using the
code provided by Chen et al. [16]. For the code search task, we calculate MRR using the code provided in the
CodeXGLUE code framework. We calculate SR@k (𝑘 = 1, 5, 10) using the code provided by Sun et al. [73].

6 Related Work

6.1 Code Features
Code features refer to a standardized data format that is derived from the source code. Code features usually
describe certain aspects of the source code, e.g., the lexical aspect, syntactic aspect, semantic aspect, etc. They are
designed to facilitate the processing and analysis of the source code and can be used for a variety of code-related
tasks, such as code clone detection [25, 92], code search [30, 64, 73], code summarization [9, 37, 74], etc. The
choice of code features is crucial and non-trivial as it requires taking into account the available DL model and the
4https://www.tiobe.com/tiobe-index/
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characteristics of the code-related tasks that need to be solved [65]. Due to differences in model architectures,
different DL models accept different formats of inputs, and their learning capabilities vary with different code
features. Furthermore, different code-related tasks focus on different aspects of the source code.

Code features that are widely used in code-related tasks can be divided into three categories: token-based
features, tree-based features, and graph-based features, as detailed below.

Token-based features. Token-based features extract partial or complete tokens from the source code as code
features. Tokens are bags of words that are parsed from the source code. Commonly used partial tokens are
method names [32, 64, 95], API sequences [14, 24, 32, 39]. Compared with the complete token, partial tokens
include user-defined identifiers, are simpler, and are easier for the model to learn. But it should be noted that
partial tokens lose contextual syntax and semantics, while complete tokens contain complete code semantics.
Therefore, many researchers are prone to use the complete code token sequence [15, 30, 41, 95]. They usually
refer to the complete code token sequence directly as “Token”. In this paper, we also follow this habit. Since Token
contains rich lexical information of the source code, they are frequently used by researchers to solve code-related
tasks [15, 26, 30, 32, 34, 41, 95].

Tree-based features. Tree-based features mainly refer to parsing the syntax tree of the source code and
using it as code features. The syntax tree can be further divided into two categories: concrete syntax tree (CST)
and abstract syntax tree (AST). A CST is an ordered, rooted tree that represents the syntactic structure of the
source code according to some context-free grammar [93]. Some studies use CST as code features to learn code
representation and assist in solving code-related tasks [63, 88, 97]. For example, Peng et al. [63] propose to learn
code representation from CST and apply learned code representation to the code summarization task. Ye et
al. [97] propose a context-aware semantic structure called CASS, which is built on CST. They use CASS to learn
code representation and solve the code similarity analysis task.

An AST is a simplified representation of a CST and focuses on the essential elements of the program’s
structure [2, 93]. Compared to CST, AST provides a more concise and structured representation of the program’s
semantics, making it easier to analyze and manipulate. Currently, AST is one of the most commonly used
code features in code representation learning [65, 71]. AST has been widely used to solve many code-related
tasks, such as code classification [86, 99], code clone detection [10, 13, 99], code search [31, 34, 83, 95], code
summarization [52, 68], code property (e.g., method and variable names) prediction [5], etc. In many cases, ASTs
are preprocessed before being fed to the DL model, to adapt to the model input format or further emphasize
certain features in the AST. For example, some existing works traverse an AST using BFS or DFS to get the list of
all the AST nodes [11, 67, 95]. Many techniques that chose to convert AST into SBT [37, 37, 38, 50, 90, 96]. Some
techniques [4, 6, 12] use a collection of paths on the tree (i.e., AST Path) to represent an AST. The purpose is to
extract key information in the AST and reduce the length of the model input. There are also a lot of techniques
that convert AST into simple tree structures, such as Binary Trees [41, 82, 84, 91] and Split AST [52, 68, 99], to
facilitate model learning.

Graph-based features. Graph-based features refer to extracting the graph information from the source
code as code features. Existing code-related works have mined multiple types of graph information to enhance
code representation and solve code-related tasks. For example, the control flow graph (CFG) can represent all
possible execution paths for the program and is commonly used to capture control dependencies between code
elements [31, 82, 101]. The data flow graph (DFG) describes the process of how data flows and is processed. Many
works [31, 82, 101] use DFG to capture the data dependencies between code elements. The program dependence
graph (PDG) depicts the data dependencies and control dependencies of each operation in a program. Gu et
al. [31] utilize PDG to extract code structures. In addition to the well-known graph information mentioned
above, some researchers have also mined some new types of graph information. For example, Zhou et al. [102]
represent various sub-graphs, including AST, CFG, DFG, and Natural Code Sequence (NCS), into one joint graph
to get a code property graph (CPG). Allamanis et al. [3] enhance ASTs with different data flow information by
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constructing diverse types of edges among the nodes, such as connecting variable nodes where the variable is
last written.

In this paper, we focus on a tree-based feature, i.e., AST. We conduct a quantitative evaluation and qualitative
analysis of the extent to which AST facilitates code representations and subsequent code-related tasks.

6.2 Code Representation Learning
As mentioned in Section 2.2, code representation learning aims to convert source code features into distributed,
real-valued vector representation, i.e., code representation. Such numerical representation condenses the semantics
of the code, and facilitates the solution of subsequent code-related tasks. In the previous section, we have discussed
in detail the first process of code representation learning (i.e., code feature extraction). Next, we mainly introduce
the second process, i.e., code feature representation.

Code representation for token-based features. Token-based features are sequential data. Most works
transfer sequence models from the NLP field to encode token-based features. For instance, Gu et al. [32] introduce
the Recurrent Neural Networks (RNN) [58] to encode method names and API sequences. LeClair et al. [50] utilize
a GRU layer to encode Token (i.e., the complete code token sequence). Wei et al. [90] first map the one-hot
embedding token sequence into a word embedding sequence and then use a BiLSTM to process word embedding
sequences. Cai et al. [14] and Shuai et al. [70] employ BiLSTM to encode method names and API sequences,
respectively.

There are also some works that first transform token-based features into other forms before selecting a suitable
encoding model. For example, Cheng et al. [18] and Deng et al. [22] convert method name, API sequence, and
Token into vector matrices, and then use the Convolutional Neural Network (CNN) [51] to encode them.

Code representation for tree-based features. As mentioned in Section 1, many works preprocess the raw
AST before feeding it to the model for learning, with the purpose of simplifying the complexity of the AST. When
the raw AST is converted into sequential AST data (e.g., SBT and AST Path) by AST preprocessing methods,
most works encode it using a sequence model. For example, Hu et al. [37] use LSTM to encode the SBT of the
corresponding AST. LeClair et al. [50] utilize a GRU layer to encode SBT-AO. SBT-AO is a modified version of SBT
in which all the code structure remain intact, but all words (except official Java API class names) in the code are
replaced with a special <OTHER> token. Alon et al. [4] adopt BiLSTM to encode AST Path. Bertolotti et al. [11]
split the AST into sub-trees and then use the pre-order visit to get lists of non-terminal and terminal nodes in
the AST. Then they use a multi-head global attention layer to encode the terminal node list and use BiLSTM to
encode the non-terminal node list. Shahbazi et al. [67] flatten ASTs into sequences by tree traversal and encode
the flattened ASTs with Transformer.

When the raw AST is split into simple structural data while retaining the tree structure, most works encode
it using a tree-structured model. For instance, Mou et al. [59] propose a novel tree-based convolutional neural
network (TBCNN), in which a set of subtree feature detectors, called the tree-based convolution kernel, slides over
the entire AST to extract structural information of a program. Dynamic pooling is applied to gather information
over different parts of the AST. Finally, a hidden layer and an output layer are added. Many works [41, 82, 84, 91]
adopt TreeLSTM (including N-ary TreeLSTM) to encode binary trees of the corresponding AST. Zhang et al. [99]
split each AST into a sequence of statement trees (ST-trees) and encode ST-trees with a Recursive Neural Network
(RvNN) [72] to learn vector representations of ST-trees. Then the statement representations are fed into a
Bidirectional Gated Recurrent Unit (BiGRU) to learn the representation of the code fragment. Similar to [99],
Shi et al. [68] hierarchically split a large AST into a set of subtrees according to a pre-defined AST splitting rule
and utilize an RvNN to encode the subtrees. Then, they aggregate the embeddings of subtrees by reconstructing
the split ASTs to get the representation of the complete AST. Shido et al. [69] propose Multi-way TreeLSTM to
handle ASTs with an arbitrary number of ordered children. Specifically, they add an ordinary chain-like LSTM
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to each gate before linear transformation to flexibly adapt to a node that has an arbitrary number of ordered
children. Lin et al. [52] split the code of a method based on the blocks in the dominator tree of the control flow
graph, and generate a split AST for each code split. Each split AST is then encoded by a Child-Sum TreeLSTM.
Some researchers have tried to modify the architecture of the Transformer to facilitate the learning of structural
information. For example, LeClair et al. [94] add additional edges to the AST to further represent control flow and
data dependency, and then adopt an adjacency matrix to represent the AST. They propose a structure-induced
Transformer (SiT), which contains three structure-induced self-attention network (Si-SAN) layers. Code sequences
and corresponding adjacency matrices are passed into the SiT encoder to get code embeddings. Gong et al. [29]
propose a StruCtural RelatIve Position guided Transformer, named SCRIPT. SCRIPT leverages ASTs to obtain
the structural relative positions between tokens, which are then fed into two types of transformer encoders.
One transformer encoder directly adjusts the input based on the structural relative distance, while the other
transformer encodes the structural relative positions while computing the self-attention scores. Finally, these two
types of transformer encoders are stacked together to learn source code representations. Tang et al. [78] denote
the ancestor-descendant and sibling relationship matrices among AST nodes through two relationship matrices.
They apply tree-structured attention instead of the standard self-attention to dynamically allocate weights for
relevant nodes and exclude irrelevant nodes based on these two relationships.

There are also works that treat ASTs as graphs, thus encoding ASTs with graph neural networks (GNNs). For
instance, LeClair et al. [49] encode the AST nodes and edges with ConvGNN and allow the nodes of the AST to
learn representations based on their neighboring nodes. Zhou et al. [103] treat the AST as an undirected graph
and utilize Graph Attention Networks (GAN) as the encoder. Yang et al. [96] transform the source code into
ASTs and SBT sequences, and use a graph convolutional neural network (GCN) and Transformer as the encoder,
respectively. These works essentially treat a tree as a special type of graph.

Code representation for graph-based features.TheGraph Neural Network (GNN) and its variants, including
Graph Convolutional Network (GCN), Graph Attention Network (GAT), and Gated Graph Neural Network
(GGNN), are the most commonly used neural network architectures in conjunction with graph-based code
features in code-related tasks. For example, Allamanis et al. [3] represent program source code as graphs and
use different edge types to model syntactic and semantic relationships between different tokens. Gated Graph
Neural Network (GGNN) is applied to encode the constructed program graph. Zhao et al. [101] encode the code
semantics represented by control flow and data flow into a single semantic matrix, and train a specially designed
feed-forward neural network to learn code representations. Zhou et al. [102] use GNN to learn representations
for the CPG. Hua et al. [41] adopt the Graph Convolutional Network (GCN) [48] to encode CFGs. Liu et al. [53]
construct directed graphs for programs based on ASTs. They propose a multi-head attention module to further
improve the expression of bidirectional GGNN (BiGGNN) and feed the graphs into two BiGGNN encoders to
learn the vector representations.

In this paper, we focus on a tree-based code representation, i.e., AST-based code representation. We conduct
comprehensive experiments to explore the impact of the choice of popular AST preprocessing and encoding
methods on AST-based code representation as well as subsequent code-related tasks.

7 Conclusion
In this paper, we first conduct comprehensive experiments to evaluate and reveal the impact of the choice of
various AST parsing, preprocessing, and encoding methods on AST-based code representation and subsequent
code-related tasks (i.e., code clone detection, code search, and code summarization). The results demonstrate that
the impact of different methods at different stages varies for different code-related tasks. Then we quantitatively
evaluate the effectiveness of AST-based code representation compared with Token-based code representation.
The results show that the models trained with AST-based code representation consistently perform worse across
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all three tasks compared with the models trained with Token-based code representation. We further conduct
a qualitative analysis of scenarios/cases in which AST-based code representation performs better than Token-
based code representation in the three code-related tasks. We find that the models trained with AST-based code
representation outperform models trained with Token-based code representation in certain subsets of samples
across all three tasks, such as clone pairs that have low textual similarity. We believe that the results and findings
of this paper can provide useful guidance for subsequent researchers to use AST to solve code-related tasks.
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A Appendix

A.1 Example of AST.

1 public int compare (int a,int b) {

2 if (a > b) return a;

3 else return b;

4 }

Fig. 9. A Java code snippet 𝑠1.

Fig. 10. The AST generated by JDT for code snippet 𝑠1.

Fig. 10 shows an example of AST, which is generated by JDT (an AST parsing method detailed in Section 3.2)
for the Java code snippet 𝑠1 shown in Fig. 9. In the AST shown in Fig. 10, nodes like MethodDeclaration,
SingleVariableDeclaration and IfStatement are non-terminals; nodes like Modifier, PrimitiveType and
SimpleName are terminals; and leaf nodes like public, int and compare are the corresponding values of the
terminals. It is evident that, compared to the source code of 𝑠1, its AST is significantly more complex. In addition,
as mentioned in Section 1, different AST parsing methods (e.g., ANTLR and Tree-sitter) would generate distinct
ASTs for the same source code due to different lexical rules and grammar rules. Therefore, this paper focuses on
investigating the current progress of feature engineering and application of AST, aiming to provide guidance
for subsequent researchers on how to effectively leverage complex ASTs to enhance code representation and
subsequent code-related tasks.

A.2 Example of data produced by AST preprocessing methods.
Fig. 11 shows a piece of Java code snippet 𝑠2. Fig. 12 shows the BFS, SBT, and AST Path of code snippet 𝑠2
and Fig. 13 shows the Raw AST, Binary Tree, and Split AST of 𝑠2. The complete information contained in an
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1 private String postXml() {

2 try {

3 URLConnection conn = new URL(url).openConnection();

4 }

5 }

Fig. 11. A Java code snippet 𝑠2

AST consists of its nodes and structures. Different AST preprocessing methods differ in retaining the node
and structure information of the AST. As illustrated in Fig. 12 and Fig. 13, SBT and Raw AST retain all nodes
and complete structure information. BFS also preserves every node of the AST while disregarding much of the
structure information. Binary tree, converting the raw AST into a binary tree and merging nodes with only
one child node with their child nodes, removes redundant intermediate nodes, and retains complete structure
information. AST Path and Split AST divide the complete AST into smaller components, facilitating model
learning, but it comes at the cost of losing partial node or structure information of the AST. It is worth noting
that AST Path, due to constraints on the input size of the encoding models, is often limited in width, length, and
quantity. Consequently, a significant portion of node and structure information tends to be discarded. Similarly,
during the process of converting the source code into the Split AST [68], some statements in the source code (e.g.,
catch clause) are not added to the split code set, leading to the loss of node information.

A.3 Technical details of AST encoding methods.
A.3.1 Sequence models.
(i) Bidirectional Long Short Term Memory (BiLSTM).

The LSTM architecture [35] addresses the problem of learning long-term dependencies of RNN by introducing
a memory cell that can preserve state over long periods of time [77]. In the work [77], the LSTM unit at each time
step 𝑡 is defined to be a collection of vectors in ℝ𝑑 (ℝ is the set of real numbers, and 𝑑 is the memory dimension of
the LSTM): an input gate 𝑖𝑡, a forget gate 𝑓𝑡, an output gate 𝑜𝑡, a memory cell 𝑐𝑡 and a hidden state ℎ𝑡. The LSTM
transition equations are the following:

𝑖𝑡 = 𝜎 (𝑊 (𝑖)𝑥𝑡 + 𝑈 (𝑖)ℎ𝑡−1 + 𝑏(𝑖)) , 𝑓𝑡 = 𝜎 (𝑊 (𝑓 )𝑥𝑡 + 𝑈 (𝑓 )ℎ𝑡−1 + 𝑏(𝑓 )) ,

𝑜𝑡 = 𝜎 (𝑊 (𝑜)𝑥𝑡 + 𝑈 (𝑜)ℎ𝑡−1 + 𝑏(𝑜)) , 𝑢𝑡 = 𝑡𝑎𝑛ℎ (𝑊 (𝑢)𝑥𝑡 + 𝑈 (𝑢)ℎ𝑡−1 + 𝑏(𝑢)) ,
𝑐𝑡 = 𝑖𝑡 ⊙ 𝑢𝑡 + 𝑓𝑡 ⊙ 𝑐𝑡−1, ℎ𝑡 = 𝑜𝑡 ⊙ 𝑡𝑎𝑛ℎ(𝑐𝑡)

(14)

where 𝑥𝑡 is the input at the current time step; 𝑊, 𝑈 are the weighted metrics; 𝑏 is the bias vector; 𝜎 denotes the
logistic sigmoid function; 𝑡𝑎𝑛ℎ denotes the hyperbolic tangent function; ⊙ denotes element-wise multiplication.

Bidirectional LSTM (BiLSTM) [66] uses two LSTMs at each layer. One LSTM takes the original sequence as
input and the other takes the reversed sequence as input. So it is capable of modeling the sequential dependencies
between words and phrases in both directions of the sequence. The ℎ𝑡 at the final timestamp can be used as the
code representation denoted z = ℎ𝑡𝑓 𝑖𝑛𝑎𝑙 .

(ii) Transformer.
Transformer [81] follows an encoder-decoder structure, as well as utilizing a multi-headed self-attention

mechanism and positional encoding to draw global dependencies between input and output. For the code clone
detection and the code search task, the decoder part of Transformer is not used since a decoder is not needed. For
the code summarization task, both encoder and decoder are used.
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Fig. 12. BFS, SBT, AST Path of the code snippet 𝑠2. Using JDT as the AST parser.

Encoder [67]: Encoder combines multiple identical layers where each layer consists of two sub-layers. The first
sub-layer forms a multi-headed self-attention structure while the other one is a fully connected layer. Both sub-
layers are followed by another layer which normalizes the output of each sub-layer. The encoder maps an input
sequence of symbol representations x = (𝑥1, … , 𝑥𝑛) to a sequence of continuous representations z = (𝑧1, … , 𝑧𝑛).

Decoder [67]: Decoder has a similar structure as encoder except that it includes one additional sub-layer. This
extra sub-layer conducts multi-head attention on the encoder’s output. Moreover, the self-attention sub-layer
is reformed to avoid attending to subsequent positions. Given z, the decoder generates an output sequence
y = (𝑦1, … , 𝑦𝑚) of symbols one element at a time.

Multi-head attentionmechanism [67]: Transformer’s self-attention aims to map a query (Q) and a collection
of key (K) - value (V) pairs to vectors which are calculated as a weighted sum of the values, which is shown in
the following formula:

𝐴𝑡𝑡𝑒𝑛𝑡𝑖𝑜𝑛(𝑄, 𝐾, 𝑉 ) = 𝑠𝑜𝑓 𝑡𝑚𝑎𝑥(𝑄𝐾𝑇/√𝑑𝑘)𝑉 . (15)

where 𝑑𝑘 is the dimension of the key vector.
Multi-head attention conducts self-attention process multiple times separately, with different weight matrices.

All the results are concatenated and multiplied by an additional weight matrix 𝑊, as shown in the following
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Fig. 13. Raw AST, Binary Tree, and Split AST of the code snippet 𝑠2. Using Tree-sitter as the AST parser.

formula:

𝑀𝑢𝑙𝑡𝑖𝐻 𝑒𝑎𝑑(𝑄, 𝐾, 𝑉 ) = 𝐶𝑜𝑛𝑐𝑎𝑡(ℎ𝑒𝑎𝑑1, ..., ℎ𝑒𝑎𝑑ℎ)𝑊 𝑂

where ℎ𝑒𝑎𝑑𝑖 = 𝐴𝑡𝑡𝑒𝑛𝑡𝑖𝑜𝑛(𝑄𝑊 𝑄
𝑖 , 𝐾𝑊𝐾

𝑖 , 𝑉𝑊
𝑉
𝑖 ),

(16)

where 𝑑𝑚𝑜𝑑𝑒𝑙 is the input dimension, 𝑑𝑘 is the dimension of the key vector, 𝑑𝑣 is the dimension of the value
vector, ℎ = 8 is the number of parallel attention layers, 𝑊 𝑄

𝑖 ∈ ℝ𝑑𝑚𝑜𝑑𝑒𝑙×𝑑𝑘 , 𝑊𝐾
𝑖 ∈ ℝ𝑑𝑚𝑜𝑑𝑒𝑙×𝑑𝑘 , 𝑊 𝑣

𝑖 ∈ ℝ𝑑𝑚𝑜𝑑𝑒𝑙×𝑑𝑣 and
𝑊 𝑂 ∈ ℝℎ𝑑𝑣×𝑑𝑚𝑜𝑑𝑒𝑙 .

Positional Encoding [67]: To retain information regarding relative and absolute tokens’ positions, a positional
encoding layer is added at the lowest part of the encoder and decoder stacks. There are many choices of positional
encodings. In this work, we use sine and cosine functions of different frequencies:

𝑃𝐸(𝑝𝑜𝑠,2𝑖) = 𝑠𝑖𝑛(𝑝𝑜𝑠/100002𝑖/𝑑𝑚𝑜𝑑𝑒𝑙),

𝑃𝐸(𝑝𝑜𝑠,2𝑖+1) = 𝑐𝑜𝑠(𝑝𝑜𝑠/100002𝑖/𝑑𝑚𝑜𝑑𝑒𝑙),
(17)

where 𝑝𝑜𝑠 is the position and 𝑖 is the dimension.

A.3.2 Tree-structured models.
(i) Tree-Structured Long Short-Term Memory Networks (TreeLSTM)
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TreeLSTM is first proposed by Tai [77] to capture the syntactic properties of natural language. TreeLSTM is a
generalization of LSTMs to model tree-structured topologies. Given a tree, let 𝐶(𝑗) denote the set of children
of node 𝑗. The TreeLSTM unit at each node 𝑗 is defined to be a collection of vectors in ℝ𝑑, where ℝ is the set of
real numbers, 𝑑 is the memory dimension of the TreeLSTM: an input gate 𝑖𝑗, forget gates 𝑓𝑗𝑘 where 𝑘 ∈ 𝐶(𝑗), an
output gate 𝑜𝑗, a memory cell 𝑐𝑗 and a hidden state ℎ𝑗. The entries of the gating vectors 𝑖𝑗, 𝑓𝑗 and 𝑜𝑗 are in [0, 1].

Child-Sum TreeLSTMs [77]: The Child-Sum TreeLSTM can be used on tree structures where the number of
children is arbitrary and children’s orders are not considered. The Child-Sum TreeLSTM transition equations are
the following:

ℎ̃𝑗 = ∑
𝑘∈𝐶(𝑗)

ℎ𝑘, 𝑖𝑗 = 𝜎 (𝑊 (𝑖)𝑥𝑗 + 𝑈 (𝑖)ℎ̃𝑗 + 𝑏(𝑖)) ,

𝑓𝑗𝑘 = 𝜎 (𝑊 (𝑓 )𝑥𝑗 + 𝑈 (𝑓 )ℎ𝑘 + 𝑏(𝑓 )) , 𝑜𝑗 = 𝜎 (𝑊 (𝑜)𝑥𝑗 + 𝑈 (𝑜)ℎ̃𝑗 + 𝑏(𝑜)) ,

𝑢𝑗 = 𝑡𝑎𝑛ℎ (𝑊 (𝑢)𝑥𝑗 + 𝑈 (𝑢)ℎ̃𝑗 + 𝑏(𝑢)) , 𝑐𝑗 = 𝑖𝑗 ⊙ 𝑢𝑗 + ∑
𝑘∈𝐶(𝑗)

𝑓𝑗𝑘 ⊙ 𝑐𝑘, ℎ𝑗 = 𝑜𝑗 ⊙ 𝑡𝑎𝑛ℎ(𝑐𝑗),

(18)

where 𝑥𝑗 is the input at node 𝑗, 𝑊, 𝑈 are the weighted metrics, 𝑏 is the bias vector, 𝜎 denotes the logistic sigmoid
function, 𝑡𝑎𝑛ℎ denotes the hyperbolic tangent function, ⊙ denotes element-wise multiplication. The hidden state
ℎ𝑗 at the root node is considered the representation of the source code, that is code representation z = ℎ𝑟𝑜𝑜𝑡.

N-ary TreeLSTMs [77]: The 𝑁-ary TreeLSTM can be used on tree structures where the branching factor is at
most 𝑁 and where children are ordered, i.e., they can be indexed from 1 to 𝑁. For any node 𝑗, write the hidden
state and memory cell of its 𝑘th child as ℎ𝑗𝑘 and 𝑐𝑗𝑘 respectively. The 𝑁-ary TreeLSTM transition equations are
the following:

𝑖𝑗 = 𝜎 (𝑊 (𝑖)𝑥𝑗 +
𝑁
∑
ℓ=1

𝑈 (𝑖)
ℓ ℎ𝑗ℓ + 𝑏(𝑖)) , 𝑓𝑗𝑘 = 𝜎 (𝑊 (𝑓 )𝑥𝑗 +

𝑁
∑
ℓ=1

𝑈 (𝑓 )
𝑘ℓ ℎ𝑗ℓ + 𝑏(𝑓 )) ,

𝑜𝑗 = 𝜎 (𝑊 (𝑜)𝑥𝑗 +
𝑁
∑
ℓ=1

𝑈 (𝑜)
ℓ ℎ𝑗ℓ + 𝑏(𝑜)) , 𝑢𝑗 = 𝑡𝑎𝑛ℎ (𝑊 (𝑢)𝑥𝑗 +

𝑁
∑
ℓ=1

𝑈 (𝑢)
ℓ ℎ𝑗ℓ + 𝑏(𝑢)) ,

𝑐𝑗 = 𝑖𝑗 ⊙ 𝑢𝑗 +
𝑁
∑
ℓ=1

𝑓𝑗ℓ ⊙ 𝑐𝑗ℓ, ℎ𝑗 = 𝑜𝑗 ⊙ 𝑡𝑎𝑛ℎ(𝑐𝑗),

(19)

where 𝑘 = 1, 2, … , 𝑁, 𝑥𝑗 is the input at node 𝑗, 𝑊, 𝑈 are the weighted metrics, 𝑏 is the bias vector, 𝜎 denotes the
logistic sigmoid function, 𝑡𝑎𝑛ℎ denotes the hyperbolic tangent function, ⊙ denotes element-wise multiplication.
Similar to Child-Sum TreeLSTM, code representation z = ℎ𝑟𝑜𝑜𝑡.

(ii) AST-Trans.
AST-Trans [78] is a simple variant of the Transformer model to efficiently handle the tree-structured AST.

AST-Trans exploits ancestor-descendant and sibling relationship matrices to represent the tree structure, and
uses these matrices to dynamically exclude irrelevant nodes.

AST-Trans has the same encoder and decoder structure as the Transformer, while replacing the singe-head
self-attention with tree-structured attention. The absolute position embedding from the original Transformer
is replaced with relative position embeddings defined by the two relationship matrices to better model the
dependency.

For an AST, it will be firstly linearized into a sequence, which means being transformed into SBT [37] in our
experiment. Then the ancestor-descendent and sibling relationships among its nodes will be denoted through
two specific matrices. Based on the matrices, tree-structured attention is adopted to better model these two
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relationships. In the following part, we will introduce the construction of relationship matrices and tree-structured
attention.

Construction of relationshipmatrices. Two kinds of relationships are defined between AST nodes: ancestor-
descendant (𝐴) and sibling (𝑆) relationships. And we use two position matrices 𝐴𝑁×𝑁 and 𝑆𝑁×𝑁 to represent the
ancestor-descendent and sibling relationships respectively, where 𝑁 is the total number of nodes in AST. The 𝑖-th
node in the linearized AST is denoted as 𝑛𝑖. 𝐴𝑖𝑗 is the distance of the shortest path between 𝑛𝑖 and 𝑛𝑗 in the AST.
𝑆𝑖𝑗 is horizontal sibling distance between 𝑛𝑖 and 𝑛𝑗 if they satisfy the sibling relationship. If one relationship is
not satisfied, its value in the matrix will be infinity. Note that we consider the relative relationship between two
nodes, which means 𝐴𝑖𝑗 = −𝐴𝑗𝑖 and 𝑆𝑖𝑗 = −𝑆𝑗𝑖 if a relationship exists between 𝑛𝑖 and 𝑛𝑗.

Formally, we use 𝑆𝑃𝐷(𝑖, 𝑗) and 𝑆𝐼𝐷(𝑖, 𝑗) to denote the Shorted Path Distance and horizontal Sibling Distance
between 𝑛𝑖 and 𝑛𝑗. The values in the relationship matrices are defined as:

𝐴𝑖𝑗 = {
𝑆𝑃𝐷(𝑖, 𝑗) if |𝑆𝑃𝐷(𝑖, 𝑗)| ≤ 𝑃
∞ otherwise

(20)

𝑆𝑖𝑗 = {
𝑆𝐼𝐷(𝑖, 𝑗) if |𝑆𝐼𝐷(𝑖, 𝑗)| ≤ 𝑃
∞ otherwise

(21)

𝑃 is a pre-defined threshold and nodes with relative distance beyond 𝑃 will be ignored. We set 𝑃 = 7 according
to the code provided by the original paper [78].

Tree-structured Attention. Tree-structured attention is built on standard self-attention with relative position
embeddings and disentangled attention. Tree-structured attention transforms an input sequence x = (𝑥1, ..., 𝑥𝑛)
(𝑥𝑖 ∈ ℝ𝑑 which stands for the embedding of 𝑛𝑖) into a sequence of output vectors o = (𝑜1, ..., 𝑜𝑛) (𝑜𝑖 ∈ ℝ𝑑).

The relative distance defined under the linear relationship is replaced with 𝛿𝑅(𝑖, 𝑗) where 𝑅 stands for either the
ancestor-descendent relationship 𝐴 or the sibling relationship 𝐵 in the tree structure. 𝛿𝑅(𝑖, 𝑗) reflects the pairwise
distance between 𝑛𝑖 and 𝑛𝑗 in relationship 𝑅. Denote 𝑃 as the max relative distance, 𝛿𝑅(𝑖, 𝑗) is defined as:

𝛿𝑅(𝑖, 𝑗) = {
𝑅𝑖𝑗 + 𝑃 + 1 if 𝑅𝑖𝑗 ∈ [−𝑃, 𝑃]
0 if 𝑅𝑖𝑗 = ∞

(22)

𝑅𝑖𝑗 refers to either 𝐴𝑖𝑗 defined in Eq 20 or 𝑆𝑖𝑗 defined in Eq 21.
As there are two kinds of relationships, each head only considers one relationship so that it will not add any

additional parameter on top of the standard Transformer. ℎ𝐴 heads will use 𝛿𝐴(𝑖, 𝑗) and the rest ℎ𝑆 heads will use
𝛿𝑆(𝑖, 𝑗). Information from the two relationships will be merged together through multi-head attention. The output
vector o = (𝑜1, ..., 𝑜𝑛) is computed as below:

𝛼𝑖,𝑗 = 𝑄(𝑥𝑖)𝐾(𝑥𝑗)𝑇 + 𝑄(𝑥𝑖)𝐾𝑃
𝛿𝑅(𝑖,𝑗)

𝑇
+ 𝑄𝑃

𝛿𝑅(𝑗,𝑖)
𝐾(𝑥𝑗)𝑇 (23)

𝑜𝑖 =
𝑗∈{𝑗|𝛿𝑅(𝑖,𝑗)>0}

∑
𝑗

𝜎(
𝛼𝑖,𝑗
√3𝑑

)(𝑉 (𝑥𝑗) + 𝑉 𝑃
𝑅𝑖𝑗) (24)

where 𝑄, 𝐾 ∶ ℝ𝑑 → ℝ𝑚 are query and key functions respectively, 𝑉 ∶ ℝ𝑑 → ℝ𝑑 is a value function, 𝜎 is a scoring
function (e.g. softmax or hardmax), 𝑄𝑃, 𝐾𝑃 ∈ ℝ(2𝑃+1)×𝑚 represent the query and key projection matrices of
relative positions,𝑉 𝑃 represents the value project matrix of relative distances, 𝐾𝑃

𝛿𝑅(𝑖,𝑗)
is the 𝛿𝑅(𝑖, 𝑗)-th row of 𝐾𝑃

and 𝑄𝑃
𝛿𝑅(𝑖,𝑗)

is the 𝛿𝑅(𝑖, 𝑗)-th row of 𝑄𝑃, 𝑉 𝑃
𝑅𝑖𝑗is the 𝑅𝑖𝑗-th row of 𝑉 𝑃. Note that only the attention weights for node

pairs where 𝛿𝑅(𝑖,𝑗) > 0 are computed.
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