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Abstract

Knowledge Graph (KG) retrieval is a promising
augmentation to address knowledge gaps and
hallucinations in LLMs. As KGs in practice
are stored in graph databases (e.g., Wikidata,
Freebase), accurate retrieval requires trans-
lating natural language questions into struc-
tured queries (query generation). A key chal-
lenge of query generation is Text-to-Cypher,
which generates Cypher queries for property
graphs (e.g., Neo4j), a paradigm increasingly
adopted in industry for their scalable archi-
tectures and expressive schemas. However,
compared to other query generation tasks such
as Text-to-SQL or Text-to-SPARQL, Text-to-
Cypher remains underexplored due to scarce
public KGs and datasets. Existing datasets are
small, domain-limited, and lack diversity, con-
straining LLM progress. To address this, we
introduce CypherSmith, an instruction-tuning
dataset over 12 x larger than prior public Text-
to-Cypher datasets, spanning diverse domains
to better support LLM fine-tuning. Our key
distinction lies in fully leveraging open-source
LLMs for large-scale synthetic data generation
and introducing a novel likelihood-based filter-
ing technique to ensure high-quality Text-to-
Cypher data. Extensive experiments demon-
strate the effectiveness of CypherSmith, achiev-
ing state-of-the-art LLM performance.

1 Introduction

Knowledge Graphs (KGs) help mitigate halluci-
nation and knowledge cutoff in Large Language
Models (LLMs), especially in Graph Retrieval-
Augmented Generation (GraphRAG) (Kim et al.,
2023; Edge et al., 2024; Hu et al., 2025) and Knowl-
edge Base Question Answering (KBQA) (Berant
et al., 2013; Cao et al., 2022; Jiang et al., 2023;
Luo et al., 2024). By modeling entities and re-
lations as nodes and edges, KGs enable compact
knowledge representation for efficient retrieval and
multi-hop reasoning of complex queries. Early

work in GraphRAG and KBQA has emphasized
relevant subgraph extraction for input questions
(Ma et al., 2022; Jiang et al., 2023; Cheng et al.,
2024), but struggled to encode structure and seman-
tics (Zhong et al., 2025) and to scale to modern
KGs with billions of triples (Feng et al., 2025).

To this end, recent work has explored exact
retrieval methods for knowledge graphs, aiming
to translate natural language questions into for-
mal KG queries to produce accurate and inter-
pretable answers (query generation) (Su et al.,
2016; Chen et al., 2020; Li et al., 2023). While
early KG methods only generated simplified log-
ical forms for small-scale graphs (Berant and
Liang, 2014; Talmor and Berant, 2018; Nie et al.,
2022), recent work has leveraged LLMs to pro-
duce complex languages such as SPARQL (Text-
to-SPARQL) with large-scale KGs like Freebase
and Wikidata (Kovriguina et al., 2023; Su et al.,
2024; D’ Abramo et al., 2025). With Freebase (Bol-
lacker et al., 2008)—Ilong the most widely used
KG for KBQA—shut down since 2015, Wikidata
has become the dominant resource for LLM-based
research in this area (Xu et al., 2023; Liu et al.,
2024b). However, unlike Freebase, Wikidata is a
RDF KG, whose oversized schemas, opaque re-
source identifiers, and redundant relation types ex-
ceed LLM context limits and hinder query gen-
eration performance (Feng et al., 2025). More-
over, reliance on RDF diverges from industry prac-
tices, where property graphs and the Cypher query
language (e.g., Neo4j, Amazon Neptune) (Fran-
cis et al., 2018) are increasingly preferred for their
compact, human-readable schemas. These schemas
also align more naturally with the reasoning in
leading LLM frameworks such as Langchain and
LLamalndex (Feng et al., 2025).

Given these limitations, advancing Text-to-
Cypher query generation — the task of translating
natural language questions into Cypher queries
— is crucial for supporting practical KG work-
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flows. For instance, given the question “Who
acted in the movie Forrest Gump?”, a Text-
to-Cypher system should generate the query:
“MATCH (movie:Movie {title: "Forrest
Gump"})<-[:ACTED_IN]-(actor:Person)
RETURN actor.name AS actors”. Recent efforts
have begun to generate datasets and frameworks
for fine-tuning and evaluating LLMs on this task,
laying an initial foundation for progress. However,
existing instruction-tuning datasets for Text-to-
Cypher have mostly utilized rigid templates,
heuristic conversions, or costly proprietary LLMs
for data generation (Zhao et al., 2023a; Ozsoy
et al., 2025; Feng et al., 2025; Zhong et al., 2025;
Tiwari et al., 2025), leading to training datasets
that lack scale, diversity, and robustness. Moreover,
many current Text-to-Cypher datasets are confined
to specific domains, limiting their applicability
across broader real-world scenarios. Consequently,
models trained on such data often underperform on
evaluation benchmarks, highlighting the need for
methods to develop larger, higher-quality datasets
for fine-tuning LLMs on Text-to-Cypher.

To address these challenges, we introduce
CypherSmith, a novel approach for creating
instruction-tuning data for Text-to-Cypher. Our
method offers two key advantages over existing
datasets. First, instead of relying on templates,
heuristic conversions, or costly proprietary LLMs,
CypherSmith fully leverages open-source LLMs to
generate larger, more diverse, and higher-quality
datasets that enhance Text-to-Cypher performance.
To achieve broad domain coverage, CypherSmith
uses LLMs to convert database schemas from the
large-scale Text-to-SQL dataset SynSQL-2.5M (Li
et al.,, 2025) into ontologies for property KGs.
This approach allows our dataset to inherit a wide
range of domains from SynSQL-2.5M, providing
a strong and general foundation for fine-tuning ro-
bust LLMs. In addition, LLMs are used to gener-
ate reasoning annotations for each example, pro-
viding richer training signals in CypherSmith. To
our knowledge, CypherSmith is the first Text-to-
Cypher dataset to include reasoning data to support
model development.

Second, to improve the quality of the generated
data, we introduce a novel filtering framework to
remove redundant or noisy examples. Our method
involves an automatic validation of query syntax
and alignment with ontologies. Importantly, we
propose a likelihood-based filtering criteria that as-
sesses each generated Cypher query given its ontol-

ogy, question, and reasoning context. This ensures
that each element, i.e., ontology, question, and rea-
soning, effectively contributes to query generation,
resulting in a more compact and cleaner dataset.
As such, unlike previous data filtering method for
Text-to-Cypher (Zhong et al., 2025), our method
does not require access to actual knowledge graphs
or query execution, yet achieves larger and higher-
quality datasets. To our knowledge, this is also
the first work to leverage LLM likelihood scores to
filter synthetic data for Text-to-Cypher.

We conduct extensive experiments on two recent
evaluation benchmarks, Text2Cypher (Ozsoy et al.,
2025) and CypherBench (Feng et al., 2025). The
results demonstrate that our dataset substantially
improves LLLM fine-tuning for Text-to-Cypher.

2 Related Work

We categorize our related work into four major
categories: Knowledge Base Question Answering
(KBQA), query generation, Text-to-Cypher, and
instruction data selection.

KBQA: Our work contributes to the general prob-
lem of KBQA, which answers natural language
questions by reasoning over KBs such as Freebase
and Wikidata (Yih et al., 2016; Berant et al., 2013;
Usbeck et al., 2018; Moon et al., 2019; Dubey et al.,
2019; Gu et al., 2021; Cao et al., 2022). A major
approach retrieves KB elements via k-hop neigh-
borhoods (Oguz et al., 2022; Jiang et al., 2023; Luo
et al., 2024; Cheng et al., 2024) or similarity-based
embeddings (Ma et al., 2022; Baek et al., 2023; Yu
et al., 2023; Wu et al., 2024). However, embedding
cost and KG/question complexity hinder scalability
and semantic accuracy of the retrieval approach.
Query Generation: Query generation offers an
alternative for KGQA by converting natural ques-
tions into queries executable over KBs to retrieve
exact information. Most research has focused on
Text-to-SQL, driven by the dominance of relational
databases in industry (Wang et al., 2020; Zhang
et al., 2023; Pourreza et al., 2024; Wang et al.,
2025; Li et al., 2025). For query generation over
KGs, early methods relied on custom logical forms
with simplified syntax, limiting them to small-scale
graphs and simple questions (Su et al., 2016; Be-
rant and Liang, 2014; Talmor and Berant, 2018;
Nie et al., 2022; Cao et al., 2022). With the ad-
vent of LLLMs, recent research has shifted to more
expressive languages such as SPARQL (Text-to-
SPARQL) and to large-scale KGs (Banerjee et al.,
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2022; Kovriguina et al., 2023; Su et al., 2024; Xu
et al., 2023; Liu et al., 2024b; D’ Abramo et al.,
2025). As discussed in the introduction, this line
of work has largely adopted Wikidata due to its
active maintenance; however, it introduces signif-
icant challenges for LLM fine-tuning due to the
schema-related issues of an RDF graph.
Text-to-Cypher: To better align with industry stan-
dards, some recent work has leveraged property
graphs with compact and informative schemas, us-
ing Cypher queries (Guo et al., 2023; Xu et al.,
2024; Feng et al., 2025). However, a major chal-
lenge for Text-to-Cypher research is the lack of
accessible knowledge graphs and datasets to en-
able LLM development and evaluation. To this end,
existing work has mainly focused on generating
synthetic Text-to-Cypher datasets and KGs: CySpi-
der (Zhao et al., 2023a,b) maps SQL-based datasets
into Cypher with a rule-based approach but strug-
gles with diverse domain extension; SyntheT2C
(Zhong et al., 2025) and (Tiwari et al., 2025) utilize
pipelines with GPT-40, template-filling, and pre-
defined query types and domains, but incurs high
costs for proprietary LLMs and human labor to ver-
ify generated queries. They also cannot be applied
to our synthetic data due to the scale and diversity
of generated data, and the lack of actual knowledge
graphs for verification in the pipelines; Cypher-
Bench (Feng et al., 2025) builds 11 Wikidata-based
property graphs but restricts diversity of Cypher
queries to 12 predefined patterns; and Text2Cypher
(Ozsoy et al., 2025) unifies existing Text-to-Cypher
datasets from different sources but inherits their
limited domains, inconsistent formulation, and scal-
ability challenges. Our CypherSmith overcomes
these limitations by fulling leveraging open-source
LLMs with likelihood-based filtering to enable the
generation of a substantially larger and more di-
verse Text-to-Cypher dataset.

Instruction Data Selection: The goal is to iden-
tify a compact subset of an original dataset that
preserves or enhances the performance of LLMs
fine-tuned on the full dataset, while reducing com-
putation cost (Liu et al., 2025). Data quality and
diversity serve as the key quantities to drive the
development of selection methods for LLMs (Zhou
et al., 2023; Chen et al., 2024). Existing work
has estimated the quality of instruction data using
human-designed features with Instruction-Mining
(Cao et al., 2023), differences between one-shot
and zero-shot performance with Nuggets (Li et al.,
2024c), gradient features with LESS (Xia et al.,

2024), intrinsic uncertainty of models with Selec-
tIT (Liu et al., 2024a), model loss disparity for dif-
ferent contexts with IFD (Li et al., 2024b), or pro-
prietary LLMs’ predictions with AlpaGasus (Chen
et al., 2024). In contrast, diversity is measured
via embedding distances (Wu et al., 2023), facility
location (Bukharin et al., 2024), or determinant-
based functions (Wang et al., 2024). To balance
both, recent work combines quality and diversity,
e.g., #InsTag with semantic and intent tags (Lu
et al., 2024), DEITA with fine-tuned LLM scor-
ing (Liu et al., 2024c), CaR with clustering (Ge
et al., 2024), and MIG with label graphs (Chen
et al., 2025). However, no prior work investigates
instruction selection for synthetic datasets enriched
with reasoning in Text-to-Cypher, as we do.

3 Method

In our framework, Text-to-Cypher is formulated
as a sequence-to-sequence task. The model in-
put includes an ontology o, which defines entities
along with their properties and relationships in a
KG. Each entity’s properties might be associated
with a data type and/or example values, while re-
lationships link entities through relation labels. In
addition, a natural language question ¢ and a task
instruction 7 are provided as part of the input. The
goal is to generate a Cypher query c that retrieves
the information requested by the question from the
KG. To support reasoning, the model can also be
prompted to produce an intermediate reasoning text
r before generating the query, leading to the model-
ing of the probability P(r, c|i, o, q) for instruction
tuning. In this work, we use the same task instruc-
tion ¢ for all examples as illustrated Figure 2 of
Appendix A. We present a two-step framework to
generate instruction data for Text-to-Cypher in this
formulation, including data synthesis and filtering.

3.1 Data Synthesis

To improve robustness across domains for Text-
to-Cypher, we aim to to design instruction-tuning
tuples (7, 0, g, 7, ¢) that can cover diverse domains
in the ontologies o and questions q. As the ontolo-
gies in existing Text-to-Cypher datasets are con-
strained to only a small number of domains, we
propose to leverage the diverse database schemas in
Text-to-SQL datasets, which have already proven
to significantly enhance model performance. In
particular, we build on SynSQL-2.5M (Li et al.,,
2025), a large-scale dataset containing 2,544,390
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examples across 16,583 domains. Each example in-
cludes a database schema, a natural language ques-
tion, a SQL query, and reasoning text, enabling ro-
bust LLM fine-tuning with significant performance
improvement for Text-to-SQL. For our task, we
prompt an LLM to convert each database schema
into an equivalent KG ontology, where tables map
to entities, columns to properties, and foreign keys
to relations. To enhance data diversity, we ran-
domly select one of four common ontology for-
mats—class lists, structured YAML, Python Dictio-
nary, or Neo4j constraints—and enforce this format
in the prompt for each example. Our full conver-
sion prompt is provided in Appendix A. Note that
unlike prior rule-based table-to-ontology conver-
sions, which are only designed for specific domains
(Zhao et al., 2023a,b), our LLM-based approach
can flexibly handle database schemas in different
domains and syntax variants.

Given an ontology o converted from SynSQL-
2.5M, the next step is to generate a Cypher query
¢, a natural question ¢, and a reasoning text r.
In our prompting strategy, the LLM is first in-
structed to produce a Cypher query c that reflects
realistic use of the ontology. The corresponding
natural-language question ¢ and reasoning text r
are then generated based on this query and the
ontology. Following insights from Text-to-SQL re-
search (Zhang et al., 2023; Li et al., 2024a, 2025),
this approach improves data quality: generating
questions from Cypher queries is more reliable
than the reverse, as the precise and well-structured
nature of Cypher queries makes it easier for LLMs
to produce accurate verbalizations.

To balance complexity and diversity, we design
eight levels of query complexity and instruct the
LLM to follow one level per example. These lev-
els range from simple single-node filters to ad-
vanced cases such as multi-hop traversal, relation-
ship aggregation, subqueries with nested reasoning,
and structural or temporal reasoning. To further
promote linguistic variety, we also define seven
question types and prompt the LLM accordingly,
covering forms such as direct questions, impera-
tive commands, elliptical queries, descriptive goals,
filtering requests, comparative aggregations, and
yes/no questions. For reasoning, the prompt re-
quires step-by-step breakdowns to support accurate
query generation from the question. The complex-
ity levels, question types, and ontology formats for
our dataset are provided in Appendix A.

Finally, for each SynSQL-2.5M example, we

generate the ontology, query, question, and reason-
ing in a single process to improve efficiency and
enable context conditioning across components.
We utilize the open-source LLM Qwen2.5-32B-
Instruct for data generation.

3.2 Data Filtering

From SynSQL-2.5M, we obtain 2,544,390
instruction-tuning tuples (i, 0,q,r,c) for Text-
to-Cypher through the previous generation step.
However, this raw dataset inevitably contains noise
arising from LLM hallucinations and generation
errors. To enhance data quality and reduce the
computational cost for instruction tuning, we
design a two-stage filtering process that prunes
syntactically invalid and semantically inconsistent
examples. Compared to previous Text-to-Cypher
datasets (Zhong et al., 2025; Feng et al., 2025),
which rely on executing queries against knowledge
graphs for data cleaning, our setting is more
challenging as no underlying knowledge graphs
exist for the generated ontologies.

Syntax Validation: In the first step, we use the
Neo4j library' to validate the syntax of the gen-
erated Cypher queries. This library allows syn-
tax checking without executing the queries over
knowledge graphs, making it well-suited for our
generated dataset. This step eliminates 513,648 ex-
amples, leaving 2,040,742 for further processing.

In the next step, our objective is to guarantee on-
tological consistency and precise query—ontology
alignment, thereby avoiding mismatches in de-
clared labels and variables. To this end, we sys-
tematically parse and analyze the generated queries
and ontologies, verifying that every referenced en-
tity, property, and relationship (including names
and triples) is explicitly defined within the ontolo-
gies. Furthermore, we ensure that all variables in
the queries are properly introduced and access only
valid properties. This alignment check filters out an
additional 141,530 examples, leading to a dataset
U of 1,899,212 syntactically verified examples.

Semantic Filtering: A distinctive feature of our
dataset is the inclusion of reasoning texts to facil-
itate the transformation of natural language ques-
tions into Cypher queries. However, as with natural
questions, verifying the correctness of reasoning
texts requires semantic understanding to detect in-
consistencies and noise in the generated data. To
assess data quality and motivate semantic filtering,

"https://pypi.org/project/neo4j
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# Error %

1 | Question and ontology sufficiency: the question | 46.5
provides clear and direct information to generate the
query from the ontology, making further reasoning
unnecessary.

2 | Misaligned query and question: the target query | 22.5
does not correspond well to the natural language
question.

3 | Misaligned reasoning and question: the reasoning | 13.0
interprets the question differently, leading to a mis-
match between the two.

Table 1: Error analysis on 200 sampled examples. An exam-
ple might exhibit multiple error types.

we analyze 200 sampled examples from U. Table 1
summarizes the major error types, while Table 10
provides illustrative examples and explanations.
The most prevalent issues involve misalignment
between questions, queries, and reasoning texts, as
well as redundancy in reasoning.

Such misalignment and redundancy introduce
noise and confusion into the model, leading to re-
duced confidence and potentially incorrect query
generation. Since ground-truth queries are not
available for the generated tuples (i, 0, ¢, 7, ¢), we
instead propose to evaluate the contribution of each
context element—ontology o, question ¢, and rea-
soning r—to the model’s ability to generate the
query c. The key intuition is that if removing a con-
text element e € o, q, r does not reduce the model’s
likelihood of generating c, then e provides little or
no value, suggesting redundancy or noise in the
generated tuples (i, 0, ¢, r, ¢) with full context in-
formation. Conversely, when all context elements
are informative, the full context should produce
a higher generation probability than any reduced
context, thereby strengthening model confidence
through the presence of relevant information.

To formalize this intuition, we measure the help-
fulness of each context element e € {o,q,r} by
comparing generation probabilities. Specifically,
we compute P(c|i, 0, q,r) using the complete con-
text and P(c|(7,0,q,7) \ €) when element e is ex-
cluded. A context element e is considered helpful
if its removal decreases the generation probabil-
ity: P(c|(i,0,q,7)\ €) < P(c|i,o0,q,r). Based on
this criterion, we filter out any tuple (i, 0, q,,c)
where the full context probability fails to exceed
all reduced context probabilities:

P(cli, 0,q,7) < min{P(cli, ,), P(cli, 0,), P(cli;0,0)}.

To implement this strategy, we first sample a subset
S C U of the remaining instruction tuples, en-
suring uniform coverage across ontology formats,

query complexities, and question types. We then
fine-tune the target LLM L on this sampled data,
which is subsequently used to compute the likeli-
hoods P(cli, 0, q,r) and P(c|(i,0,q,7) \ e) for fil-
tering the remaining examples in U \ S. To achieve
reliable likelihood estimation, the fine-tuning pro-
cess includes not only the full-context examples
in S but also their corrupted variants, where one
context element (o, ¢, or r) is excluded. In this
way, our data filtering method is specifically cus-
tomized for the target LLM L, as it leverages the
model’s own internal likelihoods for data selection.
This step results in 518,730 examples for our final
dataset CypherSmith. Figure 1 shows the distribu-
tions of query complexity levels, question types,
and ontology formats in CypherSmith.

4 Experiments

We evaluate CypherSmith on two recent Text-to-
Cypher benchmark datasets: Text2Cypher (Oz-
soy et al., 2025) and CypherBench (Feng et al.,
2025). Text2Cypher aggregates data from multi-
ple sources, providing 39,554 training examples
and 4,833 test examples. Among the test set, 2,471
queries are linked to a Neo4j knowledge graph
for execution-based evaluation. This benchmark
includes 16 KGs accessible via the Neodj API?.
CypherBench contains 8,534 training examples and
2,488 test examples, which are generated from sam-
pled graph patterns across 11 KGs. We adopt the
original KGs in CypherBench for our evaluation.
Evaluation Metrics: To ensure compatibility, we
adopt the evaluation metrics and prompts defined
in the original papers for each dataset. Specifically,
Text2Cypher evaluates model performance using
Google BLEU scores between predicted and gold
queries, as well as Exact Match Accuracy (EX-
A) over execution results returned from KGs for
the queries. Accordingly, Google BLEU scores
are computed for all test examples in Text2Cypher
while EX-A is only done over test queries where a
Neo4j knowledge graph is provided for execution.
In addition, we note that the original EX-A
scores in Text2Cypher (Ozsoy et al., 2025) are
computed over the raw tabular results of the pre-
dicted and gold queries, including the ordered col-
umn names and their corresponding values. How-
ever, this can underestimate model performance,
as models might use different variables or aliases
for outputs while still returning correct values. For

Zneo4j+s://demo.neo4jlabs.com
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Figure 1: Distributions of query complexity levels, question types, and ontology formats in CypherSmith.

example, in a KG of cities with countries and pop-
ulations, the gold query “MATCH (c:City) WHERE
c.population > 1000000 RETURN c.name AS
city, c.country AS country” and the predicted
query “MATCH (c:City) WHERE c.population >
1000000 RETURN c.name AS city, c.country
AS nation” both return the same underlying data,
but the alias for the country differs (“country” vs
“nation”). A strict EX-A evaluation would mark
the predicted query as incorrect, even though it pro-
duces correct results. This strict EX-A evaluation
differs from standard practices in CypherBench
and Text-to-SQL research (Wang et al., 2020; Li
et al., 2025), which typically evaluate only the
returned values, ignoring column names. To ad-
dress this, we report an additional evaluation met-
ric for Text2Cypher that compares only the sorted
returned values from predicted and gold queries
(denoted EX) in our experiments.

Finally, CypherBench reports EX scores, Prove-
nance Subgraph Jaccard Similarity (PSJS)—which
measures the similarity of provenance subgraphs
between predicted and gold queries—and the ex-
ecutable percentage (Exec) of predicted queries
(Feng et al., 2025).

4.1 Evaluation

We use a publicly available L LM with fewer than
10B parameters as the target base model for fine-
tuning. In particular, we perform data generation
and filtering with LLM, and then fine-tune the
model on the final dataset CypherSmith using the
standard auto-regressive loss to generate reasoning
texts and Cypher queries given instructions, on-
tologies, and questions. Following previous work
(Ozsoy et al., 2025), we include the training data of

each dataset—Text2Cypher and CypherBench—in
its respective fine-tuning process. The implementa-
tion details are presented in Appendix B.

Model BLUE EX-A EX
Proprietary LLMs

gpt-5 59.3 22.6 492
gpt-40 62.4 279 51.8
gpt-3.5-turbo 50.8 19.1  36.1
gpt-4o-mini 54.6 22.0 39.0
Open-source LLMs

Qwen2.5-72B-Instruct 53.6 179 399
Qwen2.5-32B-Instruct 56.7 19.7 425
Qwen2.5-Coder-32B-Instruct | 58.9 229 438
Qwen2.5-14B-Instruct 52.2 17.6 354
Qwen2.5-Coder-14B-Instruct | 57.9 22.7  40.9
Fine-tuned LLMs

LLM (base) 38.9 10.8 17.8
LLM + Text2Cypher 72.7 293 514
LLM + CypherSmith 77.6 309 539

Table 2: Performance on Text2Cypher’s test set.

Table 2 and 3 report models’ performance on
the test datasets of Text2Cypher and CypherBench
respectively. We also include the performance
of typical proprietary and large-scale open-source
LLMs for reference. As shown in the tables, GPT-5
and GPT-4o0 achieve the best performance among
both proprietary and open-source models. Table
2 further reveals substantial gaps between EX-A
and EX scores, thus demonstrating the importance
of reporting EX for a more accurate evaluation
on Text2Cypher. Notably, LLM fine-tuned with
CypherSmith not only outperforms the base model
but also surpasses variants trained on Text2Cypher
and CypherBench, clearly demonstrating the value
of our generated dataset in upholding the Text-to-
Cypher foundation for LLMs. Moreover, our fine-
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Model EX PSJS Exec
Proprietary LLMs

gpt-5 64.8 82.0 93.1
gpt-4o 60.2 769 949
gpt-3.5-turbo 263 370 923
gpt-40-mini 314 459 874
Open-source LLMs

Qwen2.5-72B-Instruct 419 564 86.8
Qwen2.5-32B-Instruct 36.2 564 785
Qwen2.5-Coder-32B-Instruct | 42.7 553 844
Qwen2.5-14B-Instruct 259 427 804
Qwen2.5-Coder-14B-Instruct | 43.1 58.5 91.9
Fine-tuned LLMs

LLM (base) 18.8 31.0 90.7
LLM + CypherBench 342 463 86.0
LLM + CypherSmith 748 775 99.2

Table 3: Performance on CypherBench’s test set.

tuned model matches or exceeds the performance
of proprietary systems and open-source models
with over 70B parameters, emphasizing the critical

role of fine-tuning in advancing Text-to-Cypher.
Dataset Text2Cypher CypherBench
BLUE EX-A EX | EX PSIS Exec
Text2Cypher | 727 293 514|558 640 974
CypherBench | 71.7 29.7 512|342 463 86.0
SyntheT2C 754 297 518|515 654 872
CySpider 78.5 29.1 509 | 564 63.1 948
SynthCypher | 71.2 300 529 | 626 672 973
CypherSmith | 77.6 309 539748 775 99.2

Table 4: Performance on the test sets of Text2Cypher and
CypherBench after fine-tuning on different datasets.

Dataset #Examples | #Ontos | #Doms | #Ents | #Props | #Rels
Text2Cypher 39,554 966 120 4.6 21.9 75
CypherBench 8,534 4 4 53 8.9 59
SyntheT2C 3,000 2 2 9.0 38.5 17.5
CySpider 4,929 155 155 5.1 233 1.6
SynthCypher 25,828 528 528 21.8 72.9 19.0
CypherSmith 518,730 | 518,358 | 6,957 9.9 38.8 10.7

Table 5: Ontology statistics of the datasets. #Ontos and
#Doms denote the numbers of unique ontology texts and do-
mains, while #Ents, #Props, and #Rels represent the average
numbers of entities, properties, and relations per ontology.

An additional finding worth highlighting appears
in Tables 2 and 3: Qwen2.5-72B-Instruct is outper-
formed by its smaller counterpart Qwen2.5-32B-
Instruct for Text2Cypher, and Qwen2.5-Coder-32B-
Instruct falls behind Qwen2.5-Coder-14B-Instruct
for CypherBench. Our analysis reveals potential
reasons for this phenomenon with implicit reason-
ing and overgeneralization. In particular, larger
models tend to apply high-level analytical heuris-
tics learned from broad pretraining, e.g., generating
intermediate reasoning steps, restructuring queries,

or inferring alternative schema. Smaller models, by
contrast, adhere more closely to the template-level
pattern-matching required for Text2Cypher and
CypherBench tasks. This stricter template compli-
ance makes smaller models more robust on highly
structured, schema-constrained query generation in
our evaluation datasets.

4.2 Dataset Comparison

To further highlight the advantages of Cypher-
Smith, we compare it with previous datasets for
Text-to-Cypher, including Text2Cypher (Ozsoy
et al., 2025), CypherBench (Feng et al., 2025),
SyntheT2C (Zhong et al., 2025), CySpider (Zhao
et al., 2023a), and SynthCypher (Tiwari et al.,
2025). Table 4 reports the performance of LLM
on Text2Cypher and CypherBench when fine-tuned
on different datasets. The results clearly show
that CypherSmith yields substantially larger ex-
ecution gains than the alternatives, achieving up to
4.1% and 32.6% relative improvements in EX score
on Text2Cypher and CypherBench, respectively.
These demonstrate the effectiveness of Cypher-
Smith and LLM-based synthetic data generation
for Text-to-Cypher.

Beyond performance, we examine characteris-
tics of the datasets in Tables 5 and 6. As shown
in Table 5, CypherSmith introduces significantly
more unique ontology texts and domains than other
datasets, providing a stronger foundation for gener-
alization across domains. It also incorporates more
entities, properties, and relations (with the excep-
tion of relations in SyntheT2C) to enable richer
and more diverse ontologies for robust model train-
ing. For Cypher queries (Table 6), CypherSmith
consistently feature more entities, properties, rela-
tions, functions, and clauses. In addition, Cypher-
Smith’s queries contains both a greater number and
a higher proportion of unique query skeletons (i.e.,
core structural patterns), thus demonstrating greater
structural diversity for the models.

4.3 Data Selection Comparison

This section examines the benefits of the likelihood-
based data filtering principle P(c|i,0,q,7) <
min{ P(c|i,q,r), P(c|i,o,r), P(cli,0,q)} for the
generated tuples (4, 0, ¢, r, ¢) in our data generation
method for Text-to-Cypher. In particular, we study
the performance of L LM when fine-tuned on ab-
lated variants of this criterion, where each of the
probability components—P(c|i, ¢, 1), P(cli, 0,71),
or P(cli, 0,q)—is removed to assess the contribu-
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Dataset #Examples | #Queries | %Skels | #Toks | #Ents | #Props | #Rels | #Agg Funcs | #Funcs | #OPT | #WITH
Text2Cypher 39,554 37,306 24% 412 2.7 2.3 1.7 0.3 0.6 0.0 3.7
CypherBench 8,534 8,534 2% 542 33 29 32 0.2 0.2 0.0 3.8
SyntheT2C 3,000 2,166 4% 353 2.3 2.3 1.7 0.1 0.1 0.0 32
CySpider 4,929 2,740 9% 30.0 1.9 3.6 0.4 0.4 0.4 0.0 3.0
SynthCypher 25,828 25,430 40% 46.8 3.0 3.0 2.6 0.3 0.5 0.0 0.5
CypherSmith 518,730 517,636 | 50% 81.3 53 5.0 5.2 0.9 0.9 0.3 5.3

Table 6: Query statistics of the datasets. #Queries denotes the number of unique Cypher queries. #Toks, #Ents, #Props,
and #Rels represent the average numbers of tokens, entities, properties, and relations per query, respectively. #Agg Funcs,
#Funcs, #OPT, and #WITH indicate the average numbers of aggregate functions (e.g., COUNT, AVG), functions (e.g., FILTER,
SUBSTRING), OPTIONAL MATCH clauses, and WITH clauses per query. % SKels reports the proportion of unique query skeletons
within each dataset. Query skeletons are constructed by replacing all specific identifiers, values, and literals in the original query
with [MASK] tokens, while preserving the structural pattern of nodes, relationships, return clauses, and keywords. For example,
given the Cypher query “MATCH (a:Author)-[:WROTE]->(b:Book) RETURN a.name, b.title LIMIT 10", its skeleton is
“MATCH ([MASK1)-[[MASK1]->([MASK]) RETURN [MASK].[MASK], [MASK].[MASK] LIMIT [MASK]".

tion of ontology o, question ¢, and reasoning r for
query generation. We also report results from a
dataset without likelihood-based filtering (No fil-
tering). To understand the benefits of reasoning
information r in CypherSmith, we include model
performance from a variant excluding reasoning
texts during fine-tuning (No reasoning).

Data Text2Cypher CypherBench

Selection BLUE | EX-A | EX | EX | PSJS | Exec
CypherSmith | 77.6 309 | 539|748 | 775 | 99.2
—P(cli,q,r) | 775 29.7 | 528 | 722 | 75.7 | 98.7
—P(cli,o,r) | 73.0 30.1 | 522 | 71.7 | 74.7 | 99.2
—P(cli,o,q) | 76.6 299 | 531|727 | 753 | 98.2
No filtering 73.9 29.7 | 524 | 729 | 75.7 | 99.2
No reasoning | 70.5 306 | 524 | 69.6 | 73.0 | 98.7
Random 75.0 29.6 | 52.4 | 70.1 | 729 | 98.8
Max Length 73.2 306 | 53.6 | 71.5 | 749 | 98.3
Diversity 71.2 30.0 | 523 | 71.5 | 748 | 97.1
Highest Prob | 74.8 299 | 524|673 | 70.8 | 98.1
IFD 76.5 29.8 | 52.0 | 70.4 | 74.3 | 98.0
#InsTag 76.6 30.0 | 522 | 529 | 684 | 84.0
CaR 76.8 302 | 52.7 | 682 | 72.6 | 98.1
DEITA 772 30.2 | 53.1 | 69.4 | 73.3 | 98.7
MIG 77.0 29.7 1525|720 | 75.1 | 99.0

Table 7: Performance on the test
using different data filtering methods.
lihood criterion for CypherSmith is P(c|é,0,q,1)
min{ P(cli, q,7), P(c|i, 0,7), P(cli,0,q)}.

sets of Text2Cypher
Our full like-
<

In addition, we compare our approach against
nine instruction data selection baselines for LLMs:
(i) Random randomly selects generated tuples; (iii)
Max Length chooses examples with the longest
queries; (ii) Diversity clusters the full dataset
and uniformly samples examples across clusters;
(iv) Highest Prob selects examples with the high-
est likelihood P(c|i,0,q,r); (v) IFD (Li et al.,
2024b) selects examples with highest Instruction-
Following Difficulty scores; (vi) #InsTag (Lu et al.,
2024) uses a ChatGPT-distilled model to tag exam-
ples with fine-grained semantic and intent labels,
selecting those with the most tags (highest com-

plexity); (vii) DEITA (Liu et al., 2024c) combines
predictions from complexity and quality scoring
LLMs with clustering for selection; (viii) CaR (Ge
et al., 2024) ranks examples with an expert-aligned
quality model, then clusters to select the top IV; and
(ix) MIG (Chen et al., 2025) leverages semantic
label graphs and information gain maximization for
selection. All baseline methods sample the same
number of examples as CypherSmith.

Table 7 shows LLM performance when fine-
tuned on data selected by different methods. Our
likelihood-based filtering in CypherSmith consis-
tently surpasses all ablated variants and baseline
methods. Among the probability terms, P(c|i, o, r)
is the most critical: removing it causes the largest
performance drop, confirming the necessity of con-
ditioning on the input question to produce accu-
rate queries. In contrast, the baseline approaches
underperform as they are generic data selection
methods that cannot exploit the distinctive context
provided by ontologies, questions, and reasoning
in our generated data. Moreover, they ignore the
internal states of LLM (e.g., likelihoods), which
are essential for guiding data selection. The su-
perior performance of CypherSmith demonstrates
the value of explicitly modeling the contribution of
each context component to select optimal data for
Text-to-Cypher instruction tuning. Finally, exclud-
ing reasoning information significantly degrades
performance on both datasets, highlighting the im-
portance of reasoning texts in CypherSmith.

4.4 Generalization

To explore the generalization of our generated data
for Text-to-Cypher models, we evaluate the per-
formance of additional base LL.Ms fine-tuned on
CypherSmith. Specifically, we fine-tune two other
LLMs on CypherSmith, along with the training sets
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of Text2Cypher and CypherBench: (1) DiffArc-
Small, a model with fewer than 10B parameters and
a different architecture, and (2) SameArc-Large, a
larger model (>13B parameters) sharing the same
architecture as LLM . Model performance is re-
ported on the test sets of Text2Cypher in Table 8
and CypherBench in Table 9.

Model BLUE | EX-A | EX
DiffArc-Small + Text2Cypher 65.2 27.8 | 50.3
DiffArc-Small + CypherSmith 71.9 28.4 | 51.3
SameArc-Large + Text2Cypher | 70.1 26.8 | 454
SameArc-Large + CypherSmith | 76.9 28.3 | 49.7

Table 8: Performance on Text2Cypher’s test set.

Model EX | PSJS | Exec
DiffArc-Small + CypherBench | 63.1 | 70.2 | 95.3
DiffArc-Small + CypherSmith 69.6 | 74.6 | 98.0
SameArc-Large + CypherBench | 43.3 | 59.9 | 80.0
SameArc-Large + CypherSmith | 61.0 | 68.2 | 99.5

Table 9: Performance on CypherBench’s test set.

The results show that CypherSmith significantly
improves the performance of both DiffArc-Small
and SameArc-Large on Text2Cypher and Cypher-
Bench, consistently yielding large gains across eval-
uation metrics. As CypherSmith is filtered using
the likelihoods from LL M, these findings demon-
strate the generalization ability of our generated
dataset across LLMs with different architectures
and scales, establishing CypherSmith as a strong
foundation to boost Text-to-Cypher performance.

5 Conclusion

This paper presents a new framework for generat-
ing synthetic instruction data for Text-to-Cypher.
Our approach fully leverages open-source LLMs
to produce large-scale, high-quality data enriched
with reasoning information. We introduce a novel
filtering method that exploits the contributions
of individual context components to the model’s
generation likelihoods, effectively removing noisy
and redundant examples. The resulting dataset,
CypherSmith, is substantially larger than previous
resources, delivers significant performance gains
for LLMs, and establishes a strong foundation for
future research. Looking ahead, we plan extend
CypherSmith to further enhance both dataset qual-
ity and model performance on Text-to-Cypher.

Limitations

While our work introduces a large-scale, high-
quality dataset CypherSmith for Text-to-Cypher,
we acknowledge three limitations that open promis-
ing directions for future research. First, the cur-
rent dataset supports only English natural lan-
guage questions. Extending to additional languages
would broaden applicability and foster progress
in multilingual Text-to-Cypher. Second, although
CypherSmith yields significant performance im-
provements for Text-to-Cypher, there remains room
to further enhance model performance for diverse
real-world applications. Exploring new learning
techniques and resources could drive further per-
formance gains. Finally, although we evaluate the
models on the most comprehensive benchmarks
currently available, Text2Cypher and CypherBench
are still built on relatively small knowledge graphs
compared to industrial settings. Future work can
thus benefit from developing larger, more realis-
tic knowledge graphs and datasets to better reflect
practical challenges.
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A Data Generation Prompts

Figure 3  shows our data  genera-
tion prompt for CypherSmith. The
ontology_format, query_complexity_level,
and {question_type} variables are chosen
randomly among four formats for KG ontologies
in Figure 4, eight query complexity levels in
Figure 5, and seven question types in Figure 0,
respectively. We also present the task instruction
for CypherSmith in Figure 2.

B Implementation Details

We use Qwen2.5-32B-Instruct to generate the ini-
tial Text-to-Cypher dataset using the prompt shown
in Figure 3. To enhance data diversity, we randomly
select one of four temperature values (0.6, 0.7, 0.8,
or 0.9) for each generation. We fine-tune LL M on
the datasets to evaluate their quality. All models
are fully fine-tuned for two epochs using a learning
rate of 2e-5 with the AdamW optimizer. The learn-
ing rate schedule includes a linear warmup for the
first 5% of training steps, followed by cosine decay
to 10% of the peak rate. Training is conducted on
a pS.48xlarge EC2 instance equipped with 8§ H100
GPUs (80GB each), using DeepSpeed ZeRO-3 and
bf16 precision for distributed training. We set the
batch size per device to 32, gradient accumulation
steps to 2, and context length cutoff to 4000 tokens.
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You are an expert in knowledge graphs, ontologies, and Cypher query generation.
Your task is to generate a Cypher query for a natural language question based on a given
knowledge graph ontology.
Please also generate a step-by-step reasoning explanation before you generate the Cypher query.
Instructions:

You will receive:

An ontology defining node types, properties, and relationships in the knowledge graph.
A natural language question about the graph.

Query Requirements:

The query must accurately retrieve the information requested by the question.

Use only the exact class names, property names, and relationship types defined in the
ontology.

Respect relationship directions as shown in the ontology.

The query must be complete, syntactically correct, and executable.

Use clear, meaningful variable names.
Reasoning Requirements:

Provide a step-by-step breakdown of how you interpret the question and map it to the
ontology.

The reasoning should clarify the query construction process to ensure accuracy.
Now provide a step-by-step reasoning explanation and the Cypher query for the given question
and ontology.

Figure 2: The task instruction ¢ in our CypherSmith dataset.
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Error % Example

Question and ontology suffi- | 46.5% | Generated Ontology:
ciency: the natural language - abstract class: Entity
question provides clear and di- properties:

rect information to generate the
query from the ontology, mak-
ing further reasoning unneces-
sary.

INSTANCE_OF [N]!: Entity
name [0:1]: String

- class: Game « Entity
properties:
publisher [0:1]: String
developer [0:1]: String
release_year [0:1]: Integer
console [0:1]: Console

Generated Question: Find the names of the top 10 Nintendo-developed games released
after 2010, sorted by their release year.

Generated Cypher:

MATCH (g:Game) WHERE g.release_year > 2010 AND g.developer = ’Nintendo’
RETURN g.name ORDER BY g.release_year ASC LIMIT 10

Generated Reasoning:

1. Identify the main class of interest: Game.

2. Apply filters to the Game nodes: release_year greater than 2010 and developer equal
to *Nintendo’.

3. Select the game names to return.

4. Order the results by the release year in ascending order.

5. Limit the results to the top 10 entries.

Explanation: The natural language question is clear and straightforward, pro-
viding all necessary information to construct the Cypher query without additional
reasoning. The reasoning restates the question’s requirements without adding new
insights.

Misaligned query and ques-
tion: the target query does not
correspond well to the natural
language question.

22.5%

Generated Question: Which active users have administered doses in regions where the
variant impact has a transmission rate greater than 1.5, and what is the total number of
doses administered?

Generated Cypher:

MATCH (u:User status: ’active’)-[:ADMINISTERED_DOSES]
->(cs:CoverageStatistic)-[:COVERED_BY_STRATEGY]
->(vs:VaccinationStrategy)-[:USED_VARIANT]->(vi:Variant Impact)

WHERE vi.transmissionRate > 1.5 AND cs.dosesAdministered > 10000
RETURN u.username, vs.region, vi.variantName,
SUM(cs.dosesAdministered) AS totalDosesAdministered ORDER BY
totalDosesAdministered DESC

Explanation: The query includes a condition “cs.dosesAdministered > 10000~
which is not mentioned in the question. The question asks for the total number of doses
administered, but does not specify a threshold for doses administered.

Misaligned reasoning and
question: the reasoning inter-
prets the question differently,
leading to a mismatch between
the two.

13.0%

Generated Question: Which users have generated the most reports and what is the
average energy value they accessed on January 1, 2020?

Generated Reasoning:

1. Identify the users who have generated reports and count the number of reports each
user has generated.

2. For each user, find the access logs where they accessed energy data on January 1,
2020.

3. Calculate the average energy value for the energy data accessed by each user on the
specified date.

4. Return the user’s email, role, the number of reports they have generated, and the
average energy value they accessed.

5. Order the results by the number of reports generated in descending order and the
average energy value in ascending order.

6. Limit the results to the top 10 users.

Explanation: The reasoning suggests identifying users who have generated re-
ports and counting them, but it does not clarify that the query should focus on users with
the most reports. The reasoning also fails to emphasize that the energy data accessed
should be specifically on January 1, 2020, which is a critical part of the question.

Table 10: Error analysis on 200 sampled examples. An example may exhibit multiple error types.
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You are an expert in relational databases, knowledge graphs, and query generation using SQL
and Cypher.
Your task is to convert a relational database schema into a knowledge graph ontology, then
generate a valid Cypher query that reflects realistic use of that ontology in a Neo4j database.
Follow this with a natural language question equivalent to the query, and a step-by-step
reasoning text explaining how to derive the Cypher query from the question.
Instructions:
You will be given a database schema describing tables, columns, and relationships (e.g., foreign
keys).
The converted ontology must be provided in the format specified by the ontology_format
variable, and must be interpreted as a valid ontology for use in Cypher.
The generated query must follow the ontology and use all class, property, and relationship
names as defined. Do not change names or add new ones.
The query should demonstrate typical graph operations (e.g., traversal, filtering, aggregation).
It should use meaningful variable names and apply filters as appropriate.
The query must have the complexity level specified by the query_complexity_level variable
The natural language question should faithfully reflect the semantics of the Cypher query. The
question should follow the style specified in the question_type variable.
The reasoning text should break down the process of constructing the query from the question
into smaller, simpler steps to facilitate understanding and accurate generation.
ontology_format: {ontology_format}
query_complexity_level: {query_complexity_level}
question_type: {question_type}
Database Schema:
{database_schema}
Your output must only contain the ontology, query, question, and reasoning without further
information or explanations. The output should be returned in JSON format as follows:
{{

"ontology": "text"”,

"query”: "text",

"question”: "text”,

"reasoning”: "text"

1

Figure 3: CypherSmith’s generation prompt for Text-to-Cypher data.
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1. Class List: A flat list of classes, value properties, and relationships. Example:
Classes:
- Person
- Book
Properties:
- Person.name: string
- Book.title: string
Relationships:
- Person WROTE Book
2. Structured YAML: A structured format with inheritance, data types, property
cardinality, and relationships expressed as properties. Example:
- abstract class: Entity
properties:
INSTANCE_OF [N]!: Entity
name [@:1]: String
- class: SoccerTeam « SportTeam
properties:
HAS_HEAD_COACH [@:N]: Coach
HAS_ASSISTANT_COACH [@:N]: Coach
3. Python Dict: Node types, property schemas, and relationship patterns using
nested dictionaries. Example:
{"Person": {"name" : "str"}, "Book" : {"title": "str"},
"relationships”: {"WROTE": {"from": "Person”, "to": "Book"}}}
4. Neodj Constraints: Node labels, property types, and relationship patterns in
Neo4j Cypher. Example:
(:Person)
(:Book)
(:Person)-[:WROTE]->(:Book)
Person.name: STRING
Book.title: STRING

Figure 4: CypherSmith’s ontology formats.
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1. Single Node — Basic Filter: Query a single class with simple filtering or projection.
Pattern: One node type, 1-2 value properties, WHERE, and RETURN. Example:
Find all Person nodes where age > 30.

2. Single Node - Sorting, Aggregation, or Complex Filtering: Query a single
class and apply ordering, limiting, simple aggregation, or advanced value filters.
Pattern: One node type with functions like COUNT, AVG, MAX, ORDER BY, LIMIT,
or filters involving partial string matches and regular expressions. Example: Find
the average salary of all Employee nodes. Find all Persons whose name starts with
A.

3. Two-Node Traversal — Basic Join: Query two related classes via a single
relationship. Pattern: Two node types, one relationship, optional filter on either side.
Example: Find all Authors who wrote a Book published after 2010.

4. Multi-Hop Traversal — Chain of Joins: Traverse paths across 3 or more node
types via multiple relationships. Pattern: at least 3 nodes, at least 2 relationships,
filters along the path. Example: Find Students enrolled in Courses taught by Profes-
sors in the CS department.

5. Aggregation Across Relationships: Traverse and aggregate over related nodes
or relationships. Pattern: COLLECT, DISTINCT, COUNT, grouped results per node.
Example: For each Team, list all unique Players who scored in a Game.

6. Optional Patterns and Conditional Logic: Handle incomplete or alternative
data using optional matches or logic. Pattern: OPTIONAL MATCH, OR, CASE,
partial matches. Example: Find all Movies with a known Director or Producer.

7. Subqueries and Nested Reasoning: Use subqueries to compute intermediate
values or nested logic. Pattern: CALL {{}} subqueries, computed filters, scoped
aggregations. Example: Find Employees whose average project rating is above their
department’s average.

8. Structural, Path-Based, or Temporal Reasoning: Perform reasoning over graph
structure, paths, or time. Pattern: Variable-length paths, shortest paths, temporal
comparisons, node degree. Example: Find the longest collaboration chain between
two Researchers.

Figure 5: CypherSmith’s query complexity levels.

1. Direct Question: Phrase the question as a direct question, such as ‘Who...’,
‘What..., ‘Which...’,

2. Imperative Command: Phrase the question as a command or instruction, such
as ‘List..’, ‘Find..., ‘Show me...,

3. Elliptical Query: Use a short, fragment-style query omitting auxiliary verbs or
subjects (e.g., ‘Players on team’),

4. Descriptive Goal: Express the user’s goal or intent in natural language, such as
‘I want to find... or ‘Looking for...’,

5. Filtering Request: Focus the question on filters or constraints, such as ‘Only
include...’, ‘Exclude those...’, or ‘With salary above 50K...",

6. Comparative Aggregation: Use comparisons or aggregations, such as ‘Which
team has the most wins?’, ‘Top 5 players by score’,

7. Yes/No Question: Pose the question as a yes/no inquiry, such as ‘Is John a
coach?’, ‘Has the team won a championship?’.

Figure 6: CypherSmith’s question types.
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