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Abstract

Knowledge graphs use nodes, relationships,
and properties to represent arbitrarily complex
data. When stored in a graph database, the
Cypher query language enables efficient mod-
eling and querying of knowledge graphs. How-
ever, using Cypher requires specialized knowl-
edge, which can present a challenge for non-
expert users. Our work Text2Cypher aims to
bridge this gap by translating natural language
queries into Cypher query language and ex-
tending the utility of knowledge graphs to non-
technical expert users. While large language
models (LLMs) can be used for this purpose,
they often struggle to capture complex nuances,
resulting in incomplete or incorrect outputs.
Fine-tuning LLMs on domain-specific datasets
has proven to be a more promising approach,
but the limited availability of high-quality, pub-
licly available Text2Cypher datasets makes this
challenging. In this work, we show how we
combined, cleaned and organized several pub-
licly available datasets into a total of 44,387
instances, enabling effective fine-tuning and
evaluation. Models fine-tuned on this dataset
showed significant performance gains, with im-
provements in Google-BLEU and Exact Match
scores over baseline models, highlighting the
importance of high-quality datasets and fine-
tuning in improving Text2Cypher performance.

1 Introduction

Databases are essential in applications, support-
ing data storage and knowledge management,
and are typically accessed via query languages
like SQL (for relational databases) or Cypher
(for graph databases). With advancements in
LLMs, users can now query databases using nat-
ural language through applications that perform
tasks such as Text2SQL or Text2Cypher. Con-
sequently, even with minimal technical expertise,
users can easily retrieve information, build applica-
tions such as dashboards or analytics, or integrate
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What is the Cypher
query for: “What
are the movies of

Tom Hanks?

MATCH (actor:Person {name: "Tom
Hanks"})-:ACTED_IN]->(movie:Movie)
RETURN movie.title AS movies

{
X
e

Figure 1: User wants to write a Cypher query for
‘What are the movies of Tom Hanks‘. A Text2Cypher
model translates the input natural language ques-
tion into Cypher, i.e., ‘MATCH (actor:Person {name:
"Tom Hanks"})-[:ACTED_IN]->(movie:Movie) RE-
TURN movie.title AS movies*

knowledge into other systems, such as Retrieval-
Augmented Generation (RAG). The Text2Cypher
task converts plain language questions into Cypher
query language (see Figure 1). In the figure, a
user wants to write a Cypher query for ‘What
are the movies of Tom Hanks‘. A Text2Cypher
model translates the input natural language ques-
tion into Cypher, i.e., it returns ‘MATCH (ac-
tor:Person {name: "Tom Hanks"})-[:ACTED_IN]-
>(movie:Movie) RETURN movie.title AS movies ‘.
This generated Cypher query can then be used to
retrieve relevant data from the database, allowing
for utilization based on the needs of the user.
Foundational large language models (LLMs) can
be utilized for Text2Cypher task directly with an ap-
propriate prompt. However, they may struggle with
complex queries, leading to incomplete or incor-
rect outputs which damage the utility of the knowl-
edge graph. Fine-tuning LLMs on domain-specific
datasets offers a promising solution but requires
high quality data that pairs natural language queries
with Cypher translations, plus schema information
for greater accuracy. However, creating such a
dataset is challenging, as it requires an understand-
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ing of graph representation, domain-specific knowl-
edge to formulate effective natural language ques-
tions, and proficiency in Cypher syntax. If the train-
ing set does not include high-quality, diverse and
sufficient examples, the fine-tuned Text2Cypher
model may underperform.

The number of publicly available Text2Cypher
datasets is limited. A few examples include
those created by Neo4jLabs (Neo4jLabs, 2024),
datasets converted from Text2SQL sets (Zhao et al.,
2023c,b; SemanticParser4Graph, 2024), and oth-
ers constructed synthetically (Zhong et al., 2024).
However, these datasets are prepared indepen-
dently, which makes it difficult to use them together.
In this work, we combine and refine instances from
publicly available datasets, creating a large dataset
for training and testing, and use it to benchmark and
fine-tune foundational models for Text2Cypher.

Our main contributions are as follows:

* We combine instances from publicly available
datasets, refining and organizing them to en-
hance usability. The final dataset includes
44, 387 instances, with a training and test split,
of 39,554 and 4, 833 instances, respectively.
The dataset is made available to the public .

* We use this new dataset to benchmark foun-
dational and previously fine-tuned models on
the Text2Cypher task. The results showed
that large-foundational models performed the
best, however, the fine-tuned models showed
promise for improving performance.

¢ We fine-tuned a set of selected foundational
models using the new dataset and compared
their performance to benchmark results. The
results showed that all the fine-tuned models
achieve better results than their baseline mod-
els. One of the fine-tuned models are made
publicly accessible 2.

The paper is structured as follows: Section 2 dis-
cusses related work on translating natural language
to query languages, with a focus on Text2Cypher.
Section 3 details the dataset preparation process.
Section 4 and Section 5 present our experiments
for benchmarking and fine-tuning. Finally, Section
6 concludes the paper.

"Dataset: https://huggingface.co/datasets/neo4j/
text2cypher-2024v1

2A finetuned model: https://huggingface.co/neo4j/
text2cypher-gemma-2-9b-it-finetuned-2024v1

2 Related Work
2.1 Graph Databases and Cypher Language

Graph Database Systems store, manage, and re-
trieve graph data, where nodes, relationships, and
their properties are used for representing real-world
knowledge (Zheng et al., 2024). These systems en-
able efficient querying of relationships and offer
easy visualization (Yoon et al., 2017).

Companies specializing in graph databases in-
clude Neo4j (Neo4j, 2024), NebulaGraph (Wu
et al., 2022), and Amazon Neptune (Bebee et al.,
2018). In April 2024, GQL standard (ISO/IEC
39075:2024) (languages — GQL, 2024) was re-
leased, providing a unified query language for
graph databases. The ISO GQL standard is heav-
ily influenced by Neo4j’s Cypher language (both
share a large amount of syntax and they are both
declarative pattern-matching languages). So while
this work focuses on translating natural language
into Cypher queries, the general approach will be
applicable to GQL when it is more widespread.

2.2 Natural Language to Code Generation

Converting natural language to executable code is
essential for applications like database interfaces
and virtual assistants (Pasupat and Liang, 2015;
Yu et al., 2018; Agashe et al., 2019; Lai et al,,
2023; Zhong et al., 2024). Advancements in large
language models (LLMs) have enabled significant
progress in translating natural language into query
languages like SQL or Cypher. This capability
allows users to retrieve information, build dash-
boards, and integrate database knowledge into sys-
tems like Retrieval-Augmented Generation (RAG).

There has been extensive research on the
Text2SQL task, which translates natural language
queries to SQL (Yu et al., 2018; Guo et al., 2019;
Rajkumar et al., 2022; Li et al., 2023; Fan et al.,
2024; Li et al., 2024). In contrast, there is less work
focused on the Text2Cypher task, which translates
natural language queries into Cypher. This dis-
parity stems from SQL’s dominance in relational
databases and traditionally high industry demand
(Memgraph, 2024). However, graph-based data
representation is not only a more obvious fit for
knowledge graphs, but is gaining recognition for
addressing issues like hallucinations in RAG mod-
els. As such interest in Cypher is increasing, and
Cypher’s efficiency in expressing complex, inter-
connected queries makes it a compelling alternative
to SQL for knowledge graphs (and other domains).
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2.3 Text2Cypher Task

The Text2Cypher task translates natural language
queries into Cypher queries (see Figure 1). Large
language models (LLMs) can handle this with
zero- or few-shot prompts, which have shown
promise but are still imperfect (Chen et al., 2021).
Fine-tuning LLMs offers a more robust alterna-
tive, though it is limited by the scarcity of relevant
datasets and high computational costs (Ni et al.,
2023). Some research has focused on creating
datasets for Text2Cypher, while others have con-
centrated on model benchmarking and fine-tuning
for this task.

Some dataset preparation efforts for
Text2Cypher involve translating existing datasets
from other query languages, while others focus
on creating dedicated datasets. Examples of
translations include S2CTrans (Zhao et al., 2023a),
which converts SPARQL queries into Cypher
in order to handle complex graph queries, and
CySpider (Zhao et al., 2023b) and Rel2Graph
(Zhao et al., 2023c), which map SQL queries
to Cypher and create parallel corpora of natural
language-to-Cypher pairs. Specific Text2Cypher
datasets include Neo4jLabs datasets (Neo4jLabs,
2024), which are generated via LLMs and their
crowd-sourcing tool (Bratanic, 2024c). Opitz and
Hochgeschwender (Opitz and Hochgeschwender,
2022) and SyntheT2C (Zhong et al., 2024) used
synthetic methods to generate Cypher query data.
While several efforts have been made to create
datasets for the Text2Cypher task, these datasets
are often developed independently. In this work,
we aim to compile a well-structured Text2Cypher
dataset by combining and structuring instances
from publicly available sources.

Some research has focused on benchmarking and
fine-tuning models for the Text2Cypher task: Au-
thors from Neo4j (Bratani¢, 2024a) released fine-
tuned models based on their datasets, using LLMs
like LLama and Codestral. GPT4Graph (Guo
etal., 2023) evaluated LLMs on graph tasks, includ-
ing Cypher query generation, using the MetaQA
(Zhang et al., 2018) dataset and testing InstructGPT-
3 (Ouyang et al., 2022) in zero- and one-shot set-
tings. TopoChat (Xu et al., 2024) developed a ma-
terial sciences dataset, using prompts to generate
Cypher queries with foundational LL.Ms. Baraki
et al. (Baraki, 2024) leveraged Neo4jLabs’ crowd-
sourced and synthetic datasets to fine-tune models,
using the crowd-sourced set for evaluation. Tran-

Table 1: Data fields

Field name Description
question Textual question
schema The database schema
cypher Output cypher query

data_source Alias of the dataset source
database_reference Alias of the database
instance_id Incremental index

sKGQA (Chong et al., 2024) extracted informa-
tion from knowledge graphs, using the ‘sentence-
transformers/all-MiniLM-L12-v2’ model to gen-
erate Cypher queries. Although these works have
provided fine-tuned models, the number of models
used was limited. In our work, after constructing a
larger and more organized dataset, we benchmark
and fine-tune a wider range of baseline LLMs.

3 Dataset Construction

While several Text2Cypher datasets exist, many
are prepared separately, making them hard to use
together. In this work we bring instances from
publicly available datasets together, clean and or-
ganize them for smoother use. For this purpose,
we executed three main steps: (i) Identification and
collection of publicly available datasets, (ii) Com-
bining and cleaning the data, and (iii) Creating the
training and test splits.

3.1 Identification and collection of publicly
available datasets

As the initial step, we identified the datasets which
are already publicly available. We have identified
25 different resources from (i) Neo4j resources (in-
cluding Neo4jLabs) (ii) HuggingFace (HF) datasets
and (iii) Academic papers. Out of these resources,
we were able to utilize 16 of those datasets, as they
met our criteria of including natural language ques-
tion and Cypher query pairs, as well as database
schema information, along with appropriate licens-
ing and accessibility.

3.2 Combining and cleaning the data

After identifying the input datasets, we standard-
ized them into a single format. Each row was re-
formatted to include fields ["question", "schema",
"cypher", "data_source", "database_reference", "in-
stance_id"], as described in Table 1. One of the
fields, namely "database_reference", requires par-

ticular attention. In some cases within the com-
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bined dataset, database access is available where
the reference or the generated Cypher queries
can be executed. Further details about these
databases can be found at the page of Neo4jLabs-
Crowdsourcing Initiative (Bratanic¢, 2024c). The
combined dataset is further cleaned in two steps:

¢ Manual checks and updates: This step aims
to produce more reliable and error-free out-
put data. Queries are manually reviewed, and
errors are corrected through straightforward
removals or updates: (i) Updating Cypher
queries, such as removing unwanted char-
acters (e.g., back-tick) (ii) Removing irrele-
vant questions (e.g., "Lorem ipsum ... ") (iii)
Deduplicating rows based on the ["question",
"cypher"] pairs.

* Syntax validation: Each Cypher query is
checked for syntax errors by running 'EX-
PLAIN" clauses in a local Neo4j database.
Queries that trigger syntax errors are iden-
tified and removed from the combined dataset.
Additionally, the queries are de-duplicated.

3.3 Creating the training and test splits

Having the cleaned dataset, the final step is to pre-
pare the training and test splits. We have identified
3 groups of datasets: (i) Train-specific datasets:
Files with "train" in the name, used for training. (ii)
Test-specific datasets: Files with "test" or "dev"
in the name, used for testing. (iii) Remaining
datasets: Files with no specified use. We assigned
Train-specific datasets to the training split and Test-
specific datasets to the test split. The remaining
datasets were split 90:10 for training and testing,
respectively. Each split was shuffled to prevent
over-fitting from sequence or repetitive questions.

The data preparation resulted in 44,387 in-
stances, with 39, 554 instances in the training split
and 4, 833 instances in the test split. The train and
test splits contain ~89% and ~11% of the overall
data, respectively. Their distribution across data
sources is similar, as shown in Figure 2. As ex-
plained previously, not every instance in the train-
ing and test sets has database access, as indicated
by the "database_reference" field. Analyzing the
distribution of instances with database access re-
veals that the training set contains 22,093 such
instances (55.85% of the total), while the test set
has 2,471 instances (51.12% of the total). These
instances are later used in the experimentation with
an additional evaluation procedure.

neodjLabs_functional_cypher

neoajLabs_synthetic_claudeopus
Train split
(89.1%)

neo4jLabs_synthetic_gemini

39554
instances

other

neodj_text2cypher2023_train
neodj_crowdsourced

neodjLabs_synthetic_gptdo
neodjLabs_synthetic_gpt4turbo

neodjLabs_synthetic_claudeopus neodjLabs_functional_cypher

neodjLabs_synthetic_gemini

Test split
(10.9%)

4833
instances

neodjLabs_synthetic tdo
Labssy 9P neodj_text2cypher2023_test

neodj_crowdsourced
neodjLabs_synthetic_gptaturbo

Figure 2: Data distribution: The train and test splits con-
tain ~89% and ~11% of the overall data, respectively.

4 Model Evaluation and Benchmarking

After constructing a larger and more organized
dataset, this section presents the benchmarking re-
sults.

4.1 Evaluation metrics

Text2Cypher is a type of text-to-text generation
task, where natural language questions are trans-
lated into Cypher queries. Therefore, evaluation
metrics commonly used in other text-to-text tasks,
such as machine translation and summarization,
can also be applied to this task. Using Hugging-
Face Evaluate library (HuggingFace, 2024), we
computed: (i) Text2Text comparison metrics, such
as ROUGE, BLEU, METEOR (ii) Embedding sim-
ilarity metrics, such as BERTScore, FrugalScore
(>iii) Text similarity metrics, such as Cosine and
Jaro-Winkler similarity, and (iv) Exact Match score.
Although we calculated all these metrics, we pri-
marily use Google-BLEU and Exact Match scores
throughout the paper.

4.2 Experimental Setup

For benchmarking the models, we used the test
split of the larger dataset introduced in Section 3.
Closed models were evaluated through APIs pro-
vided by the respective companies. For the other
models, which are openly accessible via Hugging-
Face (HF), we utilized HF interfaces. To access
GPUs for evaluation, we employed RunPod (Run-
Pod, 2024) environments. Where relevant, we fol-
lowed the instructions outlined in Table 3, which
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Table 2: Models used for benchmarking

Type Name Base model
HF hf_ft_lakkeo_stable_cypher_instruct3B Stability Al/Stable-code-instruct-3b
HF hf_ft_tomasonjo_text2cypher Meta/Llama-3-8b-Instruct
HF hf_ft_neo4j_text2cypher_23_codellama Meta/CodelLlamal3B
OpenAl openai_ft_neo4j_text2cypher_23_gpt3_5 OpenAl/GPT3.5
HF hf_foundational_meta_llama3_1_8B_instruct Meta/LLama-3.1-8B-instruct
HF hf_foundational_codelLlama_7B_instruct_hf  Meta/CodelLLama-7B-instruct
HF hf_foundational_gemma2_9B_it Google/Gemma-2-9B-it
HF hf_foundational_codegemma_7B_it Google/CodeGemma-7B-it
OpenAl openai_gpt3_5 OpenAl/GPT-3.5
OpenAl openai_gpt4_o OpenAl/GPT-40
OpenAl openai_gpt4_o_mini OpenAl/GPT-40-mini
Vertex Al gemini-1.0-pro-002 Google/Gemini-1.0-Pro
GoogleAIStudio  gemini-1.5-flash-001 Google/Gemini-1.5-Flash
GoogleAIStudio  gemini-1.5-pro-001 Google/Gemini-1.5-Pro
Table 3: Instructions used + Execution-based evaluation: The generated
- and reference Cypher queries are executed on
Type Instruction prompt the target databases, and their outputs are col-
System  Task: Generate Cypher statemer.lt to lected. The collected execution results are con-
Instruct. - query a graph de‘ltabase. .Instrl.lcuons: verted into string representations (ordered lexi-
Use only the provided relationship types . .
.. cographically for consistency). The same eval-
and properties in the' SChf,:ma' Do uation metrics used in the translation-based
not use any other relationship types or . .
. . - evaluation are then applied to these outputs.
properties that are not provided in the
schema. Do not include any explana- 4.3 Benchmarking results
tions or apologies in your responses. For benchmarking, we aimed to evaluate not only
Do not respond to any questions that  paseline LLMs but also previously fine-tuned mod-
might ask anything else than for youto  ¢]s specifically tailored for the Text2Cypher task.
construct a Cypher statement. Do not  The list of models used for benchmarking pur-
include any text except the generated  poge are listed in Table 2. In the table, first group
Cypher statement. includes the fine-tuned models, second group in-
User Generate Cypher statement to query a  cludes the open-weighted models and the last group
Instruct. graph database. Use only the provided includes the closed models.

relationship types and properties in the
schema.

Schema: {schema}

Question: {question}

Cypher output:

were inspired from tips provided by authors from
Neo4;j (Bratanic¢, 2024b).

We defined two types of evaluation procedures:

* Translation-based evaluation: The gener-
ated Cypher queries are compared with the
reference Cypher queries based solely on the
textual content. The evaluation metrics used
for this comparison are detailed in Section 4.1.

Figure 3 presents the performance comparison
of the selected models on the test split. The figure
presents Google-BLEU score for translation-based
and Exact Match score for execution-based eval-
uation. Among the previously fine-tuned models,
i.e., with different data, HF/tomasonjo_text2cypher
performed best, but this may be misleading as
it had encountered 14.4% of the test data dur-
ing training. Among the open-weighted mod-
els, Google/Gemma-2-9B-it is the best perform-
ing model. Contrary to expectations, the code-
focused models (e.g., CodeGemma) did not out-
perform the baseline models. This may be at-
tributed to the fact that Cypher queries are rela-
tively closer to natural language, reducing the ad-
vantage of code-specific models. Among closed-
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Figure 3: Performance comparison of the baseline and finetuned models. Presents Google-BLEU score for

translation-based and Exact Match score for execution-based evaluation.

foundational models, the best performing mod-
els are OpenAl/GPT40, OpenAl/GPT40-mini, and
Google/Gemini-1.5-Pro-001 led in performance,
with larger models outperforming smaller ones.

Overall, closed foundational models like GPT
and Gemini achieved the best performance, though
at higher costs. Fine-tuned models improved base-
line open-weighted models. In the next section,
we explore the process of fine-tuning models and
evaluating them using the new dataset introduced
in Section 3.

5 Model Finetuning and Evaluation

Based on the findings of benchmarking, presented
in Section 4, we selected six baseline models for
our subsequent steps, presented in Table 4. In the ta-
ble, first group includes the open-weighted models,
while the second group includes the closed models.
Although some models, such as Google/Gemini-
1.5-Pro, demonstrated better performance in the
benchmark results, they were unavailable for fine-
tuning at the time of this analysis and are therefore
not included in this work.

Table 4: Models used for fine-tuning

Type Base model

HF Meta/LLLama-3.1-8B-instruct
HF Google/Gemma-2-9B-it
OpenAl OpenAl/GPT-40

OpenAl OpenAl/GPT-40-mini
VertexAl Google/Gemini-1.0-Pro

GoogleAlIStudio  Google/Gemini-1.5-Flash

5.1 Experimental setup

For the finetuning process, we used the training
split of the larger dataset introduced in Section
3. The closed models were trained through APIs
provided by their respective companies, while the
other models were finetuned using HuggingFace
(HF) or Unsloth (Unsloth, 2024) interfaces on GPU
machines hosted in RunPod (RunPod, 2024) envi-
ronments. The evaluation procedures and metrics
were identical to those used in benchmarking sec-
tion, Section 4. The instructions remained con-
sistent with those outlined in Table 3. We used
Google-BLEU score for translation-based and Ex-
act Match score for execution-based evaluation.
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Table 5: The improvements of the fine-tuned models
over the baseline models

Baseline model AGoogle AExact
BLEU Match

HF/LLama3.1-8B-it ~0.14 ~0.11

HF/Gemma2-9B-it ~0.13 ~0.07

VertexAl/Gemini-1.0- ~0.34 ~0.11

Pro-002

GoogleAlIStudio/Gemini-~0.27 ~0.09

1.5-Flash-001

OpenAl/Gpt-40-mini  ~0.20 ~0.06

OpenAl/Gpt-4o ~0.18 ~0.01

5.2 Finetuning results

The evaluation results for all models, including
those previously benchmarked, are shown in Fig-
ure 3. The last group in the figure highlights
the fine-tuned models trained on the dataset in-
troduced in Section 3. For easier comparison,
red shapes are used to link each fine-tuned model
with its corresponding baseline version. The fig-
ure shows that all fine-tuned models achieve better
results than their baseline models. The best re-
sults are obtained by the Finetuned-OpenAl/Gpt4o,
Finetuned-OpenAl/Gpt4o-mini and Finetuned-
GoogleAlIStudio/Gemini-1.5-Flash-001 models.

The improvements in the fine-tuned models over
the baseline models are presented in Table 5. The
enhancements for models that have already per-
formed well are relatively smaller than others. For
example, OpenAl/Gpt-4 shows an 0.18 increase in
the Google-BLEU score, while Vertex Al/Gemini-
1.0-Pro-002 demonstrates a 0.34 increase. The im-
provements of the finetuned open-weighted models,
i.e. HF/LLama3.1-8B-it and HF/Gemma2-9B-it,
are relatively less pronounced. During fine-tuning
of these models, our goal was to minimize re-
source usage (e.g., cost and memory). As a result,
with better-tuned parameters, we could potentially
achieve even stronger results.

Although all the fine-tuned models showed im-
provements in Google-BLEU and Exact Match
scores, it is important to remain aware of the poten-
tial risks and pitfalls associated with fine-tuning.

6 Conclusion

Databases are essential for data storage, manage-
ment, and retrieval, often accessed through query
languages like Cypher. Recent advancements in
large language models (LLMs) have made it pos-

sible to access databases using natural language
through tasks like Text2Cypher. While LLMs can
be directly used for this task, they often strug-
gle with complex queries, resulting in incomplete
or incorrect Cypher outputs. Fine-tuning LLMs
on specific Text2Cypher datasets offers a more
effective solution. However, publicly available
Text2Cypher datasets are limited and often created
independently, making them difficult to combine
and use effectively. To address this, we combined
and refined several datasets into a unified set of
44,387 instances, with 89% in the training split and
11% in testing. Fine-tuned models trained on this
dataset outperformed baselines, achieving up to a
0.34 increase in Google-BLEU score and a 0.11
increase in Exact Match score. This work high-
lights the importance of dataset and fine-tuning
for Text2Cypher task. Future work will refine the
dataset further, analyze challenging cases, and ex-
plore improvements through prompt engineering
and model optimization.

Limitations

The previous sections demonstrated how fine-tuned
models significantly boost performance. However,
there are several risks and pitfalls that must be
considered.

Even though we de-duplicated the dataset by
["question", "cypher"] pairs, it is still possible to
have instances where the same "question" appears
with different "cypher" outputs. In such cases,
these instances may have been split between the
training and test sets, meaning that fine-tuned mod-
els could have already encountered the same "ques-
tion" during training. However, since these in-
stances have different "cypher" outputs, even if the
fine-tuned models memorize the "cypher" output
for the question, their generated response would be
incorrect. This essentially penalizes the models for
having seen and memorized the question. In the fu-
ture, we plan to clean the test set of such instances,
re-run the evaluation, and assess any performance
differences.

Our dataset is constructed by collecting and com-
bining publicly available datasets, which may in-
clude paraphrased versions of the same questions.
It is known that training on paraphrased examples
of the test set may artificially inflate the perfor-
mance of the fine-tuned model (Yang et al., 2023).
Additionally, both the training and test sets are
drawn from the same data distribution, sampled
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from a larger dataset. If the data distribution shifts,
the results may not hold up in the same way.

Finally, the dataset used was gathered from pub-
licly available sources. Over time, foundational
models may gain access to both the training and
test sets, potentially achieving similar or even better
performance results in the future.
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