CONCORD: A DSL for Generating Simplified and
Scalable Graph-Based Code Representations

Mootez Saad and Tushar Sharma
Dalhousie University
Halifax, Canada
{mootez,tushar} @dal.ca

Abstract—Graph-based representations have gained attention
for their ability to model structural and semantic information
capturing relevant characteristics and features of source code for
training deep learning models. However, existing methods face
limitations: they lack flexibility in constructing cross-language
graphs, produce non-interoperable outputs, and generate ex-
cessively large graphs, hindering their adoption and raising
scalability and efficiency issues in graph-based neural network
training.

In this work, we introduce CONCORD, a domain-specific
language (DSL), to address these challenges. We aim to 1)
enable customizable graph-based code representations across
programming languages, 2) reduce graph size complexity through
simplification heuristics, and 3) improve scalability and repro-
ducibility in software engineering tasks.

CONCORD provides a configurable DSL to automate graph
construction and implements heuristics to reduce graph size while
preserving critical information. We evaluate its effectiveness on
two tasks: code smell detection and vulnerability detection. For
each, we compare performance and graph size against baseline
representations without simplification heuristics.

On code smell detection, CONCORD preserved 95.1% of base-
line performance, and exceeded it by 5% in one setting, while
reducing, on average, the number of nodes and edges by 13.11%
and 13.67 %, respectively. For vulnerability detection, it improved
performance by 3.65% over the baseline while reducing the num-
ber of nodes and edges by 3.63% and 3.62%, respectively. This
demonstrates that CONCORD’s heuristics maintain or enhance
performance while improving scalability.

CONCORD represents a step towards advancing graph-based
code analysis by offering a flexible, language-agnostic approach
to generate streamlined code representations. Its simplification
heuristics balance performance and scalability, enabling efficient
training of neural models without sacrificing accuracy. In addi-
tion, it reduces development overhead, promotes reproducibility
through standardized representations, and broadens accessibility
to graph-based methods for software engineering tasks.

Index Terms—component, formatting, style, styling, insert

I. INTRODUCTION

Deep learning (DL)-based methods for source code analysis
have gained significant momentum [1], [2]. Such methods have
been applied in various software engineering tasks, such as
defect prediction [3], [4], [5], code smell detection [6], [7], [8],
code summarization [9], [10], [11], and program synthe-
sis [1], [2]. Generating code embeddings is a common step
in these approaches, where code is converted from its raw
textual form to a numeric representation, using models such as
CodeBERT [12], that can be later used to solve such tasks [6],
[12], [13]. However, treating source code as a stream of tokens

ignores its rich structure and semantics [14], [15], [16]. Hence,
efforts have been made to incorporate the code’s structural and
semantic features into its vector representation [14], [15], [17].

Many works experimented with graph-based neural network
architectures (GNN) [18], [19] that can better capture different
semantic aspects (e.g., control and data flow) of source code.
Often, based on the downstream task, it is required to combine
multiple code representations such as Abstract Syntax Tree
(AST) and Program Dependence Graph (PDG) into a unified
graph structure. For example, Allamanis et al. [20] augmented
AST with custom data flow edges and control flow edges to
detect variable misuse in a code snippet.

However, the process of combining code representations
and pre-processing them is often done manually and from
scratch which wastes significant research time and resources.
Some works were proposed to improve such a process. Bieber
et al. [21] provide python_graphs to construct graph repre-
sentations of Python programs suitable for training machine
learning models by employing static analysis. It is capable
of constructing control-flow graphs, data-flow graphs, and
composite program graphs that fuses control-flow, data-flow,
syntactic, and lexical information of a program. Rice et al. [22]
developed a javac plugin feature-javac that creates feature
graphs for Java-based source code repositories. These graphs
incorporate a variety of syntactic and semantic features. It
bears similarities with the python_graphs library and is de-
signed to facilitate machine learning on source code research.

Despite such progress, the current mechanisms suffer from
limitations that hinder their adoption. Existing works often
lack flexibility, are restricted to a single programming lan-
guage, and produce non-interoperable outputs. Furthermore,
they frequently generate excessively large graphs, which raises
scalability and efficiency issues for training graph-based neu-
ral networks. Moreover, the lack of standardized generation
pipelines makes results difficult to reproduce and integrate
across tools and studies.

More recently, tools like COMEX [23] have advanced this
area by generating combined code views (e.g., AST, CFG) from
source code. While offering valuable customizations, these
frameworks still lack a way for fine-grained configuration and
focus on structural simplification. Such method of simplifi-
cation may not adequately address the graph complexity that
arises from sections of code that, while syntactically correct,
are semantically less relevant for a given analysis task. To



address these challenges, we introduce CONfigurable code
Representation (CONCORD), a Domain Specific Language
(DSL) and a unifying framework designed to automate the gen-
eration of custom code representations, and implements a set
of heuristics for graph size reduction. The DSL automatically
generates code representations from source code, and as per
the specified configuration.

The primary goals of CONCORD are to reduce the compu-
tational costs of applying GNN to source code by simplifying
their graph representations, and to streamline such generation
process. While improving model performance is not the main
objective of this simplification, we use performance metrics
to validate that the process does not discard information
critical to the downstream task.. Our empirical evaluation
on code smell and vulnerability detection tasks demonstrates
CONCORD’s effectiveness in this regard. For the code smell
detection task, CONCORD reduced the average graph size
by 12.35%. While this efficiency gain could result in a
performance drop of up to 4.9% when detecting certain smells,
we surprisingly observed an improvement of up to 5.0% in
others, relative to the baseline model. A 2.63% graph size
reduction was accompanied by a performance improvement of
3.65% for vulnerability detection. These results confirm that
CONCORD successfully lowers computational requirements by
creating smaller, more efficient graph representations while
maintaining or even slightly enhancing model effectiveness.
The key contributions of this study are:

o Provide a one-stop solution in the form of a DSL that
unifies multiple edge augmentation techniques to produce
rich and expressive graph representations in a compos-
able, configurable, and cross-linguistic manner.

o Propose and implement two pruning techniques resulting
in reduced size of code graphs that make training more
tractable and less computationally expensive.

o Present a case study to demonstrate the capabilities of
CONCORD to apply on code smell detection and vulner-
ability detection tasks.

II. BACKGROUND AND MOTIVATION

This section establishes the motivation for CONCORD by
first detailing the challenges posed by current graph-based
code representations. We then analyze the specific limitations
of existing methods and build the rationale for our approach.

A. Graph-Based Representations for Code Analysis

Graph-based representations have become central to modern
code analysis methods [19], [24]-[26] because they preserve
the rich structural and semantic information that is lost when
source code is treated as a simple sequence of tokens.

The challenges in generating useful code graphs stem from
concrete limitations in the current tooling and methodologies.
We identify the primary issues that hinder progress and
scalability in graph-based code analysis.

First, existing methods are often tightly coupled to a sin-
gle programming language, restricting their applicability. For

example, popular tools like python_graphs [21] and feature-
javac [22] are designed exclusively for Python or Java, re-
spectively, limiting their use in cross-language research and
for projects built with other common languages.

Second, they tend to produce fixed, monolithic representa-
tions that include all possible types of edge augmentations at
once. This “all-or-nothing” approach prevents users from tai-
loring the graph structure to the specific needs of a downstream
task. For instance, a user cannot easily specify a configuration
to include data-flow edges while excluding certain lexical
edges, even if the latter are irrelevant to their model.

Moreover, the set of features and augmentations offered
by existing solutions is disjoint, with different operations
available in different libraries. This fragmentation makes it
difficult to compare results across studies or combine artifacts
from different tools without considerable upfront effort [27].

Finally, these methods do not consider the size of the
generated graphs. We elaborate on such an aspect in the
following subsection.

B. The Issue of Graph Size

Graphs derived from source code grow large due to their
exhaustive structural granularity, hierarchical nesting, and
metadata. While this explicitness supports semantic precision,
it severely impacts the scalability and training efficiency of
graph neural networks: large graphs strain memory, increase
computational complexity, and introduce noise from redundant
substructures.

To demonstrate this issue, let us consider a small code
snippet and its corresponding AST:

Listing 1: Example of a C-like
code snippet

Fig. 1: AST of Listing 1

void foo(int x)
int a = 0; |mcn_ww|§| st [ BLock |
if (a < MIN) { int b =
S, [ H
4
)

Despite being only four lines long, the resulting AST con-
tains 19 nodes as shown in Figure 1. Moreover, an AST can
only capture the structural aspects of code, which necessitates
including other attributes to represent control and data flow.
However, this augmentation further aggravates such an issue,
resulting in a larger graph.

During training, a GNN must store and manipulate large
adjacency matrices representing the graph, which entails the
need for large memory and substantial computational re-
sources. One way to solve this issue is by reducing the
number of parameters of these GNNs. However, this can harm
their representation learning capacity. An alternative direction
would be performing the simplification at the data level.

C. Noisy Statements in Source Code

Many codebases contain noisy statements that do not con-
tribute much to their core logic. A prime example is print



statement; while common, it is often used for purposes auxil-
iary to the program’s primary function, such as debugging and
error tracing. Studies by Beller et al. [28] and Liu et al. [29]
have shown that professional software developers rely on print
statements such as print £ as a debugging method. Similarly,
temporary variables introduced to improve readability can also
add unnecessary length and complexity to the code’s structure.

We hypothesize that pruning such statements can reduce
source code and allow the model to learn better its salient
features to capture its intended behavior. This approach is anal-
ogous to natural language processing, where some elements,
such as stop-words, punctuation, and special characters, are
removed to reduce the noise present in the text.

III. CONCORD LANGUAGE DESIGN

CONCORD is a DSL and framework that we propose in this
paper to construct customized graph representations of source
code. The constructed graph representation can be employed
for training DL models. Figure 2 provides an overview of a
generic pipeline for DL model training using CONCORD.
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Fig. 2: Overview of the steps involved to generate graph
representations of source using CONCORD.

To train a GNN model, a user first generates a graph
representation of the source code. They provide a CONCORD
configuration which is interpreted by the language’s backend
to generate the concrete graphs. These graphs can later be
used for training and inference. The language grammar is
defined and interpreted using fextX [30]. It is formalized
by a Parsing Expression Grammar (PEG) [31] as shown in
Listing 2. PEG is a formalism used to describe language syntax
and facilitate parsing. Unlike Context-Free Grammar (CFG),
PEG ensures deterministic parsing and disallows ambiguity. It
employs recursive descent parsing, prioritizes alternatives in
order, handles left recursion gracefully, and provides better
support for nested structures.

<Main> —> Tasks { <Task># } ions { <Rep ion>+ }

< Representation> — ID { STRING STRING < BaseGraphType>+ [ < Task> ]+ }

<BaseGraphType> — AST | CFG | PDG

<Task> — ID { <Operation>+ conditions { < Condition>+ } }

<Operation> — < GraphElement>> < OperationType> < GraphElementType >

< GraphElement> —> Node | Edge

< OperationType > — add | remove

< GraphElementType > — <EdgeType> | <NodeType >

<EdgeType> — next_token | next_sibling | for_cfg | while_cfg | last_read_write |
guarded_by | returns_to | computed_from | last_lexical_use

<NodeType> — print | logging | sys_exit | simple_assignment

< Condition> — < CodeCondition>

< CodeCondition> — < CodeConditionAction> < CodeBlock >

< CodeConditionAction> — exclude | include

<CodeBlock>> — catch | for | while | if | else

L

Listing 2: PEG-style representation of CONCORD’s grammar

A. Key Entities of CONCORD Language

A Representation specifies the intended graph to be con-
structed; it is defined by a set of base graph structures, as
well as a set of Tasks. The base graphs are: AST, CFG, and
PDG. If multiple base graphs are specified, they are merged
into a single graph structure.

A Task comprises a set of Operations that are applied to the
base graphs. An Operation represents an atomic action that
can be applied to the graph, and there are two types—node
removal and edge addition.

A Code Condition specifies the code structures that are ex-
empt from node removal. Currently, supported code structures
include control statements such as if statements and for loops
(rule CodeBlock in Listing 2). In other words, nodes (i.e.,
statements) that are within these blocks will not be removed
if specified. This feature provide greater flexibility to the user,
where instead of blindly pruning statements through all code
regions, they may want to keep some blocks intact depending
on their use case.

B. Graph Generation Process

In this part, we describe the different stages involved in
generating the graphs based on the user-provided specification.

1) Syntactic validation: In this stage, textX [30] constructs
a model from the CONCORD specification file provided by the
user and checks whether it conforms to the grammar rules and
the metamodel of the language.

2) Semantic Validation: This step ensures the correctness
and consistency of the CONCORD specification. While syn-
tactic validation checks if the specification adheres to the
grammar rules, semantic validation verifies that the spec-
ified operations, conditions, and combinations make sense
in the context of the DSL. For instance, combining Node
with EdgeType (e.g., Node add next_token) is invalid
because edge-related operations should be applied to edges,
not nodes.

3) Statement Deletion: In this step, we prune the statements
specified by the user at the file level. Later in Section III-C,
we illustrate how this process is implemented and the design
decisions behind it.

4) Base Graphs Generation: Once the specification passes
the validation steps and statements are pruned, we generate
the base graph representations using joern [32], a platform for
code analysis that supports C/C++, Java, JavaScript, Python,
and PHP. The generated representations are stored in JSON
format.

5) Representation Construction: Finally, we import the
base graphs and construct the representation using the Net-
workX library [33]. The framework generates code representa-
tions as per the specification file. We store code representations
in JSON format, which can be parsed by NetworkX, allowing
further processing, if needed.



C. Node Removal

When source code is transformed into graphs, the resulting
structure can be significantly complex in terms of size (i.e.,
the number of vertices and edges). To mitigate this issue, one
approach is to discard graphs from the dataset that exceed a
certain threshold. For example, Zhou et al. [19] do not consider
graphs with more than 500 nodes. However, such a strategy
can lead to information loss, which may adversely impact the
performance of DL models.

Gu et al [34] introduced Simplified Syntax Tree (SST),
which is an approximation that simplifies the AST by pruning
nodes such as type declarations and modifier keywords. By
using this simplified representation, they were able to improve
the performance of neural models in code search tasks using
the CodeSearchNet benchmark. Inspired by this heuristic,
we introduce a similar way of simplification in CONCORD,
however, at a wider scope (i.e., statement-level removal). The
types of statements that can be removed are simple assignment,
print, and system exit statements, as a means to reduce the
complexity of the graph representations (Step 3, Figure 2).

Simple assignment statements initialize a variable with a
literal value, such as an integer, float, double, or boolean value.
Print statements are functions or methods provided by the
programming language to output information on the console,
such as the println () statement in Java. Similarly, exit
statements are methods used to transfer control of the program,
such as the System.exit (). In our approach, we perform
statement removal at the file level i.e., we identify the line
numbers corresponding to these statements and then perform
the removal in each source code file in a repository. We chose
to perform statement removal at the file level rather than
removing them after generating the base graphs to leverage the
data flow engine of the joern tool for generating the PDG. This
is especially relevant when the user specifies more complex
base representations, such as PDG or CEG, as it ensures more
reliable results by using a well-implemented and maintained
engine. The overall process is illustrated in Figure 3, where
we first collect the statements specified by the user, and then
perform the deletion, taking into consideration the code blocks
specified in the specification.

~~~~~~
_ Extract Statements Line
Numbers

i Extract Code Blocks Line 1
Numbers Ranges

Statement Removal

Fig. 3: Statement removal process using CONCORD

Algorithm 1 presents the procedure for identifying simple
assignment statements. We traverse the AST of each method,
and identify the subtrees that represent simple assignment
statements. A statement is considered a simple assignment
statement if it satisfies the following four conditions: 1) The
node representing the statement is of type ASSIGNMENT.
2) Its left subtree of the node has only one node of type

IDENTIFIER. 3) The non-leaf nodes of its right subtree
represent one of the allowed operators (arithmetic, logical,
relational, and bitwise). 4) All leaf nodes of its right subtree
are literals.

Algorithm 1 Check if an AST subtree is a simple assignment.

1: function 1SSIMPLEASSIGNMENT(root)
2: > Condition 1: Root must be an ASSIGNMENT node with exactly two
children

3 if root.type # ASSIGNMENT or root.children.size() # 2 then

4 return false

S: end if

6: lhs_subtree <— root.children[0]

7. rhs_subtree < root.children[1]

8 > Condition 2: The left subtree must be a single IDENTIFIER node

9: if lhs_subtree.type # IDENTIFIER or lhs_subtree.children.size() #
0 then

10: return false

11: end if

12: > Condition 3: All non-leaf nodes in the right subtree must be allowed
operators

13: nonLeafNodes <~ GETNONLEAFNODES(rhs_subtree)

14: if not nonLeafNodes.ALL(isAllowedOperation) then
15: return false

16: end if

17: > Condition 4: All leaf nodes in the right subtree must be literals
18: leafNodes <~ GETLEAFNODES(rhs_subtree)

19: if not leafNodes.ALL(isLiteral) then

20: return false

21: end if

22: return true

23: end function

24: function ISALLOWEDOPERATION(node) > Returns whether a node rep-
resents an allowed operation

25: arithmeticOperation < { add, sub, mult, div, exp, mod }

26: bitwiseOperation <— { not, and, xor, or, shiftLeft, shiftRight }

27: logicalOperation < { not, and, or }

28: relationalOperation <+ {equals, notEquals, greaterThan, lessThan, ...}

29: allowedOperations <« arithmeticOperation + bitwiseOperation + log-
icalOperation + relationalOperation

30: return node.type € allowedOperations

31: end function

We design the filtering procedure in this way to ensure that
even complex statements involving operations between literals,
suchas int a = 1%7+(1-7), are also considered. Though
such statements are rarely found in practice, we did so for the
sake of completeness.

To remove a simple assignment, the statement is replaced
with an empty string rather than deleting the source code line
To explain why we follow such an approach, let us consider
the example given in Listing 3.

public static void foo(String[] args) {
for (int i = 1; 1 <= n; ++i) { System.out.println
("Printer"); 1}

Listing 3: Simple assignment statement to be removed

If we were to remove the entire line, the resulting code
would be completely erroneous, as seen in Listing 4, with
mismatched opening and closing brackets.

public static void foo(String[] args) {
System.out.println ("Printer"); }}




1

Listing 4: Incorrect removal of the statement if the entire line
is deleted

However, replacing the statement with an empty string instead
preserves the rest of the code that has not matched the condi-
tion, which is relevant for the code representation process.

public static void foo(String[] args) {
for (; 1 <= n; ++i) { System.out.println("Printer
");ob o}

Listing 5: How the statement is removed by CONCORD

Moreover, joern employs fuzzy parsing [35] to handle
incomplete source code with errors, but the accuracy of the
output depends on the extent of the error in the input. This
approach ensures a careful deletion process that retains code
fragments without a significant loss of information.

D. Edge Addition

The next major operation provided by CONCORD is edge
addition. Edges generated from base graphs, such as ASTs and
PDGs, capture certain aspects of the source code, but neglect
others. For instance, while ASTs effectively reflect the structure
of a code snippet, they do not capture its control flow. As
an alternative approach, several studies [19], [20], [36] have
proposed additional sets of edges that can augment the base
representations for various tasks. However, these augmenta-
tions are fragmented across different, non-interoperable tools
and are not offered in a configurable way. CONCORD unifies
these proven techniques into a single, flexible method. Below,
we provide a detailed description of each type of edge that
can be added.

1) NEXTSIBLING: Used by Wenhan et al. [36], this type
of edge connects an AST node to its sibling node. The reason
for such augmentation is primarily due to the behaviour of
GNNs that does not consider the order of nodes. Hence, it is
helpful for the neural model to provide the order of children.

2) NEXTTOKEN: This edge connects sibling nodes of an
AST with each other. Allamanis et al. [20] introduced this
edge type in their study; which was also used by Wenhan et
al. [36]. The rationale for introducing the edge is that an AST
does not reflect the sequential nature of the source code. Let
us consider Figure 4 that represents the syntax tree of this
C-like statement int i = 141

AST —_—
NextToken — >

Fig. 4: Example of a NEXTTOKEN edges in an AST

The figure shows that the NEXTTOKEN edges in blue reflect,
to an extent, the sequential property of the code snippet.

3) LASTREAD: Let U is to the set of tokens where a
variable var could have been last used. This set can consist of
multiple nodes, such as when the variable is used in both paths
of a conditional statement, or even tokens that come after in
the code, as in the case of loops [20]. The LASTREAD edges
create a connection between these nodes in the set U and var.

4) LASTWRITE [20]: It is similar to LASTREAD, except
the set U would contain the tokens where var could have been
last written to.

5) LASTLEXICALUSE [20]: It is also similar to both of
the aforementioned edges, however, it is flow independent. In
other words, all occurrences of variable var in a source code
snippet are chained or linked together by this type of edge.

6) CoMPUTEDFROM [20]: This concerns assignment state-
ments. It connects tokens that are on the right-hand side of
an assignment statement to the variable on the left-hand side.
For example, in Figure 4 both of the literal leaf nodes will be
connected to the variable i by this edge.

7) RETURNSTO [20]: Connects a method declaration node
with the node that refers to the method’s return statement.

8) GUARDEDBY and GUARDEDBYNEGATION [20]: A
GUARDEDBY edge connects a conditional node to the usage
of the variable when the guard condition is true. GUARD-
EDBYNEGATION performs a similar action but when the
conditional is false. Figure 5 presents the AST of the snippet
given below (note that we pruned some parts of it for presen-
tation purposes). if (a ’!=’ b) {a "=’ 5;} else

{pr="5;}
(-
I NOLEQLSl I BLOCK | I ELSE |
BN
H LITERAL “ LITERAL

AST —

GuardedBy

GuardedByNegation - . >

Fig. 5: Example of GUARDEDBY and GUARDEDBYNEGA-
TION AST edges

The green edge refers to a GUARDEDBY relation, whereas
GUARDEDBYNEGATION is represented by the blue edge.

9) WHILECFG and FORCFG: Both of these relations were
introduced by Wenhan et al. [36] to model the control flow
behaviour of while and for loops. Concretely, each relation
is represented by two edges: WhileExec and WhileNext
for WHILECFG and the same logic applies for FORCFG.
The WhileExec connects the conditional node of the while
statement to its block node, whereas WhileNext does the
inverse. Again, the same mechanism is implemented for the
for-loop blocks.

IV. EXPERIMENTS

To validate CONCORD, we conduct an empirical study
to solve two software engineering tasks: code smell and
vulnerability detection. We choose these tasks given their
importance in software engineering, specifically in software



maintenance. Second, the data used in these tasks covers
two different programming languages (Java and C/C++). This
would demonstrate how CONCORD can be used seamlessly
irrespective of the programming language without engineering
overhead.

We first present the CONCORD specifications used to gener-
ate the different representations and the rationale behind each
one. Then, we describe the two aforementioned tasks and the
dataset used. Finally, we provide the training details of the
graph-based neural network model.

A. CONCORD Specifications

To evaluate and demonstrate CONCORD’s pruning strategies
mentioned in Sections III-D and III-C, we define three CON-
CORD configurations: Ry, Ro, and Rg specified in Table 1.

TABLE I: Specification of each representation. Nodes:
v'means that the statement type (i.e., set of nodes) is kept,
whereas, X signifies that it is pruned. Edges: NEXTTOKEN
(NT); WHILECFG (WCFG); FORCFG (FCG); GUARDEDBY
(GB); CoMmPUTEDFROM (CF);

S Base Print Simple Assignment .
Representation Representation ~ Statements Statements Edges
Ry AST v v NT, WCFG, FCFG, GB, CF
R2 AST v X NT, WCFG, FCFG, GB, CF
R3 AST X v NT, WCFG, FCFG, GB, CF

We select these configurations to show how the DSL can be
used to capture different aspects of source code. We utilize
AST as the base representation to model the structural nature
of code Similarly, we specify the same edge configuration for
the three representations. Specifically, the NEXTTOKEN edge
is used to model its sequential nature, while the WHILECFG,
FORCFG, GUARDEDBY, and COMPUTEDFROM edges are
added to capture the flow of control and data through the
program. The representations differ in their pruning strategies,
where Ry prunes the simple assignment statements and R3 dis-
cards the print statements. Figure 6 illustrates, as an example,
specification of R; using the CONCORD syntax. Given space
limitations, the remaining two specifications can be found in
the replication package [37]. In the Tasks block, we define
the list of tasks that will be executed.

Tasks {
taskl {
Edge add next_token
Edge add for_cfg
Bdge add while_cfg
Edge add computed_from
Edge add guarded_by

1
1

Conditions {
exclude while
exclude if

Representations {
rl
”/dir/repos_list.csv”
“output_dir”
AST
task1

i3

Fig. 6: The R; specification using CONCORD’s grammar.

Then, in the Representations block, the list of graph
representations that will be generated is specified. Each repre-
sentation includes the list of source code repositories that will
be used as input, one or multiple base representations, and the
tasks of that will be applied. Note that, for space constraints,
we are only specifying one task in the Tasks block and the
same in the Representations block.

B. Code Smell Detection

1) Task Description: Code smells are symptoms of sub-
optimal design and implementation choices manifested in the
form of poorly written code that requires refactoring [38].
Their presence in a given software system hinders its quality,
specifically maintainability [39], [40] and reliability [41]-[44].
Hence, many efforts have been made to produce tools and
methods to detect them [45]. However, an important aspect
of code smells is that they are subjective in nature [45],
[46]. A code snippet can be smelly in one context, and
benign in another. This means that classifying such anoma-
lies deterministically using rule-based tools may not produce
accurate results. To this end, we conduct a set of experiments
showcasing how the features of CONCORD can be leveraged.
In this study, we consider four types of code smells that
were initially investigated by Sharma et al. [6]: Complex
method, Complex conditional, Feature envy, and Multifaceted
abstraction. We formulate the problem as a one-vs-all binary
classification problem, where each code smell represents a
dataset where each sample can be categorized as smelly or
non-smelly, which is commonly adopted in related literature.

2) Dataset: We randomly selected and cloned a set of 100
projects from the original set of 922 Java repositories that were
mined by Sharma et al. [6] in their study that aimed to explore
the feasibility of detecting code smells using deep learning.

To ensure reliability, we selected the snapshot of each
project before their replication package was published. Specif-
ically, we checked out the commit before January 26, 2019,
to reduce the possibility of refactoring, which could have
removed these smells and corrupted the labeling.

After executing CONCORD using each of the three specifica-
tions, we generate an initial collection of ~ 1.5M methods. To
construct the datasets for each code smell, we randomly select
a subset of the methods, while maintaining the positive-to-
negative ratio mentioned in the work of Sharma et al. [6]. We
did so to keep the training time tractable, given the resources
that we had access to, similar to what was done in related
research [47], [48].

TABLE II: Code smell detection datasets statistics

Train Validation Test
Smell
N P N P N P
Complex Method 60,000 3,222 7,500 403 7,500 403
Complex Conditional 60,000 2,478 7,500 310 7,500 310
Feature Envy 30,905 326 3864 41 3,864 41

Multifaceted Abstraction 5,184 180 648 23 648 23

Finally, we perform an 80:10:10 split corresponding to
training, validation, and testing using stratified sampling to



ensure fair evaluation for each classifier. Table II presents a
summary of the training dataset with the class distribution for
each dataset at each split.

TABLE III: Graph size statistics for code smell datasets.

Ri Ra R3
Smell Avg. Avg. Avg. Avg. Avg. Avg.
Nodes Edges Nodes  Edges Nodes Edges
Complex Method 4091 65.68 33.1 52.63 33.59 53.59
Complex Conditional 40.82 65.48 32.77 52.02 3335 53.16
Feature Envy 274.68 431.18 2673  418.04 27028 423.99
Multifaceted Abstraction — 487.28 77042 4150 649.12 4346  683.49

Table III tabulates the average number of nodes and edges in
each dataset after running CONCORD across all configurations.
We observe differences in the number of nodes and edges
between the implementation and design smells. This is because
we represent a design smell instance (i.e., a class) by combin-
ing the graphs of its methods into one graph. Consequently,
on average, design smells exhibit a higher number of nodes
compared to their implementation counterparts.

C. Vulnerability Detection

1) Task Description: Software vulnerabilities are flaws or
weaknesses in a system’s design or implementation that can
compromise its security or functionality. They can lead to se-
vere consequences, including data breaches and unauthorized
access. Earlier approaches included static analysis methods
and symbolic execution [49]-[51] to detect them. Deep learn-
ing approaches have emerged as complementary approaches.
Specifically, approaches that leverage the graph structures of
source code that can model its properties appropriately [24].

TABLE IV: Average number of nodes and edges in the Devign
dataset under each representation.

Representation ~ Avg. Nodes  Avg. Edges
R 192.22 314.73
Ro 182.88 300.91
R3 187.61 305.75

2) Dataset Used: We use the dataset released by Zhou
et al. [52]. Tt includes vulnerable and benign C/C++ func-
tions that were extracted from four large-scale open-source
repositories and manually labeled. The dataset is composed of
27,318 samples, where 21,854 are used for training, 2, 732
for validation, and 2,732 for testing. We generate the graph
representations using the CONCORD specifications mentioned
in Section IV-A.

D. Model description

We employ a Gated Graph Neural Network (GGNN)-
based [53] classifier to solve the downstream tasks. We select
this architecture over other variants such as Graph Convo-
lutional Networks (GCN) [54] or Graph Attention Networks
(GAT) [55], due to its superior performance demonstrated in
other software engineering tasks [27] including clone detec-
tion, code classification, and vulnerability detection.
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Fig. 7: Gated Graph Neural Network-based classifier

Figure 7 illustrates the end-to-end training process of the
classifier. We trained the model with the following hyperpa-
rameters, inspired by the experiments conducted by Siow et
al. [27] and Chakraborty et al. [24]: a learning rate of 1 X 1073,
a GGNN layer input size of 768, and a GGNN layer hidden
size of 128. We used a batch size of 128 and trained the model
for 100 epochs, with an early stopping patience of 25 epochs.

E. Research Questions

We train a classifier for each dataset-representation com-
bination, giving a total of 15 trained models. Given it is a
classification problem, we compute precision (P), recall (R),
and (F}) measure. Furthermore, we compute FLOPs (number of
floating points operation) to measure the model’s complexity
following similar work [56]. The lower the FLOPs value is, the
lower the computational complexity.

Through the conducted experiments, we would like to
answer the following research questions.

RQ1 Does CONCORD generate graphs that allow graph-
based models to learn features to solve the downstream
tasks?

RQ2 To what extent do CONCORD simplification heuris-
tics reduce the size of graph-based code representations?
RQ3 What is the impact of each pruning heuristic on
downstream performance?

RQ4 How do CONCORD'’s simplification heuristics bal-
ance model performance against computational effi-
ciency?

V. RESULTS

Table V shows the performance of the models trained on
datasets generated from the three specifications. We report the
average over five runs with different initializations.

A. RQI: Validity of the Baseline Representation

The goal of this research question is to validate whether the
graphs allow GNN models to learn features that can be used
to solve the downstream tasks. On the code smell detection
datasets, we obtain an average precision, recall, and F1 scores
of 52.46, 47.2, and 49.20, respectively when training the
models using the R; representation. Although the primary
focus of the study is not to showcase the performance of
GNNs on code smell detection tasks, a possible explanation
for obtaining such values could be attributed to the extreme
class imbalance of each dataset. Table II shows that the smelly
samples account for only ~ 4% of the total sample size on
average. Given that we retained the real-life distribution of
smelly and benign sample ratios, this adds robustness to our
evaluation. Indeed, experimenting with datasets that do reflect



TABLE V: Classification results for each specification. P: Precision, R: Recall, FLOPs: Number of Floating Point Operations.
The highest F1 scores across the three configurations in each dataset are in bold and underlined. The % symbol indicates
the highest performing pruning strategy. The 1 sign indicates that the higher the value is the better, whereas, | indicates the
lower the value the better. The reported number of FLOPs was measured using the test set of each dataset.

R1 R2 R3
Software Engineering Task Pt R 7T F1 1 FLOPs (x10%) | Pt R F1 +  FLOPs (x10%) | P Rt F1 1 FLOPs (x10%) |
Code smell detection
Complex Method 55.31  47.22  50.95 0.171 52.95  47.02 49.81 0.162 55.63  46.34  50.56% 0.165
Complex Conditional 48.03  43.458  45.62 0.175 43.448  41.10 42.24 0.168 47.024  45.31 46.15% 0.170
Feature Envy 53.40 63.11 57.85 0.300 51.15  59.31 54.93 0.252 82.025 48.17 60.69% 0.260
Multifaceted Abstraction 53.11  35.02 42.21 0.232 52.09 24.13 32.98 0.205 52.09  29.10  37.34% 0.210
Vulnerability detection
Devign 54.14  68.12 60.33 0.181 55.05  65.13 59.66 0.172 52.54 7721 62.53% 0.175

the actual distribution of anomalies can lead to misleading
results. Chakraborty et al. [24] showed that the performance
of the state-of-the-art GNN-based models used for vulnerability
detection dropped by more than 50% when trained and eval-
vated on representative data. For the vulnerability detection
task, the obtained score F1 is 60.33% which is close to what
was measured and reported in similar works that used graph-
based representations and graph neural networks on the same
dataset [52], [57].

Summary: GNN models yield a reasonable performance on
data that maintains real-world code smell distribution where
smelly snippets are rare. In addition, the results on the
Devign dataset are consistent with previous works. This in-
dicates that our proposed approach generates representations
that capture the desired code features for code analysis tasks.

B. RQ2: Impact of Heuristics on Graph Size
A primary goal of CONCORD is to generate more scalable
and computationally efficient graphs for deep learning models.

TABLE VI: Reduction rates of nodes and edges for R, and
R3 compared to Ry

R2 R3
Task Nodes % Edges % Nodes % Edges %
Smell detection
Complex Method 19.09% 19.86% 17.89% 18.40%
Complex Conditional 19.72% 20.56% 18.30% 18.82%
Feature Envy 2.69% 3.05% 1.60% 1.67%
Multifaceted Abstraction 14.83% 15.75% 10.81% 11.28%
Vulnerability detection
Devign 4.86% 4.39% 2.40% 2.85%

As detailed in Table VI, the pruning heuristics lead to
a consistent decrease in the average number of nodes and
edges across all code smell datasets. For the Complex Method
and Complex Conditional smells, the reduction is particu-
larly significant, with node and edge counts decreasing by
approximately 18-20% for both the R, and R3 representations.
The effect is less pronounced but still present for Feature
Envy and Multifaceted Abstraction, where the graphs are

inherently larger as they represent entire classes. Similarly, for
the vulnerability detection task on the Devign dataset, there
is a reduction in graph size for both pruned representations
compared to the baseline. R reduced the average node count
by 4.86% and the edge count by 4.39%. R3 resulted in a 2.40%
reduction in nodes and a 2.85% reduction in edges.

Summary: Results confirm that CONCORD’s heuristics gen-
erate more compact graph representations, directly address-
ing the goal of improving the efficiency of training GNN
models by reducing the complexity of their input data.

C. RQ3: Impact of Heuristics on Performance

Although the simplification is not targeted to improve
performance, but to improve efficiency and convenience, the
changes in the representation influence the performance that
we study in this research question.

On the Complex Method task, the baseline representation
R; achieved the highest F1 score of 50.95%. However, Rj,
which prunes print statements, performed nearly as well with
an F1 score of 50.56%. This suggests that for Complex
Method detection, the full AST representation is slightly more
informative, but removing print statements minimally impacts
performance.

Regarding the Complex Conditional task, we observe a
different pattern. Here, R3 outperformed both R; and Ro,
achieving the highest F1 score of 46.15%. This improvement,
albeit modest, indicates that removing print statements may
help in focusing on the structural aspects relevant to identify-
ing complex conditionals. Interestingly, Ro, which removes
simple assignments, performed worst with an F1 score of
42.24%, suggesting that these assignments may carry valuable
information for this particular code smell.

The Feature Envy detection task showed the most dramatic
improvement with pruning. Rs significantly outperformed both
R; and R, achieving an F1 score of 60.69% compared to
57.85% for Ry and 54.93% for Rs. This substantial improve-
ment indicates that removing print statements is particularly
effective for detecting Feature Envy, possibly by emphasizing
the structural relationships between methods and attributes that
are characteristic of this smell.



Conversely, Multifaceted Abstraction detection benefited
most from the full AST representation (R1), which achieved an
F1 score of 42.21%. Both pruning strategies led to decreased
performance, with R3 (37.34%) performing better than Rg
(32.98%). This suggests that for identifying such a smell,
retaining all nodes in the AST preserves more information,
which would be lost through pruning.

For the vulnerability detection task, we observe that Rj
outperformed both R; and Ry, achieving the highest F1 score
of 62.53%. This improvement over R; (60.33%) and R,
(59.66%) indicates that removing print statements is beneficial
for vulnerability detection, possibly by allowing the model to
focus more on the structural and data flow aspects of the code
that are relevant to identifying vulnerabilities.

Across all tasks, Ro (simple assignment removal) consis-
tently underperformed compared to Ry and Rgs; this suggests
that simple assignments, despite their apparent simplicity,
may contain valuable information for both code smell and
vulnerability detection tasks. On the other hand, Rs (print
statement removal) generally performed well, achieving the
highest F1 scores in 3 out of 5 tasks.

Summary: While the primary goal of simplification is
efficiency, removing print statements Rs often had the sec-
ondary benefit of enhancing or maintaining performance.
It surpassed the full representation R; on the Complex
Conditional, Feature Envy, and vulnerability detection tasks,
which indicates that pruning these less informative state-
ments helps the model focus on more structurally significant
code aspects.

D. RQ4: Tradeoff between Performance and Number of com-
putations

On the Complex Method, Rs outperforms R, with an F1
score of 50.56% compared to 49.81%, while using slightly
more FLOPs (0.165 x 10° vs. 0.162 x 10%). The 1.5%
improvement in F1 score comes at a cost of only 1.85%
more FLOPs, making R3 the better choice for this task. The
marginal increase in computational cost can be justified by the
performance gain.

In Complex Conditional R3 shows a more significant advan-
tage. It achieves an F1 score of 46.15%, substantially higher
than Ro’s 42.24%. This 9.3% improvement in F1 score is
achieved with only a 1.2% increase in FLOPs (0.170 x 10°
for R vs. 0.168 x 109 for Ry).

The most drastic difference in this task is observed in the
Feature Envy dataset. R3 dramatically outperforms Ry with
an F1 score of 60.69% compared to 54.93%. This substantial
10.5% improvement in F1 score comes with a modest 3.2%
increase in the number of FLOPs (0.260 x 10° for R3 vs.
0.252 x 10° for Ry). Similar to what was observed in the
Complex Method dataset, the significant performance gain
can justify the small computational overhead, making Rj
the superior choice for Feature Envy. As for Multifaceted
Abstraction detection, R3 again proves to be more effective.
It achieves an F1 score of 37.34% compared to Ry’s 32.98%,

with a 13.2% improvement. This comes at a cost of 2.4%
more FLOPs (0.210 x 10° for R vs. 0.205 x 109 for Rs).

In the Devign vulnerability detection task, R3 continues to
show advantages. It achieves an F1 score of 62.53%, outper-
forming R2’s 59.66%. This 4.8% improvement in F1 score is
achieved with only a 1.7% increase in FLOPs (0.175 x 10°
for R3 vs. 0.172 x 10° for Ry).

Summary: While removing simple assignments (R2) is the
most computationally efficient (lower FLOPs), removing
print statements (R3) consistently achieves higher F1 scores
across all tasks. This suggests simple assignments contain
more valuable information, making R3 a better compromise
between performance and computational cost.

VI. DISCUSSION

A. More Data does not Entail Higher Performance

As we have demonstrated in Section V, more data does
not necessarily translate to higher performance. We have seen
how with R3 representation that had less information, managed
to out perform R; in 3/5 tasks. To further investigate the
impact of removing print statements, we select samples from
the test set of the Complex Conditional dataset where the
models trained on R; and Rg exhibit disagreement in their
classifications. Listing 6 presents a snippet where such a
disagreement occurred'. The model trained on R; classifies
the code snippet as smelly, whereas the model trained on Rj
classifies it correctly. Misclassification can be attributed to the
noise that print statements introduce, as they lead the model
to learn implicit patterns that potentially hinder the learning
of an effective representation.

public TwoPassDataIndexer (...PARAMS) ({
TObjectIntHashMap predicateIndex;
List eventsToCompare;
predicateIndex = new TObjectIntHashMap () ;
System.out.println (STRING) ;
System.out.print (STRING) ;
try {
File tmp = File.createTempFile ("events",
null) ;
tmp.deleteOnExit () ;
int numEvents = ...;
System.out.println (STRING) ;
System.out.print (STRING) ;
eventsToCompare = ...;
// done with predicates
predicateIndex = null;
tmp.delete();
System.out.println (STRING) ;
System.out.print (STRING) ;
sortAndMerge (eventsToCompare) ;
System.out.println (STRING) ;
}
catch (IOException e) {
System.out.println(e);

}

Listing 6: An example of noisy print statements affecting the
predictive performance.

1Original code taken from here http://bit.ly/446v0n7



Of course, the simplification strategies offered by DSL should
not be considered as a silver bullet. For instance, it may be
unwise to perform print statement removal if we would like to
generate representations for code search that retrieves snippets
that perform I/O operations. Continuing with the analogy with
NLP, the same can be applied to stop words. If an NLP sys-
tem is used for stylistic analysis (e.g., authorship attribution)
removing stop words may remove important stylistic markers,
such as sentence structure and word choice.

B. CONCORD and Large Language Models

While Transformer-based models are becoming the domi-
nant architecture, they process source code as a simple se-
quence of tokens, overlooking its rich structural and semantic
nature. CONCORD positions itself not as a replacement, but
as a complementary tool that can be integrated with LLM-
powered systems to address this limitation. First, it can be
used to create hybrid, graph-based inputs for advanced neural
architectures. In this approach, CONCORD generates the graph
structure, while a pre-trained LLM like can provide the rich
vector embeddings for each individual node in the graph. This
combines the explicit structural representation from CONCORD
with the deep semantic understanding of a language model,
creating a more expressive input for graph neural networks.
Second, CONCORD can function as a pre-processing and sim-
plification tool to optimize the data fed into LLMs. Through
its heuristics to prune noisy and less informative statements,
CONCORD creates a more concise and semantically focused
version of the source code. This simplified representation can
then be fed to an LLM, reducing input token length, which
in turn lowers computational costs and can improve model
performance by removing noise that might otherwise hinder
the learning process. Through these integration pathways,
CONCORD enhances LLM-based systems by providing them
with more structured, efficient, and semantically rich data.

C. Other Applications of CONCORD

CONCORD’s features can be leveraged for various down-
stream GNN-related and non-NN tasks. For machine learning
applications like vulnerability detection or Type-4 code clone
detection, users can generate tailored graphs by combining
base representations (e.g.,, CFG, AST) with specific edge types
(NEXTSIBLING, NEXTTOKEN) and node removal operations
to filter noise. Beyond machine learning, the representations
generated by the DSL are valuable for other engineering
tasks. They can be used for code visualization to aid in
comprehension and debugging, or for static analysis to iden-
tify optimization opportunities such as dead code or unused
variables (e.g.,, using LASTUSE edges).

VII. THREATS TO VALIDITY

Internal validity: Internal validity threats are related to
experiment errors. When we cloned the repositories, we took
into account the snapshots that were before the publication
date of the replication package released by Sharma et al. [6].
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We did this to minimize the risk of code smells being refac-
tored. We also kept the same positive-to-negative class ratio
when constructing the datasets to avoid erroneous results as
discovered by Chakraborty et al. [24]. Furthermore, to ensure
fairness in evaluation, all models were trained and evaluated
on the same splits. Finally, we set the same random seed across
all models during the training and inference phases.

External validity: This type of threat is related to the
generalizability of the method. Although we provided a use
case for code smell detection and vulnerability detection,
CONCORD can be integrated into many other tasks, such
as clone detection and code search. Moreover, it supports
multiple programming languages, unlike the aforementioned
tools, which makes it flexible and can be used on multi-
linguistic datasets and benchmarks.

Construct validity: We carefully constructed the Ry, Ro,
and Rj3 configurations to measure the effect of removing
simple assignment and print statements across code snippets
in isolation. As for metrics, we used adequate measures to
evaluate classifiers and calculate their computational costs
similar to related work [6], [58], [59].

VIII. RELATED WORK

The python_graphs [21] library constructs Python pro-
gram graphs (control/data-flow, syntactic, lexical) with edge
augmentations akin to CONCORD, while feature-javac [22]
generates Java feature graphs for DL tasks. Both tools are
language-specific, unlike CONCORD, which leverages joern
for multi-language support and includes graph reduction to
ease GNN training costs. Further, CONCORD enables con-
figurability (selecting relationship types), unlike prior tools
that fix included relationships. This flexibility supports diverse
modeling objectives. Recent efforts such as COMEX [23] have
simplified the generation of structural code representations
by automating the extraction of multiple code-views (e.g.,,
AST and CFG,). However, COMEX remains limited in several
ways: it supports only predefined code-view combinations
for Java and C#, lacks a mechanism to define new edge
types or control structural relationships, and produces large,
dense graphs without built-in simplification strategies. In con-
trast, CONCORD generalizes this process through a DSL that
unifies graph construction across languages, supports fine-
grained configurability, and incorporates graph simplification
heuristics to enhance scalability while preserving essential
semantics. In addition, COMEX is limited to Java and C#,
whereas CONCORD offers a language-agnostic approach and
supports multiple programming languages off the shelf.

IX. CONCLUSIONS AND FUTURE WORK

In this study, we propose CONCORD, a DSL for graph code
representation construction. It is a method to build representa-
tions in a configurable and customizable way, and importantly,
provides a set of simplification heuristics to reduce the size
of the generated graphs. We demonstrate how it can be used
in a real example to detect code smells and vulnerabilities.
Our experiments show that it can effectively generate graph



representations of source code and reduce computational costs
without affecting the overall performance. In the future, we
will investigate how we can apply CONCORD in other tasks
in source code analysis, extend it further to accommodate other
modeling techniques, and investigate its integration with other
deep learning architectures such as language models of code.

X. DATA AVAILABILITY

We have made the replication package available on-
line [37] for other researchers to use and extend the proposed
DSL and framework.
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