
Proceedings of the 64th Annual Meeting of the Association for Computational Linguistics (Volume 1: Long Papers), pages 31989–32014
July 2-7, 2026 ©2026 Association for Computational Linguistics

GQLBench: A Large-Scale Cross-Domain, Cross-Dialect
Benchmark for NL2GQL

Yanning Su 1∗ Yuhang Zhou 1,2∗ Yang Fang 3

Sen Liu 1 Guangnan Ye 1,2† Hongfeng Chai 1

1Fudan University 2Shanghai Innovation Institute 3Vesoft Inc.

Abstract

Despite growing interest in NL2GQL, bench-
marking progress has been constrained by the
lack of resources that are simultaneously large-
scale, cross-domain, and cross-dialect. To ad-
dress this gap, we present GQLBench, a new
benchmark built through an automated and scal-
able framework that integrates NL2SQL-to-
NL2GQL conversion with graph-native data
generation. GQLBench supports execution-
based evaluation on both Cypher and ISO GQL,
covering hundreds of graph databases and over
20k natural language questions for each di-
alect. By combining converted data from ma-
ture NL2SQL resources with synthetic graph-
specific queries, it captures both schema di-
versity from real-world relational sources and
graph-native reasoning challenges, including
long paths and cycles. Beyond overall perfor-
mance comparison, GQLBench also enables
fine-grained evaluation across dialects, graph
patterns, and query complexity. Experiments
on advanced LLMs show that even strong
proprietary models struggle on GQLBench,
with gemini-3-flash achieving only 35.40% av-
erage execution accuracy across the two di-
alects. Our data and code are available at
https://github.com/qxssadf/GQLBench.

1 Introduction

With the growing use of Graph Database Manage-
ment Systems (GDBMS) in domains such as rec-
ommendation systems (Stanescu, 2021), QA sys-
tems incorporating retrieval-augmented generation
(RAG) (Edge et al., 2024; Guo et al., 2024; Gutiér-
rez et al., 2024, 2025), and biological data storage
(Mazein et al., 2024), the task of translating natural
language into graph query languages, known as
NL2GQL, has attracted increasing attention (Zhou
et al., 2024; Liang et al., 2024a,b). However, de-
spite the rapid progress of NL2SQL benchmarks
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(Lei et al., 2024; Li et al., 2023; Yu et al., 2018),
NL2GQL benchmarking still lacks resources that
are simultaneously large-scale, cross-domain, and
cross-dialect, which limits robust evaluation and
model development. As a result, current NL2GQL
evaluation often remains fragmented, making it
difficult to systematically compare model perfor-
mance across databases, domains, and query di-
alects.

These limitations mainly arise from three chal-
lenges. First, many existing benchmarks focus on
specific domains, such as finance, law, or health-
care, which restricts their ability to evaluate the
generalization capability of LLMs across diverse
scenarios (Liang et al., 2024b; Nie et al., 2022;
Zhong et al., 2025; Feng et al., 2025; Ozsoy et al.,
2025). Second, with the recent release of the ISO
GQL standard1, existing resources provide lim-
ited support for evaluating models on standardized
and emerging graph query dialects. This limita-
tion is especially problematic because real-world
graph ecosystems are inherently heterogeneous,
and a practical NL2GQL benchmark should eval-
uate whether models can generalize across both
widely used and emerging standardized dialects.
Third, building high-quality NL2GQL benchmarks
typically requires expensive manual data construc-
tion and annotation, making scalable evaluation
difficult in practice.

To address these challenges, we develop an
automated and scalable framework for construct-
ing NL2GQL benchmarks. Instead of relying on
expensive manual collection and annotation, our
framework leverages mature NL2SQL resources
and augments them with graph-native synthetic
data, making it possible to construct execution-
supported benchmarks at scale. The framework
consists of two complementary modules. The
first is a converter from NL2SQL resources to

1https://www.iso.org/standard/76120.html.
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NL2GQL data, which automatically migrates rela-
tional databases into graph databases and translates
SQL queries into executable GQL queries across di-
alects through a unified GQL Abstract Syntax Tree
(AST). The second is a graph generator, which
synthesizes graph-specific structures that are rarely
available in relational sources, such as long paths
and cycles, and further produces corresponding
GQL queries and natural language questions.

Built with this framework, GQLBench is a large-
scale, cross-domain, and cross-dialect benchmark
for NL2GQL. It supports execution-based eval-
uation on both Cypher and ISO GQL, covering
hundreds of graph databases and over 20k natu-
ral language questions for each dialect. Table 1
presents a comparison of dataset sizes across bench-
marks. GQLBench surpasses all others in terms of
the number of entities, indicating its substantially
larger scale. Beyond scale, GQLBench is designed
to capture both schema diversity from real-world
relational resources and graph-specific reasoning
challenges introduced through synthetic genera-
tion, such as long paths and cycles. As a result, it
supports not only overall performance comparison,
but also fine-grained analysis of model behavior
across dialects, graph patterns, and query complex-
ity. Experiments on advanced LLMs show that
even strong proprietary models struggle on GQL-
Bench, with gemini-3-flash achieving only 35.40%
average execution accuracy across the two dialects.

In summary, the main contributions of this paper
are as follows:

• We introduce GQLBench, a large-scale,
cross-domain, and cross-dialect benchmark
for NL2GQL, with execution support for both
Cypher and ISO GQL.

• We develop an automated and scalable frame-
work for constructing the benchmark, com-
bining relational-to-graph migration, SQL-to-
GQL translation via a unified GQL AST, and
synthetic generation of graph-specific (GQL,
Question) pairs.

• We show through extensive experiments that
GQLBench is highly challenging for current
LLMs and supports fine-grained evaluation
across diverse graph patterns, return specifica-
tions, and advanced function usage.

Benchmark # graphs Data Size

Text-to-Cypher
MetaQA-Cypher 1 43k entities,135k relations
SpCQL 1 25M entities,140M relations
MedT2C 2 91k entities,2.5M relations
CypherBench 11 7.8M entities,14.7M relations

Text-to-nGQL
R3-NL2GQL 3 46k entities,298k relations
StockGQL 1 650k entities,4k relations

NL2GQL
GQLBench(Cypher) 311 140.7M entities,15.0M relations
GQLBench(ISO GQL) 260 56.0M entities,12.9M relations

Table 1: Data size comparison with other benchmarks.

2 Related Work

2.1 NL2GQL Benchmarks
Recent years have seen growing interest in bench-
marking NL2GQL, with prior work making valu-
able progress from different perspectives. Early
datasets such as MetaQA-Cypher (Nie et al., 2022),
MedT2C (Zhong et al., 2025), and StockGQL
(Liang et al., 2024b) provide important testbeds
for studying NL2GQL in domain-specific settings.
Other efforts, including Neo4j Text2Cypher (Oz-
soy et al., 2025), CypherBench (Feng et al., 2025),
and SpCQL (Guo et al., 2022), further expand
the scope of benchmark construction by explor-
ing larger graph data, realistic graph settings, or
graph-oriented semantic parsing.

These benchmarks have substantially advanced
the study of NL2GQL. However, existing resources
still mainly focus on particular domains, specific
graph settings, or individual query dialects, and
therefore do not yet provide a benchmark that is
simultaneously large-scale, cross-domain, cross-
dialect, and execution-supported. In addition, most
prior work centers on Cypher or nGQL (Liang et al.,
2024b; Zhou et al., 2024), while support for ISO
GQL-aligned dialects remains limited. In contrast,
GQLBench is designed to fill this gap by provid-
ing a large-scale, cross-domain, and cross-dialect
benchmark with execution support on both Cypher
and NebulaGraph GQL2.

2.2 Automated Data Migration
Automated migration from existing NL2SQL re-
sources provides a promising direction for scalable
benchmark construction, and prior studies have laid
important foundations for this line of work. For
example, Rel2Graph (Zhao et al., 2023) explores

2In this work, we use NebulaGraph GQL(Nebula) as the
implementation of ISO GQL.
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Figure 1: This figure illustrates the two main data construction pipelines within our framework. On the left is
a pipeline based on existing NL2SQL datasets, which includes data migration and query translation. On the
right is a pipeline based on data generation, which automatically generates nodes and edges, and creates (GQL,
Question) pairs by combining GQL templates and LLM-based question generation. The final benchmark is formed
by combining data and queries from both methods.

automatic transformation from relational databases
to graph representations, while SQL2CYPHER (Li
et al., 2021) studies migration from SQL workloads
to Cypher queries. These efforts show that lever-
aging mature relational resources can effectively
reduce the cost of constructing graph-oriented
datasets.

Building on this line of research, our work places
particular emphasis on benchmark construction for
NL2GQL. We combine rule-based structure preser-
vation with LLM-based semantic annotation to sup-
port relational-to-graph migration, SQL-to-GQL
translation, and the construction of graph data that
is both scalable and semantically natural.

3 Overview

In this paper, we construct a large-scale, cross-
domain, and cross-dialect NL2GQL benchmark.
To mitigate the expensive manual collection and
annotation, we propose a data migration algorithm
that combines rule-based structure preservation
with LLM-based semantic annotation to transform
relational databases into property graphs. The
algorithm first identifies join tables, which are
subsequently transformed into edges in the graph
schema, and further determines the overall edge
structure of the graph by prompting LLMs to anno-
tate and canonicalize edges. Building upon the mi-
grated data, we further develop a unified GQL Ab-

stract Syntax Tree (AST) and a corresponding SQL-
to-GQL translation algorithm. This design enables
systematic transformation from SQL AST to GQL
AST, facilitating the generation of semantically
equivalent and executable GQL queries across mul-
tiple dialects, including Cypher and NebulaGraph
GQL(Nebula), an implementation of ISO GQL
used in this work. These two modules constitute
a converter from NL2SQL resources to NL2GQL
data. Furthermore, to capture graph-specific struc-
tures that are rarely available in relational sources,
such as long paths and cycles, we introduce an
automated graph generation pipeline that synthe-
sizes complex graph structures along with their
corresponding (GQL, Question) pairs. The overall
pipeline is demonstrated in Figure 1.

4 NL2SQL-to-NL2GQL Converter

4.1 Data Migration: Relational-to-Graph
Conversion

To efficiently leverage the high-quality data avail-
able in existing NL2SQL datasets and avoid the
need for manual data collection, we propose a hy-
brid, automatic relational-to-graph conversion al-
gorithm that combines rule-based heuristics with
LLMs. The algorithm employs deterministic rules
to preserve the structural integrity of relational
databases, while simultaneously utilizing LLMs
to ensure the semantic completeness and natural-
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Employ Table
company_id person_id

PersonEmployCompanyRDBMS

GDBMS Person Company
IS_EMPLOYED

Company Table
id name

Person Table
id name

Figure 2: An example of a join table. The Employ table
is identified as a join table and then converted to an edge
type in GDBMS.

ness of the conversion process.

4.1.1 Identify Join Tables
A join table is a table in the relational databases
that semantically represents many-to-many rela-
tionships between entities and should therefore be
transformed into one or more edge types rather than
a node type. A non-join table (i.e. an entity table)
is represented as a node type in the graph.

We propose a hybrid classification strategy com-
bining structural heuristics with semantic analysis
to identify join tables.
Deterministic Exclusion. Any table containing
fewer than two foreign keys is definitively classi-
fied as a non-join table (i.e., an entity table).
Deterministic Inclusion. Any table whose primary
keys consist solely of foreign keys, with at least
two such keys, is classified as a join table.
LLM-Based Semantic Analysis. For tables that
do not satisfy these strict structural rules, we
prompt an LLM to analyze the table’s semantic
role and determine whether it should be regarded
as a join table.

4.1.2 Annotate Edges by LLM
In addition to edge types derived from join tables,
foreign key relationships between entity tables are
also transformed into graph edge types. To support
this process, we employ an LLM to analyze the
database schema, performing two key tasks: (1)
annotating the directions and names of edge types
arising from direct foreign key constraints, and (2)
analyzing the identified join tables to determine the
precise edge definitions, including edge names and
the corresponding source and target entity tables.

During the annotation process, we also deter-
mine the columns used to establish edges between
entities. With each row in an entity table represent-
ing a distinct node instance, we construct edges
based on these columns. An example of edge an-

Join Table:
Employ

Edge Name : IS_EMPLOYED

Edge Direction : from Person to Company

Columns Used to Establish Edges :
Employ.person_id = Person.id and
Employ.company_id = Company.id

Figure 3: An example of annotating edges by LLM. The
edge name, edge direction and columns used to establish
edges are provided by LLM.

notation is shown in Figure 3. More details are
provided in Appendix D.1.2.

4.1.3 Edge Canonicalization
Despite the strong semantic capabilities of LLMs,
edge annotation across multiple dimensions may in-
troduce semantically redundant edge types. To ad-
dress this issue, we apply an edge canonicalization
process, following prior work in automatic knowl-
edge graph construction (Zhang and Soh, 2024;
Vashishth et al., 2018). Specifically, we prompt an
LLM to identify and consolidate redundant edge
types that exhibit semantic equivalence between the
same pair of tables, thereby ensuring a concise and
unambiguous graph schema. The detailed results
of semantic naturalness are provided in Appendix
D.1.3.

4.2 Query Translation: Transforming SQL
Queries to GQL Queries

To enable automated translation from SQL queries
to GQL queries, we construct a unified GQL Ab-
stract Syntax Tree (AST) that supports multiple
graph query dialects, including Cypher and Nebula.
Building upon this unified intermediate represen-
tation, we implement a translation algorithm that
systematically maps SQL AST to GQL AST, ensur-
ing alignment with the transformations defined in
our aforementioned database migration algorithm.
Furthermore, we develop a query generation frame-
work that converts the unified GQL AST into exe-
cutable queries across multiple dialects.

4.2.1 Constructing the GQL AST
To enable cross-dialect translation from SQL to
GQL, we construct a unified GQL Abstract Syn-
tax Tree (AST), which provides a foundation for
extending support to additional GQL dialects.
Relation. In relational databases, connections are
implicitly defined through foreign key constraints
and join tables. We reify these implicit links into
explicit Relation structures in the AST. This ab-
straction effectively encapsulates edge semantics
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FROM Person p
JOIN Employ e ON p.id = e.person_id 
JOIN Company c ON e.company_id = c.id

(p:Person)->[e:IS_EMPLOYED]
&

[e:IS_EMPLOYED]->(c:Company)

(p:Person)-[e:IS_EMPLOYED]->(c:Company)

Join Predicate Analysis

Path Coalescing

Figure 4: An example of translating the JOIN predicates
to a graph pattern with Join Predicate Analysis and Path
Coalescing.

(e.g., types and aliases), decoupling them from the
underlying physical storage schema.
Graph Pattern. A fundamental distinction be-
tween SQL and GQL lies in their structural rep-
resentation. While SQL relies on FROM and JOIN
clauses to establish data connectivity, GQL em-
ploys Graph Patterns within MATCH clauses to de-
fine the topology of the queried graph. In our AST,
the graph pattern serves as a central component
for bridging SQL query structures and GQL se-
mantics. It is represented as a sequence of nodes
and relations, enabling a systematic mapping from
SQL join operations to graph traversal patterns. In
particular, a graph pattern consisting of a strictly
alternating sequence of nodes and relations is for-
mally defined as a Path.

4.2.2 Translating SQL AST to GQL AST

The core of the translation lies in systematically
mapping SQL clauses to their GQL counterparts:
SELECT and WHERE are mapped to RETURN and
WHERE, respectively. More importantly, the data
connectivity expressed through FROM and JOIN op-
erations is transformed into graph patterns within
the MATCH clause.
Join Predicate Analysis. Our translation sys-
tem handles join predicates in two scenarios:
atomic equality constraints (e.g., Table_A.a =
Table_B.b) and conjunctive predicates. For each
join predicate, the system analyzes the schema to
determine whether it corresponds to an edge type
derived from either a join table or a foreign key con-
straint. When a valid correspondence is identified,
the relational join is mapped to the corresponding
graph edge. The details of converting a JOIN to a
graph pattern are described in Appendix D.2.1.

Path Coalescing. In scenarios involving multiple
JOIN clauses, the translation process initially gener-
ates a set of discrete edges. To optimize the result-
ing query, the algorithm evaluates the topological
connectivity among these edges and coalesces indi-
vidual edges into a continuous, multi-hop traversal.
Figure 4 illustrates the translation of the JOIN pred-
icates into a graph pattern.

4.2.3 Generating GQL Queries for Multiple
Dialects

Leveraging the unified GQL AST, we develop a
suite of dialect-specific generation modules, each
tailored to the unique syntax of a target GQL di-
alect, to automate the translation of executable
queries. The translation system currently supports
multiple target dialects, including Cypher and Neb-
ula, which conforms to the ISO GQL standard.

We adopt the Visitor design pattern to decouple
query generation logic from the structural represen-
tation of the AST, enabling modular and extensi-
ble generation across different dialects via dialect-
specific generator classes. Consequently, support
for emerging ISO GQL dialects can be seamlessly
integrated by simply implementing new visitors,
without necessitating modifications to the core syn-
tax tree. The semantic preservation validation is
discussed in Appendix D.2.4.

5 Data Generation

To increase data diversity and better capture graph-
specific structures such as cycles and long paths,
we further generate synthetic data, including both
graph structures and their corresponding (GQL,
Question) pairs.

5.1 Graph Data Generation
We manually curate 30 distinct graph schemas span-
ning 10 diverse domains, including finance, edu-
cation, and law. To simulate realistic data distribu-
tions, we employ LLMs to populate these schemas
with node instances based on the defined attributes.
Subsequently, inspired by the generation strategy
used in the LDBC Social Network Benchmark (Er-
ling et al., 2015), we generate edges based on the
homophily principle. Specifically, we compute vec-
tor embeddings for node attributes and calculate
pairwise similarities. The probability of edge cre-
ation between nodes is determined via a geometric
distribution function derived from these similarity
scores. For each node u, we rank all other nodes v
by their embedding similarity in descending order.
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The probability of establishing an edge (u, v), de-
noted as Puv, decays geometrically with the rank
ruv:

Puv = p(1− p)ruv−1 (1)

where p is a hyperparameter controlling the connec-
tivity sparsity, and ruv denotes the rank of node v in
u’s similarity list. This mechanism assigns higher
connection probability to semantically similar en-
tities while allowing for occasional long-range as-
sociations. By applying this similarity-based selec-
tion to every possible source node under a specific
configuration of p, the generator naturally facili-
tates the formation of multi-hop semantic chains
(see Appendix D.3.3 for a detailed analysis). To
further enhance topological diversity, we pre-define
specific cyclic patterns and leverage LLMs to gener-
ate corresponding structures, enriching the dataset
with complex graph features. Figure 6 in Appendix
D.3.4 shows an example of long paths and cycles
in the generated data.

5.2 Query Generation

We adopt a template-based approach to guarantee
grammatical correctness while maintaining fine-
grained control over query complexity and struc-
tural diversity. The query construction follows
the fundamental GQL backbone: pattern definition
(MATCH), constraint application (WHERE), and result
projection (RETURN). More details about templates
are in Appendix D.3.1.

By combining these modular components, we
synthesize complete GQL query templates. These
templates are then instantiated by randomly sam-
pling entities and property values from the gen-
erated graph. To ensure the utility of the bench-
mark, we execute the generated queries and prune
instances that yield empty result sets. Finally, we
prompt an LLM to perform reverse-annotation, gen-
erating natural language questions corresponding
to each valid GQL query. Detailed dataset compo-
sition and leakage analysis are in Appendix D.3.5.

6 Experiments

6.1 Data Migration and Query Translation
from NL2SQL Benchmark

The translated GQL queries, executed on Neo4j
and NebulaGraph 5.x, are semantically equivalent
to the original SQL queries and achieve more than a
twofold improvement in execution efficiency com-
pared to the SQLite baseline. More details of the

execution time comparison are shown in Appendix
D.2.3.

6.2 Human Evaluation on NL-GQL
Alignment

To evaluate the reliability of the automated data
generation pipeline, we conduct a human evalua-
tion via random spot-checking. Specifically, we
randomly sample 400 (NL, GQL) pairs covering
diverse graph patterns and assess their semantic
alignment using a Likert scale ranging from 1 to
5, where 1 denotes completely irrelevant and 5 de-
notes perfectly aligned. The evaluation yields an
average score of 4.78 out of 5.0, indicating a high
degree of semantic alignment.

6.3 Evaluation Metrics

Following standard NL2SQL evaluation, we use
Execution Accuracy (EX) to determine whether the
predicted query retrieves the correct answer:

EX(q, q̂) = I(V = V̂ ) (2)

where V and V̂ denote the execution results of
the ground truth query q and the predicted query
q̂, respectively, and I(·) is the indicator function.
To handle graph-specific data types (i.e., nodes or
edges), we extract their unique internal identifiers
to verify equivalence. The final metric is calculated
as the average EX score across the entire dataset.

Moreover, we adopt BLEU(Papineni et al., 2002)
and edit distance(Levenshtein et al., 1966) as com-
plementary metrics, as two semantically different
queries may coincidentally produce identical re-
sults (e.g., empty result sets) on a given database,
thereby inflating execution accuracy. Therefore,
structural metrics are necessary to capture syntac-
tic and compositional differences between queries.

6.4 Statistics

Our benchmark is constructed as a large-scale,
cross-domain corpus, covering both Cypher and
Nebula dialects across diverse databases. Detailed
statistics of the dataset are listed in Table 2.

For both Cypher and Nebula dialects, the bench-
mark provides more than 10,000 queries for both
training and testing phases, ensuring sufficient data
for robust training and evaluation. The high prop-
erty density reflects the rich semantic information
embedded in the graphs, demonstrating the struc-
tural diversity and complexity of the underlying
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Split # Queries # DBs Avg. Schema Size per Graph

# Node Types # Edge Types # Props

Train-Cypher 14,073 211 4.98 4.08 36.27
Train-Nebula 10,182 174 4.40 3.59 30.07

Test-Cypher 13,279 100 3.86 3.55 31.47
Test-Nebula 12,053 86 3.79 4.05 63.07

Table 2: Statistics of GQLBench.

Model Cypher Nebula Average CypherNebula Average Cypher Nebula Average
EX (%)EX (%) EX (%) BLEU BLEU BLEU Edit SimEdit Sim Edit Sim

Zero-Shot

gemini-3-flash 53.23 17.56 35.40 0.0596 0.0396 0.0496 0.5264 0.5134 0.5199
Qwen3-Max 45.18 15.41 30.30 0.0565 0.0369 0.0467 0.4983 0.4878 0.4931
GPT-4o-mini 35.30 14.35 24.83 0.0508 0.0453 0.0481 0.4926 0.4518 0.4722
Qwen3-32B 36.41 11.02 23.71 0.0576 0.0392 0.0484 0.5095 0.4981 0.5038
DeepSeek-V3.2-chat 37.59 8.81 23.20 0.0573 0.0346 0.0460 0.4811 0.4635 0.4723
Qwen3-8B 26.15 16.06 21.11 0.0466 0.0362 0.0414 0.4430 0.4309 0.4370
GPT-OSS-20B 38.72 2.80 20.76 0.0472 0.0095 0.0284 0.4821 0.2112 0.3467
Llama-3.1-8B-Instruct 20.45 10.30 15.38 0.0311 0.0360 0.0336 0.4194 0.4269 0.4232

Fine-Tuned with LoRA

Qwen3-32B 31.07 30.32 30.69(+29.44%) 0.2111 0.1815 0.1963(+305.58%) 0.5159 0.5582 0.5371(+6.61%)
Llama-3.1-8B-Instruct 28.92 26.92 27.92(+81.53%) 0.1978 0.1716 0.1847(+449.70%) 0.5072 0.5455 0.5264(+24.39%)
Qwen3-8B 29.26 19.58 24.42(+15.68%) 0.1922 0.1671 0.1797(+334.06%) 0.5049 0.5289 0.5169(+18.28%)
GPT-OSS-20B 24.63 21.45 23.04(+10.98%) 0.1701 0.1504 0.1603(+464.44%) 0.4847 0.5116 0.4982(+43.70%)

Table 3: Main results of NL2GQL generation. We calculate Execution Accuracy (EX), BLEU and Edit Similarity
(Edit Sim) based on edit distance. Bold indicates the best performance in each column within each setting. For all
metrics, higher scores indicate greater similarity between the predicted GQL and the ground truth GQL.

schemas. More details about the queries are pro-
vided in Appendix B. Table 1 presents a compari-
son of dataset sizes across benchmarks. GQLBench
surpasses all others in terms of the number of enti-
ties, indicating its substantially larger scale.

6.5 Main Results

We aggregate the converted data from the training
splits of both Spider and BIRD to form our training
set, while utilizing the remaining development and
test splits, augmented with our synthesized data, as
the test set. Table 3 shows the results of NL2GQL
generation using different metrics on the test set.
To provide a comprehensive evaluation, we conduct
experiments under two distinct settings: (1) a Zero-
Shot setting, and (2) a Fine-Tuning setting using
LoRA (Hu et al., 2022).
Performance in Zero-Shot Setting. Gemini-3-
flash exhibits exceptional strength in both dialects,
reaching a peak average EX of 35.40%, although
its performance drops on the less common Nebula
dialect. Generally, zero-shot models struggle with
NebulaGraph queries, likely due to the scarcity of

Nebula and ISO GQL in their pre-training corpora
compared to the widely adopted Cypher. These
results highlight the difficulty of our benchmark.
Efficacy of LoRA Fine-Tuning. We fine-tune the
model using LoRA for 3 epochs, with rank set to
8, scaling factor α = 16, and a learning rate of
1× 10−5. LoRA fine-tuning results in substantial
performance gains across open-source models. The
fine-tuned Qwen3-32B attains an average EX of
30.69%, significantly outperforming its base model
(23.71%) and effectively surpassing the proprietary
GPT-4o-mini (24.83%). Similarly, Llama-3.1-8B-
Instruct achieves a remarkable gain, nearly dou-
bling its EX from 15.38% to 27.92%. The improve-
ment in Nebula shows that fine-tuning bridges the
gap for the low-resource dialect, effectively com-
pensating for its scarcity in pre-training corpora. In
addition to EX, structural similarity also improves
consistently, as evidenced by the gains in BLEU
and edit similarity.

Some models (e.g., Qwen3-32B) exhibit a de-
cline in EX on Cypher after LoRA fine-tuning.
This observation suggests that, although LoRA
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Figure 5: Error Analysis on gemini-3-flash and Qwen3-Max.

effectively reinforces surface-level syntactic pat-
terns and formatting, it may bias the model toward
training-specific patterns and schemas, thereby con-
straining its ability to generalize across domains
and query dialects. A detailed error analysis, in-
cluding a comparison of error patterns before and
after LoRA, is provided in the section 6.6.1.

6.6 Error Analysis
Cypher. We conduct an error analysis on gemini-
3-flash and Qwen3-Max. As shown in Figure 5,
both models struggle with the Incorrect Filtering,
Pattern Not Aligned with Question and Results Not
Aligned with Question issues. Furthermore, Qwen3-
Max exhibits a higher frequency of syntax-related
errors in Cypher. These findings indicate that im-
proving NL2GQL performance requires not only
enhanced semantic understanding of natural lan-
guage queries but also stronger modeling of graph
query structures and dialect-specific syntax.
Nebula. Our error analysis regarding Nebula on
gemini-3-flash and Qwen3-Max reveals that syntax
errors constitute more than 70% of the failures.
This large proportion of syntactic issues highlights
a deficiency in the LLM’s understanding of the
Nebula and the ISO GQL standard, likely due to
limited exposure during pre-training. More details
about the definitions and corresponding examples
of each error category are provided in Appendix C.

6.6.1 Error Analysis Before and After LoRA
We expand our error analysis to compare our best-
performing fine-tuned model (Qwen3-32B) and
the most-improved model (Llama-3.1-8B-Instruct)
before and after fine-tuning. Detailed results are
shown in Table 12. The results shows that:

• Syntax Errors are Substantially Reduced.
For Nebula, fine-tuning reduces Syntax Er-

rors from 79.61% to 7.60% (Qwen3-32B)
and from 74.32% to 8.19% (Llama3.1-8B-
Instruct). This proves that while base models
struggle with the relatively low-resource Neb-
ula syntax, fine-tuning effectively handles the
"language" barrier.

• Errors Shift to Domain Logic. As syntax
errors are significantly mitigated through fine-
tuning, the performance bottleneck shifts to-
ward Incorrect Filtering and Schema Viola-
tion. This transition indicates that while SFT
excels at helping LLMs memorize surface-
level syntax patterns and formatting, it strug-
gles to instill the underlying graph-native rea-
soning required for complex queries. The
fact that simple SFT fails to resolve these
core errors proves that GQLBench is a high-
quality, non-trivial dataset that requires more
advanced reasoning capabilities rather than
mere pattern imitation.

6.7 Fine-Grained Breakdown of Performance
across Query Complexity

We include a comprehensive fine-grained break-
down of performance across three key dimensions
as detailed in Table 7, 8, and 9: graph patterns,
return specifications and advanced functions. This
analysis provides deeper insights into the models’
EX performance. Details are in Table 4, 5, 6. All
models are before LoRA and we randomly sample
4000 questions.

• Graph Pattern Complexity. Our results
show that LLMs perform relatively well on
simple patterns such as single node or edge,
with an average EX around 40%. However, as
the structural complexity increases, the perfor-
mance drops significantly. This validates that
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Category gemini-3-flash Qwen3-Max GPT-4o-mini Qwen3-32B DeepSeek-V3.2-chat Qwen3-8B GPT-OSS-20B Llama-3.1-8B-Instruct Avg

(node) 50.21% 43.08% 38.67% 33.99% 36.08% 34.13% 30.70% 25.80% 36.58%
(node),(node) 9.62% 8.22% 6.57% 5.87% 7.75% 6.10% 5.16% 4.69% 6.75%
(node)-[edge(optional match)]->(node) 0.00% 25.00% 0.00% 12.50% 0.00% 0.00% 0.00% 0.00% 4.69%
(node)-[edge] 27.41% 29.63% 20.00% 20.74% 26.67% 17.04% 22.96% 20.74% 23.15%
(node)-[edge]-(node) 37.08% 30.72% 24.89% 25.33% 22.11% 18.45% 20.10% 14.27% 24.12%
(node)-[edge]-(node)-[edge]-(node) 34.12% 26.27% 22.94% 20.20% 20.00% 18.04% 18.04% 13.92% 21.69%
[edge] 57.45% 44.68% 34.04% 40.43% 38.30% 29.79% 44.68% 14.89% 38.03%
cycle 12.50% 18.75% 12.50% 6.25% 3.12% 6.25% 3.12% 3.12% 8.20%
long path 20.34% 18.62% 15.47% 13.18% 12.03% 10.89% 11.17% 6.59% 13.54%

Table 4: Fine-grained EX categorized by graph pattern.

Category gemini-3-flash Qwen3-Max GPT-4o-mini Qwen3-32B DeepSeek-V3.2-chat Qwen3-8B GPT-OSS-20B Llama-3.1-8B-Instruct Avg

Aggregate Function 33.72% 30.77% 25.33% 25.87% 27.51% 21.13% 23.62% 18.73% 25.84%
Argmax 35.49% 27.47% 24.57% 24.06% 25.43% 17.92% 18.94% 8.87% 22.85%
Arithmetic 32.46% 20.39% 17.98% 16.67% 10.09% 12.94% 11.18% 6.36% 16.01%
Distinct 31.17% 31.44% 24.12% 23.58% 24.12% 22.49% 21.95% 15.45% 24.29%
Entity 33.56% 23.76% 27.38% 17.18% 17.05% 15.97% 16.24% 19.19% 21.29%
Property 37.32% 31.22% 25.21% 23.90% 23.77% 22.64% 20.15% 13.33% 24.69%
Sort 28.86% 22.34% 17.79% 18.14% 15.98% 14.38% 14.53% 8.97% 17.62%

Table 5: Fine-grained EX categorized by return specification.

Category gemini-3-flash Qwen3-Max GPT-4o-mini Qwen3-32B DeepSeek-V3.2-chat Qwen3-8B GPT-OSS-20B Llama-3.1-8B-Instruct Avg

Groupby Operation 32.26% 6.45% 0.00% 0.00% 51.61% 3.23% 6.45% 22.58% 15.32%
String Manipulation Function 30.99% 26.12% 25.32% 21.75% 21.13% 19.29% 20.52% 13.86% 22.37%
Subquery 4.00% 0.00% 0.00% 0.00% 0.00% 0.00% 0.00% 0.00% 0.50%
Temporal Function 21.88% 20.83% 13.54% 6.25% 14.58% 14.58% 11.46% 4.17% 13.41%
No Advanced 41.76% 35.66% 29.03% 27.69% 27.20% 24.89% 22.89% 19.28% 28.55%
Set Operation 18.75% 37.50% 12.50% 18.75% 6.25% 12.50% 12.50% 6.25% 15.62%

Table 6: Fine-grained EX categorized by advanced function usage.

GQLBench effectively evaluates a model’s
structural reasoning and its ability to navigate
complex graph topologies.

• Return Specifications. The performance vari-
ance across categories like Aggregate Func-
tion (25.84%) and Arithmetic (16.01%) fur-
ther demonstrates the benchmark’s ability to
test the coordination between graph traversal
and data post-processing.

• Advanced Function Challenges. The data re-
veals that models achieve their highest perfor-
mance (28.55%) when no advanced functions
are involved. However, when faced with sub-
queries, performance plummets(0.50% avg).
This confirms that our benchmark poses sig-
nificant challenges in logical composition and
functional integration, going far beyond sim-
ple keyword translation.

7 Conclusion

In this work, we present GQLBench, a large-scale,
cross-domain, and cross-dialect benchmark for
NL2GQL, with execution support on both Cypher
and NebulaGraph GQL, an ISO GQL-aligned di-
alect. To enable scalable benchmark construc-
tion, we develop an automated framework that
combines NL2SQL-to-NL2GQL conversion with

graph-native data generation, allowing GQLBench
to cover both diverse real-world relational schemas
and graph-specific reasoning patterns such as long
paths and cycles. Our experiments show that GQL-
Bench is highly challenging for current LLMs,
while also supporting fine-grained analysis across
dialects, graph patterns, return specifications, and
advanced function usage. We hope GQLBench can
serve as a useful benchmark for future research on
robust, generalizable, and dialect-aware NL2GQL
systems.

Limitations

One limitation of this work is that, due to the high
cost of inference, the evaluation is confined to a rep-
resentative subset of LLMs. In addition, although
GQLBench is designed as a cross-dialect bench-
mark supporting both Cypher and Nebula, it does
not yet encompass other widely used graph query
language dialects.
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A Prompts

A.1 Data Migration
We provide the prompts employed in the Data Mi-
gration stage. Prompt 1 guides the LLM to in-
fer edge labels derived from foreign keys, while
Prompt 2 determines the direction of these edges.
Regarding join tables, Prompt 3 identifies whether
a table in the RDBMS functions as a join table, and
Prompt 5 facilitates converting these tables into
edges. Finally, Prompt 4 performs edge canonical-
ization.

A.2 Data Generation
We prompt the LLM to generate graph data ad-
hering to the schema and constraints. Specifically,
we employ the Prompt 6 to create entity instances,
while Prompt 7 is used to construct complex cyclic
structures. After constructing the GQL queries,
we utilize Prompt 8 to generate natural language
questions.

A.3 Evaluation
The evaluation is based on both zero-shot and
LoRA settings, both of which utilize the Prompt 9
as input.

B Query Characteristics

GQLBench encompasses a broad spectrum of
graph patterns in the MATCH clause, alongside di-
verse output specifications in the RETURN clause
and a suite of advanced functions and operations,
thereby providing a comprehensive evaluation.

B.1 Graph Patterns in MATCH Clause
Table 7 provides a taxonomy of representative
graph patterns, whereas actual queries may mani-
fest as intricate combinations of these elements.

B.2 Output Specifications in RETURN Clause
Table 8 details the diverse output specifications in
the RETURN clause. GQLBench covers a wide range
of return formats, extending from the retrieval of
basic entities and properties to complex analytical
operations, including sorting mechanisms, argmax,
and aggregation functions.

B.3 Advanced Functions and Operations
To assess the model’s capability in detailed data
processing, GQLBench further integrates a variety
of advanced functions and operations, including set
operations, temporal functions, string manipulation

functions, Group By operations, and subqueries.
Details are in Table 9.

C NL2GQL Error Types

Drawing inspiration from CypherBench (Feng
et al., 2025), we categorize NL2GQL errors into
13 distinct classes. Table 11 details 12 of these,
while the remaining category is LLM ERROR, which
includes generation failures such as infinite repeti-
tion.

D Experiment Details

D.1 Data Migration
D.1.1 Experiment Settings
In the data migration phase, we employed the
DeepSeek-V3.2-chat model for tasks requiring
LLM prompting, configured with a temperature
setting of 0, while Qwen-text-embedding-v3 was
utilized to generate embeddings. We deployed
two distinct graph database systems for our ex-
periments: NebulaGraph 5.2.0 and Neo4j Desktop
2.0.5. The latter was selected specifically because
the standard Neo4j Community Edition does not
support multiple databases. We selected Nebula-
Graph because it is one of the most widely adopted
graph databases globally, currently ranking second
only to Neo4j among dedicated graph databases
on DB-Engines3, surpassing all other ISO GQL
implementations. Meanwhile, NebulaGraph 5.x
is the pioneer graph database to natively support
the ISO GQL standard. As a representative system
that actively supports the ISO GQL standard, Neb-
ulaGraph provides industry-leading performance
and distributed scalability for large-scale storage,
making it a highly practical choice for an execution-
based benchmark. The migration processes were
executed on a server environment equipped with
503 GB memory.

D.1.2 More Details about Annotating Edges
by LLM

Given a foreign key constraint Table_A.a =
Table_B.b, the corresponding edge is constructed
via Table_A.a and Table_B.b. For each row
of the join results of Table_A and Table_B, if
Table_A.a equals Table_B.b, an edge instance is
created between the corresponding node instances
of Table_A and Table_B, which are determined
by the values of Table_A.a and Table_B.b. Simi-
larly, for edges derived from join tables, we prompt

3https://db-engines.com/en/
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the LLM to identify which columns should be used
to establish edges. We then utilize an embedding
model to map the identified columns in join tables
to their corresponding columns in the source and
target entity tables by selecting the candidates with
the highest embedding similarity, thereby enabling
the precise identification of node instances.

D.1.3 Results & Ablation Study

We organized a human evaluation to assess the se-
mantic naturalness of the migrated graph schemas.
Participants were asked to assign scores on a scale
of 0 to 5, where 0 represents the lowest degree of
naturalness and 5 indicates the highest. To pro-
vide a comprehensive assessment, we calculated
the average scores across all migrated schemas.
As illustrated in Table 10, our data migration al-
gorithm consistently maintains semantic natural-
ness across diverse datasets and achieves the best
performance. Furthermore, the ablation study
confirms that identify join tables and edge
canonicalization modules contribute to the final
performance.

Migration Methods Naturalness

Ours 4.6
Rel2Graph 3.6
Ours(w/o identify join tables) 4.1
Ours(w/o edge canonicalization) 4.3

Table 10: Performance comparison of different data
migration methods and ablation study.

D.2 Query Translation

D.2.1 Details about Join Predicate Analysis

For complex predicates composed of AND opera-
tors, given the nested structure of the AST, we first
recursively flatten the AND hierarchy into a linear
sequence of independent atomic equalities. Subse-
quently, for each atomic predicate, the system inter-
rogates the schema to determine if the relationship
corresponds to an edge type derived from either a
join table or a foreign key constraint. If a valid map-
ping is identified, the relational join is transformed
into the corresponding graph edge. While INNER
JOIN is directly converted to the graph pattern in
the MATCH clause, we employ OPTIONAL MATCH to
simulate LEFT JOIN or RIGHT JOIN.

The details of converting a JOIN to a graph pat-
tern are described in the Algorithm 1.

Algorithm 1 Find_Edge_from_Join
Input: A single SQL JOIN statement Sjoin; Edge schema E ,
where each entry e specifies the source node src, target node
tgt, the pair of columns src_col, tgt_col used to link them
and a flag from_jt indicating whether the edge is derived
from a join table
Output: graph pattern
Algorithm:
1: TL, TR, CL, CR ← ParseJoin(Sjoin) ▷ L: left, R:

right, T : table, C: column
2: for e ∈ E do
3: if e.src = TL ∧ e.tgt = TR ∧

e.src_col = CL ∧ e.tgt_col = CR then
4: r ← CreateRelation(e.type_name)
5: return GraphPattern([TL, r, TR])
6: else if TL = e.src ∧ CL = e.src_col ∧

e.from_jt then
7: r ← CreateRelation(e.type_name)
8: return GraphPattern([TL, r])
9: else if TR = e.tgt ∧ CR = e.tgt_col ∧

e.from_jt then
10: r ← CreateRelation(e.type_name)
11: return GraphPattern([r, TR])
12: end if
13: end for
14: return [TL, TR] ▷ Cartesian Product (find no edge)

D.2.2 Details about SQL AST
For the SQL parsing, we leverage sqlglot4 to gen-
erate the SQL AST.

D.2.3 Execution Time Comparison between
GQL and SQL

The translated GQL queries, executed on Neo4j,
are 2.72 times faster, and on NebulaGraph 5.x,
yield a 5.46 times faster speedup compared to the
SQLite baseline. These varying speedup ratios
stem from the different language implementations
of the two databases, which lead to different sub-
sets of successfully translated SQL queries being
used for each comparison. To verify these results,
we conducted five independent runs for both the
SQL and GQL engines. We then performed a t-test
on the execution times of these runs. The result-
ing p-value < 0.01 confirms that the speedup is
statistically significant.

D.2.4 Semantic Equivalence in Translation
• Automated Verification. To verify the se-

mantic equivalence between the original SQL
and the translated GQL, we developed an au-
tomated validation pipeline and conducted
experiments on the BIRD dev set. We exe-
cuted both the SQL and the translated GQL,
then converted the raw outputs into a unified
Python data structure to eliminate formatting
discrepancies. Our results demonstrate that

4Sqlglot is an existing open-source library, available at
https://github.com/tobymao/sqlglot.
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for all queries, the execution outputs are 100%
identical. However, certain queries, such as
those including a LIMIT clause without an
ORDER BY, were excluded from automated
matching. In these cases, the potentially dif-
ferent results between SQL and GQL do not
necessarily imply semantic non-equivalence.

• Human Evaluation. To complement our au-
tomated verification, we conducted a man-
ual audit to evaluate semantic equivalence
from a human perspective. We randomly
sampled 500 (SQL, GQL) pairs from the mi-
grated dataset and scored the alignment of
their query intents. We employed a 5-point
Likert scale, where a score of 5 represents
"perfectly identical intent" and 1 represents
"completely divergent intent." The evaluation
yielded an average score of 4.99/5.0, with 99%
of the pairs receiving a perfect score. The very
rare cases of semantic divergence occurred in
complex SQL queries involving non-standard
join conditions (e.g., JOIN A ON A.a=B.b OR
A.aa=XXX).

D.3 Data Generation
D.3.1 Details about Templates
Match Clause Template. A GQL query typically
starts with a Match clause, which serves as the
fundamental component for defining the target sub-
graph structure. To ensure comprehensive coverage
of graph query capabilities, we systematically im-
plement diverse patterns ranging from node-only
patterns to complex traversals:

• Single-Node and Multi-Node Patterns:
Templates targeting individual nodes or mul-
tiple disconnected entities to evaluate basic
retrieval performance.

• Linear Path Patterns: Templates generat-
ing contiguous traversal paths, ranging from
single-hop interactions to deep multi-hop
chains (e.g., 5 hops). These patterns enforce
schema consistency to ensure valid connectiv-
ity between consecutive nodes.

• Cyclic Patterns: Templates designed to iden-
tify closed-loop structures, where the starting
and ending nodes of a traversal path are iden-
tical.

Where Clause Template. The Where clause im-
poses filtering rules on the retrieved subgraph. A

critical feature of our generation engine is Context-
Aware Variable Binding, which ensures that all
generated predicates exclusively reference entities
and relationships bound in the preceding MATCH
clause. We construct filtering logic covering three
key dimensions:

• Simple Predicates: Fundamental constraints
involving standard comparison operators (e.g.,
=, <, >), set membership checks (IN), and
nullability assertions (IS NULL).

• Composite Boolean Logic: Complex pred-
icates constructed by combining constraints
with logical operators (AND, OR, NOT). The gen-
erator supports sophisticated logical structures
to rigorously evaluate the LLM’s capability in
parsing intricate boolean logic.

• String-Based Constraints: Advanced filter-
ing conditions derived from complex string
manipulations, specifically highlighting oper-
ations such as substring extraction and regular
expression matching.

Return Clause Template. The Return clause de-
fines the final projection of the query results. Sim-
ilar to the filtering logic, our generator enforces
context-aware projection, ensuring that the returned
fields are strictly derived from the entities and rela-
tionships bound in the MATCH clause. The templates
support the retrieval of nodes and properties, the
application of aggregation functions (e.g., COUNT,
SUM) and mathematical calculations, as well as the
enforcement of uniqueness via the DISTINCT key-
word. Furthermore, ORDER BY and LIMIT clauses
are integrated to capture the complexity of varied
data constraints.

D.3.2 Experiment Settings
Consistent with the data migration phase, the data
generation phase utilized the DeepSeek-V3.2-chat
LLM with a temperature setting of 0. During graph
structure generation, the hyperparameter for the
geometric distribution, denoted as p, was set to 0.5.

D.3.3 Analysis of the Similarity-Based Edge
Creation

In practice, we restricted the edge-creation pro-
cess to the top-10 most similar candidates for each
source node and set p to 0.5.

Adhering to the notation established in Equation
1, we derive the expected number of edges from a
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source node u as Equation 3. The result of Equa-
tion 3 shows that for every possible source node,
approximately one edge will be created, thus facili-
tating the formation of multi-hop semantic chains.

E(# of edges from u) =

N∑

ruv=1

Puv

=
N∑

ruv=1

p(1− p)ruv−1

=
p(1− (1− p)N )

1− (1− p)

=
p(1− (1− p)N )

p

= 1− (1− p)N

≈ 1 (for p = 0.5, N = 10)
(3)

D.3.4 An Example of Long Paths and Cycles
Figure 6 shows an example of long paths and cycles
in the generated data.

Figure 6: An example of long paths and cycles in the
generated data. This figure visualizes a financial transac-
tion network where red nodes represent entities of type
ACCOUNT and directed edges represent the relationship
type TRANSFERS_TO.

D.3.5 Dataset Composition & Leakage
Analysis

Synthetic queries account for about 70% of the test
set and are created exclusively for evaluation, with
no overlap with the training set. We ensure that the
synthetic test set remains entirely disjoint from the
training set to prevent any risk of leakage.

D.4 Evaluation
D.4.1 Experiment Settings
Our evaluation framework leveraged LLaMA-
Factory (Zheng et al., 2024) for LoRA fine-tuning
tasks and vLLM (Kwon et al., 2023) for efficient,

high-throughput inference. Specifically, LLaMA-
Factory was employed to fine-tune smaller mod-
els, including Qwen3-32B, Llama-3.1-8B-Instruct,
GPT-OSS-20B, and Qwen3-8B. We subsequently
performed inference on both the base and LoRA-
adapted versions of these models using vLLM and
LLaMA-Factory. All local training and inference
workloads were executed on a single server node
equipped with four NVIDIA A800 GPUs. In con-
trast, for larger models such as gemini-3-flash,
Qwen3-Max, GPT-4o-mini, and DeepSeek-V3.2-
chat, inference was conducted via their respective
APIs.
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Graph Pattern Question GQL

How many clubs are there? MATCH (`club`:`club`) RETURN COUNT(*) AS
`_col_0`

Among the schools with the average
score in Math over 560 in the SAT test,
how many schools are directly charter-
funded?

MATCH (`t1`:`satscores`)
MATCH (`t2`:`frpm`)
WHERE `t1`.`cds` = `t2`.`cdscode` AND (`
t1`.`avgscrmath` > 560 AND `t2`.`charter
funding type` = 'Directly funded')

RETURN COUNT(`t2`.`school code`) AS `
_col_0`

What is the phone number of the school
that has the highest number of test takers
with an SAT score of over 1500?

MATCH (`t1`:`satscores`)-[sat_data_for_0
:sat_data_for]->(`t2`:`schools`)
WHERE `t1`.`cds` = `t2`.`cdscode` ORDER
BY `t1`.`numge1500` IS NULL ASC, `t1`.`
numge1500` DESC
RETURN `t2`.`phone` AS `phone` LIMIT 1

State the district and region for loan ID
’4990’.

MATCH (`t3`:`loan`)-[for_account_0:
for_account]->(`t1`:`account`)-[
located_in_0:located_in]->(`t2`:`
district`)
WHERE `t1`.`district_id` = `t2`.`
district_id` AND `t1`.`account_id` = `t3
`.`account_id` AND (`t3`.`loan_id` =
4990)
RETURN `t2`.`a2` AS `a2`, `t2`.`a3` AS
`a3`

Find all circular transfer chains where
an account transfers funds through three
intermediate accounts and eventually re-
ceives money back from the final ac-
count, returning the starting account and
all three intermediate accounts involved
in the cycle.

MATCH (n:`Account`)-[r1:`TRANSFERS_TO
`]->(m0:`Account`)-[r2:`TRANSFERS_TO
`]->(m1:`Account`)-[r3:`TRANSFERS_TO
`]->(m2:`Account`)-[r4:`TRANSFERS_TO
`]->(n:`Account`)
RETURN n, m0, m1, m2

List all the reviews which rated a busi-
ness less than 1

MATCH ()-[review:reviewed]->()
WHERE `review`.`rating` < 1
RETURN `review`.`text` AS `text`

list all the reviews by Niloofar MATCH (`t2`:`user`)-[t1:reviewed]->()
WHERE `t2`.`user_id` = `t1`.`user_id`
AND (`t2`.`name` = 'Niloofar')
RETURN `t1`.`text` AS `text`",

What is the average score in writing
for the schools that were opened after
1991 or closed before 2000? List the
school names along with the score. Also,
list the communication number of the
schools if there is any.

MATCH (`t2`:`schools`)
OPTIONAL MATCH (`t1`:`satscores`)-[
sat_data_for_0:sat_data_for]->(`t2`:`
schools`)
WHERE CASE WHEN `t2`.`opendate` is not
NULL THEN apoc.temporal.format(`t2`.`
opendate`,'yyyy') ELSE NULL END > '1991'
OR CASE WHEN `t2`.`closeddate` is not

NULL THEN apoc.temporal.format(`t2`.`
closeddate`,'yyyy') ELSE NULL END <
'2000' AND `t2`.`cdscode` = `t1`.`cds`
RETURN `t2`.`school` AS `school`, `t1`.`
avgscrwrite` AS `avgscrwrite`, `t2`.`
phone` AS `phone`

Table 7: Various graph patterns. This table presents representative graph patterns in GQLBench. Circles denote
nodes, lines denote relationships, dashed lines indicate optional matches, and different node colors represent distinct
nodes (i.e., nodes with the same color represent the same node). Note that queries in GQLBench may involve more
complex combinations of these patterns.
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RETURN Output Specifica-
tion

Question GQL

Property how big is new mexico MATCH (`state`:`state`)
WHERE `state`.`state_name`='new mexico'
RETURN `state`.`area` AS `area`

Entity Find all circular transfer chains where
an account transfers funds through three
intermediate accounts and eventually re-
ceives money back from the final ac-
count, returning the starting account and
all three intermediate accounts involved
in the cycle.

MATCH (n:`Account`)-[r1:`TRANSFERS_TO
`]->(m0:`Account`)-[r2:`TRANSFERS_TO
`]->(m1:`Account`)-[r3:`TRANSFERS_TO
`]->(m2:`Account`)-[r4:`TRANSFERS_TO
`]->(n:`Account`)
RETURN n, m0, m1, m2

Aggregate function How many clubs are there? MATCH (`club`:`club`) RETURN COUNT(*) AS
`_col_0`

Distinct What venues are for Neuroscience ? MATCH (`venue`:`venue`)
WHERE `venue`.`venuename` = '
Neuroscience'
RETURN DISTINCT `venue`.`venueid` AS `
venueid`

Sort List the name of clubs in ascending al-
phabetical order.

MATCH (`club`:`club`)
RETURN `club`.`name` AS `name` ORDER BY
`name` IS NULL DESC, `name`

Argmax What is the name of the player with the
highest earnings?

MATCH (`player`:`player`)
ORDER BY `player`.`earnings` IS NULL ASC
, `player`.`earnings` DESC
RETURN `player`.`name` AS `name` LIMIT
1

Arithmetic Find the total checking and saving bal-
ance of all accounts sorted by the total
balance in ascending order.

MATCH (`t1`:`checking`)
MATCH (`t2`:`savings`)
WHERE `t1`.`custid` = `t2`.`custid`
RETURN `t1`.`balance` + `t2`.`balance`
AS `_col_0`
ORDER BY `t1`.`balance` + `t2`.`balance`
IS NULL DESC, `t1`.`balance` + `t2`.`

balance`

Table 8: Various RETURN output specifications.
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Advanced Function and
Operation

Question GQL

Set Operaion Find the name of the campuses that is
in Northridge, Los Angeles or in San
Francisco, San Francisco.

MATCH (`campuses`:`campuses`)
WHERE `campuses`.`location`='Northridge'
AND `campuses`.`county`='Los Angeles'

RETURN `campuses`.`campus` AS `campus`
UNION DISTINCT
MATCH (`campuses`:`campuses`)
WHERE `campuses`.`location`='San
Francisco' AND `campuses`.`county`='San
Francisco'
RETURN `campuses`.`campus` AS `campus`

Temporal Function Name all employees who were hired be-
fore year 1990.

MATCH (`employee`:`employee`)
WHERE CASE WHEN `employee`.`hire_date`
is not NULL THEN apoc.temporal.format(`
employee`.`hire_date`,'yyyy') ELSE NULL
END < '1990'
RETURN `employee`.`fname` AS `fname`, `
employee`.`lname` AS `lname`

String Manipulation Func-
tion

What are the dates of the exams whose
subject code contains the substring d̈ata?̈
Return them in descending order of
dates.

MATCH (`exams`:`exams`)
WHERE `exams`.`subject_code` =~ '(?i)(?s
).*data.*'
RETURN `exams`.`exam_date` AS `exam_date
` ORDER BY `exam_date` IS NULL ASC, `
exam_date` DESC

Group By Operation What are the type of questions and their
counts?

MATCH (`questions`:`questions`)
WITH `questions`.`type_of_question_code`
AS _groupby_col_0, COUNT(*) AS

_groupby_col_1
RETURN _groupby_col_0 AS `
type_of_question_code`, _groupby_col_1
AS `_col_1`

Subquery What are the product price and the prod-
uct size of the products whose price is
above average?

CALL(*) {
MATCH (`products_sub0`:`products`)
RETURN avg(`products_sub0`.`
product_price`) AS `_col_0`}
MATCH (`products`:`products`)
WHERE `products`.`product_price` > `
_col_0`
RETURN `products`.`product_price` AS `
product_price`, `products`.`product_size
` AS `product_size`

Table 9: Various advanced functions and operations.
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Error Type Question Ground-truth GQL Predicted GQL

Syntax Error
The predicted gql is not
executable.

What is the aver-
age score in writing
for the schools that
were opened after
1991 or closed be-
fore 2000? List the
school names along
with the score. Also,
list the communica-
tion number of the
schools if there is
any.

MATCH (`t2`:`schools`)
OPTIONAL MATCH (`t1`:`satscores`)-[
sat_data_for_0:sat_data_for]->(`t2`:`
schools`)
WHERE CASE WHEN `t2`.`opendate` is not
NULL THEN apoc.temporal.format(`t2`.`
opendate`,'yyyy') ELSE NULL END > '1991'
OR CASE WHEN `t2`.`closeddate` is not
NULL THEN apoc.temporal.format(`t2`.`
closeddate`,'yyyy') ELSE NULL END <
'2000'
AND `t2`.`cdscode` = `t1`.`cds`
RETURN `t2`.`school` AS `school`, `t1`.`
avgscrwrite` AS `avgscrwrite`, `t2`.`
phone` AS `phone`

MATCH (s:schools)
WHERE s.opendate > date
('1991-12-31') OR s.closeddate <
date('2000-01-01')

MATCH (sat:satscores)-[:
sat_data_for]->(s)
WITH s, sat.avgscrwrite AS
writing_score, s.phone AS
communication_number
WHERE writing_score IS NOT NULL
RETURN s.school AS school_name,
writing_score,
communication_number, avg(
writing_score) OVER() AS
average_writing_score

Wrong Ent/Rel/Prop-
erty Type
The predicted gql uses
a valid but not intended
entity/relation/property
type.

Which active dis-
trict has the high-
est average score in
Reading?

MATCH (`t2`:`satscores`)-[sat_data_for_0
:sat_data_for]->(`t1`:`schools`)
WHERE `t1`.`cdscode` = `t2`.`cds` AND (`
t1`.`statustype` = 'Active')
ORDER BY `t2`.`avgscrread` IS NULL ASC,
`t2`.`avgscrread` DESC
RETURN `t1`.`district` AS `district`
LIMIT 1

MATCH (s:satscores)-[:
sat_data_for]->(sch:schools)
WHERE sch.statustype = 'Active'
WITH s.dname AS district, AVG(s.
avgscrread) AS avgReadingScore
RETURN district, avgReadingScore
ORDER BY avgReadingScore DESC
LIMIT 1

Reversed Direction
A relation is used in the
opposite direction.

What is the last
name and position
of the student that
bought pizza on
09/10/2019?

MATCH (`t2`:`expense`)-[incurred_by_0:
incurred_by]->(`t1`:`member`)
WHERE `t1`.`member_id` = `t2`.`
link_to_member`
AND (`t2`.`expense_date` = '2019-09-10'
AND `t2`.`expense_description` = 'Pizza
')
RETURN `t1`.`last_name` AS `last_name`,
`t1`.`position` AS `position`

MATCH (e:expense)<-[:incurred_by
]-(m:member)
WHERE e.expense_description
CONTAINS 'Pizza' AND e.
expense_date = '2019-09-10'
RETURN m.last_name, m.position

Entity Linking
An entity in the pre-
dicted gql does not
match the intended en-
tity in the database.

How many connec-
tions does the atom
19 have?

MATCH ()-[t:connected_to_atom]->()
WHERE CASE WHEN -2-1 < 0 THEN substring
(`t`.`atom_id`,size(`t`.`atom_id`)
+1+(-2-1)) ELSE substring(`t`.`atom_id
`,-2-1) END = '19'
RETURN COUNT(`t`.`bond_id`) AS `_col_0`

MATCH (a:atom {atom_id: 'TR%_19
'})<-[:connected_to_atom]-(b:
bond)
RETURN count(DISTINCT b.bond_id)
AS connection_count

Schema Violation
The MATCH pattern
does not conform to
the graph schema (aside
from reversed relations).
For example, the pre-
dicted gql contains a
hallucinated entity/rela-
tion/property type, or an
invalid relation between
entities.

Which client issued
his/her card in
1994/3/3, give
his/her client id.

MATCH (`t3`:`card`)
MATCH (`t1`:`client`)-[t2:
has_account_disposition]->()
WHERE `t1`.`client_id` = `t2`.`client_id
`\nAND `t2`.`disp_id` = `t3`.`disp_id`\
nAND (`t3`.`issued` = localdatetime
('1994-03-03T00:00:00'))
RETURN `t2`.`client_id` AS `client_id`

MATCH (c:client)-[:
has_account_disposition]->(a:
account)<-[:for_account]-(card:
card)
WHERE card.issued = date
('1994-03-03')
RETURN c.client_id

Pattern Not Aligned
with Question
The MATCH pattern
conforms to the graph
schema, but does not
align with the question.

What is the number
of SAT test takers
of the schools with
the highest FRPM
count for K-12 stu-
dents?

CALL(*) {
MATCH (`frpm_sub0`:`frpm`)
ORDER BY `frpm_sub0`.`frpm count (k-12)`
IS NULL ASC, `frpm_sub0`.`frpm count (k
-12)` DESC
RETURN `frpm_sub0`.`cdscode` AS `cdscode
` LIMIT 1
}
MATCH (`satscores`:`satscores`)
WHERE `satscores`.`cds` = `cdscode`
RETURN `satscores`.`numtsttakr` AS `
numtsttakr`

MATCH (f:frpm)-[:meal_data_for
]->(s:schools)<-[:sat_data_for
]-(sat:satscores)
WITH f, sat, s
ORDER BY f.`frpm count (k-12)`
DESC
WITH collect(DISTINCT s.cdscode)
AS schoolIds, max(f.`frpm count
(k-12)`) AS maxFrpm

MATCH (f2:frpm)-[:meal_data_for
]->(s2:schools)<-[:sat_data_for
]-(sat2:satscores)
WHERE f2.`frpm count (k-12)` =
maxFrpm AND s2.cdscode IN
schoolIds
RETURN s2.cdscode, s2.school,
sat2.numtsttakr

Table 11: Error types in the NL2GQL task. Examples are demonstrated using Cypher.
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Error Type Question Ground-truth GQL Predicted GQL

Incorrect Grouping
The grouping operation
in the predicted gql is in-
correct.

What are the two
most common first
names among the
school administra-
tors? Indicate the
district to which
they administer.

CALL (*) {MATCH (`schools_sub0`:`schools
`)
WITH `schools_sub0`.`admfname1` AS
_groupby_col_0, COUNT(`schools_sub0`.`
admfname1`) AS _groupby_col_1
RETURN _groupby_col_0 AS `admfname1`
ORDER BY _groupby_col_1 IS NULL ASC,
_groupby_col_1 DESC
LIMIT 2}
MATCH (`t1`:`schools`)
WHERE `t1`.`admfname1` = `admfname1`
RETURN DISTINCT `t1`.`admfname1` AS `
admfname1`, `t1`.`district` AS `district
`

MATCH (s:schools)
WHERE s.admfname1 IS NOT NULL
AND s.admfname1 <> ''
WITH s.admfname1 AS firstName, s.
district AS district, COUNT(*)
AS nameCount
ORDER BY nameCount DESC
LIMIT 2
RETURN firstName, district,
nameCount

Incorrect Filtering
The filtering operation
in the predicted gql is in-
correct.

Please list the
lowest three eligi-
ble free rates for
students aged 5-17
in continuation
schools.

MATCH (`frpm`:`frpm`)
WHERE `frpm`.`educational option type` =
'Continuation School' AND NOT CASE WHEN
`frpm`.`enrollment (ages 5-17)`=0 THEN
NULL ELSE `frpm`.`free meal count (ages
5-17)` / `frpm`.`enrollment (ages 5-17)`
END IS NULL
RETURN CASE WHEN `frpm`.`enrollment (
ages 5-17)`=0 THEN NULL ELSE `frpm`.`
free meal count (ages 5-17)` / `frpm`.`
enrollment (ages 5-17)` END AS `_col_0`
ORDER BY CASE WHEN `frpm`.`enrollment (
ages 5-17)`=0 THEN NULL ELSE `frpm`.`
free meal count (ages 5-17)` / `frpm`.`
enrollment (ages 5-17)` END IS NULL DESC,
CASE WHEN `frpm`.`enrollment (ages
5-17)`=0 THEN NULL ELSE `frpm`.`free
meal count (ages 5-17)` / `frpm`.`
enrollment (ages 5-17)` END
LIMIT 3

MATCH (f:frpm)-[:meal_data_for
]->(s:schools)
WHERE f.`school type` CONTAINS '
Continuation'

AND f.`enrollment (ages 5-17)`
> 0

RETURN s.school AS school_name,
f.`percent (%) eligible

free (ages 5-17)` AS
eligible_free_rate
ORDER BY eligible_free_rate ASC
LIMIT 3

Results Not Aligned
with Question
The RETURN clause
does not align with the
question, resulting in in-
correct outputs.

List the top five
schools, by de-
scending order,
from the highest
to the lowest, the
most number of
Enrollment (Ages
5-17). Please give
their NCES school
identification num-
ber.

MATCH (`t2`:`frpm`)-[meal_data_for_0:
meal_data_for]->(`t1`:`schools`)
WHERE `t1`.`cdscode` = `t2`.`cdscode`
ORDER BY `t2`.`enrollment (ages 5-17)`
IS NULL ASC, `t2`.`enrollment (ages
5-17)` DESC
RETURN `t1`.`ncesschool` AS `ncesschool`
LIMIT 5

MATCH (f:frpm)-[:meal_data_for
]->(s:schools)
RETURN s.ncesschool AS
NCESSchoolID, f.`enrollment (
ages 5-17)` AS Enrollment
ORDER BY f.`enrollment (ages
5-17)` DESC
LIMIT 5

Incorrect Deduplica-
tion
The predicted gql
produces duplicated
or missing results
compared to the ground
truth.

How many types
of cards does the
artist Aaron Boyd il-
lustrated about card
art?

MATCH (`cards`:`cards`)
WHERE `cards`.`artist`='Aaron Boyd'
RETURN COUNT(`cards`.`type`) AS `_col_0`

MATCH (c:cards) WHERE c.artist =
'Aaron Boyd' RETURN COUNT(

DISTINCT c.type)

Type Error
There is a type error in
the predicted gql.

What’s the code
for the set which
was released on
2017/7/14?

MATCH (`sets`:`sets`)
WHERE `sets`.`releasedate` =
localdatetime('2017-07-14T00:00:00')
WITH `sets`.`releasedate` AS
_groupby_col_0, `sets`.`code` AS
_groupby_col_1
RETURN _groupby_col_1 AS `code`

MATCH (s:sets)
WHERE s.releasedate =
'2017-07-14'
RETURN s.code

Arithmetic Error
There is an arithmetic er-
ror in the predicted gql,
such as division by zero.

Among the schools
with an SAT excel-
lence rate of over
0.3, what is the high-
est eligible free rate
for students aged 5-
17?

MATCH (`t1`:`frpm`)
MATCH (`t2`:`satscores`)
WHERE `t1`.`cdscode` = `t2`.`cds` AND (
CASE WHEN `t2`.`numtsttakr`=0 THEN NULL
ELSE toFloat(`t2`.`numge1500`) / `t2`.`
numtsttakr` END > 0.3)
RETURN MAX(CASE WHEN `t1`.`enrollment (
ages 5-17)`=0 THEN NULL ELSE toFloat(`t1
`.`free meal count (ages 5-17)`) / `t1
`.`enrollment (ages 5-17)` END) AS `
_col_0`

MATCH (f:frpm)-[:meal_data_for
]->(s:schools)<-[:sat_data_for
]-(sat:satscores)
WHERE sat.numge1500 / toFloat(
sat.numtsttakr) > 0.3
RETURN MAX(f.`percent (%)
eligible free (ages 5-17)`) AS
highest_eligible_free_rate

Table 11: Error types in the NL2GQL task (Continued).
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Error Type Llama3.1-8B-instruct (Cypher) Llama3.1-8B-instruct (Nebula) Qwen3-32B (Cypher) Qwen3-32B (Nebula)

Incorrect Filtering 2565 (24.28%) / 5099 (54.02%) 647 (5.98%) / 2992 (33.97%) 2224 (26.34%) / 5111 (55.84%) 545 (5.08%) / 3251 (38.71%)
Schema violation 1365 (12.92%) / 1244 (13.18%) 1341 (12.40%) / 4015 (45.58%) 525 (6.22%) / 1104 (12.06%) 413 (3.85%) / 3278 (39.03%)
Pattern Not Aligned with Question 1051 (9.95%) / 986 (10.45%) 156 (1.44%) / 292 (3.32%) 1015 (12.02%) / 954 (10.42%) 309 (2.88%) / 447 (5.32%)
Syntax Error 4042 (38.27%) / 940 (9.96%) 8035 (74.32%) / 721 (8.19%) 2803 (33.20%) / 865 (9.45%) 8538 (79.61%) / 638 (7.60%)
Wrong Ent/Rel/Property type 378 (3.58%) / 415 (4.40%) 80 (0.74%) / 185 (2.10%) 262 (3.10%) / 311 (3.40%) 92 (0.86%) / 157 (1.87%)
Results Not Aligned with Question 624 (5.91%) / 326 (3.45%) 196 (1.81%) / 263 (2.99%) 1264 (14.97%) / 346 (3.78%) 505 (4.71%) / 282 (3.36%)
Arithmetic Error 64 (0.61%) / 116 (1.23%) 6 (0.06%) / 44 (0.50%) 54 (0.64%) / 43 (0.47%) 14 (0.13%) / 22 (0.26%)
LLM ERROR (e.g., repetitive outputs) 77 (0.73%) / 106 (1.12%) 30 (0.28%) / 50 (0.57%) 1 (0.01%) / 194 (2.12%) 112 (1.04%) / 119 (1.42%)
Incorrect Grouping 75 (0.71%) / 77 (0.82%) 6 (0.06%) / 37 (0.42%) 98 (1.16%) / 91 (0.99%) 16 (0.15%) / 49 (0.58%)
Incorrect Deduplication 9 (0.09%) / 54 (0.57%) 1 (0.01%) / 20 (0.23%) 14 (0.17%) / 66 (0.72%) 0 (0.00%) / 21 (0.25%)
Entity Linking 55 (0.52%) / 44 (0.47%) 43 (0.40%) / 27 (0.31%) 65 (0.77%) / 43 (0.47%) 17 (0.16%) / 23 (0.27%)
Type Error 130 (1.23%) / 27 (0.29%) 264 (2.44%) / 152 (1.73%) 103 (1.22%) / 15 (0.16%) 160 (1.49%) / 101 (1.20%)
Reversed Direction 128 (1.21%) / 5 (0.05%) 6 (0.06%) / 10 (0.11%) 16 (0.19%) / 10 (0.11%) 4 (0.04%) / 11 (0.13%)

Table 12: Error analysis before and after LoRA. Each cell shows error count and percentage before fine-tuning (left)
/ after fine-tuning (right).
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Foreign Key Edge Annotation Prompt

You are a database expert. I will show you a relational database schema including the overview of the database and the
description of every table and column.
Then I will give you the `foreign key information` and I want to transform the relational database to graph database. You
should only focus on what edges should be constructed given the foreign keys.
Your task is to analyze and inference the names of the edges and fill them into the `label` field.
Here are the rules you should obey:

1. if there is a foreign key relationship between 2 tables, you should construct an edge or several edges bewteen the 2
tables.

2. Do not change anything outside `label` field. Your output must remain the same as the `foreign key information` input
except `label` field, which you are asked to fill.

3. Make sure that the edge is natural and reasonable. The direction of edges may not be the same as that of the `foreign
key information`. The direction is semantically determined.
### Note: Your output should be the same format as `foreign key information`, but use a list to fill the `label` field. Even
if a table T do not have foreign key, it should be included in the output.

### database_name:
{{database_name}}

### Overview of the database:
{{database_overview_json}}

### description of every table and column:
{% for table_name, table_desc in tables-%}

{{ table_name }}:
{{ table_desc }}

{% endfor %}
### foreign key information:

Each item has the following structure:
table_name: [{'to_table': XXX, 'from_to_columns': [[[XXX],[YYY]]], 'label': null}]
Here is the explanation:

table_name: the table which the foreign key starts from
to_table: the table referenced by the foreign key
from_to_columns: each item is in the format of [[XXX],[YYY]] indicating that columns in the current table (

from_columns,i.e. [XXX]) references columns in the target table (to_columns,i.e.[YYY]).
label : name of edge which you should fill,the number of `label` should equal to len(from_to_columns)

{{fk_info}}

### output json format:
{table_name: [{'to_table': XXX, 'from_to_columns': [[[XXX,YYY]]], 'label': [edge_name]}]}

### output:

Foreign Key Edge Direction Annotation Prompt

Here is a database.
### database_name:

{{database_name}}
### Overview of the database:

{{database_overview_json}}
### description of every table and column:
{% for table_name, table_desc in tables-%}

{{ table_name }}:
{{ table_desc }}

{% endfor %}

Given the following two entities and the semantic meaning of their relationship, determine the more reasonable direction of
the edge between them.
The pattern I give you is (a)-[:edge_name]->(b) or (b)-[:edge_name]->(a). `a` and `b` represent nodes. `edge_name` represents
the edge between `a` and `b`. The arrow represents if the edge is from `a` to `b` or from `b` to `a`.

if {{dir1}} is more semantically reasonable than the pattern {{dir2}}, output 1. Otherwise, output 0.
You only need to output 0 or 1 without reasoning.
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Join Table Classification Prompt

You are a database expert. I will show you a relational database schema including the overview of the database and the
description of every table and column.
Then I will give you the `foreign key information` and I want to transform the relational database to graph database.
An `Entity Table` typically represents a real-world entity, and should be modeled as a Node in a graph database, while a `
Join Table` typically represents a many-to-many relationship between two or more `Entity Table` and should be modeled as an
Edge or several Edges in a graph database.
### `Join Table` Examples:
user_friends (stores user_id and friend_id to link users).
order_items (stores order_id and product_id to link orders to products).

### database_name:
{{database_name}}

### Overview of the database:
{{database_overview_json}}

### description of every table and column:
{% for table_name, table_desc in tables-%}

{{ table_name }}:
{{ table_desc }}

{% endfor %}
### foreign key information:

Each item has the following structure:
table_name: [{'to_table': XXX, 'from_to_columns': [[[XXX],[YYY]]], 'label': null}]
Here is the explanation:

table_name: the table which the foreign key starts from
to_table: the table referenced by the foreign key
from_to_columns: each item is in the format of [[XXX],[YYY]] indicating that columns in the current table (

from_columns,i.e. [XXX]) references columns in the target table (to_columns,i.e.[YYY]).
label : not important which can be ignored

{{fk_info}}

Please analyze whether table {{table_to_pred}} is a `Join Table`. If table {{table_to_pred}} is a `Join Table`, please output
1. Otherwise, output 0.

You only need to output 0 or 1 without reasoning.

Merge Redundant Edges Prompt

You are a database expert. I will show you a graph database schema including some edges from the source node to the target
node.
Your task is to canonicalize the duplicate edges. You should merge multiple edges if they are considered sementically
equivalent or they can be generalized to the same edge.
You should only consider the relationship between source node and target node, `other related node description` is for
reference only.
### source node
{{source}}
### source node description
{{source_desc}}
### target node
{{target}}
### target node description
{{target_desc}}
### other related node description
{% for table_name, table_desc in other_nodes_desc-%}

{{ table_name }}:
{{ table_desc }}

{% endfor %}
### edges from source node to target node
{{jt_edges}}
{{fk_edges}}

### output json format:
{origin_edge_label : new_edge_label}
### example

[{'edge_label':'first_mentorship'},{'edge_label':'second_mentorship'}] should be merged to {'first_mentorship':'
mentorship','second_mentorship':'mentorship'}
### output:

32011



Join Table Edge Annotation Prompt

You are a database expert. I will show you a relational database schema including the overview of the database and the
description of every table and column.
I want to transform the relational database to graph database.
An `Entity Table` typically represents a real-world entity, and should be modeled as a Node in a graph database, while a `
Join Table` typically represents a many-to-many relationship between two or more `Entity Table` and should be modeled as an
Edge or several Edges in a graph database.
### `Join Table` Examples:
user_friends (stores user_id and friend_id to link users).
order_items (stores order_id and product_id to link orders to products).

I have already identified all the `Join Tables`. Here is the list of `Join Table`: {{jointables}}.
Your task is to :

For each `Join Table`, analyze what edges should be constructed and provide the following:
1. The names of the `Join Table`. The `Join Table` must be one of the `Join tables` I provide.
2. The suggested names of the edges, i.e., edge_label. The edge_label should focus on the relationship between source

entity and target entity.
3. The source node and target node for each edge.

3.1 If multiple fields refer to the same entity type (e.g., multiple employees), treat them as separate roles and
create multiple edges accordingly, but they may share the same edge_label if they are semantically identical.

e.g.
'mentorship': # edge_label , multiple edges share one edge_label, do not use `first_mentorship`,`

second_mentorship` for edge_label
[

{
'source':{

'Entity_type': 'employees',
'filter_columns': ['mentor_id']

},
'target': {

'Entity_type': 'employees',
'filter_columns': ['first_employee_id']

}
},
{
'source':{

'Entity_type': 'employees',
'filter_columns': ['mentor_id']

},
'target': {

'Entity_type': 'employees',
'filter_columns': ['second_employee_id']

}
}

]
3.2 Both source node and target node contain `Entity_type` and `filter_columns` to filter the node in the `Join

Table`.
3.3 Bidirectional edges are allowed. They should be included twice in the output JSON.(e.g. a relate_to b and b

relate_to a)

### database_name:
{{database_name}}

### Overview of the database:
{{database_overview_json}}

### description of every table and column:
{% for table_name, table_desc in tables-%}

{{ table_name }}:
{{ table_desc }}

{% endfor %}

### Note: Your output should be in the json format as follows without extra explanation.
### output json format:

{
join_table_name:
{

edge_label:
[

{
'source':{

'Entity_type': XXX , # must be one of the `Entity tables`
'filter_columns': [XXX,YYY] # columns in the `Join Table` which can filter the source node

},
'target': {

'Entity_type': XXX, # must be one of the `Entity tables`
'filter_columns': [XXX,YYY] # columns in the `Join Table` which can filter the target node

}
}

]
}

}
### output:
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Node Generation Prompt

Generate {current_batch_size} realistic {node_type['name']} instances for the {domain} domain.
Node Type: {node_type['name']}
Properties: {', '.join(prop_names)}
Property Types: {prop_types}

Constraints:
{constraints_info}

Please generate {current_batch_size} diverse, realistic instances that satisfy all constraints.
Return the data as a JSON array, where each object has the properties: {', '.join(prop_names)}.

Example format:
[

{{
"property1": "value1",
"property2": 123,
"property3": 45.67

}},
{{
"property1": "value2",
"property2": 456,
"property3": 78.90

}}
]

Return only the JSON array, no additional text.

Cycle Generation Prompt

Generate {node_count_per_type} complete cycle instances for the {schema['domain']} domain.

Cycle Pattern: {cycle_pattern['name']}
Description: {cycle_pattern['description']}
Cycle Path: {' -> '.join(cycle_path)}
Explanation: {cycle_pattern['explanation']}

{cycle_description}

Constraints:
{constraints_info}

Requirements:
1. Generate {node_count_per_type} complete cycle instances
2. Each cycle must be a true instance-level cycle (start and end at the same node instance)
3. Use 'cycle_' prefix for all node and relationship IDs
4. Ensure all unique properties are unique
5. Follow the exact cycle path: {' -> '.join(cycle_path)}

Return the data as a JSON object with structured cycles:
{{

"cycles": [
{{

"cycle_id": "cycle_1",
"path": [

{{"type": "NodeType", "id": "cycle_NodeType_0", "properties": {{...}}}},
{{"type": "RelType", "id": "cycle_RelType_0", "from_node": "cycle_NodeType_0", "to_node": "cycle_NodeType_1", "

properties": {{...}}}},
{{"type": "NodeType", "id": "cycle_NodeType_1", "properties": {{...}}}},
{{"type": "RelType", "id": "cycle_RelType_1", "from_node": "cycle_NodeType_1", "to_node": "cycle_NodeType_2", "

properties": {{...}}}},
...
{{"type": "NodeType", "id": "cycle_NodeType_0", "properties": {{...}}}} // return to the start node

]
}},
...

]
}}

IMPORTANT:
- Each cycle's path must follow the cycle_path pattern exactly
- The last element in each cycle's path must be the same node instance as the first element
- The path alternates between nodes and relationships: [node, rel, node, rel, ..., node]

Return only the JSON object, no additional text.

32013



GQL2NL Prompt

You are a professional database query expert. Please generate a natural, fluent English query question based on the given GQL
query and database schema.

Database Schema:
{schema_desc}

GQL Query:
{gql_query}

Please generate an English query question that:
1. Is natural and fluent
2. Accurately reflects the intent of the GQL query
3. Includes specific business scenario descriptions

Note:
1. Please note the string operations in the `WHERE` clause, such as TOUPPER. You should include the string operation in the
query question rather than only the value of the property.
2. Please note the content in the `RETURN` clause. You should include all the content in the `RETURN` clause in your query
question. If the `RETURN` clause contains entities or relations, you should include them in the query question.

Please only return the query question:

Zero-shot Evaluation Prompt

You are a graph database expert. I will show you a natural language query and a graph database schema. Your task is to
generate {gql_dialect_str} that is semantically equivalent to the natural language query.
Natural Language Query: {nl_query}
Graph Database Schema: {schema}
Please only return the query in plain text format but not code block format, do not include any other content.
Evidence: {evidence}
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