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INTELLIGENCE

A MULTI-STAGE SELF-REVIEW FRAMEWORK FOR TRANSLATING NATURAL
LANGUAGE INTO NEO4J CYPHER QUERIES

A Multi-Stage Self-Review Framework for Translating Natural Language into Neo4j Cypher Queries. The article
presents a multi-stage self-review framework for automatically translating natural language questions into Cypher
queries for the Neo4j graph database. The proposed approach integrates self-review mechanisms of large language
models (LLMs), knowledge graph structure analysis, and multi-level validation of the syntax and semantics of generated
queries. The framework includes three core stages: preliminary graph schema analysis, initial LLM-based query
generation, and iterative self-review using specialized validation agents that detect logical, structural, and analytical
inconsistencies. A prototype implementation is developed to evaluate the difference between query generation with
and without the self-review mechanism. Experimental results demonstrate that incorporating self-review improves
Cypher query correctness, reduces logical and structural errors, and enhances alignment with OLAP-oriented analytical
requirements. The findings confirm the effectiveness of multi-stage self-review workflows for increasing the reliability
of natural-language interfaces to graph-based analytical systems.

LLM, CYPHER, NEO4J, QUERY GENERATION, SELF-REVIEW, KNOWLEDGE GRAPH, OLAP,
ANALYTICAL SYSTEMS, RAG, QUERY VALIDATION

0. O. Cyrsrin. baraTokpokoBa cucTemMa caMopelieH3yBaHHs /151 epeTBOpeHHs npupoaHoi Mou y Cypher 3anuTu
Neodj. Y crarTi ipeacTaBieHo 6araTOKPOKOBY CUCTEMY CaMOPELIEH3YBaHHSI JIUISI aBTOMATU30BAHOTO TIEPETBOPEHHS
TEKCTOBUX 3aITUTiB MPUPOAHOI0 MOBOI0 y Cypher-3amutu 10 rpadoBoi 6a3u nanux Neodj. PoboTta moenHye MexaHi3-
MM caMOTIEpeBipKM BeJIMKUX MOBHUX Moneneit (LLM), anani3 cTpykTypu rpada 3HaHb Ta OaraTopiBHEBY Basinallito
CUHTAKCUCY i CEMaHTUKU 3reHepOBaHMX 3aMUTiB. 3arpOITOHOBAHMI MiAXi BKJIIOYAE TPY OCHOBHI eTaru: MomnepeaHii
aHaJli3 cxeMHM rpacda, MepBUHHY IeHepallilo 3anuTy Ha ocHOBi LLM Ta iTepaTuBHY caMOMepeBipKy 3 BAKOPHUCTAHHSIM
areHTiB BaJlifiallil, sIKi BUSIBJISIIOTh JIOTiUHi, CTPYKTYPHI Ta aHATITUYHI MOMUJIKU. 3aMpOIOHOBaHA CUCTEMa BIIPOBa-
IKeHa Y MPOTOTUTII TIPOTPAaMHOTO 3a0e3IeYeHHsT, III0 BUKOHYE eKCIIePUMEHTAIbHE TIOPiBHSHHS TeHepallii 3aruTiB
i3 camomepeBipkolo Ta 6e3 Hei. Pe3ynbratn eKcrieprMeHTIB TTOKa3yloTh, 110 BUKOPUCTaHHS self-review MexaHizMy
3a0e3reuye MmiaBuileHHsI KopeKTHOCTI Cypher-3anuTiB, 3MeHILIEHHS KiJIbKOCTI JIOTIYUHUX Ta CTPYKTYPHMX TTOMUIIOK
i TOKpalleHHs BiIMoBigHOCTI cpopMoBaHuX 3anuTiB aHamiTHdHUM OLAP-BuMoram. OTpuMaHi pe3yJibTaTy MiaTBep-
JIKYIOTb €(DEeKTUBHICTh 0araTOKPOKOBOTO CaMOPELIeH3YBaHHS IS MiBUILEHHST HaliliHOCTi TEKCTOBOTO iHTepdeiicy
110 TpaoBUX aHATITUYHUX CUCTEM.

LLM, CYPHER, NEO4J, TEHEPALLIA 3AITUTIB, CAMOITEPEBIPKA, T'PA® 3HAHb, OLAP, AHAJII-
TUYHI CUCTEMMU, RAG, BAJIIAALIA 3ATTUTIB

1. Introduction

Text-to-SQL converts natural language into SQL que-
ries, enabling non-experts to access databases without SQL
knowledge [23]. While Large Language Models (LLMs) can
interpret natural language, they are prone to errors and hal-
lucinations. To address this, self-correction and verification
techniques have been developed, including methods that
refine LLM responses through generated feedback [24].
However, retraining LLMs is often impractical due to time
constraints, so this work focuses on prompt-based teaching.

We introduce a self-verification approach for convert-
ing natural language to Cypher queries. Our multi-agent
framework automatically generates and applies correction
guidelines to remedy common graph database query errors,
such as incorrect relationship directions and referencing
nonexistent analytical entities. Unlike previous text-to-
SQL efforts, our method targets the challenges of Cypher
queries in Neo4j graph databases, particularly for OLAP
tasks, by adapting the MAGIC framework for this context.

The framework operates in three logical stages, imple-
mented via a multi-agent architecture: schema analysis,
initial query generation, and iterative self-review at infer-
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ence time. This prevents queries from referencing invalid
or hallucinated entities.

Through a multi-agent architecture, our framework
delegates schema analysis, query generation, review, and
correction to specialized agents, mirroring human strategies
and improving reliability over single-agent systems. Key
contributions include:

— Establishing self-correction guideline generation
for text-to-Cypher tasks in graph databases, adapting the
MAGIC framework to handle graph-specific issues [24].

— Introducing a multi-agent validation system that
integrates syntactic, semantic, and execution checks with
real-time metadata verification.

— Developing an automated schema analysis pipeline
for accurate and efficient LLM context injection.

— Implementing and empirically evaluating a complete
multi-agent self-review pipeline for text-to-Cypher genera-
tion in Neo4j OLAP scenarios.

— The remainder of this paper covers related work
(Section 2), methodology and architecture (Section 3),
experimental setup (Section 4), and results (Section 5).
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2. Literature review

2.1 LLM self-review methods

The proposed methodology operates on the principle
that LLMs possess the capability to critically evaluate their
own outputs when explicitly prompted to do so. By introduc-
ing a validation phase between initial response generation
and final output delivery, we create an opportunity for the
model to identify potential inconsistencies, logical fallacies,
or factual inaccuracies that may have emerged during the
initial generation phase. The method could be implemented
by generating suitable prompts for LLMs to identify fallacies
and correct them [8]. The authors proposed and evaluated
several prompts on different LLMs for detecting, catego-
rizing, and solving formal and non-formal fallacies step
by step to decrease probability of logical reasoning errors.

This paper proposes and demonstrates that LLMs
possess similar self-verification abilities [20]. The method
operates in two stages: Forward Reasoning generates can-
didate answers using CoT, while Backward Verification
masks original conditions and predicts them based on the
proposed conclusion.

QueryGenie is a framework to generate SQL query from
a sentence, using a self-review method [21]. It consists of
different modules: a confirmation module that helps LLM
to verify intent of generation SQL, query generation module
and query validation method, which execute the query and
recheck result. Despite the practical idea, there wasn't any
practical evidence this framework was implemented, so
its practical applicability remains unclear of QueryGenie.

Another app that helps with generation of SQL queries
is MAGIC [22]. The authors created a multi-agent system
that automates the creation of the self-correction guide-
line. These agents operate collaboratively in an iterative
framework to analyze failures produced by a baseline large
language model (LLM) on the training dataset. Through this
iterative process, the system autonomously generates and
refines self-correction guidelines specifically calibrated to
address systematic errors made by the LLM. This approach
emulates human error-analysis and guideline-development
processes while maintaining complete autonomy from hu-
man intervention. This approach was chosen as the basis
for our method.

2.2 Knowledge graph

The knowledge graph was developed to better manage
knowledge by connecting entities—real-world objects—via
semantically described edges. Entities are typically rep-
resented as triples (subject, predicate, object), and edges
denote their relationships. There are two main construction
approaches: top-down, which starts with ontology creation,
and bottom-up, which begins with data extraction. To build
a knowledge graph, study [1] suggests: identifying relevant
domains and data sources, constructing an ontology (mainly
for top-down methods using existing formats like OWL,
XML, or RDF), extracting knowledge—often with machine
learning, processing to eliminate redundancy and ambiguity,

enriching the knowledge, and finally, developing, storing,
visualizing, and deploying the knowledge graph. Neo4j is a
widely used database for storing knowledge graphs.

A knowledge graph could be presented as G (E, R, T),
where E, R and T represent the set of entities, relations,
and knowledge triples, respectively [2]. For every knowl-
edge triplet T € T summarize knowledge of graph G and
presentedas T = (e, , 1, ¢,), where e¢,, ¢, € Eandr € R.
This work also considers two definitions for reasoning path
and entity path [2].

For reasoning path they use formula that represents
set of connected sequences of triplets in graph: path; (e,
e) =TT, T = (e, hse), (&, 1, e),
... (e, , 1, e, where T. € T denotes the i-th triple
in the path and / denotes the length of the path, i.e., length
( path; (e, , e, )) = I. Example: Consider a reasoning path
between the entity "University” and the entity "Student”
ina KG. The reasoning path is given by: path, (University,
Student) = {(University, employs, Professor), (Professor,
teaches, Course), (Course, enrolled in, Student)}, and
can be visualized as:

University —>“"" Professor —*““"* Course —>
Student.

This path indicates that a “University" employs a
“Professor," who teaches a “Course," in which a "Student”
is enrolled. The length of the path is 3.

Second definition looks like: given a KG,; and a list
of entities /ist, = e, e,, e5, ..., ¢ |, the entity path of
list, isdefined as a connected sequence of reasoning paths,
which is denoted as

path; (list, ) = { path; (e, e,), path; (e,, e;), ...,
path; (e, , e )} ={(e, .1, e)|(e, .1, e) e path, (e, e, )
1<i<[.

All those definitions are used to prompt LLM models
with KG that will prevent LLM anomalies and improve
performance of answering questions. The main idea is to
construct KG that contains facts and relations between
them. The whole process is divided into four stages: initial-
ization, exploration, path pruning, and question answering.

Also, KG are used for improving understanding of facts
and relations between them in LLMs. Those models often
suffer from hallucinations because of lack of specific infor-
mation contained in trained corpus and problems of using
chain-of-thought. A possible solution to these issues is to
integrate knowledge graphs (KGs) into LLMs. This study
[3] provides a strategy for LLMs to communicate with KGs
for improving reasoning. Authors developed three categories
of interaction between LLM and KG: KG-enhanced LLM,
LLM-augmented KG, synergized LLM + KG [3].

In the context of this work, these knowledge graph
concepts are not used for explicit reasoning path extrac-
tion but serve as a theoretical foundation for schema-aware
prompting. The proposed framework leverages structured
graph representations primarily to constrain Cypher genera-
tion and prevent hallucinated entities rather than to perform
symbolic graph reasoning.

enrolled _in
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3. Method

The Bl4people project [4] aims to analyze data and
make business decisions collaboratively by leveraging On-
line Analytical Processing (OLAP) to provide interactive
analysis and data visualization. It introduces Collaborative
Business Analysis (CBA) as a process of analyzing data and
making business decisions collaboratively. Under the idea of
developing the software-as-a-service model, the Bl4people
project tries to bring people together in a virtual space and
encourage them to share their opinions and comments to
collectively solve problems. The concept of CBI involves
using social networks, quizzes, brainstorming sessions,
and even simple chats [5]. Additionally, the reuse of other
collaborators' comments or results is also considered part
of CBI, which leads to a more comprehensive approach
to BI. When creating a virtual space or forum for users to
share their problems, comments, and solutions, it is essen-
tial to gather and analyze their data to unveil the intricate
relationships between different pieces of information. It is
crucial for the user to provide feedback on how they utilized
the analysis carried out that can make a background for

User
Request

ON

HAS_DiMENSIO
v

PERFORMED_ON

recommendations and reusing. BI4Tourism is a web-based
application designed to empower users with insights into
tourism data, thereby facilitating decision-making. At its
core, Bl4Tourism enables users to visualize and compare
diverse tourism data, unraveling dependencies crucial for
making strategic decisions [6].

For collaboration systems it’s crucial to be able to inves-
tigate someone’s similar question, process of research and
result of it. In our application, we trace every action of the
user during work on use cases and save it to the database.
We need it to gather the context of user investigation to
recommend other users with similar questions. Also, it’s
very important to persist in comments that are marked as
answers because other users can participate in any use of
case discussion. We use an OLAP cube to save our raw data
and then our app queries it with different dimensions and
measures, filters to retrieve information that is formatted to
draw any chart. Among several implementations of OLAP
cubes, we consider using Cube [7] because of easy instal-
lation and deployment locally. The schema of our graph is
presented in Figure 1.

A8 03NHOY3d

Fig. 1. Schema of knowledge graph for BI4Tourism in Neo4j database

3.1 Knowledge graph schema

The construction of the knowledge graph (KG) begins
with the formal specification of its entities. Because the KG
is intended to capture relationships among dimensions,
measures, users, use cases and filters we instantiate each of
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these constructs as first-class entities within the graph. More
generally, an entity in a KG denotes a categorical referent
(for example, a person or a location). So in our system we
establish that nodes of the knowledge graph could have one
of the next types: dimension ( £, ), measure ( E,, ), user
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(E,), usecase (E,. ), comment ( E,), user request ( £, ),
insight ( £;), filter ( £,) or user action ( £,, ). Dimension
usually represents values that describe the business context
of the data, allowing users to slice and dice our OLAP cube
by using filters. Filter contains operation type, filter value
and unique id. Measures are data points within the cube,
often numeric values from a fact table, by which we want
to group data. User request’s nodes gather all measures,
filters and dimensions in one named request with help of
which the user chose to investigate the chart. Insight entity
represents which problem the user solved by investigating
the result of the user request, it consists of comments that
describe the solution and author of solution. Use case is the
main question on which the user tries to find the answer.
Use cases can have multiple user requests and each user
request can have multiple insights. But one of the most
important parts of our knowledge graph is the user action
entity. It represents every action a user can make on a use
case: write comment, change filter, add or update dimension
or measure, add user request and insight. to this request.
After introducing nine classes of entities, we further
defined ten classes of relations as shown in Figure 1. First
class, we have relations between use case, user, user request
and comment entities (R,._,,, R,._,, R,_.) thatrepresent
“(one use case) created by (a specific author)”, “(one use
case) has a user request (a specific user request)” and “(one
use case) has comment (a specific comment)”. Second, we
have a class of relations that connect dimensions to user re-
quest (R,,_,, ) and represent “(one user request) has dimen-
sion (a specific dimension)”. Another class is connection
between user request and measure ( R,,_,,, ) and means “(one
user request) has measure (a specific measure)”. Next one
is about the relation between user and user request (R ,_,, ),
it means that the user is the author of this user request,
an example of it “(one user request) created by (a specific
user)”. And the next two types of relations are dependen-
cies between filter and user request (R, ;) and filter and
dimension (R, _, ,), it could look like “(one user request)

Application Schema review
agent
|
|

Actor |
: generateQuery(text,
1

generateQuery(text)
schema) '

-
>

schemaContext)

Cypher
generation agent

generateCypher(text,

has a filter (a specific filter)” and “(one dimension) filtered
by (a specific filter)”. Also, we have a class of relation that
links use case and user, reproducing whole user activity on
this use case entity (R, ,,) and (R, R, > R
R s> Rusms Ry;) for example “(one user action)
performed on (one user request) by (one user)”. Last type
of relation is the connection between user requests and
insights (R, ,; ), it means that “(one user request) has an
insight (a specific insight)”.

3.2 Self-review Cypher generating method

We propose our method of generating Cypher query,
based on self-review LLM method, to improve the experi-
ence of non-expert users in knowledge graphs. To achieve
this aim, we introduced a multiagent system that consists
of a schema review agent, feedback agent, correction, and
Cypher generation agent.

The schema review agent should investigate the schema
of Neo4j database, summarize it to a short description of
nodes and relations, add more context about the database:
domain of model, intent of different nodes and their rela-
tions. We need this information to share it with others and
not overcharge their token window. Prompts for this agent
are gathered in Appendix A

The Cypher generation agent has a database schema,
context of the schema as input parameters to generate
proper requests, based on user input text. The result of this
agent’s work should be presented as a ready to use Cypher
query. Also, it consumes hints from the feedback agent to
regenerate the query. Appendix C represents the prompt that
the agent uses. And the next agent is the feedback one; it
consumes schema context, user input, Cypher query and
result of execution of this query. It analyzes those parameters
with proper prompt in cycles, which is presented in Appen-
dix D and sends a structured response for the correction
agent to change the initial Cypher query. The correction
agent helps to regenerate Cypher query based on the result
of the feedback agent. The prompt for this agent is saved in
Appendix E. The whole process is documented in Figure 2.

Feedback Correction
agent agent

a—uc

> generateCorrectedCypher(text,
cypher,

schemaContext, feedback)

generateFeedback(text, cypher,

schemaContext, result) >

B

correctedCypher()

|
|
|
|
|
|
correctedCypher() i
|
|
|
|
|
|
|
|
|

L
|
|
|
|

Fig. 2. Sequence diagram of communication between agents to get corrected cypher
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4. Experiment

4.1 Experiment setup

We conducted an experiment to compare two ways
of generating Cypher query from text with preprompted
LLM: with self-review mechanism and without. Firstly,
we had to choose a proper LLM, which will be used in the
experiment. We compared the following LLMs: Chat GPT-
40 [12], Groq [11], GPT-OSS-120B [9], Llama 3.3 70B
[10] by context window, limit of requests per minute and
speed of answer in Table 1.

Table 1
Results of comparison of LLMs
Context Limit of .
LLM name token tokens/ Price per IM
. . tokens
window minute
Input — $2.00
ChatGPT-40 1,047,576 | 30,000 Output — $8.00
Free but
Groq 131,072 | 200,000 depending
on usage
of the model
Input — $0.15
GPT-0SS-120B 131,072 250,000 Output — $0.60
Input — $0.59
Llama 3.3 70B 131,072 300,000 Output — $0.79

We selected GPT-OSS-120B as our primary language
model based on its optimal balance of cost-efficiency and
performance characteristics. Our implementation employs
a self-review methodology requiring multiple sequential
LLM requests per query within short time windows, mak-
ing throughput capacity critical. This selection enabled
economically feasible large-scale experimentation with
iterative prompting without compromising result of quality
or reproducibility.

We synthetically generate test data and approximately
100 tourism-related queries, grouped by different categories,
based on real questions about tourism from Reddit [14].
We persisted the data in the Neo4j cloud database - Neo4j
AuraDB [13].

In this study, we compared two prompts for generating
Cypher queries from natural language: one that included

self-review steps and one that did not. To identify which
approach was more effective, we focused on key Retrieval-
Augmented Generation (RAG) metrics, particularly answer
correctness. We used the DeepEval framework [15] for
our evaluation, based on evidence from GroUSE [16], a
meta-evaluation tool for benchmarking evaluators. GroUSE
reports that DeepEval outperforms similar frameworks such
as RAGAS [17] on faithfulness, correctness, and answer
relevance for grounded question answering. DeepEval relies
on the LLLM-as-a-judge paradigm, which has been shown
to be more reliable than traditional statistical or human-
based evaluation methods [18].

During implementation of evaluation in DeepEval
framework we chose a prompt-based GPTEval method [19]
which uses a chain of thoughts model to assess natural lan-
guage generation output based on LLM-as-judge method.
The framework prompts LLM to score some value for each
evaluation aspect, based on the defined criteria, then LLM
should add weights to those scores and summarize it. We
defined our evaluation aspects for generation Cypher query
based on two sets of prompts: for generation with feedback,
we use Appendix A-E, but without self-review we use only
prompts A-C.

The GPTEval scoring function is presented as a pre-
defined set of discrete scores (e.g., 1 to 5) specified within
the prompt, serving as the evaluation scale for subsequent
assessments - S ={s,,5,, ...,s,} . The token probability of
each score p(s;) is the probability the LLM assigns to
generating that score token, and the final score is:

score :z2p(si)xsi (1)
i=1
We configured the whole process of evaluation in the
form of several categories of different queries, each contain-
ing different tests with data from our dataset, and wrote it
in Python with the Deepeval framework.
4.2 Experiment results
Firstly, we grouped results of our tests for two methods
of prompting by score each test received from the G-eval
framework. As we can see on Figure 3-4 strategy of using
LLM prompting with feedback loop shows better results
than strategy without self-review, average of first is 0.65 score
and second is 0.61 accordingly. The score is calculated with
the GPTEval [19] method, described in previous section.

24

Count
N

0.0 0.1 0.2 0.3 0.4

0.5 0.6 0.7 0.8 0.9 1.0

Fig. 3. Count of tests to their score in case of using LLM prompting without feedback loop
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Fig. 4. Count of tests to their score in case of using LLM prompting with feedback loop

Next grouping key was the category of issues, which
occurred during tests run. These reasons were generated
by the G-eval framework using ChatGPT-40 [12] and
then grouped by issue categories. It helps us to determine
weak points of our prompt. The weakest points of both our
prompts were incorrect logic of generating Cypher query,
incorrect relationships, missing fields and filters. So, in this
case the first and the second prompts made similar result.

Our last grouping field is the input category for aver-
age correctness score. For the prompt with feedback loop,
multi-dimensional queries achieve the highest correctness,
followed by Meta/Schema and Complex/Other, whereas in
the prompt without feedback, Meta/Schema leads, with
Aggregation/Statistics showing marked improvementio A
notable divergence is observed in the multi-dimensional
category, which drops from the top-performing position
to mid-tier performance between prompts - a decrease of
22 percentage points. Conversely, Content/Insight demon-
strates improvement, and Business Metrics rises above the
threshold in the second condition.

4.3 Experiment conclusion

The comparative analysis demonstrates that the feed-
back loop prompting strategy consistently outperforms the
non-feedback approach under the evaluated conditions,
achieving a 6.5% relative improvement in average correct-
ness score (0.65 vs. 0.61). These findings suggest that itera-
tive self-review enhances output quality and cross-category
robustness, though specialized solutions remain necessary
for spatial and complex filtering operations.

5. Conclusion

This work introduces a multi-agent self-review frame-
work for generating Cypher queries from natural language,
tailored to the unique challenges of translating user ques-
tions into Neo4j graph database queries, especially in OLAP
contexts. By adapting the MAGIC self-correction approach,
our system leverages automated guideline creation and
iterative validation to improve the reliability and accuracy
of LLM-generated queries.

Key innovations include an automated schema analy-
sis pipeline that efficiently represents Neo4j structures, a
multi-agent design separating query generation, review, and
correction, and real-time metadata verification to prevent
referencing non-existent analytical entities. These elements
address issues like complex graph traversal and improve
upon monolithic or purely syntactic solutions.

While effective in Neo4j OLAP settings, the framework's
limitations include its specificity to certain schemas, poten-
tial latency and token overhead from iterative correction,
and lack of learning from past queries. Future work should
explore broader graph database support, optimization for
efficiency, and incorporating a repository of validated ex-
amples for improved performance.
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analyzer performs a comprehensive examination of the
Neo4j graph structure, extracting:

- Node labels with their associated properties and data
types

- Relationship types with directionality and cardinality

- Traversal patterns critical for OLAP analytics

Prompt for mapping schema to table view for LLM consumption

## Raw Schema:

{raw_schema}

## Required Analysis Structure:

### 1. NODES ANALYSIS

For each node type in the schema, provide:
- *#Label**: Node label name

##4# 2. RELATIONSHIPS ANALYSIS

Analyze the following Neo4j graph schema with DETAILED focus on nodes and relationships:

- *Properties**: List all properties with their data types

- #*Purpose™*: What this node represents in the domain

1. - #*Key Properties**: Properties that uniquely identify this node
- *Usage Notes**: When and how to use this node in queries

For each relationship type in the schema, provide:

- **Pattern**: SourceNode -[:RELATIONSHIP_TYPE]-> TargetNode

- #*Direction**: Specify if directional or can be traversed both ways

- *Properties**: List any properties on the relationship

- ¥*Semantic Meaning**: What this relationship represents

- **Traversal Notes**: How to use this relationship in MATCH patterns

- #*Example Cypher Pattern**: Show a typical MATCH pattern using this relationship
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### 3. GRAPH STRUCTURE MAP
- Show the complete graph topology
### 4. DOMAIN MODEL INSIGHTS

- What are the central/hub entities?

- What are the analytical patterns supported?
### 5. QUERY GUIDANCE

- Common MATCH patterns for this schema

- Best practices for traversing relationships

- Properties to use in WHERE clauses

- Properties to RETURN for meaningful results

generation.

- Draw a visual map of how all nodes connect through relationships
- Identify primary traversal paths (e.g., UseCase -> UserRequest -> Measure)

- What domain does this graph represent (OLAP, social network, etc.)?

Focus heavily on nodes and relationships - this is the most critical information for accurate Cypher query

Fig. 5. Prompt for mapping schema to table view for LLM consumption

Appendix B

The primary query generation agent receives the user
question and analyzed the schema context. The system
prompts enforce strict adherence to the provided schema,
instructing the model to use only documented relationship
types and properties. For enhanced accuracy, we offer an

alternative generation path incorporating the MAGIC
(Multi-Agent Guideline Iteration for Correction) self-
correction framework, which provides additional guideline
documents containing learned patterns from previous query
generation failures and instructs the model to engage in
explicit step-by-step reasoning before query construction.

Prompt for generating Cypher Query based on schema_context, question, hint

also provide the result of query.
Instructions:

‘When generating queries:

2. Use proper node labels

filters
1. primary analytical entities in the database

Schema context:
{schema_context}
Question: {question}
Hint: {hint}

““cypher
YOUR CYPHER QUERY HERE

| Variable | Description |

— I |
| ‘base_system_prompt’

‘schema_context
| ‘question’ | User's natural language question |
| ‘hint" | Optional hint about the query |

Task: Generate Cypher queries to query a Neo4j graph database based on the provided schema definition and

Use only the provided relationship types and properties.
Do not use any other relationship types or properties that are not provided in schema.
If you cannot generate a Cypher statement based on the provided schema, explain the reason to the user.

1. Identify relevant measures and dimensions from the schema

2. Use only relationships from schema context and for appropriate nodes with right directions
3. Use proper relationship types for OLAP cubes (see schema for details)

4. Ensure queries are suitable for analytical/reporting purposes

5. When querying user requests, traverse through use cases to access their associated measures, dimensions, and

6. *IMPORTANT**: Results should usually be grabbed from UseCase and UserRequest entities as these are the

Generate the Cypher query. Return it in the following format:

System message from Neo4jGPTQuery containing schema |
Analyzed or raw schema context |

Fig. 6. Prompt for generating Cypher Query based on schema_context, question, hint
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Appendix C

The validation phase implements a multi-agent feed-
back loop, recognizing that single-pass generation often
produces queries with subtle errors that may execute but
return incorrect results. Generated queries are submitted to
a specialized review agent that performs validation across
four dimensions: OLAP-specific validation verifying that
referenced measures and dimensions exist in the database,
syntactic compliance examining Cypher patterns and re

lationship directions, common error detection identifying
frequent mistakes such as incorrect quote usage, and logi-
cal correctness assessing whether the query semantically
addresses the user's original question. The review agent
receives real-time metadata from the Neo4j database, en-
abling it to detect hallucinated analytical entities that would
otherwise pass syntactic validation but produce empty or
incorrect results.

Prompt for generating feedback of generated Cypher query

constructive feedback.
## Review Focus Areas:
### 1. OLAP-Specific Validation

### 2. Cypher Syntax & Schema Compliance

##4# 3. Common Issues

- Incorrect relationship patterns
- Missing RETURN clause

##4# 4. Logical Correctness
- Does the query answer the original question?

Please review this Cypher query:
Question: {question}
Hint: {hint}

context} {measures_list} {dimensions_list}
Generated Cypher:

“‘cypher

{generated_cypher}

improvements.

You are an expert Cypher query reviewer for Neo4j. Analyze the generated Cypher query and provide

- Are the referenced measures valid? (Check against schema)

- Are the referenced dimensions valid? (Check against schema)
- Does the query make sense for analytical purposes?

- Are aggregations appropriate for the measures being queried?

- Cypher syntax correctness (MATCH, WHERE, RETURN patterns)
- Relationship direction and types - ensure they match the schema
- Node label usage - verify labels exist in schema

- Property names - check they exist on the specified nodes/relationships

- Using double quotes instead of single quotes for string literals

1. - Wrong relationship directions for OLAP cube structure

- Are the joins/relationships logical for OLAP analytics?
- Would this query produce meaningful business insights?
Be specific and actionable. If the Cypher looks correct, say so briefly.

Schema context: **Note:** measures_list and dimensions_list are retrieved from Neo4j database..{schema

Check if the measures and dimensions used in the query exist in the lists above.
If they don't exist, this is a critical error that must be reported. Provide feedback on potential issues or

Fig. 7. Prompt for generating feedback of generated Cypher query

Appendix D

When the review agent identifies issues, a correction
agent receives both the original query and the expert feed-
back. This separation of review and correction responsibili-
ties follows the principle that critique and generation are
distinct cognitive tasks, and specialized agents outperform

single agents attempting both functions. Additionally, a
post-execution analysis agent examines the actual results
returned by Neo4j to determine whether they properly an-
swer the user's question. If the analysis indicates a mismatch
between results and user intent, the pipeline re-enters the
correction phase with this additional feedback.

Prompt for correction agent to update Cypher query

Your task is to:
1. 1. Understand what the user is asking for

3. Review the actual results returned

You are an expert at analyzing database query results to determine if they answer the user's question.

2. Examine the Cypher query that was executed
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4. Determine if the results answer the user's question appropriately

5. Result should be from UseCase and UserRequest entities as these are the primary analytical entities in the
database

6. Before suggest cypher query, you should check schema context and make sure the query is valid and makes
sense for OLAP analytics

Provide your analysis in this format:

- #*Matches Intent**: Yes/No

- **Analysis**: Brief explanation of whether results answer the question

- **Suggestions**: If the results don't match intent, suggest what should be changed (leave empty if results are
good)

Please analyze if these query results answer the user's question.

## User Question:

{question}

## Schema Context: {schema_context}

## Cypher Query Executed:

““‘cypher

{cypher}

## Query Results: {result data}

## Analysis Task:

Does this query and its results properly answer the user's question? Consider:
- Are the right columns/properties being returned?

- Is the data relevant to what was asked?

- Are the results complete or is something missing?

- Would a user be asking this question be satisfied with these results?

- Does the query align with the schema structure?

Provide your analysis:

## Response Parsing
The response is parsed to determine if intent matches by looking for phrases like:
- "matches intent: yes"

Fig. 8. Prompt for correction agent to update Cypher query
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