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Abstract—Internet data analysis is essential for policymakers
and regulators to make informed decisions. Despite the various
datasets made available by the research community, the analysis
of these datasets is challenging due to their various formats and
required analysis tools. The Internet Yellow Pages (IYP) database
is designed to simplify Internet data analysis by combining
many datasets into a single format. Hence, IYP enables users
to retrieve data from various Internet datasets using a single
querying language called Cypher. However, learning Cypher and
understanding IYP’s schema is still challenging. Large Language
Models (LLMs) offer the potential to generate Cypher queries
from English text. In this paper, we assess the ability of different
LLMs to generate Cypher queries. We introduce CypherEval, a
dataset for evaluating LLM-generated Cypher queries, and we
propose a methodology to benchmark LLMs for IYP. Finally,
we present Pythia, a system for the generation of IYP Cypher
queries.

Index Terms—LLMs, Internet Yellow Pages, Internet data,
Cypher, Benchmark.

I. INTRODUCTION

The availability of Internet data is crucial for network
operators, policymakers, regulators, and researchers. They rely
on this data to get actionable insights and make well-informed
decisions that shape the evolution of the Internet [1]. Although
there are many datasets publicly available [2]–[7], each has
its unique format and requires expertise in specific analytical
tools for a thorough examination, understanding, and analysis
of the data.

The Internet Yellow Pages (IYP) [8] is a knowledge graph
database built with Neo4J that combines Internet data, such as
Autonomous System Numbers (ASNs), IP addresses, prefixes,
and domain names, from various sources into a single format. It
includes datasets from over 24 different organizations, including
CAIDA, RIPE, and PeeringDB, among others. Each dataset
includes multiple features describing the Internet data, which
IYP maps to node attributes. As a result, the graph currently
contains more than 35 million nodes.

In IYP, nodes can form relationships with one another. For
instance, the nodes ”AS” and ”Organization” are linked by
a ”Managed by” relationship, indicating that a particular AS
is managed by a specific organization. Overall, the database
includes approximately 180 million relationship attributes.
Both nodes and their relationships have properties used to
store data from the original datasets. For example, an ”AS”
node includes an ”asn” property that has the autonomous

system number, while a ”Managed by” relationship includes a
”reference org” property that specifies the dataset’s organization
of that relationship.

This design enables IYP to support multiple datasets using
the same nodes and relationships, distinguished only by their
associated properties. This minimizes the need for users to
learn different tools to analyze the data. With IYP, users only
need to learn Cypher, a querying language for Neo4J graph
databases [9].

Despite facilitating access to Internet data, querying IYP
is still challenging. It requires a good understanding of both
Cypher and the IYP database schema1. The schema provides
detailed descriptions of node and relationship attributes, their
properties, and how they interconnect, enabling users to
understand the structure and semantics of the data. However,
due to the inclusion of numerous open-source Internet data
datasets, the schema is highly complex. Furthermore, the
frequent addition of new datasets into IYP continually modifies
the database schema, and users have to stay updated with these
changes.

To address these challenges, this paper explores the benefits
that Large Language Models (LLMs) can provide to simplify
interactions with the IYP database. In particular, we aim to
evaluate the ability of LLMs to translate an English question
related to the Internet into a Cypher query for IYP and provide
a practical LLM-based solution for easy access to IYP data.

Our study is based on different LLMs trained for code gen-
eration [10]–[15]. Although these LLMs can already generate
Cypher from English text to the best of our knowledge, no past
study has evaluated the use of LLMs with graph databases,
so it is unclear how effective these models are in generating
Cypher queries from English text.

In this work, we create CypherEval, a real-world ground-
truth dataset for evaluating LLMs’ Cypher generation, and
propose a methodology leveraging CypherEval to benchmark
LLMs. We compare the performance of four popular LLMs to
generate Cypher queries, showing their potential and limitations.
In addition, we develop Pythia, a system that significantly
improves the generation of IYP Cypher queries from English
text in comparison with LLMs.

The main contributions of this paper are:

1https://codeberg.org/dimitrios/Pythia/src/branch/main/IYP-Schema.md



• CypherEval, a real-world dataset designed to evaluate
LLMs on generating Cypher queries from English text.

• Benchmark results for popular LLMs to generate Cypher
queries.

• Pythia, a system that improves the IYP querying problem.

II. CYPHEREVAL: GROUND-TRUTH DATASET

CypherEval (Table I) is a ground-truth dataset that we create
especially to evaluate the ability of LLMs to generate Cypher
queries for IYP [8]. The dataset includes 83 Cypher queries,
each producing a specific result. Each query is paired with
two types of English prompts, one technical and one general,
to simulate varying levels of user expertise. The technical
prompts reflect questions asked by users familiar with the nodes,
relationships, and properties of the IYP database. The general
prompts mimic users who do not have specific knowledge of
the database structure. This results in a total of 166 prompts.

To further imitate the diversity of human communication
for each prompt, we include two variations with linguistic
differences but the same meaning. This increases the dataset
to 332 ground-truth English prompts.

The English prompts cover a wide range of real-world
networking use cases with varying difficulty levels, defined by
the complexity of constructing the Cypher query needed to
return the appropriate results. These prompts have been indepen-
dently reviewed by three IYP users and Internet measurement
researchers. The reviewers validated each prompt by executing
the canonical solution on the IYP database and confirming that
the results accurately addressed the corresponding prompt. This
validation process ensures the reliability of the dataset, i.e., each
prompt aligns with its canonical solution and is relevant to the
IYP database. Furthermore, all prompts represent meaningful
real-world networking scenarios, such as determining the
ranking of ASes in Japan, used regularly by researchers and
network operators.

We release CypherEval2 as an open-source dataset. Our goal
is to provide a reliable resource for evaluating LLMs’ capability
to effectively generate Cypher queries from English text.

III. CYPHEREVAL-BASED BENCHMARKING

We propose a CypherEval-based benchmarking methodology
and evaluate the performance of open-source 7B LLMs in
generating Cypher queries based on functional correctness. We
select CodeLlama 7B (CodeLlama), DeepSeek Coder 6.7B
(DeepSeek), Qwen2.5 Coder 7B (Qwen), and Granite Code
8B (Granite) as open-source LLMs. Although DeepSeek and
Granite are not exactly 7B LLMs, we include them in our
evaluation since their sizes are comparable to 7B LLMs.

Benchmarking these models consists in the following three
steps (Fig. 1):

1) Define the database schema format for LLM prompting.
2) Determine which database schema format is the best for

LLM Cypher generation.

2https://codeberg.org/dimitrios/CypherEval

3) Evaluate LLMs efficacy in generating Cypher queries
from English text for IYP using functional correctness.

To measure functional correctness we use pass@k [16], [17].
This metric is computed by generating n code samples for a
prompt and estimating the likelihood that the LLM provides at
least one correct code sample in k ≤ n samples. Consequently,
a pass@1 = 1 means that the LLM is likely to answer correctly
every time, and a pass@100 = 1 means that the LLM is likely
to generate at least one correct answer when asked 100 times.

A. Defining the Neo4J Schema Format

LLMs are generally fine-tuned to function as general assis-
tants [18], which limits their performance in specialized tasks
[11]. To overcome this limitation, we use prompt engineering
to configure the LLM specifically for this task [19], i.e.,
generating Cypher queries from English text. We utilize a
standard prompt template for code generation as proposed by
[20], [21], which includes the database schema to give the
LLM an understanding of the relationships between entities
within the database. However, LLMs are not efficiently using
the database schema if it is presented in a different format from
what the LLM was trained on [22], which is unfortunately not
disclosed for the four studied LLMs [23].

To address this, we create five schema formats3 to represent
the database schema. The first two formats are inspired by
data structures used in the bibliography [24]: JSON and CSV.
The remaining formats are generated by prompting well-known
LLMs (i.e., GPT-3.5, CodeLlama, DeepSeek, Qwen) to generate
Neo4J schema formats. While the LLMs produce broadly
similar outputs, their responses differed slightly in structure
and phrasing. We grouped these variations into three distinct
schema formats that reflect visibly different structural patterns
rather than minor textual differences. By using these five
schema formats, we aim to determine which format the LLMs
best understand [19], [21], enabling them to generate accurate
Cypher queries.

B. Determining the Impact of Schema Format and LLMs

Experimenting with CypherEval is challenging due to the
rapid increase in computation time, which is closely tied to
the size of the input prompt. Larger prompts result in longer
inference times for LLMs, while shorter prompts yield faster
responses [25]. Since CypherEval relies on the IYP database,
each LLM prompt must include the IYP schema alongside the
CypherEval prompt, that significantly increases the total LLM
prompt length and, consequently, the inference time.

To address this issue, we base our experiments on the Movies
database [26]. The Movies database is the example Neo4J
database used in the documentation of the Cypher syntax
[27]. This database is widely used in tutorials and educational
materials, making it likely to be part of the training data of
the LLMs we evaluate. As a result, we expect the models to
generate more accurate Cypher queries when using this familiar
database [28].

3https://codeberg.org/dimitrios/CypherEval/src/branch/main/
Neo4J-Schema-Formats.md



TABLE I
A SNAPSHOT FROM THE CYPHEREVAL DATASET SHOWING FOUR UNIQUE CYPHER QUERIES. THE SECOND COLUMN SHOWS THE DIFFICULTY. EACH

CYPHER QUERY CONTAINS TWO PROMPTS, ONE TECHNICAL AND ONE GENERIC (COLUMN THREE). THE FOURTH COLUMN INCLUDES THE CANONICAL
SOLUTION USED DURING THE FUNCTIONAL CORRECTNESS STEP.

Task ID Difficulty Level Prompt Canonical Solution
1.1 Easy technical prompt Find the IXPs’ names where the AS

with asn 2497 is present.
MATCH (:AS{asn:2497})-[:MEMBER_OF]->(ixp:IXP)
RETURN DISTINCT ixp.name

1.2 Easy general prompt Give me the names of the IXPs where
AS2497 is member.

MATCH (:AS{asn:2497})-[:MEMBER_OF]->(ixp:IXP)
RETURN DISTINCT ixp.name

3.1 Medium technical prompt For AS with asn 2497 find all rank
values and their corresponding
Ranking name for Rankings
corresponding to Country with
country code ”JP”.

MATCH (:AS{asn:2497})-[r1:RANK]-(r2:Ranking)-
-(:Country{country_code:"JP"})
RETURN r1.rank, r2.name

3.2 Medium general prompt Find the rank and the corresponding
rankings name for AS2497 in Japan.

MATCH (:AS{asn:2497})-[r1:RANK]-(r2:Ranking)-
-(:Country{country_code:"JP"})
RETURN r1.rank, r2.name

4.1 Hard technical prompt Find all the AS nodes that have peer
to peer relationship with the AS with
asn 2497.

MATCH (:AS{asn:2497})-[:PEERS_WITH{rel:0}]-(a:AS)
RETURN a

4.2 Hard general prompt Which ASes have a settlement-free
peering with AS2497?

MATCH (:AS{asn:2497})-[:PEERS_WITH{rel:0}]-(a:AS)
RETURN a
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Fig. 1. Presents the three steps of our benchmarking methodology introduced in §III. The ”Evaluation Pipeline” illustrates how we utilize LLMs to evaluate
generated responses, as applied in §III-B and §III-C.

Using the Movies database allows us to evaluate how
different schema formats influence Cypher query generation
while minimizing factors from unfamiliar content. This setup
helps us assess which schema formats LLMs handle best and
which are most effective at generating Cypher queries [29].

We first run CodeLlama, DeepSeek, Qwen, and Granite on
36 natural language queries with the same structure as those
used in CypherEval, but for the Movies database [26]. For each
of the 36 natural language queries and five different Neo4J
schema formats, we generate 100 Cypher queries. This results
in a total of 18,000 Cypher queries, which we evaluate for
functional correctness. The results, presented in Fig. 2, reveal
several key findings.

All models can generate Cypher queries that return correct
results for the given prompts, demonstrating a baseline level of
overall correctness. When examining performance, CodeLlama,
Qwen, and Granite show similar performance, with a pass@20
above 80%, with Qwen being the most practical (higher
pass@1 score). DeepSeek, however, stands out with superior
performance, surpassing 85% in pass@20.

In terms of schema evaluation, the LLMGen3 schema format

provides the best overall results for CodeLlama, Qwen, and
Granite, while DeepSeek achieves its best results when using
the CSV schema format. Additionally, DeepSeek converges
faster than the other LLMs, achieving the same pass@k score
with fewer iterations. Based on these results, we select Qwen
and DeepSeek for further study as the most suitable for
generating Cypher queries.

C. Evaluate Best Neo4J Schema Format and LLMs with
CypherEval

Based on the above findings, we evaluate the ability of
DeepSeek and Qwen to generate correct IYP Cypher queries
by generating 100 Cypher queries per English prompt using
LLMGen3 schema format for Qwen and CSV schema format
for DeepSeek. This results in a total of 66,400 Cypher queries,
which we evaluate using the pass@k metric (Fig. 3).

Our analysis reveals that Qwen significantly outperforms
DeepSeek on prompts classified as easy. When prompts
include technical details, Qwen achieves a pass@20 above
55%, whereas DeepSeek scores below 45%. Even for more
general prompts, Qwen maintains a pass@20 above 25%,
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while DeepSeek falls below this threshold. This contrasts
with DeepSeek’s performance on the Movies database (§III-B),
where it achieved pass@20 above 85%.

The level of detail in the prompt also plays a crucial role in
model performance. For prompts that include technical details,
such as references to specific nodes and relationships, the
performance of both models improves. Qwen, in particular,
reaches a pass@80 score of up to 75% for easy prompts.

This indicates that unlike the Movies database, where LLMs
performed well regardless of prompt style, providing explicit
schema information in the prompt becomes essential when
dealing with new databases.

However, both models face significant challenges when
dealing with prompts of medium and hard difficulty. The
majority of generated Cypher queries for these categories fail
to produce correct results. This difficulty is amplified in the
absence of training exposure to the target database. While the
LLMs handle varying difficulty levels prompts successfully in
the Movies database, their inability to do so for IYP indicates a
strong dependence on prior familiarity with database structure
and content.

These observations highlight a notable contrast in model
behavior across databases. Qwen demonstrates relative profi-
ciency in generating accurate Cypher queries for easy, well-
described prompts in unfamiliar databases, which is promising
for our end goal. DeepSeek, despite its strong performance
in a known database, underperforms in the IYP, with pass@k
below 50% regardless of prompt difficulty. Together, these
findings underscore the importance of schema familiarity and
prompt detail in guiding LLMs to generate functionally correct
Cypher queries.

IV. PYTHIA

In order to improve LLMs performance and provide a
practical solution to IYP users, we introduce Pythia an open-
source system4 for generating IYP Cypher queries. Pythia
combines few-shot prompting with a pre-trained LLM for
code generation. This approach is particularly useful in highly
specialized contexts or when dealing with domain-specific
terminology that may not be well-represented in the general-
purpose training data of LLMs [18].

A. Pythia’s Architecture

IYP DB

CypherEval

§II

Pythia

Qwen 2.5
Coder 7B

English text

Cypher query

Optimized
DB schema

IYP Cypher
query

User input

Few-shot

IYP English
prompt

Generated
IYP Cypher

query

Fig. 4. Pythia architecture: Using CypherEval for few-shot prompting and
Qwen for Cypher generation.

In Fig. 4, we present Pythia’s architecture. Pythia is built
on top of Qwen, and features a hidden input layer inaccessible
to the end user, distinguishing it from other LLMs that allow
users to access the entire input layer freely. This hidden layer
utilizes an optimized IYP schema version and CypherEval. As
a result, our system is designed exclusively for generating IYP
Cypher queries from English text, with the user only able to

4https://codeberg.org/dimitrios/Pythia



provide a prompt related to the desired Cypher query for the
IYP database. Pythia then returns the generated IYP Cypher
query as output.

Optimized IYP Schema1. As discussed in §I, IYP combines
various open-source Internet data datasets. To preserve all
features from these datasets, such as the number of IPv4
prefixes, domain names, ASes, Facebook URLs associated
with AS organizations, etc., IYP contains numerous node
and relationship attributes. While this provides a wealth of
information, it also introduces significant schema complexity.
Furthermore, as noted in §III-B, longer prompts increase
inference time and lead to hallucinations by the LLM [30].

Notably, not all attributes are necessary for querying the
database, as the query results remain consistent regardless of
their presence. For example, Facebook URLs from PeeringDB
are unnecessary for Internet data analyses. To optimize the
schema, we identify and remove attributes from nodes and
relationships that do not influence the query outcomes. This
reduction results in smaller LLM prompts, which improve
inference speed and reduce the likelihood of hallucinations.

Throughout this refinement process, we collaborated with
the authors of IYP to ensure that the new, compact, and task-
focused schema maintains the integrity of the query results.
It is worth noting that this optimization must be repeated
whenever the IYP schema changes. The process cannot be
fully automated, as future updates to the open-source Internet
data datasets may introduce new features whose relevance to
query results cannot be determined in advance.

CypherEval As Few-shot Examples. Few-shot prompting
is an efficient alternative to LLM post-training [18]. Rather
than updating LLM weights, we provide a curated set of input-
output examples during inference time to guide LLM’s behavior.
As introduced in §II, we developed CypherEval, a real-world
dataset for evaluating Cypher query generation from English
text. Since CypherEval is based on the IYP schema, it serves
as an ideal source of examples for our system. By including
one CypherEval variation into our hidden layer, we provide
the model with domain-specific knowledge.

B. Evaluation

To evaluate Pythia’s effectiveness, we conduct leave-one-out
cross-validation using CypherEval. Since this dataset is part of
the hidden layer, we remove CypherEval’s Cypher queries and
their corresponding English text (both technical and general
prompts) from the hidden layer that have high similarity with
the ones that we intend to test. This ensures that Pythia has
no prior knowledge of the Cypher query to be generated from
CypherEval, allowing a fair evaluation.

When compared to Qwen (Fig. 5), we observe a significant
improvement in pass@k score when using Pythia. In terms
of overall correctness, Pythia achieves notably higher pass@1
scores for easy, medium, and hard IYP queries. For general
prompts of easy difficulty, Pythia reaches up to 75% pass@20,
outperforming Qwen, which only reaches 55%. This suggests
a more robust generalization capability in Pythia, particularly
for easier queries.
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Fig. 5. Prompts’ types vs pass@k vs k plot for the CypherEval database.
The figure shows that Pythia has better overall correctness for IYP Cypher
queries generation.

In addition to better correctness, Pythia demonstrates faster
convergence than Qwen. It is able to generate accurate IYP
Cypher queries with fewer sampling iterations, making it
more practical and efficient for real-world applications where
compute cost is a concern.

However, despite this improvement, generating correct
Cypher queries for medium and hard difficulty prompts remains
challenging. For medium prompts, although most generated
queries still fail to return correct results, Pythia achieves an
overall pass@k score close to 50%, outperforming Qwen
and showing better reliability when technical details are
included in the prompt. For hard prompts, the task remains
difficult, but Pythia’s performance still improves with an overall
pass@k score of 25%, whereas Qwen’s performance remains
significantly lower.

These findings show Pythia’s enhanced ability to generate
IYP Cypher queries. While challenges persist with complex
queries, Pythia consistently outperforms Qwen across different
levels of query difficulty.

V. LIMITATIONS AND DISCUSSION

Pythia can streamline workflows by eliminating the need
to understand the underlying IYP structure or stay updated
with schema changes. However, like other LLM based systems,
using Pythia requires cautions from the users. It does not
always generate IYP Cypher queries that align with the user’s
intent, and it may produce misleading or incorrect results after
query execution on IYP. By discussing the risks associated
with using Pythia, we aim to highlight areas of concern.

Over-reliance. A recent survey [31] showed that users
increasingly tend to over-rely on LLMs, often accepting their
responses without validation, which poses a significant risk.
In Pythia’s case, IYP Cypher queries will be generated using



correct Cypher syntax and node and relationship attributes that
align with the IYP schema. However, executing these queries
may yield unexpected or incorrect results (e.g., nodes can exist
in the IYP schema but can be irrelevant to the prompt). This can
have unintended consequences, particularly for users exploring
IYP for the first time, such as students or enthusiasts entering
the networking domain.

Misalignment. Pythia generates Cypher queries based on
the distribution of examples encoded in its hidden layer. As a
result, if a user attempts to generate a highly specialized IYP
Cypher query that is not similar to these examples, Pythia may
produce a query that appears correct but is actually wrong.

Also, users might attempt to improve results by providing
their own IYP example as part of their input. While this seems
reasonable, since Pythia relies on example-based learning, there
is a crucial distinction. The examples embedded in Pythia’s
hidden layer, as discussed in §II, have been reviewed by
experienced IYP users and are considered error-free. In contrast,
user-provided examples are not validated and may introduce
errors, which can lead to the generation of incorrect queries
that still appear accurate.

Risk Mitigation. While systems like Pythia offer valuable ca-
pabilities, it is important to evaluate the potential consequences
of incorrect responses. It must be remembered that Pythia is a
system and does not possess critical thinking skills. Its outputs
are influenced by the training distribution of its base model
(with respect to Cypher proficiency) and the IYP examples
in its hidden layer (for IYP database expertise). Future work
should explore the extent of the risks discussed above and how
they correlate with the system’s architecture.

VI. RELATED WORK

Inspiring Work. Chen et al. [17] introduced Codex, an
LLM capable of generating Python code from natural language.
To evaluate Codex, they developed HumanEval, a dataset
specifically designed to assess the functional correctness of
LLMs that produce Python code. This dataset is also used to
compare Codex with other LLMs unfamiliar with the dataset.

Zhong et al. [24] developed an LLM that generates Cypher
queries from natural language. They presented a methodology
that includes a phase for creating a prompt template that utilizes
a Neo4J database schema format. They evaluated their results
based on accuracy metric and emphasized the importance of
extensive exploration to identify efficient prompt templates,
as a prompt template can have numerous variations, such as
different instructions, tones, etc.

LangChain Tool. LangChain [32] combines LLMs with
various components like datasets and APIs, enabling the
creation of various natural language applications. While it has
been successfully used for tasks like translation, summarization,
and Q&A, this tool relies on existing LLMs that are not trained
for a specific task.

NLP Models. Existing NLP models trained specifically
for Cypher query generation are available in open-source
repositories [33]–[36]. However, these models are limited
to generating queries for simple schemas or existing Neo4J

databases. They struggle with generating accurate Cypher
queries for IYP due to the database’s specialized and complex
schema, which is enriched in networking terminology.

Few-shot Prompting. Few-shot prompting is a method for
improving the performance of LLMs by including a small set
of examples in the model’s prompt [18]. Results [18], [37],
[38] showed that optimizing the prompt alone, without any
additional training, can significantly improve the performance
of LLMs, offering an alternative approach to optimization using
only text-based prompts.

Uniqueness Of Our Work. Our work differs from existing
studies by introducing CypherEval, the first real-world Cypher
dataset designed for evaluating LLMs and benchmarking LLMs’
performance in Cypher query generation. Furthermore, we
propose Pythia to address the unique challenges of the IYP
database. While training an LLM is a common practice in the
literature, Pythia utilizes few-shot prompting to adapt to the
IYP database without the need for extensive LLM training.
Lastly, although we do not use LangChain in this research, as
it is not essential for our current objectives, our findings can
inform the integration of the best-performing LLMs or Pythia
into LangChain for developing future tools.

VII. CONCLUSION

This paper investigates the generation of IYP Cypher queries
from English text using LLMs to assist users, such as network
operators, who want to use IYP but are unfamiliar with Cypher.
We introduce CypherEval, a real-world dataset used in our
benchmarking methodology to benchmark LLMs for IYP. Our
results highlight that LLMs performance is highly related to the
difficulty of the prompt, as they could not generate functionally
correct Cypher queries for difficult prompts. We propose Pythia,
a system that uses few-shot prompting, which significantly
improves Cypher query generation for the IYP database.

Our study could be extended to Cypher-like querying
languages. This opens a space for assisting policymakers and
regulators unfamiliar with other related tools, and highlights the
potential for LLMs to facilitate the use of complex querying
languages in various domains.
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