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ABSTRACT

The ability of Graph Database Management Systems (GDBMSs)
to efficiently store and query graph data has led to their wide-
spread success. Unlike relational databases, GDBMSs model data
as graphs and support expressive queries through graph traversal.
Among the core functionalities, fixed-length and variable-length
queries are particularly critical, as they underscore fundamental
differences from traditional relational query execution. However,
the correctness of such queries is notoriously difficult to ensure due
to the intricate query semantics and the complexity of underlying
optimizations like worst-case optimal joins. This paper presents
a novel metamorphic testing approach named PATHTest that ex-
ploits result-equivalent transformations between fixed-length and
variable-length queries. Specifically, PATHTest incorporates an it-
erative query generator that supports the generation of diverse
and non-empty variable-length queries. During the mutation pro-
cess, three transformation rules embedded within PATHTest help
capture result-equivalent patterns between fixed- and variable-
length queries, enhancing its capability to uncover both logical
bugs and unexpected errors. Extensive evaluation on PATHTest
across seven real-world, widely-used GDBMSs demonstrates the su-
periority of PATHTest, with 41 previously unknown bugs revealed,
among which 24 are logic bugs, and 17 correspond to unexpected
errors. To note, all 41 bugs are beyond the reach of the seven exist-
ing state-of-the-art testing approaches. By now, 29 of the 41 bugs
have been confirmed, with 11 already fixed. Such evaluation results
demonstrate the effectiveness and uniqueness of PATHTest in de-
tecting bugs missed by existing testing approaches, contributing to
the reliability of modern GDBMSs.
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1 INTRODUCTION

The growing prevalence of highly interconnected data across do-
mains such as social networks [47], fraud detection [19, 68], recom-
mendation systems [34], and knowledge graphs [6, 20] has led to
increasing demands for data management systems capable of effi-
cient modeling and querying intricate relational structures. While
traditional Relational DataBase Management Systems (RDBMSs)
provide a well-established framework for managing structured data,
their performance becomes limited when processing multi-hop re-
lationships due to their reliance on tabular representations and join-
based query mechanisms. To tackle such issues, Graph DataBase
Management Systems (GDBMSs) have emerged as a compelling
alternative [62]. By representing data as nodes and edges, GDBMSs
provide a more intuitive and efficient abstraction for relationship-
centric queries. Moreover, GDBMSs are specifically optimized for
graph workloads, incorporating native storage and indexing struc-
tures tailored for connectivity queries [7, 30, 31, 37, 41, 50, 74]. Such
advantages have contributed to their wide adoption in both indus-
trial and academic contexts to support large-scale graph analytics.
In 2024, the GDBMS market is estimated to be worth USD 507.6
million and projected to grow to over USD 2.1 billion by 2030, with
a compound annual growth rate of 27.1% [43].

Challenges. However, the increased flexibility and expressiveness
introduce new challenges in ensuring the correctness of GDBMSs.
Unlike RDBMSs that adhere to well-recognized SQL standards,
GDBMSs support diverse graph query languages with different
paradigms, attracting increasing focus in both academia [1, 3, 46, 64]
and industry [48, 59]. As identified by Angles et al. [1], graph query
languages share two core features: graph pattern matching and
graph navigation that serve as the underlying mechanisms for
fixed-length and variable-length queries, respectively. Specifi-
cally, fixed-length queries specify bounded structural patterns, such
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as (n@)-[1->(n1), and precisely describe the graph structure to
be matched. They are typically evaluated through adjacency-based
pattern enumeration. In contrast, variable-length queries, such as
(n@)-[*]->(n1), aim to retrieve paths of arbitrary length, pro-
viding a more expressive way to formulate path-oriented queries.
However, such increased expressiveness results in a higher com-
putational cost, as the number of candidate paths grows rapidly
with the increase in path length. To mitigate this cost, many opti-
mizations have been proposed, such as worst-case optimal joins
for variable-length queries [37] and reachability-based techniques
specialized for label-constrained traversals (e.g., -[*]1->) [49, 50].
Such optimizations further complicate graph query processing, sig-
nificantly challenging the correctness assurance of GDBMSs.

A representative example is the logic bug in AgensGraph [65],
reported as issue (#728) [12]. Specifically, AgensGraph executes
variable-length queries, such as (n@)-[*1..3]->(n1) by inter-
nally constructing joins over multiple intermediate path objects,
each representing the result of a sub-query on the graph’s topol-
ogy. To mitigate path explosion, AgensGraph introduces several
engineering optimizations, among which path objects are invis-
ible unless explicitly bound to variables in the query, rendering
several intermediate sub-query objects invisible in the query con-
text. This incorrect optimization, however, introduces a bug where
the variable-length query yields an empty result, even though the
corresponding fixed-length query produces correct results.

In recent years, testing approaches for GDBMSs have achieved
substantial progress, with differential testing [21, 72] and metamor-
phic testing [25, 29, 39, 42, 70, 73] emerging as the most prominent
approaches in GDBMS testing. However, our experimental evalua-
tion reveals that existing approaches cannot effectively identify bugs
related to variable-length queries. Specifically, differential testing
detects inconsistencies by executing the same queries on multiple
GDBMSs and comparing the results. Such approaches are inher-
ently limited by the substantial syntactic and semantic divergence
among the implementations of different GDBMSs. Metamorphic
testing, on the other hand, attempts to verify the correctness of a
single GDBMS by examining whether outputs adhere to predefined
metamorphic relations under systematic input transformations.
However, existing metamorphic testing approaches predominantly
target fixed-length queries, while largely neglecting variable-length
queries. In detail, State-Of-The-Art (SOTA) testing approaches, such
as GDBMeter [29], GraphGenie [25], and Grasp [39] have their
transformation rules designed in a coarse-grained manner, focus-
ing on structural rewrites such as reversing edge directions (e.g.,
transforming ()-[*]1->() into ()<-[*]-()). While such transfor-
mations may alter the execution plan, they leave the underlying
variable-length queries’ semantics unchanged. The narrow cover-
age of variable-length query semantics in these approaches ren-
ders them inadequate for detecting bugs unique to variable-length
queries. A notable exception is Gamera [73], which performs testing
targeting graph-native structures, thereby moving beyond query-
syntax transformations. However, its transformation rules depend
on reachability relations between nodes and also keep the semantics
of variable-length queries unchanged. Our evaluation also indicates
that Gamera overlooks quite a number of bugs unique to variable-
length queries. Collectively, these factors help explain why the
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aforementioned example bug persisted for over two years, until our
approach provided test cases that enabled its reproduction.
Approach. To address the aforementioned challenges, we propose
a novel metamorphic testing approach named PATHTest. Our key
insight is that, while a single fixed-length query cannot capture
the full semantics of a variable-length query, carefully combining
multiple fixed-length queries can collectively reproduce the results
of variable-length queries with bounded lengths. This insight en-
ables two complementary transformations with result equivalence:
fixed-length queries can be folded into variable-length counter-
parts by merging explicit edge sequences into a variable-length
path expression, while variable-length queries can be partitioned
into sets of fixed-length queries by imposing explicit path length
bounds. Result-equivalent queries denote that while queries may
vary in semantics with different query plans and intermediates,
their result sets are equivalent. For example, the variable-length
query (n@)-[#1..2]->(n1) can be partitioned into two fixed-
length queries, i.e., (n@)-[1->(n1) and (n@)-[1->()-[1->(n1),
and vice versa via folding, with results remaining consistent. Such
result equivalence allows fixed-length and variable-length queries
to serve as mutual testing oracles, thus making correctness evalua-
tions of variable-length queries feasible and enabling more effective
testing for fixed-length queries with more expressive references.
We implement PATHTest as the first query generator supporting
variable-length queries, which also maintains the crucial non-empty
property [21]. Underpinned by theoretical guarantees, we designed
three fine-grained transformation rules based on the folding and
partitioning operations, namely Variable-Length Pattern Folding
(VPF), In-Clause Query Partition (IQP), and Cross-Clause Query
Partition (CQP). As indicated by their names: () VPF generalizes
rigid fixed-length queries into bounded variable-length forms with
explicit constraints, unlocking more flexible execution plans and
enabling tailored transformations based on system-specific opti-
mization features. (2) IQP rewrites a variable-length clause into
multiple fixed-length clauses merged within a single subquery, pre-
serving shared query context while stimulating internal query vari-
ation. (3) CQP splits the query into separate branches by selecting
a variable-length pattern, replacing it with a fixed-length pattern
in each branch, and independently transforming the suffix, thereby
enabling isolated paths that trigger diverse planner behaviors. To-
gether, these transformation rules preserve result equivalence while
inducing diverse execution behaviors, enabling systematic testing
of variable-length queries and substantially extending the testing
scope of fixed-length queries in GDBMSs.
Evaluations. We evaluated PATHTest on seven famous GDBMSs:
Neo4j [55], MemGraph [45], AgensGraph [65], NebulaGraph [22],
JanusGraph [10], HugeGraph [9], and TinkerGraph [60], across two
donimant graph query languages, Cypher [56] and Gremlin [59].
In total, PATHTest uncovered 41 previously unknown bugs, includ-
ing 24 logic bugs and 17 unexpected errors. By now, 29 out of the
41 bugs have been confirmed by the developers, among which 11
have already been fixed. Furthermore, we also conducted a compre-
hensive comparison between PATHTest and seven SOTA testing
approahces: GDSmith [21], GDBMeter [29], GRev [42], GraphGe-
nie [25], Gamara [73], GraspDB [39], and Grand [72]. Experimental
results show that PATHTest not only effectively detects bugs with
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(a) A labeled property graph (LPG) example

name: Andrew
age: 22

name: Quentin Tarantino
age: 62

name: Leonardo DiCaprio
age: 51

[ )

MATCH (a:Person)-[:Follow]->()-[:Collaborate]->(b:Director)
RETURN b.name AS name

®

MATCH (a:Person)-[r*2..2]->(b:Director)
@ WHERE type(r[0])=‘Follow’ AND type(r[1])=*Collaborate’
RETURN b.name AS name

(b) Example of Two Equivalent Cypher Queries

g.V().hasLabel(‘Person’).
repeat(out()).times(2).
where(path().by(label()).
is([“*’, ‘Follow’, “*’, “‘Collaborate’, “*’])).
hasLabel(‘Director’).
values(‘name”)

g.V().hasLabel(‘Person’).
out(‘Follow”).
@ out(‘Collaborate’).
hasLabel(‘Director’).
values(‘name’)

(c) Example of Two Equivalent Gremlin Queries

Figure 1: A labeled property graph (LPG) example

zero false-positive rate, but also identifies long-standing issues, in-
cluding logic bugs that have persisted for over six years. These
findings highlight the practical value of our approach as well as its
capability to excavate bugs that were missed by prior approaches.
Contributions. This paper makes the following key contributions:
We propose PATHTest, a novel metamorphic testing approach
for detecting logic bugs in GDBMSs by exploiting result equiva-
lence between fixed-length and variable-length queries through
a variable-length—pattern—oriented query generator and three
fine-grained transformation rules that ensure query diversity.
We implement PATHTest as a practical tool that automatically
generates valid fixed-length and variable-length queries, en-
abling scalable and effective testing on real-world GDBMSs.
We conduct a large-scale evaluation of PATHTest on seven repre-
sentative GDBMSs, demonstrating its effectiveness and comple-
mentarity to seven state-of-the-art testing approaches, with 41
previously unknown bugs discovered. So far, 29 of the 41 bugs
have been confirmed by developers, with 11 already resolved.

2 BACKGROUND

2.1 Label Property Graph in GDBMSs

Modern GDBMSs typically use the Labeled Property Graph (LPG)
model to represent graph data [22, 45, 55, 65]. In this model, the
graph consists of a set of nodes and a set of directed edges between
nodes (also referred to as relationships). Each node can be annotated
with one or more labels describing its group, while each edge is
associated with exactly one label indicating its type. Both nodes
and edges can carry arbitrary properties as key-value pairs. For
example, as shown in Figure 1(a), the LPG contains three nodes
labeled Person, Actor, and Director, and two directed edges la-
beled Follow and Collaborate. Each node carries two properties:
name and age, and each edge has one property since.
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2.2 Graph Query Languages

Unlike RDBMSs with SQL that follow well-recognized standards,
there exist diverse query languages in GDBMSs [56, 57, 59, 63].
Among these languages, Cypher [56] and Gremlin [59] are the two
most recognized and predominant, and are therefore selected as
representative languages in this work. Both Cypher and Gremlin
support two fundamental graph querying functionalities, namely
graph patterns and navigational expressions [1], which correspond
to fixed-length path and variable-length path queries, respectively.
Cypher. Cypherisa declarative graph query language for GDBMSs,
offering a pattern-matching syntax to query nodes and relation-
ships. Queries in Cypher use SQL-like clauses such as MATCH, WHERE,
and RETURN to specify patterns and retrieve data. Query (D in Fig-
ure 1(b) shows a fixed-length query that contains two clauses: MATCH
and RETURN. The MATCH clause specifies a graph pattern to match,
in which a Person node is connected via a Follow edge to an in-
termediate node and then via a Collaborate edge to a Director
node. The RETURN clause specifies which data to return, in this case,
the name of the matched Director node. Query (2) in Figure 1(c)
demonstrates a result-equivalent variable-length query, in which
the path is represented using a single variable-length pattern with
the * operator to specify the path length, while the edge labels are
enforced through type-based predicates in the WHERE clause.
Gremlin. Gremlin is a functional traversal language for GDBMSs,
in which queries are expressed as sequences of atomic steps that
traverse, filter, or aggregate elements of the graph in a streaming
fashion. As an example, the query (D) in Figure 1(c) shows a fixed-
length traversal using chained steps. This query first selects Person
nodes, then traverses Follow and Collaborate edges via consec-
utive out() steps, and finally filters the result to nodes labeled
Director before returning their name values. In contrast, the query
() in Figure 1(c) demonstrates a result-equivalent variable-length
traversal, where the entire path is captured using the repeat step
with a length constraint via times, and the original edge labels are
enforced through a where predicate. These two Gremlin queries
are result-equivalent to the Cypher examples in Figure 1(b).

All four queries in Figure 1 are result-equivalent: when executed
on the example graph in Figure 1(a), they produce the same result,
namely the director Quentin Tarantino. For presentation clarity, we
primarily use Cypher to describe our approach in the subsequent
sections; the corresponding transformations and implementations
for Gremlin are later discussed separately.

3 APPROACH

3.1 Result Equivalence of Transformations

Before detailing our approach, we introduce the theoretical founda-
tion of PATHTest to provide a clear understanding of how folding
and partitioning establish result equivalence between fixed-length
and variable-length queries.

Roughly, we formalize path patterns via Kleene algebra [32,
35, 36], K = (Lab,|,-,*,0,1), where a path can be modeled as an
edge sequence. In this formulation: (1) Lab is the set of edge labels,
where we introduce a special symbol any € Lab serving as a wild-
card matching any edge label; (2) operator | denotes alternation;
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Figure 2: Overview of PATHTest

(3 operator - denotes the concatenation of edges; (4) operator * de-
notes unbounded-repetition; (5) constant 0 denotes empty language,

matches no paths; (6) constant 1 denotes empty string, matches the
trivial path of length zero. In addition, Cypher supports variable-
length path queries, such as [:Followxl..u] (0 < I < u) to match
path length ranging from [ to u. To reflect such property, we extend
the standard syntax of Kleene algebra with notation {Lu} 16 denote
the bounded-repetition within the interval [Lu].

Moreover, we can uniformly represent both fixed-length and
variable-length patterns in the queries as:

P=xi>y,

1
where « denotes the path expression from x to y. We use 7 E «
to denote a concrete path 7 that matches «, and define |7| as the
number of edges in 7. Accordingly, queries, including fixed-length
patterns (e.g., Follow), bounded-repetition (e.g., Follow!%3} ), and
unbounded-repetition (e.g., Follow®) patterns, are well-expressed.

For example, the semantics of the pattern in Figure 1(b) can be

Follow- Collaborat
represented as x i e N y, which matches all paths that

satisfy the "collaborator of a follower" relationship. The proposed
transformations, folding (fixed-length patterns can be folded into
equivalent bounded-repetition ones using length constraints) and
partioning (bounded-repetition patterns can be partitioned into
unions of fixed-length ones), are further discussed below.

For any edge label L € Lab, k > 1, bounds 0 < [ < k < u, and
pibu} = U?:l L!, the transformations preserve query semantics.
Folding Equivalence:

k times
—_—
L-L-...-L L)
yEx

x @
where 7 is a concrete path matched by L4} With the length con-
straint || = k matching LK, the variable-length pattern is identical

to the fixed-length pattern.

y with || =k,
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Partitioning Equivalence:
L{u} L
i=l

Since the individual path sets of different lengths cannot be identical,
the union preserves all matching results without duplication.

Consequently, with such equivalences, any pattern P; trans-
formed into P2 under our proposed transformations matches exactly
the same set of paths, building the foundation of PATHTest.

®)

3.2 Approach Overview

Figure 2 presents an overview of PATHTest. PATHTest follows an
iterative testing paradigm, with each iteration consisting of four
stages. In stages (D) and (2), PATHTest constructs a graph database
and generates a base query over the database. Next, in stage (3), the
base query is transformed into result-equivalent variants to enable
metamorphic testing. Eventually, in stage (), the original query
and its transformed variants are executed on the target GDBMSs,
followed by an analysis of the execution results. During execution,
PATHTest reports two types of potential bugs: (1) unexpected errors,
including runtime exceptions, system crashes, and internal errors;
and (2) logic bugs, reported when result-equivalent queries produce
inconsistent results. After result validation, PATHTest proceeds to
the next iteration by either generating a new query on the current
database or constructing a new database, depending on whether
the query budget has been exhausted.

3.3 Graph Data and Query Generation

Our graph data and query generation build upon GDSmith [21], a
SOTA differential testing framework for Cypher-based GDBMSs.
Currently, GDSmith exhibits two primary limitations in practice:
(D Although supporting schema-based graph generation, GDSmith
lacks compatibility with certain schema-enforced GDBMSs such
as NebulaGraph [22]. (2) GDSmith only generates fixed-length pat-
terns, without the support of variable-length patterns. To address



such limitations, we leverage a schema metamodel to enable schema-
aware graph database support and extend query generation with
variable-length path capabilities.

Schema Metamodel Generator. GDSmith uniformly models node
and edge labels as tuples (I, #), where [ denotes the label name and
P is a set of properties. Without explicitly encoding structural con-
straints on edges, such as the required source and target node labels
of an edge type, this model is incompatible with schema-enforced
GDBMSs that mandate strict edge schemas, e.g., explicitly declared
source and target node labels [22, 58]. To address this limitation,
we extend the schema metamodel. The representation of node la-
bels (I, ) remains unchanged, while an edge label is modeled as a
quadruple (I, P, lin, lout), where i, and Iyt denote the labels of the
source and target nodes, respectively.

This enhancement enables PATHTest to accurately model and
generate schema-compliant property graphs. For example, in Neb-
ulaGraph [22], its query language NGQL [61] requires users to
explicitly declare TAG (i.e., node label) and EDGE types at the
schema level, which correspond to node label schemas and edge la-
bel schemas, respectively. Moreover, each EDGE type must specify
its source and target TAG types before any data can be inserted.
Based on our extended metamodel, PATHTest first generates the
corresponding CREATE TAG and CREATE EDGE statements from the
node and edge label specifications, and then populates the graph
using INSERT statements for node and edge instances, ensuring
schema compliance and compatibility with the target system.
Variable-length Query Generation (VQG). To generate variable-
length queries while retaining effective bug detection, it is essential
to preserve the non-empty specificity, a core principle underlying
GDSmith’s query generation. Following GDSmith, PATHTest first
generates skeletons with database keywords, then fills the skele-
tons with patterns by iteratively selecting nodes and edges from
the generated graph to construct valid paths. This practice helps
PATHTest to generate queries mostly with non-empty results. Based
on such constraints, we further develop our variable-length query
generation component, VQG. Specifically, within the selected sub-
set of nodes and edges, PATHTest identifies sequences of adjacent
edges that share the same label, denoted as Lg € Lab, with the
maximum number of such adjacent edges being k € N*. These
sequences correspond to a basic fixed-length pattern of length k.
Building upon this, the initial variable-length pattern generated can
be constructed as L*} . This serves as a marginal variable-length
form that exactly captures the corresponding fixed-length pattern.
After that, a series of mutation operations are randomly applied to
broaden this initial pattern, including reducing the lower bound to
a figure in the interval [0, k), increasing the upper bound to a figure
in (k, +00), and relaxing the label constraint from L to any, etc. All
such mutations are designed to enhance the diversity of generated
variable-length path patterns while preserving non-empty speci-
ficity, thereby improving the overall effectiveness of PATHTest in
uncovering potential bugs during testing.

3.4 Query Transformation

Algorithm 1 illustrates how we traverse a generated query to con-
struct a mutated query. This algorithm takes two inputs: an Ab-
stract Syntax Tree (AST) T representing the structure of the original
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Algorithm 1: Pattern-level Query Transformation

Input: AST T; clause set C
Output: Qy,: an mutated query generated from the AST.

1 Function Traversal(T,C):
Om < an empty GDBMS query;
fori < 0;i < C.size;i++ do
¢« Cli];
if ¢ NOT readingStatement then

‘ add ¢ to Qm;
end
else if ¢ has varLenPat A RandomBoolean() then
Cp VarLenthPartition(T, c);
if FlipCoin() then
format C, into subquery ¢’;
add ¢’ to Qm;
nd
else
Qp < an empty GDBMS query List;

10
11

12

o

13
14
15
16 foreach ¢’ inCp do
Qpre —Qmuc;
Qsuf « Traversal(T, C[i :]);
Qfunl < combine Qpre and Qgyf;
append Qg to Op;
end

17
18
19
20
21

22 QOm < union of all queries in Qp;

23 return Q,;;

end

nd

Ise if ¢ has anonPath A RandomBoolean() then
¢ « QmU VarLengthFold(T, c);

add ¢’ to Qm;

end

24

25

o o

26
27

28

29

30 end

31 return Qp;;

query, and a clause set C containing its constituent clauses (e.g.,
MATCH, WHERE, WITH, RETURN, etc.). The algorithm begins with an
empty query Qp, (line 2). It then iterates through each clause in
C, applying clause-specific rewrites when applicable (lines 3-30).
For each clause, it first checks whether it is read-related (e.g.,
MATCH, OPTIONAL MATCH) capable of pattern analysis. Non-read
clauses (e.g., WITH, UNWIND) are appended to Qy, as-is (lines 5-7).
When variable-length patterns are identified, the transformation
is applied with a certain probability. If so, the pattern is partitioned
into a set of fixed-length subpatterns according to Equation 3, each
of which is converted into a separate clause (lines 8-25). We denote
the resulting clause set as Cp, (line 9). As illustrated in step 3 of
Figure 2, a clause such as (v1)-[*1..2]->(v) can be decomposed
into two fixed-length clauses: MATCH (v1)-[]1->(v) and MATCH
(v1)-[1->()-[1->(v). To handle these partitioned clauses, the
algorithm randomly selects one of two transformation strategies.
The first, referred to as In-clause Query Partition (the middle
part of step (3 in Figure 2), formats Cp, into a single subquery by



combining all clauses using UNION ALL according to Equation 3,
and appends it to the current mutated query Qn, (lines 11-12).
The second strategy, called Cross-clause Query Partition (the
lower part of step 3 in Figure 2), constructs multiple complete
query branches from the individual partitioned clauses (lines 15-23).
Specifically, the algorithm iterates over each partitioned clause ¢’ €
Cp. For each ¢/, it appends ¢’ to the current mutated query Qp, to
form a prefix query Qpre (lines 17-18). The remaining clauses C[i :]
are then independently and recursively traversed and transformed
to generate a set of suffix queries Qg,f. Each combination of Qpre
and a suffix query in Qg forms a complete query Qg,jj, which is
collected into the query list Q, (lines 19-20). After all branches
are generated, the queries in Q) are combined using UNION ALL
according to Equation 3 to construct the final mutated query QOp,
(line 22), which is then returned (line 23).

For fixed-length patterns, the transformation is also applied
with a certain probability. If so, we apply the transformation called
Variable-length Pattern Folding, which folds the path into a
variable-length expression to generate a mutated clause (lines 26-
29). As shown in the first clause of Q, in Figure 2, a fixed-length
pattern of length three (i.e., (v1)->()->()->(v5)) can be folded
into a variable-length pattern such as (v1)-[*3..5]->(v5). We
then apply a WHERE clause to filter paths of length exactly three,
which, according to Equation 2, ensures result equivalence with the
original fixed-length pattern. After all clauses have been processed
through one complete traversal, a new query with a fundamentally
different path traversal strategy is obtained (line 31).

While each transformation strategy individually guarantees re-
sult equivalence between the input and output queries, different
strategies yield structurally distinct queries. Randomly selecting
among these strategies allows PATHTest to exercise more diverse
planning and optimization behaviors in GDBMSs. Subsequently,
we further elaborate on these three important strategies.
In-clause Query Partition (IQP). For a variable-length pattern,
IQP first splits it into fixed-length clauses and then restructures
them into a single subquery, which can be described as:

it u Li
x—y=| Jx —y,
i=l

According to Equation 3, this partitioning preserves query seman-
tics by enumerating all possible path lengths between the specified
bounds. As illustrated in the middle part of step 3 in Figure 2,
to preserve result equivalence with the original clause, the sub-
query first uses CALL (%) to import the intermediate results from
the preceding clauses. This ensures that any nodes or relationships
referenced in the partitioned clauses are properly bound. Addition-
ally, we maintain a set of currently live identifiers. Since graph
databases typically disallow returning identifiers already defined in
the outer scope, the subquery only returns newly introduced identi-
fiers (e.g., the variable v). A minimal RETURN NULL clause is inserted
if no new identifiers are introduced. The resulting subquery serves
as a semantically valid and structurally complex unit, thus enabling
more comprehensive testing of subquery-related behaviors.

Cross-clause Query Partition (CQP). From fixed-length clauses
derived from a variable-length pattern, CQP constructs separate
queries and then combines them using a UNION ALL operation to
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produce a single compound query. To ensure result equivalence

with the original query, each new query branch retains all preceding

clauses as a shared prefix. This transformation can be described as:

pibu} u Li ()

Qo = Qpre ©x —— y 0 Qguf = UQprer—> yoQup
i=l

where Qpre and Qgyr denote the shared prefix and the remaining

Q)

suffix of the original query; each QS(LII)f is also recursively rewrit-
ten to match the path length i. Notably, since each clause can be
transformed independently, while different transformations can
be further applied on different partitioned branches at later itera-
tions, the final queries become changeful and diverse with result
equivalence, thus triggering various query functions with different
optimizations and enabling the exposure of latent logic bugs.

To date, though our demonstrations of ICP and CQP focus primar-
ily on bounded paths for clarity, nevertheless, both transformation
rules are also applicable to unbounded paths. Specifically, for an
unbounded path such as [*2..], we simulate them by splitting
out the prefix lengths (e.g., 2, 3) to fix-length subqueries and union
them with a variable-length pattern of the remaining unbounded
paths (e.g., [*4. . 1). Guided by empirical observations across repre-
sentative GDBMSs showing that additional fixed-length subqueries
do not yield more diverse query plans but incur unnecessary perfor-
mance overhead, we use the two smallest prefix lengths to balance
query-plan coverage and execution efficiency.

Variable-length Pattern Folding (VPF). This transformation
strategy folds a fixed-length path pattern into a variable-length
pattern with explicit length constraints, described as:

k times
—_—
L-L-...-L {Lu}

L .
x ————— y = x —— y with |7| = k.

(6)
As illustrated at the top of step (3) in Figure 2, the folded path
is assigned randomly generated lower and upper bounds ! and
u (I < k < u), where k is the original path length. In practice, result
equivalence is preserved by introducing a temporary path variable
r to bind the variable-length path, enforcing the length constraint
in the WHERE clause, and subsequently eliminating r via the WITH
clause to prevent propagation. Although the transformation may
lead to different query plans, it does not affect the query results.
In particular, setting u = oo yields unbounded repetition, which
corresponds to omitting the upper bound in Cypher.

To enhance execution diversity and stress engine-specific opti-
mizations, our strategy extends folded paths by leveraging system-
specific features of individual GDBMSs. For example, in Neo4;j, a
folded pattern such as (v1)-[*3..5]->(v5) can be rewritten as
ALL SHORTEST (v1)-[#3..5]-(v5), emphasizing shortest-path
evaluation. In MemGraph, traversal algorithms can be explicitly
specified for patterns (e.g., (v1)-[*BFS 3..4]->(v5)), instruct-
ing the engine to perform breadth-first search instead of the de-
fault depth-first. These forms are syntactically valid and result-
equivalent to the originals, enabling the engine to generate more
diverse execution plans without altering query results.
Heterogeneous-Label Generalization. For patterns, primarily
VPF, involving heterogeneous edge labels or constraints on inter-
mediate nodes, folding a fixed-length path into a variable-length
one by directly dropping label constraints and variable bindings



may undermine their result equivalence. To address this issue, our
PATHTest adopts a widen-then-constrain strategy, in which the
original fixed-length patterns are first folded into a variable-length
path p, whose edge label is constrained to the intersection of the
labels of the original patterns. This widening step aims to construct
a narrow superset of the original patterns, since a smaller super-
set reduces the number of irrelevant candidate paths considered
during matching, thereby improving overall efficiency. In addi-
tion, only when the label intersection is empty is the folded path
left unconstrained, i.e., its edge label is set to any. Subsequently,
constrained by reintroducing the previous constraints from orig-
inal patterns as predicates over p, we thereby filter out spurious
matches and restore the original semantics. For example, consider
the pattern (n1)<-[r1:T0]-(n2:L1)<-[r2:T0:T1]1-(n3), where
adjacent edges impose heterogeneous label constraints, and the
intermediate node is label-restricted. We first fold the pattern into
a variable-length path using edge-label intersection and bind it to
a path variable p@ = (n1)<-[r:T@*1..2]-(n3). The remaining
constraints are then enforced as predicates over p@ in the WHERE
clause. Specifically, constraints on intermediate nodes are preserved
by checking the labels at the corresponding path positions, e.g.,
ALL(x IN [’L1’] WHERE x IN labels(nodes(p@)[11)). Edge
labels not covered by the intersection are handled analogously via
additional predicates. Finally, to preserve the variable bindings of
the original query, we use the path variable to rebind intermediate
nodes and relationships to their original variables, e.g., WITH n1,
rf@] AS r1, nodes(p@)[1]1 AS n2, r[1] AS r2, n3. While
most property graph databases associate a single label with each
edge in practice, multi-label edges are used here to demonstrate
how our approach handles both intersecting and non-intersecting
label constraints within a unified framework more clearly.

3.5 Implementation

We implemented a prototype of PATHTest for the two most widely
used and recognized graph query languages, Cypher [56] and
Gremlin [59]. Notably, our approach can also be easily general-
ized to other modern graph query languages, such as GSQL [57]
and GQL [24], with slight engineering effort. For Cypher, our im-
plementation is on top of GDSmith [21] with over 10K lines of
Java code. For Gremlin, we first extended Grand’s query genera-
tion framework to support variable-length path queries and then
followed Algorithm 1 to integrate the same three transformation
strategies. Specifically, VPF and CQP were directly implemented in
Gremlin, whereas IQP was implemented based on not subqueries
but match step, as Gremlin does not support subqueries and match
provides similar functionality for presenting inner traversals. Since
our implementation directly reuses Grand’s abstract Gremlin tra-
versal model, it requires relatively much lower engineering effort
of around 1K lines of code to implement our PATHTest.

4 EVALUATION

Our evaluation is guided by the following Research Questions (RQs):

e RQ1: Real-world Applicability. Can PATHTest identify logic
bugs in real-world GDBMSs?

e RQ2: Ablation Evaluation. How does each component of
PATHTest contribute to the overall effectiveness?
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Table 1: Information of The Tested GDBMS

GDBMS Rank Stars Year LoC(K) Version
Neo4;j 1 15.3k 2007 1,582 5.26.4
Memgraph 10 3.4k 2017 334 3.1.1
AgensGraph 31 1.4k 2016 1,681 2.15.0
NebulaGraph 9 11.8k 2019 345 3.8.0
JanusGraph 11 5.7k 2016 155 1.1.0
HugeGraph 28 2.9k 2016 272 1.7.0
TinkerGraph 38 2.1k 2009 1013 3.8.0

e ROQ3: Comparison Evaluation. How effective is PATHTest
compared with the state-of-the-art GDBMSs testing approaches?
Benchmark GDBMSs. Seven popular real-world GDBMSs are
selected to evaluate the effectiveness of PATHTest on their lat-
est versions: four Cypher-supporting GDBMSs (Neo4j [55], Mem-
Graph [45], AgensGraph [65], and NebulaGraph [22]) and three
Gremlin-based systems (JanusGraph [10], HugeGraph [9], and Tin-
kerGraph [60]). Table 1 summarizes their key statistics, including
GDB-Engine rankings [40], GitHub stars, Lines Of Code (LOC, mea-
sured via cloc [8]), and the tested versions. Among the Cypher-
supporting GDBMSs, Neo4;j [55] is the most prominent, consistently
ranking first among GDB-Engines and widely adopted by both in-
dustry and the open-source community. MemGraph [45] features an
in-memory architecture designed to support both transactional and
analytical workloads. AgensGraph [65], built on PostgreSQL [17],
integrates relational and graph data models for complex enterprise
applications. We also included NebulaGraph [22], which primarily
uses its own query language, NGQL [61], but additionally sup-
ports OpenCypher [48] for querying. On the Gremlin side, Janus-
Graph [10] is a highly scalable, distributed graph database that
integrates with various backends, including HBase and Cassandra.
HugeGraph [9] is an open-source, distributed graph database de-
signed to handle large-scale graphs efficiently. TinkerGraph [60] is
a lightweight, embedded graph database that serves as a reference
implementation for the TinkerPop graph processing framework.
Testing Environment. All experiments are conducted on a server
with 96 physical cores running at 2.60 GHz. The machine runs
Ubuntu 22.04 and is equipped with 256 GB of RAM.
Baseline Approaches. We select seven publicly available testing
approaches targeting Cypher- and Gremlin-compatible GDBMSs as
baselines: GDSmith [21], GDBMeter [29], Gamera [73], GraphGe-
nie [25], GRev [42], GraspDB [39], and Grand [72]. Among these
approaches, GDSmith and Grand are differential testing approaches,
targeting Cypher and Gremlin, respectively. The remaining ap-
proaches support Cypher and all employ metamorphic testing
strategies to address the oracle problem, while Gamera additionally
supports Gremlin.

4.1 RQ1: Real-world Applicability

Evaluation methodology. To evaluate the real-world applicabil-
ity of PATHTest, we apply it to seven popular real-world GDBMSs.
As a metamorphic testing approach, PATHTest is capable of detect-
ing both unexpected errors and logical bugs. Each of them is later
checked, reproduced, and reported to the developers. To improve



Table 2: Previously Unknown Bug Detected by PATHTest

Bug status Bug type
GDBMS Detected Confirmed Fixed Logic UE
Neodj [55] 6 6 6 1 5
MemGraph [45] 14 9 0 11 3
AgensGraph [65] 10 5 3 5 5
NebulaGraph [22] 5 5 0 3 2
JanusGraph [10] 1 0 0 1 0
HugeGraph [9] 4 4 2 2 2
TinkerGraph [60] 1 0 0 1 0
Totol 41 29 11 24 17

UE: Unexpected Error (e.g., runtime exception, crash, or internal error).

the quality of our bug reports, a systematic process is applied: (1) We
manually minimize each bug report to improve reproducibility and
facilitate bug fixing. (2) We further manually perform root cause

analysis to filter out test cases triggered by the same issue. 3) We
then cross-check public issues to prevent duplicate submissions,
and submit new unique bugs with detailed reports and reproduction
steps. @ Among the reported bugs, only those explicitly acknowl-
edged by the developers are marked as confirmed or fixed.
Results. Table 2 summarizes the number and status of unknown
bugs detected by PATHTest across the seven evaluated GDBMSs.
In total, PATHTest uncovers 46 unique bugs, among which 41 are
previously unknown. The remaining five bugs had already been re-
ported or immediately fixed before the detection of PATHTest, and
are therefore excluded from our statistics. By now, among the 41
newly identified bugs, 24 are logic bugs, and 17 are unexpected er-
rors. To better understand their root causes, we conducted a further
manual analysis based on error messages, query plans, execution
traces, and developer feedback.

Logic bugs. Among the 24 logic bugs, 10 are triggered by fixed-
length queries and 14 by variable-length queries. For fixed-length
pattern-related bugs, 3 are caused by index optimization logic er-
rors, and 4 by subquery usage, where the outer query failed to
reference results produced by the subquery, resulting in empty in-
termediate results in the outer query. The remaining 3 are caused by
incorrect query plans that failed to preserve the intended semantics.
For variable-length pattern-related bugs, 8 are due to invalid path
matches resulting from incorrect query plans, while 6 are due to
inaccurate execution-time optimizations.

Unexpected errors. As for the 17 unexpected errors, 5 are caused
by planning failures where the query engine failed to generate a
valid plan. Another 3 stem from subqueries, causing inaccessible
variables or transaction conflicts, and three result from an opti-
mization failure. The root causes of the remaining 9 errors remain
unclear due to limited developer feedback and insufficient diagnos-
tic information in error messages.

These diverse causes of query correctness issues, ranging from
semantic mismatches to planning and execution-time anomalies,
highlight the breadth of query-processing scenarios of PATHTest.
Key Findings. Based on the above analysis, we summarize three
key findings: (D the 11 logic bugs and five unexpected errors caused
by incorrect query plans show that our transformation strategies
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Figure 3: Venn diagram of bug-related transformation.

generate structurally diverse and semantically rich queries, which
in turn stress the query planner and reveal latent flaws. (2) the six
subquery-related bugs underscore the strength of IQP in revealing
defects tied to subqueries, an essential but largely overlooked class
of queries in prior testing approaches [21, 25, 29, 39, 42, 73]. (3) the
eight optimization-related bugs found in variable-length queries
indicate that variable-length queries continue to be a considerable
source of correctness problems due to the inherent complexity of
their execution and performance-oriented optimizations. These
optimizations, while critical for scaling to large graphs, inevitably
introduce non-trivial complications and significantly challenge the
correctness assurance of these queries. Furthermore, our system-
specific extensions to the VPF strategy also demonstrated com-
pelling effectiveness in uncovering database-specific bugs. For ex-
ample, in Neo4j, the use of ALL SHORTEST in folded path queries
led to the detection of two additional bugs: one resulting in execu-
tion failure and the other in query planning failure. These findings
further demonstrate the real-world applicability of PATHTest in
detecting practical bugs in modern GDBMSs.

4.2 RQ2: Ablation Evaluation

Evaluation methodology. The variable-length query generation
component VQG, together with the three transformation rules (VPF,
IQP, and CQP), are the four novel components proposed by PATH-
Test and collectively contribute to the overall effectiveness. To
further understand the individual and combined contributions, we
conduct an ablation evaluation of the first-found bugs reported in
Table 2. Specifically, we minimize the triggering queries to identify
the component directly related to each detected bug. A component
is deemed directly related to a bug if removing the mutation (by
VQG) or transformation (by VPF, IQP, or CQP) from the triggering
query prevents the bug from occurring.

Bug-related analysis. Figure 3 presents a Venn diagram illustrat-
ing the distribution of independent and combined contributing bugs
across the four components. As presented, 23 unique bugs could
be detected solely through VPF, accounting for more than half of
all bugs detected by PATHTest. Notably, 5 out of the 23 bugs could
only be exposed after applying heterogeneous-label generalization.
These bugs cannot be triggered by directly mutating fixed-length
queries, since they emerge only when intermediate nodes and edges



Table 3: Results on Comparison with Cypher-supporting Baselines

Approach Neo4j Memgraph AgensGraph NebulaGraph

Total Unique False Alarm Total Unique False Alarm Total Unique False Alarm Total Unique False Alarm
PATHTest 305 5 0 359 8 0 577 6 0 590 5 0
GDSmith [21] 1000 0 1000 1000 0 1000 - - - - - -
GDBMeter [29] 215 2 206 - - - - - - - - -
GRev [42] 0 0 0 12 1 0 - - - 150 3 0
GraphGenie [25] 1 0 0 - - - 397 0 397 - - -
Gamera [73] 114 1 111 - - - - - - - - -
GraspDB [39] 56 3 7 10007 0 10007 10007 0 10007 - - -

Table 4: Results on Comparison with Gremlin-based Baselines

Approach JanusGraph HugeGraph TinkerGraph

Total Unique False Alarm Total Unique False Alarm Total Unique False Alarm
PATHTest 8 1 0 220 8 0 4 1 0
Grand [72] 1000 0 155 1000 4 155 1000 0 155
Gamera [73] 347 0 347 1000" 0 10007 330 0 330

are folded into variable-length paths while preserving heteroge-
neous label constraints via predicates. These results highlight the
effectiveness of PATHTest in revealing bugs specific to complex
variable-length path handling. In addition, VQG and IQP each inde-
pendently detect 3 unique bugs. For VQG, 2 bugs are triggered as
variables bound in variable-length patterns are not properly carried
over by the WITH clause to subsequent clauses, which is an issue
that cannot arise with fixed-length patterns. The remaining bug
is an unexpected error triggered by variable-length patterns. For
IQP, 3 unique bugs are unexpected errors related to subqueries.
The remaining 10 IQP-related bugs, as well as all 4 bugs from CQP,
could only be detected when VQG is involved. This is because both
IQP and CQP identify logic bugs by referring to the original gener-
ated variable-length patterns by VQG as test oracles. In addition
to the bugs discussed above, 5 additional bugs arise from the com-
bined effects of VQG and VPF. While both VQG and VPF generate
variable-length queries, they capture complementary aspects of
query semantics and jointly contribute to the detection of these
bugs. Impressively, 2 unique logic bugs can only be detected by com-
bining VQG, VPF, and IQP: VQG first generates a variable-length
pattern, which is then partitioned into a subquery by IQP; VPF af-
terwards folds patterns within the subquery into a variable-length
form, eventually triggering these 2 subquery-related bugs.

The above findings demonstrate both the independent and com-
bined effectiveness of the four novel components, which contribute
together to the superior overall effectiveness of PATHTest.

4.3 RQ3: Comparison Evaluation

Evaluation methodology. We conduct an empirical comparison
between PATHTest and baselines to highlight their practical differ-
ences, with our best effort to ensure fairness. On the one hand, we
execute PATHTest and all baseline approaches under the same test-
ing environments. For Cypher-supporting GDBMSs, we conduct a
24-hour test, which is commonly adopted in prior studies [27, 33, 69].
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For Gremlin-based GDBMSs, we conduct 10 rounds, each generat-
ing 1,000 queries, which is a commonly used experimental setup
for Gremlin [72, 73]. On the other hand, we investigate the earli-
est versions of the GDBMSs where the 24 logic bugs reported by
PATHTest could be triggered, analyzing whether these bugs were
introduced before the baselines published. This retrospective anal-
ysis, frequently employed in previous studies [27, 69], examines
whether PATHTest revealed previously overlooked logic bugs.

Detected unique bugs. Table 3 and Table 4 present the experimen-
tal comparison results, summarizing the total number of bug reports
analyzed, the number of unique bugs, and false positives identi-
fied through our manual analysis. The manual analysis followed
a standardized report validation and deduplication process. Three
Ph.D. researchers independently analyze each bug report by exe-
cuting it to identify the error type, simplify the test case, and verify
whether it conforms to the defined metamorphic relation. Relevant
details, including error messages, query components, and mutation
operators, are recorded to identify duplicates and guide subsequent
deduplication. Only when all three researchers reach a consensus
is the report considered a new true bug. During the 24-hour evalu-
ation for Cypher-supporting GDBMSs, GDSmith, GDBMeter, GRev,
GraphGenie, Gamera, GraspDB, and PATHTest produce 2,489; 215;
162; 398; 114; 10,056; and 1,831 bug reports, respectively. Meanwhile,
in the ten-round evaluation for Gremlin-based GDBMSs, Grand,
Gamera, and PATHTest produce 1,205; 10,677; and 232 bug reports,
respectively. For results with an excessively large number of reports,
it is impractical to analyze all manually. As a result, for any system
that reports over 1,000 bugs on a single GDBMS, we randomly se-
lect 1,000 for manual inspection. This approach ensures both the
feasibility of the analysis and the reliability of the evaluation results.
The large number of reports from GraspDB and Gamera are mainly
due to their outdated implementations for these GDBMSs and are
no longer compatible with the latest versions, resulting in a large
volume of syntax and semantic errors. Therefore, we include its
results here for completeness but do not further analyze them.



Among all the reports produced by PATHTest under comparison
settings, we identified 5, 8, 6, 5, 1, 8, and 1 unique bugs on Neo4j,
MemGraph, AgensGraph, NebulaGraph, JanusGraph, HugeGraph,
and TinkerGraph, respectively, yielding 34 unique bugs in total,
among which 18 are logic bugs. Our detailed investigation of the
logic bugs reveals that those related to fixed-length queries can
only be exposed when paired with result-equivalent variable-length
queries serving as test oracles, and vice versa. Therefore, without
cross-reference testing oracles between fixed-length and variable-
length queries, all 18 logic bugs cannot be revealed by all existing
metamorphic testing approaches, demonstrating the unique ability
of PATHTest. We also tried differential testing and further executed
the identified bug-triggering across different GDBMSs. However,
many of them could not be executed uniformly, as some systems
lack full support for subqueries while others implement different
characteristics for variable-length queries. These inconsistencies
hinder the same query from being executed comparably, resulting
in limited overlap between query results and thus restricting the
effectiveness of differential testing in revealing such logic bugs.
Consequently, only 4 logic bugs detected by PATHTest could be
reproduced via differential testing.

Integrating all the baseline approaches, we identified 2, 4, 1, 3, and
4 unique bugs in GDBMeter, GRev, Gamera, GraspDB, and Grand,
respectively. For GDBMeter, 2 unique bugs were found on Neo4;j: a
logic bug and an unexpected error. The logic bug is detected through
its partitioning-based oracle, which decomposes a query Q into
three subqueries (Qp, Q-p, and Q1) corresponding to the possible
outcomes of predicate P: TRUE, FALSE, and NULL. Since our meta-
morphic rules do not involve predicate-level transformations, such
bugs fall outside the detection scope of our approach and thus can-
not be exposed by PATHTest. For GRev, one logic bug was detected
on MemGraph and three on NebulaGraph. The transformation rules
in GRev rely on equivalently restructuring the pattern, such as con-
verting a pattern (a)-[]1->(b) into (a), (b)<-[1-(), (a), thereby
altering the query plan. Our approach, in contrast, transforms the
bug query patterns into result-equivalent variable-length patterns,
which enabled us to successfully reproduce all four of these logic
bugs. As for GraspDB, two logic bugs and one unexpected error
were detected on Neo4j. Since these logic bugs are triggered by
write-related metamorphic rules, which are orthogonal to the focus
of our approach, PATHTest was unable to reproduce them currently.
For Grand, 4 unique unexpected errors were detected, which were
also revealed by PATHTest. For all six unexpected errors mentioned
above and one identified by Gamera, as well as the 16 revealed by
PATHTest, their primary issue lies in query generation, which is
independent of the test oracles. Additionally, both GDSmith and
GraphGenie failed to detect any bugs during the evaluation. Our
further investigation reveals that most of the bugs reported by GD-
Smith and GraphGenie in their papers have already been fixed; it
is reasonable that hardly any new bugs can be detected based on
their oracles in the latest versions. Furthermore, since GDSmith is
a differential-testing—based approach requiring comparisons across
multiple GDBMSs, its effectiveness in our benchmark is limited by
the fact that it only supports two GDBMSs in our benchmark.

In total, PATHTest discovered 34 unique bugs across all seven
GDBMSs under comparison settings. In comparison, GDBMeter,
GRev, Gamera, GraspDB, and Grand identified only 2, 4, 1, 3, and
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4 unique bugs, respectively, while the other baselines detected
none. Notably, none of these approaches detected any genuine bugs
related to variable-length queries, whereas PATHTest identified
16 such cases. Even within the fixed-length query space, while
four were also detected by Grand, PATHTest exclusively uncov-
ered another 14 previously unknown bugs. Such findings demon-
strate the unique ability of PATHTest to expose correctness issues
overlooked by existing approaches, across both fixed-length and
variable-length queries, revealing both semantic inconsistencies
and execution anomalies across GDBMSs.

False Alarms. Among baseline approaches, GDSmith and Grand
reported a large number of false alarms. For GDSmith, these false
positives mainly stem from subtle semantic differences in Cypher
between Neo4j and MemGraph, a well-known limitation of dif-
ferential testing for GDBMSs [25, 39, 73]. Listing 1 shows a rep-
resentative case where different numeric return types lead to a
spurious discrepancy. For Grand, most false alarms are caused by
syntactically invalid queries and its coarse-grained comparison
strategy [14], which directly compares execution outcomes as raw
strings without distinguishing error types across GDBMSs, thereby
incorrectly reporting syntax errors as bugs. Although our PATH Test
is based on GDSmith for Cypher and Grand for Gremlin, it employs
metamorphic testing, which avoids false alarms caused by discrep-
ancies among different GDBMSs. Moreover, due to the rigorously
designed variable-length query generation and result-equivalent
transformation rules, PATHTest did not produce any false alarms.
Consequently, all issues reported by PATHTest correspond to real
bugs in the target GDBMSs (including duplicates).

WITH avg(913440431) AS a0 RETURN DISTINCT a@

-- {a0:913440431.0} on \database{Neo4j}
5 -- {a@0:913440431} on \database{MemGraph}

Listing 1: False alarm in GDSmith

CREATE (:z {Hae:(4865233778139072963)%(size(""))})
-- ArithmeticError: / by zero

Listing 2: False alarm in GDBMeter and Gamera

As for the other baselines, GDBMeter’s transformation rules
are designed to preserve equivalence and thus are not expected to
produce false positives in theory. However, our analysis reveals
that most of its reports are actually false alarms, mainly caused
by missing constraints on divisor values during query generation
and result in division-by-zero errors, as shown in Listing 2. Since
Gamera employs GDBMeter as its Cypher query generator, it ex-
hibits the same issue in Cypher. In addition, in the Gremlin experi-
ments on JanusGraph and TinkerGraph, all reports from Gamera
are time-out exceptions that are also categorized as false alarms.
All reports generated by GraphGenie are false positives, caused
by two main issues [15]. First, it ignores semantic discrepancies
between MATCH and OPTIONAL MATCH. Second, an incorrect as-
sumption that count () and count(input) are equivalent, whereas
count () includes rows returning null and count (input) ignores
them (count(null) returns 0). GraspDB’s false alarms stem from
its mutation rule that involves creating a node and then deleting
it, which introduces new variables into the query and alters its
original semantics [39]. In contrast, GRev does not produce any
false positives in our evaluation.



Table 5: Latency of the bug found by PATHTest

Bug-involved year

GDBMS Found Longest latency
<2024 <2023
Neo4j [55] 1 1 1 6 years
Memgraph [45] 11 11 5 2 years
AgensGraph [65] 5 4 4 3 years
NebulaGraph [22] 3 3 3 3 years
JanusGraph [10] 1 1 1 3 years
HugeGraph [9] 2 2 2 4 years
TinkerGraph [60] 1 1 1 3 years

Introduced Times of Bugs. We categorize the baselines by pub-
lication year, with those from 2023 (GDSmith, GDBMeter, Gamera)
and 2024 (GraphGenie, GRev, GraspDB), and analyzed when the
logic bugs detected by PATHTest were introduced. A summary of
these findings is presented in Table 5. Among the 24 logic bugs,
23 can be reproduced on GDBMS versions released before 2024,
and 17 existed even before 2023. For the 2023 baselines, GDSmith
supports Neo4j and MemGraph, and 6 out of 12 bugs found on these
systems were introduced before its publication. Both GDBMeter
and Gamera support Neo4j, and the single bug found on this sys-
tem predates both approaches. For the 2024 baselines, GraphGenie
supports Neo4j and AgensGraph, with 5 out of 6 bugs introduced
before its publication. GRev supports Neo4j, MemGraph, and Neb-
ulaGraph, and all 15 bugs identified on these systems predate its
release. GraspDB supports Neo4j, MemGraph, and AgensGraph,
with 16 out of 17 bugs already present before its publication. In addi-
tion, Gamera also supports Gremlin-based GDBMSs, and we found
four logic bugs on JanusGraph, HugeGraph, and TinkerGraph; all of
these bugs were introduced before the publication of Gamera. More-
over, Grand, a differential testing approach for Gremlin published
in 2022, supports the same three systems. By manually inspect-
ing the affected versions, we confirmed that all four Gremlin bugs
identified by PATHTest predate the release of Grand. Notably, the
longest-hidden logic bug was found in Neo4j and had been deeply
hidden for over six years. These findings demonstrate that PATHT-
est can uncover numerous long-latent logic bugs overlooked by
existing approaches, highlighting its effectiveness and uniqueness.

4.4 Case Study of Real-World Bugs

In this section, we present representative and interesting categories
of bugs identified by PATHTest. For clarity, query examples are
simplified by omitting graph creation statements.

1 OPTIONAL MATCH (n3)-[]->(n3

2 // empty

5 OPTIONAL MATCH (n3)-[m@x1..11->(n3:L5)<-[m1%1..2]1-(n5) WHERE
length(m@)=1 AND length(m1)=1 WITH n3, n5 RETURN x;

1 // ERROR: "n3"

:L5)<-[]-(n5) RETURN x*;

column does not exist

Listing 3: Unexpected errors detected by VPF

A case from VPF. Listing 3 illustrates a bug triggered by a query
involving variable-length patterns [13]. During the VPF phase, our
system transforms the original query (line 1) into a result-equivalent
form (line 3) that explicitly constrains the path length via two quan-
tified path expressions. Although the rewritten query is semanti-
cally valid, AgensGraph fails to execute it, reporting that variable n3
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does not exist, even though it is clearly bound in the MATCH clause.
Upon investigation, we traced and located the root cause to Agens-
Graph’s internal handling of Variable-Length Expressions (VLEs)
within join operations. Specifically, the planner fails to correctly
propagate bound node variables when they appear on both ends of
a VLE, particularly in self-joins with label constraints. This issue
arises as the internal representation of join targets becomes inacces-
sible during join list construction, which prevents proper binding
resolution. While the patch avoids execution failure by bypassing
the invalid join construction, it does not resolve the underlying
issue: the planner’s inability to correctly bind node variables when
variable-length edges are unnamed and involved in complex join
structures, such as self-referential patterns with label filters. This
case highlights how variable-length pattern rewrites, especially
those involving self-referential or filtered paths, can expose deep
flaws in the query planner’s variable scoping mechanism.

1 g.E().outV().repeat(__.both()).times (1) .where(__.outE().
count () .is(lt(-3))).count() // Result: 305

2 g.E().outV().match(__.as('start').both().where(__.outE().
count () .is(lt(-3))).as('end')).select('end"').count()
// Result: 0

Listing 4: Logic bug detected by IQP

A case from IQP. Listing 4 shows a logic bug uncovered by IQP
on HugeGraph [9], a Gremlin-based GDBMS. The original query
performs a one-hop neighborhood expansion using a variable-
length traversal repeat(__.both()).times(1), followed by a fil-
tering condition. The rewritten query applies IQP by replacing
the variable-length traversal with a result-equivalent fixed-length
traversal, which is realized through an explicit both step com-
bined with an inner traversal defined via match. Although the two
queries should return the same result, the original query returns
305, whereas the rewritten query yields zero. Further analysis re-
veals that the bug is rooted in an index-related optimization issue in
the execution of the original query. Specifically, HugeGraph pushes
the filtering predicate in the original traversal into the backend and
enforces index-based evaluation, which leads to incorrect pruning
of intermediate results. In contrast, the rewritten query embeds
the same predicate inside the inner traversal of match, where it is
treated as an in-memory filter evaluated after data retrieval. As a
result, the planner bypasses index enforcement for the predicate,
avoiding the faulty index optimization and yielding the right results.
The issue has been reported to HugeGraph [16].

I MATCH (n@ :L6)-[*1..31->(n1)RETURN 1 AS a4

2 // Result: @ rows

3 MATCH (n@:L6)-[]1->(n1)RETURN 1 AS a4

¢ UNION ALL

5 MATCH (n@:L6)-[]1->()-[]1->(n1)RETURN 1 AS a4

6 UNION ALL

7 MATCH (n@:L6)-[1->()-[1->()-[1->(n1)RETURN 1 AS a4
8 // Result: 9 rows

Listing 5: Logic bug detected by CQP

A case from CQP. Listing 5 demonstrates a logic inconsistency
in AgensGraph triggered by CQP [12]. The original query uses a
variable-length pattern (n@:L6)-[*1..3]1->(n1) to find paths up
to 3 hops from nodes labeled L6, but it returns no results. However,



after rewriting it as a result-equivalent disjunction of three fixed-
length queries using UNION ALL (lines 3-7), it returns 9 rows, reveal-
ing a discrepancy between fixed and variable-length pattern evalu-
ations. Our investigation found the root cause lies in AgensGraph’s
internal handling of variable-length queries during query plan-
ning. For fixed-length queries such as (n@)-[1->()-[]->(n1) is
processed as a series of joins over graph edges. Conversely, variable-
length queries like (n@)-[*1..3]1->(n1) are treated as joins over
paths. As noted in the relevant fix commit [11], unless an explicit
path variable is declared, the planner does not treat anonymous
variable-length patterns as path objects. Consequently, the join
operates on an unresolved structure, silently failing to produce
matches. This causes a logic bug where the variable-length query
returns no results, while its fixed-length rewritten version returns
correct matches. In short, the issue stems from the optimizer treat-
ing variable-length queries differently from fixed-length queries.

5 DISCUSSION ON GQL STANDARD

With the recent publication of the ISO/IEC 39075:2024 standard
for graph query language, GQL [24], it is important to highlight
the compatibility of our proposal with this emerging standard.
GQL adopts a pattern-matching syntax similar to Cypher [23],
where pattern matching is used for fixed-length queries to define
exact structural patterns. Additionally, GQL introduces a regex-like
syntax for variable-length queries to enhance flexibility in path
matching. For example, the syntax -[e]->{1, 3} specifies path
lengths from 1 to 3, -[e]->+ supports paths of at least one hop,
while -[e]->* supports paths of arbitrary length. Although these
enhancements expand the expressiveness of the query language,
such syntactical differences do not affect the applicability of our
approach. The core transformations we present for fixed-length
and variable-length queries can be adapted to GQL with slight
engineering efforts. Consequently, our approach can be seamlessly
integrated into future graph databases adopting this standard.

6 RELATED WORK

Differential Testing. Differential testing [44] is widely adopted
for detecting bugs by executing the same input across multiple
systems and identifying discrepancies in their outputs [28, 53]. For
GDBMSs, Grand [72] introduces a model-based query generation ap-
proach to produce valid Gremlin queries. RD2 [67] applies random-
ized differential testing to GDBMSs that support SPARQL [63]. GD-
Smith [21] targets Cypher, introducing a query generation frame-
work that first constructs query skeletons and then populates them
with graph-guided patterns and data-guided predicates, achieving
sophisticated non-empty-result queries. However, differential test-
ing is inherently constrained to the common feature set shared
across systems, making it limited for system-specific behaviors.
Furthermore, differential testing cannot reveal bugs consistently
present across all tested systems.

Metamorphic Testing. Metamorphic testing [5] addresses the
oracle problem [4] by verifying whether outputs satisfy predefined
metamorphic relations under systematic input transformations,
which has demonstrated compelling success in both RDBMSs [2,
18, 26, 27, 38, 51, 52, 54, 69] and GDBMSs [25, 29, 39, 70, 71, 73].

2245

For GDBMSs, most metamorphic testing approaches mainly op-
erate on expression- or clause-level. GDBMeter [29] adopts the
core idea of TLP [52] to detect predicate-related bugs by transform-
ing the original query into a union of three separate queries with
three non-intersecting logic branches, namely p, NOT p, and p
IS NULL. Gamera [73] exploits native graph structural properties
(e.g., reachability, parent-child, neighbor relations) to design three
classes of graph-aware metamorphic relations for detecting logic
bugs. GraspDB [39] defines three classes of mutation rules over
writing clauses to detect writing-related bugs. Dinkel [66] optimizes
existing query generation methods and defines a series of result-
equivalent metamorphic rules at both the clause and expression
levels, enabling it to cover nearly all query scopes and detect a
great number of bugs. Qudi [70] targets Gremlin, which disassem-
bles queries into atomic traversals while maintaining semantics
to detect logic bugs. In contrast, GraphGenie [25] and Grev [42]
can explicitly manipulate graph patterns for fixed-length queries.
GraphGenie defines a set of mutation rules for graph patterns and
detects logic bugs by checking whether the resulting outputs satisfy
expected relations (i.e., equivalence, subset, or superset). GRev like-
wise operates on graph patterns; it reconstructs Cypher patterns via
an Abstract Syntax Graph and generates a large set of equivalent
pattern variants to detect logic bugs.

Although existing metamorphic testing approaches effectively
diversify query execution plans of fixed-length queries through var-
ious mutation rules, they remain unable to modify the semantics of
variable-length queries, thus incapable of testing behaviors related
to such semantics. PATHTest addresses such limitations by bridging
fixed-length and variable-length queries via result-equivalent trans-
formations, not only enabling effective testing of variable-length
queries, but also extending the testing scope of fixed-length queries
with more abundant test oracles. Consequently, PATH Test uniquely
detects numerous bugs missed by existing approaches, broadening
the testing boundaries for modern GDBMSs.

7 CONCLUSION

We propose PATHTest, a metamorphic testing approach targeting
two core features of graph query languages, graph pattern matching
and graph navigation, which serve as the underlying mechanisms
for fixed-length and variable-length queries, respectively. With the
proposed novel folding and partition techniques, PATHTest gen-
erates result-equivalent variants, enabling effective metamorphic
testing. Evaluation conducted on seven popular production-grade
GDBMSs demonstrates the effectiveness of PATHTest in real-world
practice, with 41 previously unknown bugs revealed. Additionally,
the comparison with seven state-of-the-art testing approaches fur-
ther demonstrates the effectiveness and uniqueness of PATHTest in
uncovering missed bugs by existing approaches while maintaining
a zero false-positive rate.
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