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Abstract

The increasing utilization of graph databases across various fields stems from their
capacity to represent intricate interconnections. Nonetheless, exploiting the full
capabilities of graph databases continues to be a significant hurdle, largely because
of the inherent difficulty in translating natural language into Cypher. Recognizing
the critical role of schema selection in database query generation and drawing in-
spiration from recent progress in reasoning-augmented approaches trained through
reinforcement learning to enhance inference capabilities and generalization, we
introduce Cypher-RI, a specialized framework for the Text-to-Cypher task. Distinct
from conventional approaches, our methodology seamlessly integrates schema
selection within the Cypher generation pipeline, conceptualizing it as a critical
element in the reasoning process. The schema selection mechanism is guided by
textual context, with its outcomes recursively shaping subsequent inference pro-
cesses. Impressively, our 7B-parameter model, trained through this RL paradigm,
demonstrates superior performance compared to baselines, exhibiting a 9.41%
accuracy improvement over GPT-4o on CypherBench. These results underscore
the effectiveness of our proposed reinforcement learning framework, which inte-
grates schema selection to enhance both the accuracy and reasoning capabilities in
Text-to-Cypher tasks.

1 Introduction

Graph databases [28, 37] are commonly utilized to efficiently handle graph data, providing a powerful
solution for representing and storing intricate, highly connected information. However, effectively
utilizing them remains a formidable challenge, primarily due to the nuanced and complex syntax
of graph query language-Cypher [9, 10, 26], which poses obstacles for general users seeking to
use graph databases, particularly those unfamiliar with programming paradigms. Therefore, The
development of a system for converting natural language into Cypher [11, 13] has gained significant
importance.
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The automatic conversion of natural language questions into Cypher queries remains a persistent
challenge in graph database retrieval [7, 14]. The emergence of large language models (LLMs) [21, 38,
40] has led to substantial progress. R3-NL2GQL [41] combines small and large language models for
various tasks including ranking, rewriting, and refinement. This methodology exploits the capabilities
of finetuned small models for initial stages while harnessing the advanced generalization and query
formulation abilities of big LLMs for the final transformation into Cypher. An alternative strategy
proposed by Liang et al. [22] employs ChatGPT [2] to generate natural language-Cypher paired
datasets through self-instruction, based on given graph databases. These datasets are subsequently
used to fine-tune LLMs, facilitating alignment between LLMs and the graph databases. Nevertheless,
this approach necessitates dataset construction and model retraining for each new graph database,
incurring significant time and financial costs. Ozsoy et al. [30] curated and structured several
publicly available datasets, facilitating effective fine-tuning. The models fine-tuned on this dataset
demonstrated significant performance improvements.

Existing approaches predominantly depend on supervised fine-tuning [23] and few-shot prompting
[15] to guide models in Cypher query generation. Nevertheless, when faced with intricate database
schemas or ambiguous linguistic contexts that necessitate advanced reasoning, such models often
fail to produce Cypher queries accurately reflecting users’ intentions, due to their reliance on static
generation patterns and previously observed data. Consequently, current systems exhibit limited
robustness [5] in adapting to new domains and generalizing across diverse database environments.
Moreover, the opaque reasoning mechanisms underlying Cypher generation restrict the applicability
of these models in critical sectors like law and finance, where transparency and accountability are
paramount.

Recently, reinforcement learning (RL) [16, 32, 33] has emerged as a promising paradigm for en-
hancing the reasoning capabilities of LLMs. Unlike traditional fine-tuning, RL enables adaptive
modification of decision policies through continuous interaction with dynamic environments, re-
sulting in improved performance on complex inference tasks. Empirical studies have validated
the efficacy of RL-based frameworks in strengthening reasoning proficiency and generalization in
areas such as information retrieval [4, 20], mathematical problem solving [17, 39] and SQL genera-
tion [27, 31]. Furthermore, innovations in expansive reasoning models, exemplified by OpenAI o1
[19] and DeepSeek-R1 [12], demonstrate that allocating additional computational resources during
inference to construct deliberate reasoning paths substantially elevates output quality.

Providing an LLM with concise structural metadata about a graph database helps it convert natural-
language questions into precise query statements. Feeding complete schema dumps to the model,
however, often injects irrelevant detail, provokes spurious outputs, and increases computational
expenses. Schema selection [3, 24], which focuses on identifying and providing only the schema
components pertinent to a given query context, serves as a key mechanism for enhancing the
precision and overall performance of natural-language–to–database query generation models. By
steering the model’s attention toward relevant schema elements, it alleviates cognitive burden and
significantly narrows the exploration space for LLMs. Motivated by advancements in training
reasoning models through RL and recognizing the advantages of schema selection, we introduce
Cypher-RI, a reinforcement learning-based framework that integrates schema selection into Cypher
generation. This method promotes the articulation of explicit intermediate reasoning trajectories,
thereby substantially improving the reasoning quality and final query accuracy of LLMs.

Unlike common reasoning process solely involves <think> and <answer>, our framework incorpo-
rates additional components: specifically, the identification of needed entities and relations (annotated
within <json> tags) alongside the results of schema selection (enclosed within <schema> tags). We
conceptualize schema selection as an integral element of the overall reasoning trajectory, enabling
dynamic interactions between schema selection and textual deliberation. Notably, no manually anno-
tated reasoning traces are provided to guide the language models. Instead, we employ reinforcement
learning techniques to motivate LLMs to autonomously develop reasoning chains that integrate
schema selection behavior.

We train Cypher-RI from scratch using Qwen2.5-Coder-7B and perform comprehensive evaluations
on multiple Text-to-Cypher benchmarks. Notably, we validate the generalization capability of our
framework by evaluating the trained models on graph databases distinct from those used during
training. On CypherBench [8], our models achieve substantial absolute improvements ranging from
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Figure 1: An overview of the Cypher-RI training process. During the rollout phase, the LLM
integrates schema selection into Cypher generation. The two LLMs shown in the figure correspond to
the same model. Only the text highlighted with a yellow background participates in backpropagation.

13.12% to 69.59% over the base model, and outperform the strong GPT-4o baseline by up to 9.41%.
Our principal contributions are as follows:

• This study offers new insights into leveraging reinforcement learning to enhance the Cypher
generation capabilities of LLMs, marking the first RL-driven framework designed to autonomously
optimize the reasoning process for the Text-to-Cypher task.

• We introduce Cypher-RI, a novel approach that integrates schema selection directly into the Cypher
generation during training. Cypher-RI enables LLMs to learn reasoning strategies from scratch
without relying on any supervised annotations for intermediate reasoning steps.

• Extensive empirical evaluations validate the effectiveness of our method consistently achieving
substantial improvements over baseline approaches, and even outperforming the strong GPT-4o
model while being much more cost effective.

2 Method

Schema selection is fundamental to the accuracy and effectiveness of Text-to-Cypher systems.
Providing the entire schema as input to an LLM can cause information overload, hindering the model’s
ability to distinguish relevant information from irrelevant details. Schema selection mitigates this
issue by directing the model’s focus toward pertinent schema components. By filtering out irrelevant
data, schema selection enables more accurate mapping of natural language queries to corresponding
nodes and edges within the graph schema, thereby improving the accuracy of the generated Cypher
queries. For questions requiring traversal across multiple nodes or involving complex aggregations,
correctly selecting the relevant nodes and edges is crucial. Schema selection identifies the necessary
components for constructing appropriate queries, effectively reducing the search space for LLMs. In
essence, schema selection serves as the semantic grounding step, interpreting the user’s intent within
the specific context of the target database.

Considering the benefits of schema selection and drawing inspiration from the success of the o-series
models developed by OpenAI and DeepSeek-R1 in learning to reason, we integrate schema selection
into the reasoning process, as illustrated in Figure 1. We train LLMs from scratch using reinforcement
learning without any labeled data on reasoning chains, enabling LLMs to learn schema selection and
Cypher generation in a unified manner.

The training methodology for Cypher-RI is presented first with an in-depth exploration of GRPO
and the implementation of rollout strategies that incorporate schema selection during reinforcement
learning. Subsequently, we describe the design of a training template that steers LLMs to produce
rollouts in a predefined format. Lastly, we outline the reward design, which plays a pivotal role in
guiding the optimization process within the reinforcement learning framework.
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2.1 Reinforcement Learning

When generating database query language, accurate schema selection plays a pivotal role in enhanc-
ing precision. However, obtaining labeled reasoning data that incorporates schema selection for
supervised fine-tuning of LLMs remains a significant challenge, especially when aiming to replicate
reasoning patterns with schema selection. A promising solution lies in reinforcement learning, which
has demonstrated remarkable efficacy in training LLMs to perform reasoning tasks, even in the
absence of labeled data. The core idea of reinforcement learning in our method is to sample diverse
reasoning processes through schema selection and Cypher generation chains, and to optimize the
LLMs to maximize the likelihood of producing rollouts that achieve higher rewards.

Unlike traditional reasoning models, which typically involve only the <think> and <answer> phases,
the Cypher-RI rollout incorporates an additional schema selection step. In this process, the question
and a simplified version of the graph schema containing only the names of entities and relations
are provided as input to the LLM. The model first identifies the schema relevant to the question
and generates a JSON-formatted string to retrieve the complete version of the selected schema,
which includes the properties of entities and relations. These instructions are detailed in the training
templates, which will be explained in subsequent sections. The rollout procedure follows a sequence
of reasoning steps: thinking, selecting the schema, retrieving the complete schema, further reasoning,
and generating the answer, as depicted in Figure 1. More specifically, the rollout process terminates
upon encountering the </json> tag. If the string between the <json> and </json> tags can be
successfully parsed and the parsed labels exist in the schema, the label will be used as a key to retrieve
the corresponding complete schema. If the string fails to conform to the JSON format or the label
is not found in the schema, the complete schema encompassing all entities and relations will be
returned. This complete schema is enclosed within <schema> and </schema> tags and appended to
the rollout sequence. The updated rollout, now containing the complete selected schema, is then used
as input for the next generation step until the end-of-sentence tag is reached.

To enhance the stability of policy optimization and eliminate the necessity for an auxiliary value
function approximation, Deepseek propose Group Relative Policy Optimization(GRPO). Unlike
Proximal Policy Optimization (PPO), GRPO utilizes the mean reward derived from a set of sampled
outputs as a baseline, instead of depending on a learned value function. Specifically, given an input
query x, GRPO samples a batch of responses fy1; y2; : : : ; yGg from the policy model �� . The policy
model is subsequently optimized by maximizing the following objective function:
J (� ) = E
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∼πθold
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(3)

where �ref is the reference model, �old is the old policy model, � and � are hyperparameters, while
Ai represents the advantage, calculated from the relative rewards ri of outputs within each group. This
method eliminates the need for additional complexity when computing Ai . Rather than introducing
the Kullback-Leibler (KL) divergence as a penalty in the reward function, GRPO regularizes the
model by directly incorporating the KL divergence between the learned policy and the reference
policy into the loss function.

Additionally, we multiply Mi;t by each token when computing the GRPO loss. The value of Mi;t is
either 0 or 1. During the reinforcement learning process of LLMs, token-level losses are calculated
across the entire rollout sequence. In Cypher-RI, this sequence comprises both tokens generated
by the LLM and tokens representing the full schema retrieved from an external dictionary. While
optimizing the LLM-generated tokens enhances the model’s ability to perform reasoning, selection,
and generation, applying the same optimization to the retrieved tokens could inadvertently introduce
undesired learning behaviors. To mitigate this issue, we propose the use of loss masking for the
retrieved tokens, ensuring that the policy gradient objective is computed solely based on the LLM-
generated tokens and excluding the retrieved tokens from the optimization. This method contributes to
the stabilization of the training process while consolidating schema selection and Cypher generation
into a cohesive framework.
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Table 1: Training template for Cypher-RI. During training and inference, the placeholders question
and schema will be replaced with speci�c instances.

A conversation between a User and an Assistant. The user asks the Assistant to translate the
question to Cypher query based on a simpli�ed version of the schema of a graph database. The
Assistant �rst identi�es the necessary schema components required to answer the User's question
within <think> </think> tags. Next, the Assistant outputs the needed schema in JSON format
within <json> </json> tags. If the selected schema is valid, the Assistant is provided with
the complete version of the selected schema enclosed within<schema>tags, or it is provided
with the complete version of the full schema. After that, the Assistant explains the reasoning
process for generating the Cypher query within<think> </think> tags. Finally, the Assistant
provides the Cypher query enclosed within<answer> </answer>tags. For example,<think>
This is the reasoning process.</think> <json> {"name": "", "entities": [], "relations": []}
</json> <schema> This is the complete version of the schema.</schema> <think> This
is the reasoning process.</think> <answer> This is the Cypher query</answer>. Graph
schema: {schema} User: {question} Assistant:

2.2 Training Template

The training of Cypher-RI begins with the creation of a straightforward template designed to guide
the initial LLM in adhering to prede�ned instructions. As illustrated in Table 1, this framework
organizes the output into �ve iterative components: an initial reasoning phase identifying the needed
schema, followed by a JSON-formatted string representing the selected schema, the complete version
of schema, a subsequent reasoning phase focused on Cypher query generation, and ultimately, the
�nal response. By guiding LLMs to comprehend the rollout format, we incorporate schema selection
into the training process, enabling the model to jointly learn schema selection and Cypher generation
in a uni�ed framework.

2.3 Reward design

In the reinforcement learning process of Cypher-RI, no supervised reasoning data is utilized, and
optimization of LLMs is guided solely through a simpli�ed reward mechanism applied to rollouts.
Empirically, a rule-based reward function is suf�cient to effectively elicit the reasoning capabilities
that integrate schema selection and Cypher generation within LLMs. The reward function is composed
of three key parts: format reward, schema selection reward, and Cypher execution reward.

To compute the format reward, we �rst specify the correct format as follows:

• The model's reasoning process and �nal answer should be enclosed within the
<think> ...</think> and<answer>...</answer> tags.

• The<json> </json> and<answer> </answer>tags must appear once, while the<think>
</think> tags must appear twice.

• The order of the tags must conform to<think> </think> <json> </json> <think>
</think> <answer> </answer> .

According to the aforementioned format requirements, the format reward is de�ned as follows:

r format =
�

1:0; if the format is correct
� 1:0; if the format is incorrect

(4)

For the schema selection reward, we �rst parse the string generated within the<json> tags and then
compare the parsed selected schema against the gold answer.

r selection =

8
<

:

2:0; if the selected schema matches the gold answer
� 1:5; if the selected schema does not match the gold answer
� 2:0; if the selected schema is unparseable

(5)
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For the Cypher execution reward, we extract the generated Cypher query enclosed within the
<answer>tags, then execute both the extracted Cypher and the gold answer on the graph database.

r execution =

8
<

:

2:0; if the generated Cypher executes consistently with the gold answer
� 1:5; if the generated Cypher executes inconsistently with the gold answer
� 2:0; if the generated Cypher fails to execute

(6)

The �nal reward is the sum of the format reward, schema selection reward, and Cypher execution
reward.

r = r format + r selection + r execution (7)

3 Experiment

3.1 Training Data

GRPO algorithm encounters an issue related to vanishing gradients when certain prompts achieve
perfect accuracy. If all generated outputs for a given question are correct and receive a reward of
1, the computed advantage for that group becomes zero. A zero advantage provides no meaningful
gradient signal for policy updates, which severely limits sample ef�ciency. The situation in which all
outputs are incorrect remains the same. To this end, we perform data selection by generating eight
Cypher queries per prompt using our method.

Speci�cally, we select training instances from the CypherBench [8] training set . We employ the
Qwen-2.5-Coder-7B model to �rst perform schema selection, then generate the corresponding Cypher
queries, and subsequently execute them within the database. Prompts with a mean selection accuracy
of 1 and a mean execution accuracy of 1, as well as those with a mean selection accuracy of 0 and a
mean execution accuracy of 0, are subsequently �ltered out. Finally, we obtain 8,295 samples from
four distinct graph databases: Art, Terrorist Attack, Soccer, and Biology.

3.2 Evaluation Datasets and Metrics

We use two datasets to evaluate the conversion of natural language into Cypher queries: CypherBench,
Neo4j-Text2Cypher. Speci�cally, CypherBench is constructed across seven different property graphs,
including Fictional Character, Company, Flight Accident, Geography, Movie, NBA and Politics.
Neo4j-Text2Cypher is a synthetic dataset developed by Neo4j, comprising 15 graph databases.

To ensure a fair comparison, we adopt the evaluation standards established in previous benchmarks.
Speci�cally, we assess model performance using Execution Accuracy (EX), Provenance Subgraph
Jaccard Similarity (PSJS), executable percentage (Exec.) and Google-BLEU. Execution Accuracy
evaluates whether the database results executed by the predicted query align with those produced
by the ground-truth query. The provenance subgraph is de�ned as the portion of the graph retrieved
by executing the MATCH clause in combination with RETURN *. The PSJS metric quanti�es
query similarity by computing the Jaccard similarity between provenance subgraphs of generated and
ground-truth Cypher queries. Exec. assesses whether the generated Cypher queries can be executed
in graph databases without compiler errors. Google-BLEU metric quanti�es textual correspondence
by analyzing n-gram matches between the generated Cypher and the gold answer.

3.3 Baselines

To evaluate the effectiveness of Cypher-RI, we compare it with a range of baseline approaches: (1)
General Purpose Methods: including Qwen-2.5-Coder-7B[18], Llama3.1-8B[6], Gemma-2-9B[35],
GPT-4o-mini, Gemini-1.5-Pro[34], and GPT-4o[1]; and (2) Text-to-Cypher Speci�c Methods:R3-
NLGQL[41], Text2Cypher-Gemma-3-27B[30, 36]. These baselines collectively represent both
domain-agnostic and domain-specialized strategies, enabling a thorough and multifaceted evaluation
of the proposed method.

3.4 Implementation Details

In our Cypher-RI framework, we adopt Qwen-2.5-Coder-7B as the base model for training. The
dataset consists of 8,295 instances sourced from the CypherBench training split. During the training
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Table 2: Main results of different methods on CypherBench and Neo4j-Text2Cypher. The best
performance is set in bold.

Methods CypherBench Neo4j-Text2Cypher

EX (%) PSJS (%) Exec. (%) EX (%) Google-BLEU (%)

Qwen2.5-Coder-7B 13.12 22.65 62.95 12.06 44.37
Gemma-2-9B 18.61 30.67 68.57 14.49 51.04
Llama3.1-8B 18.82 30.98 90.67 11.86 41.30
R 3 -NLGQL 23.94 38.12 64.83 19.27 47.91
GPT-4o-mini 31.43 45.91 87.39 25.82 59.62
Text2Cypher-Gemma-3-27B 38.71 55.53 92.97 29.84 50.10
Gemini-1.5-Pro 39.95 57.70 86.03 23.07 58.45
GPT-4o 60.18 76.87 94.90 31.73 62.93
Cypher-RI(Ours) 69.59 75.21 99.28 30.61 60.13

process, each instance is sampled through 8 rollouts with the sampling temperature maintained at
1.0. We employ a training batch size of 128 and set the rollout batch size to 128 as well. The
learning rate is �xed at1� 10� 6. Further training details are provided in Appendix B. InR3-NLGQL,
Qwen-2.5-Coder-7B is employed as the foundation model across all components.

3.5 Main Results

Table 2 reports the comprehensive evaluation results of Cypher-RI and several strong baseline models
across two benchmarks. Cypher-RI demonstrates state-of-the-art performance in crucial aspects of
Cypher query generation, achieving the highest Execution Accuracy at 69.59%. This represents a
signi�cant margin over other models, notably outperforming the strong GPT-4o model, which scored
60.18% by 9.41 percentage points. Furthermore, Cypher-RI also sets a new standard for generating
syntactically valid queries, attaining an exceptional Executable Percentage of 99.28%. This near-
perfect rate in producing executable queries is the highest among all evaluated models, surpassing
GPT-4o and indicating the high reliability and robustness of our approach. In terms of PSJS, GPT-4o
records the highest score at 76.87%, with Cypher-RI achieving a very competitive second place
at 75.21%. While GPT-4o shows a slight edge in aligning more closely with the exact structural
representation of the ground truth provenance subgraph, Cypher-RI's leading EX score suggests that
it effectively identi�es and retrieves the correct data, potentially through equally valid but structurally
slightly different query patterns. This also implies that while PSJS is an important measure of
structural understanding, Cypher-RI excels in translating this understanding into executable and
correct queries.

When compared to its base model, Qwen2.5-Coder-7B, which scored 13.12% EX, 22.65% PSJS,
and 62.95% Exec., Cypher-RI exhibits a remarkable improvement across all evaluated metrics.
Speci�cally, Cypher-RI boosts the Execution Accuracy by an absolute 56.47 percentage points, the
Provenance Subgraph Jaccard Similarity by 52.56 percentage points, and the Executable Percentage by
36.33 percentage points over its foundation. This substantial leap in performance clearly demonstrates
the profound ef�cacy of our training methodology in re�ning and specializing the base model for
complex Cypher query generation.

In terms of PSJS, Cypher-RI achieving a very competitive second place at 75.21%. While GPT-4o
shows a slight edge in aligning more closely with the exact structural representation of the ground truth
provenance subgraph, Cypher-RI's leading EX score suggests that it generates valid but structurally
slightly different query. This observation is consistent with our training reward, which is de�ned in
terms of execution accuracy.

In the Neo4j-Text2Cypher evaluation, Cypher-RI also exhibits highly competitive results. It achieves
an Execution Accuracy of 30.61%, closely matching GPT-4o's 31.73%, and outperforms all other
baselines. Regarding Google-BLEU, which measures n-gram level similarity between generated
queries and references, Cypher-RI achieves 60.13%, again ranking just behind GPT-4o.

A particularly noteworthy �nding from our experiments is the ef�ciency and effectiveness of Cypher-
RI relative to model scale. Despite being developed upon a 7B parameter model, Cypher-RI consis-
tently outperforms signi�cantly larger and more general-purpose models in the specialized domain
of Cypher generation. For instance, it surpasses GPT-4o in both execution accuracy and the ability
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Figure 2: Performance evaluation of four models across distinct BASIC patterns, MATCH Patterns
and RETURN templates.

to generate executable queries in CypherBench. Similarly, Text2Cypher-Gemma-3-27B, a 27B
parameter model speci�cally �netuned for Text-to-Cypher tasks, also lags behind Cypher-RI with
an EX of 38.71%. This highlights Cypher-RI's advanced capabilities and its potential for providing
highly accurate Cypher generation without necessitating the substantial computational resources
typically associated with much larger models.

3.6 Analysis

In this section, we provide a detailed analysis of the performance breakdown across multiple dimen-
sions. As illustrated in Figure 2, the left chart presents the execution accuracy across different basic
Cypher patterns. Here, “(:n)” denotes a node, “(:n{})” indicates a node with speci�ed properties, and
“-[:e]->” represents an edge. Notably, the performance of Qwen-2.5-Coder-7B is signi�cantly lower
than that of the other models, underscoring a substantial capability gap. In contrast, our RL-trained
model achieves highly competitive, and frequently superior, performance compared to the strong
baseline of GPT-4o. While GPT-4o exhibits robust general capabilities, Cypher-RI demonstrates a
distinct advantage on several more complex Cypher structures, including two-hop paths and bidirec-
tional patterns. Cypher-RI not only achieves high peak performance but also demonstrates greater
consistency across the range of patterns. Its performance �oor is signi�cantly higher than the other
models, especially the base version. This robustness is critical for practical applications where a wide
variety of query types might be encountered. The high accuracy on complex patterns suggests an
ability to handle disjunctive or conjunctive relational conditions effectively.

The mid chart in Figure 2 edisplays execution accuracy across the special patterns. Compared
with GPT-4o, Cypher-RI showcased competitive and, in several categories, superior performance.
Notably, our model achieved higher execution accuracy in “Time-sensitive”, “Comparison” and
“Group By” queries. While GPT-4o demonstrated a stronger performance in "Union" and "Optional
Match"patterns. The ability of our model to handle intricate Cypher patterns such as time-sensitive
constraints and optional graph traversals with high accuracy is a testament to the bene�ts of our
training approach.

Delving into speci�c return templates, as illustrated in the right chart of Figure 2, Cypher-RI
demonstrates exceptional pro�ciency in handling all clauses, achieving the highest execution accuracy
in these categories. This suggests that the reinforcement learning process has effectively equipped
the model to understand and generate complex query structures involving speci�c entity returns,
ordering of results, and aggregation functions. In the “SORT” template, which typically requires
more sophisticated semantic understanding to order values based on speci�c criteria, all other models
achieve an execution accuracy of less than 25%. In contrast, Cypher-RI attains an accuracy of
84.21%.

Integrating schema selection into Cypher generation within a reinforcement learning framework and
applying it to the training of LLMs can achieve state-of-the-art performance in the Text-to-Cypher
task, providing a more ef�cient and targeted alternative to relying solely on larger, general-purpose
models. The experimental results compellingly highlight the effectiveness of our method in training
large language models for Cypher generation, enhancing their ability to capture semantic subtleties
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