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Abstract

Graph databases are powerful tools for representing and querying complex
knowledge structures. Query languages such as ArangoDB’s AQL are challenging
for non-expert users. Leveraging large language models (LLMs) for natural-language
interfaces is an obvious step, but their preparation depends on suitable training cor-
pora that map user questions to executable queries. For AQL, such corpora do not
yet exist. This thesis introduces an approach to automatically generate such training
data. The method combines schema-guided path sampling with LLM verbalization,
ensuring that queries remain executable while questions are expressed in natural lan-
guage. Fine-tuning an instruction-tuned model on the resulting corpus yields robust,
well-formed AQL queries with high execution accuracy. Most remaining discrepan-
cies concern semantic aspects such as collection choice, traversal direction, or operator
selection, whereas syntax remains largely stable. Overall, the results demonstrate that
schema-guided generation with LLM support can provide a faithful and sufficiently
broad dataset, enabling the training of functional question-to-AQL models and offering

a reproducible foundation for future NL2AQL research and system development.
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1 Introduction

Graph databases have gained increasing importance in recent years, as they
allow the representation of complex knowledge structures in terms of nodes and edges
and enable e cient traversals across multiple hops (Rodriguez & Neubauer, 2010).
They form a central foundation for applications in which diverse entities and their
relations must be modeled, such as knowledge management, recommendation systems,
or research infrastructures. In aerospace contexts, for instance, graph databases are
increasingly explored for managing mission knowledge, linking heterogeneous sensor
data, and supporting maintenance work ows (C. Li et al., 2022; Yue et al., 2022).
At the German Aerospace Center (DERjor instance, the multi-model database
ArangoDF is deployed for the management and analysis of large, heterogeneous
knowledge graphs.

Despite these advantages, e ective interaction with graph databases requires
substantial expertise. The ArangoDB Query Language (AQL) is deliberately powerful
and expressive, combining document-style queries with graph traversals and aggre-
gations in a uni ed paradigm. Yet this exibility comes at the cost of complexity.
Mastering AQL requires detailed knowledge of the underlying schema as well as its
traversal semantics. Occasional users must not only learn a new formal language
but also internalize structural details of the data. Even small inaccuracies in oper-
ator choice, edge direction, or attribute naming can render a query invalid. While
experts may cope with these challenges, the learning curve represents a barrier for
non-specialists.

An obvious solution is to allow users to formulate queries directly in natural
language and translate them automatically into AQL (NL2AQL). Current generative
models, however, only partially bridge the gap between natural language input and
correct, executable AQL queries. Even state-of-the-art large language models (LLMSs)
such as ChatGPTfrequently produce incorrect or non-executable queries. While,
to the best of current knowledge, no systematic evaluation exists for AQL, empirical
studies on related languages illustrate the scale of the problem: for text-to-SQL gener-

ation, for example, LLMs have been shown to generate erroneous queries in more than

Ihttps://www.dIr.de
2https://www.arangodb.com/
3https://chat.openai.com
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37-3% of cases (Shen et al., 2025). Crucially, however, languages such as Structured
Query Language (SQL), SPARQL, and Cypher bene t from established benchmarks
and datasets, such as Spider, QALD, and Text2Cypher, which provide a foundation for
training, systematic evaluation, and iterative improvement. For AQL, by contrast, no
such public corpus currently exists. This lack of data constitutes a central obstacle for
NL2AQL research.

This thesis proposes a structure-oriented approach for the automatic generation
of training corpora for natural language to AQL models, with the aim of establishing
a foundation for systematic training, evaluation, and future benchmarking. At its core
lies the concept adtructural retrieval Instead of deriving query candidates primarily
from textual similarity, generation is guided by the explicit graph schema, including
node and edge types, directions, and operator value compatibilities. This ensures
that resulting question-query pairs are executable, even in the presence of multi-hop
patterns, lters, and aggregations, while reducing hallucinations and schema drift.
Complementary to this, controlled data augmentation is employed. Questions are rst
generated in precise, veri able forms and subsequently transformed into more natural
paraphrases. This increases linguistic variety without altering operator semantics or
literal values.

Within this context, the thesis investigates the following research questions:

Research Questions

" RQ1: Isschema-guided path sampling with LLM verbalization a su cient and

faithful procedure to build a high-quality question-to-AQL corpus?

" RQ2: s the resulting corpus adequate to train a functional question-to-AQL
model that achieves high execution accuracy and remains stable under mild

distribution shift?

By addressing these questions, the thesis contributes both a methodology for cor-
pus construction and a practical resource, thereby advancing NL2AQL in the broader

eld of natural language interfaces to property graph databases.
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2 Theoretical Background

This chapter provides the theoretical and technical background for the thesis. It
introduces fundamental concepts of graph data modeling and querying, reviews rele-
vant deep learning methods for text-to-query tasks, and discusses prompt engineering
strategies that shape model behavior during inference. Together, these foundations

support the design and evaluation of the proposed approach.

2.1 Graph Data Model

Graph-based data models o er a natural way to represent complex, intercon-
nected data. They are especially relevant in application areas where relationships
between entities are as important as the entities themselves. This section introduces
the core principles of graph-based modeling, explains how graphs represent both data
and relationships as rst-class elements, and contrasts these models with traditional

relational approaches.

2.1.1 Graph Databases vs. Relational Databases

Relational database management systems (RDBMS) organize data in tabular
structures, relying on foreign keys and query operations to facilitate the reconstruc-
tion of relationships between entities. Although e ective for many application sce-
narios, this approach exhibits signi cant performance limitations, particularly when
reconstructing complex or unknown-length relationship paths (Rodrigues et al., 2023;
Vicknair et al., 2010).

An illustrative example of this limitation can be seen in social network analysis,
speci cally when identifying connection paths between two individuals. In relational
systems, queries involving paths of unknown length typically necessitate multiple
guery operations or recursive SQL queries. Such operations become computationally
expensive and ine cient as the number of required operations increases, resulting in
substantial performance degradation (Gai et al., 2014).

In contrast, graph databases organize data as interconnected networks of nodes
(entities) and edges (relationships), and treat relationships as integral and equivalent
elements of their data model. The explicit storage of entities and relationships allows

graph databases to traverse connections directly, eliminating the need for computa-
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tionally intensive query operations at runtime. Therefore, queries involving multi-hop
relationships or path searches can typically be resolved via straightforward graph
traversal operations without prior knowledge of the exact path length. Graph databases
further enhance query e ciency through a concept known as index-free adjacency,
wherein each node directly references adjacent nodes. This signi cantly reduces or
even eliminates the need for complex query operations during data traversal (Fernandes
& Bernardino, 2018).

These characteristics make graph databases particularly suited to scenarios in-
volving highly interconnected datasets, and queries predominantly focus on relation-
ship traversal. In particular, graph databases maintain more stable query performance
as path length increases for traversal-centric workloads, o ering substantial advantages
in handling relationally intensive queries (Fernandes & Bernardino, 2018; Vicknair
et al., 2010).

This structural di erence has been examined in several comparative studies.
Relational data models are designed to handle discrete data entities and reconstruct
relationships at query time, typically through query operations. Graph data models, in
contrast, store relationships explicitly within their structure, enabling e cient traversal
of complex or multi-hop relationships. As demonstrated in multiple studies, this
structural di erence can yield signi cant performance bene ts for relationship-centric

queries (Fernandes & Bernardino, 2018; Gai et al., 2014; Vicknair et al., 2010).

2.1.2 Graph Model Overview
Modern graph databases commonly implementgraperty graph modela
exible and expressive data model designed to represent complex, many-to-many
relationships. In this model, nodes represent entities and edges denote directed re-
lationships between them. A de ning feature of property graphs is that both nodes
and edges can hold arbitrary pairs of key-value pairs, allowing rich and descriptive
representations of entities and their interconnections (Angles & Gutierrez, 2008).
Unlike relational models, which typically require decomposing entities and their
relationships across multiple tables using foreign keys, property graphs o er a schema-
less or schema-optional approach. This structural exibility allows the modeling of

heterogeneous and evolving data without prede ned schema constraints (Angles &
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Figure 2.1: Simple property graph: Entities (nodes) and typed, directed relationships
(edges). Source: ArangoDB documentation (ArangoDB GmbH, 2024a).

Gutierrez, 2008).

In addition, nodes are often annotated with one or more labels indicating their
roles (e.g. Person, Product) and edges carry typed relationships (elgought,
isFriendOf ) to encode semantic meaning. This makes the model intuitively aligned
with real-world networks, where both entities and relationships are equally central.
The index-free adjacency characteristic of property graphs improves performance
even further. Each node maintains direct references to its neighboring nodes, thus
avoiding costly query evaluations that are commonplace in relational systems during
traversal operations (Fernandes & Bernardino, 2018; Robinson et al., 2015). When
used in conjunction with graph-speci ¢ query languages such as Cypher or AQL, which
formulate declarative graph queries, Cypher via pattern matching and AQL via explicit
traversal directives, property graphs facilitate e cient querying of both topology and
attributes (Paul et al., 2019).

In the graph illustrated in Figure 2.1, the entMary is connected to two other
entities: Bookvia abought relationship, andohn via anisFriendOf relationship.

Each of these relationships is modeled as a directed, semantically typed edge. This
example illustrates how property graphs natively represent both entities and their re-
lationships as rst-class data elements. Rather than relying on multiple joins across
relational tables, a graph database can e ciently traverse these edges directly. For
example, retrieving all items Mary has purchased, or identifying her friends, can be
achieved through simple graph traversals without prior knowledge of path structure

or depth. This structural and semantic alignment with real-world data patterns makes
property graphs particularly suitable for domains such as social networks, recommen-

dation engines, or contextual knowledge graphs (Fernandes & Bernardino, 2018; Paul
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et al., 2019; Robinson et al., 2015).

2.1.3 Graph Traversal

The termgraph traversalrefers to systematic strategies for navigating through
the nodes and edges of a graph. Traversal methods are fundamental for tasks such
as connectivity analysis, path search, data extraction, and synthetic data generation
(Anglesetal., 2017; Bojchevski et al., 2018; Gjoka et al., 2011; Robinson et al., 2015).

" Depth-First Search (DFS)explores a graph by following a path as deep as
possible before backtracking. This makes it particularly well suited for searching
for deeply nested structures, detecting cycles, and more generally topology-
sensitive analyses, for example in directed acyclic graphs (Cormen et al., 2009;

Tarjan, 1972).

Breadth-First Search (BFS)explores a graph layer by layer, visiting all neigh-
bors of the current frontier before expanding outward. It is the standard choice
for computing the shortest paths in unweighted graphs and for e ciently analyz-
ing local neighborhoods and distance distributions (Cormen et al., 2009; Lee,
1961).

Random Walks are stochastic graph-traversal processes that view a graph as a
Markov chain over its nodes. Starting from a seed node, the next node is sampled
(typically uniformly) from its neighbors, and the procedure is repeated, yielding a
sequence of nodes (the walk). The distribution of visited nodes mirrors structural
properties such as node degrees, communities, and bottlenecks, making random
walks a practical tool to collect diverse, representative path samples from large
graphs (Gjoka et al., 2011; Grover & Leskovec, 2016; Lee, 1961).

2.1.4 ArangoDB as a Multimodal Graph Database

ArangoDB is a native multimodal database designed from its inception in 2011
to support graph, document, and key-value data models within a single, cohesive
engine. This uni ed core enables all models, including graph structures and JSON
documents, to be queried using the same language, the ArangoDB Query Language

(AQL). Multi-model systems such as ArangoDB facilitate uni ed data handling and
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cross-model queries, eliminating the need for separate engines or context switching
(ArangoDB GmbH, 2024b; Lu & Holubova, 2020).

AQL enables the seamless combination of graph traversals with document |-
tering or aggregation, allowing complex queries to be performed in one step. For
example, a query could traverse a graph of research papers to identify the collaborators
of a given scientist, while also Itering by publication year or venue, all in a single exe-
cution. This feature is particularly useful in question-to-AQL scenarios, where natural
language questions often cover both relational and attribute-based data (Q. Guo et al.,
2024).

ArangoDB is a multi-model database that incorporates full-text search and rele-
vance scoring, enabling declarative information retrieval via the AQL query language.
AQL supports structural and content-based conditions, as well as the combination of
heterogeneous queries such as graph traversals with document-based Iters. This is
made possible by the close integration of graph and document data within a uni ed
guery engine (ArangoDB GmbH, 2024b).

Additionally, it has built-in clustering features for horizontal scaling. These in-
clude sharding and SmartGraphs, which partition large graphs e ciently while main-
taining consistent traversal performance across distributed nodes. This architecture is
therefore ideal for use with large, dynamic datasets (Fernandes & Bernardino, 2018).

Comparative studies emphasize the exibility and scalability of ArangoDB over
single-model graph systems, particularly in complex data management scenarios (Fer-
nandes & Bernardino, 2018; Lu & Holubova, 2020).

2.2 Graph Query Languages

The process of querying graph-structured data requires the use of specialized
guery languages that are designed to operate e ectively with the distinctive topology of
graph models. In contrast to conventional SQL, these languages have been optimized
for the direct expression of multi-hop traversals and structural patterns. This section
introduces two widely used graph query languages, Cypher and AQL, and compares

their approaches to querying property graphs and handling heterogeneous data.
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2.2.1 Cypher

Cypher is Neo4j's declarative graph query language, developed speci cally
for property graph databases (Angles et al., 2017; Robinson et al., 2015). It was
later transformed into an open standaopénCypher with implementations across
multiple systems. Cypher's design was in uenced by SQL, with the objective of
occupying a similar environmental space, but for graph data (Francis et al., 2018).
Unlike SQL, where relationships are reconstructed via joins over normalized tables,
Cypher expresses query logic through graph patterns. The user sketches a pattern
of nodes and relationships to match, and the engine nds all subgraphs that t that
template. These patterns are written in a visual ASCII art style that is similar to graph
drawings (Robinson et al., 2015).

For example, one can query for people and movies with a pattern like
(p:Person)-[:ACTED_IN]->(m:Movie) to retrieve allMovie nodes connected by
anACTED_IXelationship from &erson node.

TheMATCEtlause binds graph elements on the speci ed pattern, ariEAF@&JRN
clause de nes the output (e.gn.title ). This pattern-oriented approach results in
concise and human-readable queries, often shorter and more intuitive than equivalent
SQL statements involving multipl@OINs (Sasaki, 2016). The declarative nature of
the query means that the information descriwd@tshould be retrieved (i.e. the shape
of the subgraph) rather th&mowto perform the traversal. The underlying database op-
timizer determines an e cient execution strategy. Cypher is a programming language
that facilitates the representation of complex graph traversals, including variable-length
paths, in a manner similar to drawing connections on a whiteboard (Francis et al., 2018;
Sasaki, 2016). In addition to fundamental pattern matching, Cypher supports ltering
with WHERHauses, aggregation, and graph updates (EREAT&NdDELETElauses)
as part of its query language. The use of Cypher has expanded beyond the scope of
Neod4j, with the advent adpenCyphein 2015. This initiative facilitated the adoption
of Cypher by multiple vendors, establishing it as a prevalent graph query language
comparable to SQL within the industry. The e orts to standardize have enabled the
utilization of Cypher and related query languages in systems such as SAP HANA,
Graph, RediGraph, PostgreSQL, and others (Francis et al., 2018). Such developments

leverage Cypher's declarative core while providing practical features for graph analy-
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sis. In general, Cypher has become a powerful tool for querying graph databases. This
can be attributed to the fact that it utilizes a readable, pattern-oriented approach and a
growing ecosystem. Consequently, even complex multi-hop queries can be expressed

in a relatively intuitive form (Francis et al., 2018; Sasaki, 2016).

2.2.2 ArangoDB Query Language

AQL is a declarative query language for ArangoDB's native multi-model en-
gine. Unlike pattern-matching languages such as Cypher, AQL speci es traversals
explicitly: direction viaOUTBOUNIBOUNBNY variable depths (e.g2..4 ), and
bindingsv, e, p for nodes, edges, and paths. Its JSON-cemO&KRFILTER RETURN
paradigm integrates traversals with document queries, J@ilks across collections,
andCOLLEChased aggregation in a single statement, enabling mixed structural and
attribute conditions without context switches. This a ords concise formulations of
neighborhood exploration, subgraph extraction, and shortest-path tasks within one
language (ArangoDB GmbH, 2024b; Q. Guo et al., 2024).

For example, the following query iterates nodeseachable in exactly 2 hops
OUTBOUNDfrom "Cities/Berlin" in the grapH'Flights"

FOR v, e, p IN 2.2 OUTBOUND "Cities/Berlin"
GRAPH "Flights"
RETURN v

TheOUTBOUK&word and numeric range.2 specify traversal direction and
depth, while variables, e, andp bind the current node, edge, and full path, enabling
concise neighborhood exploration, BFS/DFS-style traversals, and shortest paths within
AQL's JSON-oriented syntax (Q. Guo et al., 2024).

From a language-design perspective, AQL o ers SQL-like expressiveness for
projection, selection, joins, aggregation, and subqueries, while adding native traversal

directives for graphs and array operations for JSON (Fernandes & Bernardino, 2018).

2.3 Deep-Learning Fundamentals
Modern natural language query generation relies heavily on deep learning mod-
els, especially LLMs. It is essential to understand the core components of these

models. This section provides an overview of the Transformer architecture (and its
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self-attention mechanism), subword tokenization methods, training paradigms (pre-
training, ne-tuning, and parameter-e cient tuning such as LoRA), and recent ad-
vances in instruction-tuning and in-context learning. Each of these fundamentals has

driven improvements in translating natural language questions to structured queries.

2.3.1 Transformer Architecture and Self-Attention

The Transformer architecture, introduced by Vaswani et al., 2017, represents
a paradigm shift in sequence modeling. By replacing recurrent and convolutional
operations with an attention mechanism, this innovative architecture has transformed
the eld.

Figure 2.2: The gure shows the classic encoder-decoder structure with multi-head
self-attention, masked attention, feed-forward layers, and position encodings (Vaswani
etal., 2017).

The Transformer architecture illustrated in Figure 2.2 is typically composed of
an encoder (a stack of self-attention and feed-forward layers that process the input
sequence) and a decoder (which uses self-attention on the output sequence so far, plus
encoder decoder attention to attend to encoder outputs). The design is characterized
by its high degree of parallelizability and its e ectiveness in capturing long-range

dependencies.

10
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In contrast to recurrent neural networks (RNNs), which process tokens sequen-
tially, transformers process the entire input sequence in parallel. This is achieved by
the implementation of self-attention layers, which facilitate the processing of informa-
tion within a sequence, enabling each position to attend to all other positions in the
encoder. In a self-attention layer, the model calculates a relevance value for each token
pair, determining how strongly one token contributes to the representation of another.
In the context of the given set of query vect&rskey vectors and value vectors
(which correspond to the projections of the input or lower-layer representations), the
scaled dot-product attention is de ned as follows:

& T
Attentiont&— —+° = softmax -p3: + (1)

The dimension of the keys, denoted By, is used to scale the dot product
(Vaswani et al., 2017). This operation produces a weighted sum of the value vectors,
with weights determining how much each context token should in uence the token
at hand. The softmax function in the formula ensures that the attention weights on
a token's keys sum to one. This mechanism enables the model to focus on the most
relevant parts of the input when constructing each token's representation. Transformers
use multiple such attention mechanisms in parallel, a concept knowrukishead
attention Each head learns to focus on di erent aspects or dependencies in the input
sequence, and their outputs are concatenated and linearly transformed. This allows
the model to jointly attend to diverse representation subspaces at di erent positions
(Vaswani et al., 2017). The number of attention heads determines the model's ability
to represent di erent linguistic patterns in parallel. While a single head may be limited
in scope, multiple heads allow for specialization in di erent types of syntactic or

semantic relationships.

11



Theoretical Background Marius Bernahrndt

Figure 2.3: Visualization of the self-attention mechanism focusing on long-distance
dependencies in the encoder. The attention heads shown attend to the word making
and complete the phrase making ... more di cult. Colors represent distinct heads.
Originally from Vaswani et al. (2017), reproduced via Thapa (2022).

As illustrated in Figure 2.3, this mechanism is demonstrated in action by multiple
attention heads. These heads attend to semantically or syntactically relevant tokens
from the perspective of the word "making”. This illustrates the model's ability to cap-
ture long-distance dependencies. In summary, a Transformer can model relationships

between words regardless of their distance in the sentence (Vaswani et al., 2017).

2.3.2 Tokenization and Embedding Layers

Tokenization isthe process of dividing textual input into smaller units, caitdans

that can be processed by neural networks. Purely word-level tokenization yields very
large vocabularies and su ers from out-of-vocabulary issues. Contemporary systems
therefore emplogubwordsegmentation methods such as Byte-Pair Encoding (BPE),
WordPiece, or the Unigram language model from SentencePiece, which keep frequent
words intact while decomposing rare ones into reusable subunits. This strategy reduces
the size of the vocabulary and allows the composition of unseen words from known
parts (Kudo & Richardson, 2018; Sennrich et al., 2016).

Embedding layers are responsible for mapping each token ID to a dense vector in a
continuous space using a learned embedding matrix. In this space, semantic similar-
ity correlates with geometric proximity, commonly measured with cosine similarity.

Earlier approaches like Word2Vec and GloVe genestdécembeddings, where each
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word has a xed vector regardless odntext(Mikolov et al., 2013; Pennington et al.,
2014). In contrast, transformer-based language models gugitkxtualembeddings,

where a token's representation depends on its surrounding sequence. This enables
disambiguation (e.g., distinguishirankas a riverside vs. nancial institution) and
supports more nuanced semantic understanding (Devlin et al., 2019; Peters et al., 2018;

Vaswani et al., 2017).

2.3.3 Pre-Training, Fine-Tuning, and Parameter-E cient Tuning

Large language models are initially trained on massive, unlabeled text corpora
with general self-supervised objectives such as next-token prediction or masked lan-
guage modeling. During this phase, the model acquires grammar, world knowledge,
and general statistics of language (Brown et al., 2020; Devlin et al., 2019; Ra el et al.,
2020).

After pre-training, the model is adapted to a speci c target task through super-
vised ne-tuning, e.g., the generation of structured queries from natural language input.
This typically optimizes all parameters end-to-end on a comparatively small, labeled
dataset that encodes domain- and task-speci c information, thereby transferring the
general representations learned during pre-training to the concrete application (Brown
et al., 2020; Devlin et al., 2019; Ra el et al., 2020).

Full ne-tuning of LLMs is computationally and memory intensive. Parameter-

e cient ne-tuning (PEFT) methods such as Low-Rank Adaptation (LoRA) address
this by freezing the pre-trained weights and learning only a small number of additional
parameters (Hu et al., 2022). Concretely, lef 2 R® * denote a frozen pre-trained
weight matrix. LoRA introduces two trainable low-rank matrices2 R*‘ and

2 R® Awith A min'3- © and parameterizes the update as

, = [ (2)
The forward pass changes from
=, oG (3)
to
= 17 0 5 ° G_ (4)

13



Theoretical Background Marius Bernahrndt

while only and are trained. This drastically reduces the number of trainable
parameters and the optimizer state, with little to no loss in downstream quality, typically
by inserting low-rank adapters into the attention projection matricgs, . —, g—, >

(Hu et al., 2022).

QLoRAextends this idea by quantizing the frozen base model to 4-bit precision
and training the LORA adapters in higher precision on top. This enables e cient
ne-tuning of models with 7 13B parameters on a single GPU, while matching or
exceeding the performance of full 16-bit ne-tuning on many benchmarks (Dettmers
etal., 2023). In practice, PEFT/QLoRA delivers substantial memory savings and faster
training by updating only a few million parameters, while producing modular adapters

that can be stored, shared, composed across tasks, or merged back into the base model.

2.3.4 Prompt Engineering

Prompt engineering involves carefully designing input texts (prompts) to guide
LLMs toward the desired outputs. E ective prompts specify the task, optionally
provide context or demonstrations, and impose formatting or semantic constraints that
reduce ambiguity. Depending on the prompt design and the provided examples, several

approaches have emerged (P. Liu et al., 2023):

"~ Zero-shot prompting provides only a task description without examples. It
establishes a minimal baseline and is often su cient for simple mappings or
when the model has strong prior exposure. However, it can be unreliable on
complex or ambiguous inputs involving multiple constraints (Brown et al., 2020;
P. Liu et al., 2023).

Role-play prompting is a recent extension of zero-shot methods, where the
model is instructed to take on a speci ¢ expert persona (e.g., You are a database
tutor). This assignment of a role introduces inductive biases that improve
reasoning, structure, and consistency in complex tasks, even without explicit

demonstrations (Kong et al., 2024).

Few-shot prompting o ers a small set of input-output examples to illustrate
the desired mapping. This can improve stylistic and structural consistency

through in-context learning e ects, though performance strongly depends on the

14



Marius Bernahrndt Theoretical Background

selection, diversity, and ordering of examples (Brown et al., 2020).

Chain-of-Thought (CoT) prompting is designed to encourage intermediate
steps in reasoning by explicitly prompting decomposition of complex tasks. This
is especially useful for compositional queries or multi-hop conditions where a

single-step response may be insu cient (Wei et al., 2022).

A

Tool- and retrieval-augmented prompting leverages external components.
LLMs can be guided to call APIs, execute tools, or condition responses on
retrieved context from external sources RAG, reducing hallucinations and im-

proving factual grounding (Lewis et al., 2020; Schick et al., 2023).

In addition to prompt structure, the model's output is shaped by decoding param-
eters such agmperaturewhich controls randomness in token selection, and sampling
strategies likaop-: andtop-?, which restrict candidate tokens by probability. Lower
temperatures yield more deterministic outputs, while higher values increase lexical
diversity (Holtzman et al., 2020).

Carefully constrained prompts using controlled natural language, such as xed
operator vocabularies, quoted literals, and strict surface templates, help ensure se-
mantic precision and reduce drift between input structures and generated output (P.
Liu et al., 2023; Zhang et al., 2023). Although prompt engineering de nes structure
and supervision, decoding strategies such as self-consistency (X. Wang et al., 2023)
and model ne-tuning (Chung et al., 2024; Wei et al., 2022) enhance robustness,

consistency, and generalization.
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3 Related Work

This chapter reviews relevant literature on natural language interfaces for ex-
ecutable queries and on techniques for constructing synthetic datasets. The aim is
to situate the present work within this broader research context. It rst summarizes
the state of the art ifNatural Language to Query (NL2Queryknowledge graph
guestion answering (KGQA), and property graph querying, followed by approaches
for constructing suitable datasets. Finally, the present work is positioned within this

context.

3.1 Natural Language to Query

Research into the translation of natural language into executable database queries
has made great progress, particularly in the area of text-to-SQL. A key driver of this de-
velopment was th8piderbenchmark (Yu et al., 2018), a comprehensive cross-domain
dataset explicitly designed to test generalization to unseen database schemas. Contain-
ing overl0 00Onatural language questions and SQL queries f268databases across
138 domains, without overlap between training and test dagagderhas established
itself as the de facto standard for schema generalization evaluation. This has led to
advances in areas such as schema linking, structure-aware encoding and constrained
decoding.

IRNet (J. Guo et al., 2019) introduced a sketch-based neural parser with pre-
cise schema linking that improves the alignment between linguistic expressions and
structural elements such as tables, columns and relationsRp3-SQL(B. Wang
et al., 2019) built on this by employing a transformer model that jointly encodes ques-
tion tokens and schema elements to enhance transferability across databases. Earlier,
Seqg2SQLZhong et al., 2018) applied reinforcement learning to gradually improve
guery generation through reward-based optimization.

More recent systems combine LLMs with grammar-constrained decoding and
execution guidance to produce syntactically valid and semantically executable SQL
gueries (Yang et al., 2024). Structured inputs, such as explicit schema representations
and accurate tokenization, have proven essential, especially for complex compositional
queries. Nevertheless, the black-box nature of LLMs poses challenges. Ambiguous or

insu ciently speci ed inputs often lead to hallucinations or the generation of invalid
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or incorrect queries (Y. Liu et al., 2023).

In addition to classic text-to-SQL systems, hybrid methods that incorporate
actual database content are gaining traction. For exadART-SQL(Mao et al., 2024)
adopts a data-driven approach in which the questions are rephrased and grounded in
real table values and iteratively re ned through execution-based feedback.

In related domains such as natural language interfaces to knowledge graphs
(KGQA), the focus is on the precise mapping of query terms to entities and represen-
tation of multi-hop constraints over relations, which are crucial for capturing complex
conditions or lters. Despite structural di erences, such systems face many of the
same challenges as SQL-based approaches, namely generalization across domains,
semantic grounding in the underlying schema and the generation of executable queries
(Agarwal et al., 2024; Trivedi et al., 2017).

3.2 Dataset Generation Techniques

Scraped and mined corpora A signi cant portion of NL2Query resources is de-

rived from scraped or mined data, like public knowledge graphs #igidata/DBpe-
dia/Freebasg Web tables, SQL dumps of open databases, and sometimes query logs
or Q&A forums. These sources o er scale and schema diversity at low marginal cost,
but they introduce well-known challenges, like noise and drift (incomplete or outdated
schemas and values), weak alignment between text and executable queries, licens-
ing constraints and potential benchmark leakage, and executability gaps that require

normalization and execution Itering (Furst et al., 2025).

Human-annotated corpora High-quality datasets such as Spider or Knowledge
Graph Question Answering (KGQA) resources are based on expert annotation, usually
by domain experts or via crowdsourcing. This results in precise and richly structured
pairs of natural language and formal queries. However, such datasets are expensive,
di cult to transfer, and prone to obsolescence when schemas change, which increases

the need for synthetic or semi-synthetic generation (C. Wang et al., 2018).

Template- and schema-guided synthesisA common route is to generate structurally
valid queries against a known schema and verbalize them via templates or controlled

paraphrasing. This yields strong coverage of operators, Iter logic, and joins/edges
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without exhaustive language curation. In property-graph settings, prior work has
generated Cypher from templates and then derived questions from patterns, followed

by neural re nement for uency (Mao et al., 2024).

LLM-driven synthetic data and self-re nement  Instruction-tuned LLMs now sup-

port scalable creation, diversi cation, and veri cation of question-query pairs. Tech-
nigues such as self-instruction or reinforcement learning from human feedback (RLHF),
for example ininstructGPT enable language models to be used for automatic para-
phrasing, targeted structural modi cation (e.g., Iters, joins) and generating adversarial
examples. In the eld of NL2Query, LLMs are increasingly supporting tasks such as
consistency checking and linguistic re nement of synthetic data (Y. Liu et al., 2023;

Yang et al., 2024).

3.3 Positioning of this Thesis

Unlike prior work that depends on externally scraped corpora, this thesis follows
a structure- rst paradigm tailored to property graphs and AQL. In contrast to prior
work that relies primarily on textual templates or end-to-end generation, this design
keepsgraph structureandexecutabilityin the driver's seat: the queries originate from
valid paths in the real database, and the language component adapts to that structure.
This reduces schema drift, supports heterogeneous constraints typical for AQL's multi-
model setting, and isolates linguistic variability from structural correctness (Q. Guo
et al., 2024; Opitz & Hochgeschwender, 2022).

" Path synthesis on the actual graph. Paths are constructed directly on the
target database using DFS/random-walk variants. This keeps topology (depth,

directions) and edge collections grounded in reality rather than in templates.

" Schema-informed query construction.Paths are converted to an intermediate
JSON representation and compiled into AQL. Attribute Iters are injected from

observed schemal/value catalogs.

" Tight control over executability. Because queries originate from valid paths in
the database and adhere to collection/edge de nitions, executability is prioritized

over linguistic variety.
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" Role of LLMs. Large models are used to verbalize questions from the structural
patterns, paired with an automatic consistency check, after whichan LLM is ne-
tuned. This limits the risk of hallucinations and decouples linguistic variation

from structural correctness.

In contrast to previous approaches, the contribution of this work is to use the
graph structure itself as the primary source of truth and to generate the natural lan-
guage on this basis. This distinguishes the approach from both purely template-based
pipelines and fully open LLM decodings. Crucial properties such as the traversal
semantics of AQL, for example directions sucitCdldTBOUNRBOUNDBr ANYas well
as the traversal depth, are explicitly retained. AQL-specic properties such as the
combination of graph and document conditions are also taken into account. The aim
is to avoid schema drift, reliably map heterogeneous constraints and enable evaluation
along two clearly separated dimensions: the execution accuracy of the generated AQL

gueries and the semantic delity of the corresponding natural language questions.
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4 Method

This chapter outlines the methodology in two parts. First, the core processing
pipeline (Section 4.2) is described, which transforms raw structural information from
the underlying graph database into a clean and linguistically re ned dataset of question-
query pairs. Each stage produces the input for the next stage, ensuring that the resulting
training data is (i) clean, (ii) linguistic natural, and (iii) structurally consistent and
e cient.

Second, additional analyses and experiments (Section 4.3) are presented to
characterize the dataset and demonstrate its practical utility. These include a descriptive
statistical analysis of the cleaned corpus and a downstream ne-tuning experiment that

uses the dataset to adapt a pre-trained LLM for AQL generation.

4.1 Overview

The pipeline begins witkchema mining and path sampling(Section 4.2.1),
where the database schema is analyzed to extract structural patterns. Path-based
sampling is used to capture representative node and edge con gurations. Various
statistics, such as path length distributions, operator frequencies, and attribute coverage,
are computed to characterize the dataset and guide the subsequent augmentation stage.

In Iteraugmentation (Section 4.2.2), the sampled query skeletons are enriched
with constraints by inserting Iters on node and edge attributes. To increase query
diversity, both Iter density and the types of comparison operators are systematically
varied. This includes operators such as equality, range of comparisons, and substring
matches. The variation follows a probabilistic con guration to ensure that the result-
ing queries remain syntactically valid and structurally consistent with the underlying
schema.

In the next stageAQL linearization and compilation (Section 4.2.3), each
structured query graph is mapped to two forms: an executable AQL statement and
a Cypher-inspired linearization that compactly preserves its structure and lters for
subsequent verbalization.

LLM-based verbalization (Section 4.2.4) converts the linearized structures into
concise natural-language questions while preserving all constraints. Prompting and

post-processing guard against hallucinated schema elements.
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The generated question-query pairs are then subjecteebiidstic veri cation
(Section 4.2.5) to check schema conformance. Queries that do not meet these checks
are agged for review or excluded from the dataset.

In post-hoc relabeling and dataset cleaningSection 4.2.6), systematic errors
are corrected. One major issue addressed in this work concerns temporal lters: a
signi cant proportion of false negatives in date-based constraints could be resolved by
adjusting the handling of timestamp granularity. This targeted correction stage led to
a measurable improvement in the dataset's heuristic validity.

The question simpli cation stage (Section 4.2.7) aims to improve linguistic
naturalness and reduce unnecessary complexity, of the generated questions. Two

approaches are employed:

" An LLM-based rewrite process that merges technical fragments into cohesive,

human-readable questions.

" A rule-based "naturalization” process that replaces technical identi ers with

domain-relevant descriptions and applies grammar normalization.

Finally, data preparation (Section 4.2.8) compacts the schema representation
and constructs the training, test, and veri cation splits for e cient training.

Beyond the pipelinedataset statistics and analysigSection 4.3.1) provide
a quantitative characterization of the cleaned corpus. Distributional statistics and
correlation studies identify structural and linguistic factors a ecting query validity,

o0 ering insights into both coverage and limitations of the dataset. In additioa,

tuning (Section 4.3.2) adapts a pre-trained LLM for AQL generation. Using parameter-
e cient adapters, the model is trained on the question query pairs and evaluated with
text-based similarity metrics and execution accuracy. This experiment demonstrates
the dataset's practical utility for training specialized query generation models.

Overall, the methodology integrates structural analysis, data augmentation, lin-
guistic re nement, and model adaptation into a coherent work ow. This ensures that
the nal model is trained on high-quality, representative, and e cient input, maximiz-
ing both execution correctness and linguistic alignmentin generated queries. Figure 4.1
illustrates this process in a high-level schematic, highlighting the fundamental steps

from graph-grounded query construction to the nal dataset of question AQL pairs.

22



Marius Bernahrndt Method

[ Graph Database }

Y

{ Schema & Path Sampling

- J

Y

{AQL Linearization and Compilation}

Y

LLM-based Verbalization

Y

Final Dataset

- J

Figure 4.1: High-level overview of the question-to-AQL pipeline. The gure abstracts
from implementation details and presents the core transformation steps in a fundamen-
tal visual form. The process begins with schema and path sampling from the graph
database, continuing through AQL linearization and compilation, and concluding with
LLM-based verbalization, which together yield the nal dataset of question AQL
pairs.

4.2 Pipeline Stages
The following stages constitute the core data generation pipeline. Starting from
schema extraction, each stage incrementally augments, veri es, or re nes the data until

a cleaned and compact dataset of question query pairs is obtained.

4.2.1 Schema Mining & Path Sampling

The process begins with the extraction of the structural schema from the un-
derlying property graph. A dedicatedhema_analysis module, samples each node
and edge collection to identify attribute names, their associated data types, and the

relationships between entity types. The resulting structured schema includes:

" node_props andedge_props - mappings from attribute names to type labels,

a list of typed relationshipsigirom) - [ TYPE {}] -> (to) format, and

" a catalog of representative attribute values for later use in Iter generation.
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This representation provides both a compact description of the database structure and
a data based view of available attributes.

An excerpt of a sampled schema is shown in Listing 4.1.
{

"node_props": {
"AbbrvNode": {
" key": "TEXT",
"id™ "TEXT",
" rev": "TEXT",
"long-form": "TEXT",
"abbrv": "TEXT",
"timestamp™: "DATE"
}1
"EntityNode": {
" key": "TEXT",
"id" "TEXT",
" _rev": "TEXT"
-

}1
"edge_props": {
"HasAbbreviation™: {

"_from": "TEXT",
"_to" "TEXT",
"_rev": "TEXT",

"count": "NUMBER",
"timestamp": "DATE"

b
",relationships": [
"from": "TextNode",
"type": "HasAbbreviation",

"to": "AbbrvNode",
"cypher": "(TextNode) -[:HasAbbreviation {}]-> (AbbrvNode)"

]
}

Listing 4.1: Excerpt of a structured schema (sampled from ItisgghtsNet
database).

To collect representative structural patterns, DFS is used in a random-walk mode.
At each expansion step, neighbor lists are shu ed to promote structural diversity. DFS
is preferred over BFS, as it naturally yields longer and more coherent paths and is
better suited to randomization. The starting nodes are randomly selected across all
node collections, with preference for previously unvisited candidates. This ensures
balanced coverage of the graph's entity types from the outset. In line with prior
analyses indicating that real-world graph queries rarely exceed three hops (Sun et al.,
2021; Tang et al., 2023), this work samples each path length with a xed per-depth
budget (Table 5.2). This enforces balanced coverage across path lengths and prevents
deep, infrequent structures from dominating the dataset. The neighbor expansion is

also limited to a xed number of candidates per step. Exact cycles are excluded,
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and a path is only accepted if its schema signature de ned by collection, edge-type
and direction is unique at that depth. A subset of sampled paths is extended into
"OR-variants" by branching at a random position and adding one or two alternative
continuations, provided that these remain unique. Traversal continues until the depth-
speci ¢ budget is met or plateau detection indicates that further sampling is unlikely
to yield new structures. To detect such plateaus, the sampling process monitors the
moving average of newly discovered unique paths over the latrations:
L. ©)
' o=C, 1
where . denotes the number of new unique paths identi ed in iteratianSampling
halts when this average falls at or below a prede ned stopping threshold no
improvement occurs within the stagnation window, the sampler is restarted to escape
local plateaus. This criterion is integrated into the core mechanics of this sampling

logic as follows:

Algorithm 1 Randomized DFS with per-depth budgets and plateau stopping
1: function SAMPLE_PATHS(-34?C B—-1D36#@A 347C):

2. for 34?C2347C B

3: %

4: while j% Y 1D364(4A 34?C and not plateau():
5: BCOACBpick_unvisited_start_nodes()

6: for B 2 BCOACB

7: DFSE—5%0- 3420

8:

9: function DFSE-?0C —34?C —<i4>C):

10 if 34?C=<0G 347C:

11: store_signatur&0C)

12: return

13:  shu e(neighbors®)

14:  for D2 neighborsB):

15: if D8 ?0C:

16: DFSD- ?0C, »D4 34?C, 1-<0G347C)
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This combination of schema analysis, randomized DFS, and plateau-controlled
stopping produces a structurally diverse depth-balanced set of query skeletons, forming
a robust basis for subsequent augmentation and natural language generation. All xed
values for depths, budgets, sampling limits, and stopping thresholds are summarized

in Table 5.2 for reproducibility.

4.2.2 Filter Augmentation

After structural paths have been sampled, attribute-level predicates are attached
to transform them into executable query skeletons. For each node or edge on a path,
candidate attributes are drawn from the schema's value catalog, and operator type
compatibility is enforced. Operators are sampled from type-compatible sets with a per-
path diversity constraint (no repeated semantic group). The implemented groups cover
equality, text matchingnumeric comparisgnanddate comparison Representative
values are taken from the catalog, and attributes without cataloged values are skipped.
A bounded per-structure budget governs the total number of predicates, and multiple
predicates may attach to a single element. Edge predicates are inserted only with
low probability, keeping most constraints on nodes. Validity is maintained by relying
on schema-observed attributes, enforcing operator type compatibility, and avoiding
duplicate attribute value selections.

An illustrative, domain-neutral JSON instance of an augmented path from a
Person node to anOrganization node viaWorksAt in the internaljson_query

format is shown in Listing 4.2. Filters appear undserData.
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{
"nodes™ [
{ "id": "0", "collection": "Person",
"userData": |
{ "attribute": "birthYear", "attributeType": "number",
"operator": { "value": "numeric_larger_than" }, "value": 1980
bl },
{ "attribute™: "country”, "attributeType": "text",
"operator": { "value™: "equals" }, "value": "Germany" }
I}
{ "id": "1", "collection": "Organization”,
"userData™: [
{ "attribute™: "name", "attributeType": "text",
"operator”: { "value": "contains" }, "value": "University" }
I}
1,
"edges”: [
{ "id"™: "0", "source": "0", "target™: "1", "name": "WorksAt",
"userData": |
{ "attribute": "since", "attributeType": "date",
"operator": { "value": "date_larger_or_equal" }, "value"
s+ "2020-01-01" }
I}
]
}

Listing 4.2: Filter augmentation on a sampled path.

4.2.3 AQL Linearization & Compilation

For each ltered path, gaired representation is produced consisting of (i) an
executable AQL statement for database execution, and (ii) a Cypher-like linearization
that serves as a canonical, human-readable input for the LLM-based verbalization
stage (Section 4.2.4).Both forms are generated from the same structured JSON format
(json_query ) that speci es collections, relationships, and optional attribute Iters.

The AQL compilation builds upon components originally developed in Graph
Detective by Opitz et al. (2024). From egshn_query , the compiler (i) materializes
collection-speci ¢ start-node subqueries whddeTERclauses are induced by node
predicates, (i) emits a graph-traversal clause in which edge directions (INBOUND-
/OUTBOUND/ANY) are derived from the graph de nition, and (iii) injects a path-level
Iter that applies node and edge predicates conjunctively per index while combining
alternative path variants disjunctively. Explicit lists of admissible vertex/edge collec-
tions andLIMITs are added, yielding an executable statement. Unlike the original
implementation, which relied on parameter placeholders, this work embeds the actual

Iter values directly into the AQL statements.
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Cypher-like linearization Each structured queryspn_query ) is deterministically
serialized into a compact, Cypher-inspired string representation. This linearization lists
nodes, edges, and all attached Iters in a xed order, preserving the full structural and
semantic content of the query in a concise textual format. It is both stable and human-
readable, and serves as a canonical form for deduplication as well as the primary input
to the subsequent verbalization stage. A representative example, corresponding to the
augmented path in Listing 4.2, is shown in Listing 4.3.

(Person { birthYear numeric_larger_than 1980, country equals " Germany })

-[WorksAt { since date_larger_or_equal ' 2020-01-01' }J->
(Organization { name contains ' University ' })

Listing 4.3: Cypher-like linearization corresponding to Listing 4.2.

AQL compilation The samgson_query is compiled into an executable AQL state-
ment by materializing collection-speci c¢ start-node subqueries, emitting a direction-
aware traversal, and injecting a path-level Iter; the resulting plain AQL is shown in
Listing 4.4:

LET start nodes = FLATTEN(
FOR doc IN Person
FILTER doc.birthYear > 1980
AND LOWER(doc.country) == LOWER("Germany")
LIMIT 10
RETURN doc

)
FOR start_node IN start_nodes
FOR v, e, p IN 1..1 OUTBOUND start_node GRAPH "InsightsNetGraph"
FILTER IS_SAME_COLLECTION(e, "WorksAt")
AND IS_SAME_COLLECTION(v, "Organization™)
AND CONTAINS(LOWER(v.name), LOWER("University"))
AND DATE_TIMESTAMP(e.since) >= DATE_TIMESTAMP("2020-01-01")
LIMIT 10
RETURN p
Listing 4.4: Schematic plain AQL corresponding to Listing 4.2.
This pairing ensures that a single, structured speci cafieon(_query ) yields
both a stable, human-readable linearization and an executable database query. Sharing

the same structural origin ensures semantic consistency across all pipeline stages.

4.2.4 LLM-based Question Generation
Following the Cypher-like linearization described in Section 4.2.3, each struc-

tural pattern is rewritten as exactly one uent English question that preserves every
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node, relationship, and Iter condition. This is treated as a one-to-one rewriting task
in which all constraints, including literal values, appear in the output with canonical

operator wording and explicit enumeration for multi-value conditions.

Con guration search To balance linguistic quality and constraint delity, a grid

search was conducted over (i) prompt styles, including a strict instruction format and

several few-shot variants with role priming, (ii) several instruction-tuned LLMs, and

(iif) a range of decoding temperatures. The exact search space is listed in Table 5.3.
For each(model, prompt, temperature) combination, a xed set of pat-

terns was rendered and scored by two independent evaluators: a deterministic heuristic

(Section 4.2.5) and an LLM-based judge , a separately instructed model returning

a binaryvalid /reason verdict. An agreement score between the two was com-

puted, and the nal selection metric was the mean of heuristic, LLM, and agreement

percentages.

Final con guration The most promising combination of model, prompt, and tem-
perature achieved a combined scor&8b%, with 91¢7% in both heuristic and LLM
evaluations an@3-3% agreement. The selected model with its con guration (see

Table 5.4) was adopted for all production runs.

Execution The complete system prompt, containing explicit rewriting rules and mul-
tiple input output examples, is given in Appendix A.1. During generation, this prompt
was injected as theystem message. The script processes inputs in small batches,
streams completions via an OpenAl-compatible API, and persists outputs together with
metadatdcypher, question, model, temperature, prompt_variant} . Check-
pointing and index tracking allow the process to resume seamlessly in case of inter-
ruptions. For the linearized query in Listing 4.3, the LLM-based verbalization yields
the following natural-language question, which preserves all structural and Iter con-
straints (Listing 4.5):

Which persons whose birthYear is after 1980 and whose country equals

1+ 'Germany are linked by WorksAt since on or after January 1 2020 to
s organizations whose name contains ' University '?

Listing 4.5: LLM-based verbalization of the Cypher-like linearization in Listing 4.3.
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4.2.5 \Verication

To ensure that generated questions faithfully re ect the constraints of their orig-
inating query patterns, two automatic veri cation mechanisms were employed. Their
goals were (i) to maintain consistency at scale between natural language questions and
Cypher-like patterns, and (ii) to provide an objective, reproducible quality measure
without manually reviewing alb0000cases. The pipeline detects mismatches in
constraints, operators, and structural relations, serving both as a high-precision lter

and as an evaluation tool.

Deterministic heuristic The production veri er is a deterministic, rule-based heuris-
tic. It parses the original Cypher-like pattern infiield, operator, value)

triples, applies type-speci c normalization (text, numeric, date, multi-value), and scans
the question for corresponding mentions. Operators are canonicalizede(gls

I equals, is equal to), values normalized by type, and multi-value constraints
checked via explicit enumeration.

To handle paraphrasing and lexical variation, a staged matching process is used:

" Tokenization and lemmatization: Split text into tokens and reduce to base

forms, enabling matches across in ected forms.

" Synonym lookup: Retrieve lemma-level synonyms so that semantically equiv-

alent expressions are matched.

" Sentence-level embeddingsEncode the candidate value phrase and its corre-
sponding question span using a sentence-transformer (see Table 5.5 for model

details). After L2-normalization, cosine similarity is computed:

01

0P — .
simO-2 KoK KK

(6)
Matches are accepted §im 065, a threshold chosen to minimize false

positives while covering common paraphrases.

Semantic checks run only if simpler lexical matches fail, and all matches are
anchored to operator keywords in the same sentence span to preserve constraint se-

mantics.

30



Marius Bernahrndt Method

LLM judge During con guration search (Section 4.2.4), a strictly instructed LLM
was used as a secondary verier. It receives both the Cypher-like pattern and the
generated question, and returns a JSON verdiatid , reason}. The LLM judge

was stricter on operator semantics but tolerant to minor grammar variation, providing

an independent, learned perspective complementary to the heuristic.

Statistical con dence via human annotation Although the heuristic was run on

all 60 000questions, its precision was estimated via manual annotation of a statisti-
cally representative sample. The required sample size was computed using the nite
population correction:

# 12 211 20
21 1012 11

(7)

with # = 6000Q | = 196 (95% con dence),? = 05 (worst case), = 010
(x10 percentage points, pp), yieldimg 96. A random sample of this size was
manually validated, and Wilson con dence intervals used to estimate the heuristic's

true accuracy.

4.2.6 Post-hoc Relabeling & Dataset Cleaning
To further improve the accuracy of the automatically assigned validity labels,
a post-hoc relabeling stage was applied. During veri cation (Section 4.2.5), the
deterministic heuristic occasionally misclassi ed queries involving timestamps of the
form YYYY-MM-DDhh:mm:salthough the question and pattern often referred to the
same calendar day, and in many cases even the same time, they were sometimes marked
as invalid due to strict granularity checks during time comparisons. This behavior is
consistent with the heuristic's design, which prioritizes precision over recall, but it led
to a measurable number of false negatives in otherwise correct date-based constraints.
From theverification_report , all invalid cases involving date operators

were extracted and grouped into three categories:

(i) writer_missed_date : the query containsdate_* operator, but the question

contains no date expression,

(ii) likely_ts_false_negative . the question contains a date, all mismatches
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concern date operators, and at least one compared value is a timestamp,
(i) other_date_mismatch : all remaining date-related mismatches.

In category (ii), the date in question and the date in the query usually matched at
the calendar-day level, often including an identical time component. Such mismatches
are therefore likely due to di erences in timestamp granularity rather than genuine
semantic errors.

A strict relabeling rule ipped a case fromvalid to valid only if: the query con-
tained a date operator; the question contained a date string; all mismatches concerned
date operators; the date in question and in the query were identical at the calendar-day
level; only timestamp-family elds were involved; and the question wording matched

the operator semantics.

4.2.7 Question Simpli cation

The question generation stage (Section 4.2.4) produced grammatically correct
outputs with complete coverage of query constraints. However, their style re ected
the few-shot prompts and schema-based phrasing used during generation. To adapt
these questions for broader usability and to increase variation in question openings,
a simpli cation stage was introduced. Its objectives were to (i) remove technical
phrasing and (i) improve linguistic naturalness and diversity in question openings,

while strictly preserving all query constraints.

LLM-based rewrite All questions marked asalid were rewritten using a large
instruction-tuned language model. A xed system prompt instructed the model to
use everyday language, avoid schema names and IDs, merge subclauses into a single
coherent question, and preserve all literal values and operator semantics. Two prompt
variants were used: a neutral version allowing any context-appropriate opening word,
and an alternative explicitly discouragiMghichto increase syntactic diversity (full
prompt text in Appendix A.5). Multiple subclauses were consistently interpreted as

conjunctive AND. Processing included checkpoint and retry logic for robustness.

Rule-based naturalization In parallel, a strict rule-based transformation pipeline

was applied to the original questions. It replaced technical node and edge type names
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with human-readable terms, removed schema-speci ¢ eld markers, compacted IDs
and corrected their grammar, and applied general grammar clean-ups. Each transfor-

mation step was logged for auditability.

Semantic integrity Both routes strictly preserved all literal values, operators, and

constraintlogic; no schemaidenti ers were introduced; timestamps and numeric ranges

remained unchanged; and multiple conditions were fused ulN&semantics. For

subsequent experiments, only the LLM-based simpli cations were retained, as they

showed clear qualitative and quantitative advantages over the rule-based output.
Anillustrative example of a question rewritten via the LLM-based simpli cation

Is shown in Listing 4.6. It demonstrates the transformation from a schema-based

formulation to a more natural, readable version, while preserving all constraints.

Who are the people born after 1980, from Germany, who have been working
s since January 1, 2020, at places with "University" in their name?

Listing 4.6: Example of simpli ed natural-language question corresponding to the
verbalization in Listing 4.5.

4.2.8 Data Preparation

To prepare the data for SFT and ensure e cient use of the model's context
window, two steps were performed: (i) compaction of the database schema to reduce
token usage without losing structural information, and (ii) construction of the nal

training, test, and veri cation splits.

Schema compaction The original schema text, shared across all samples, contained
extensive type annotations and repeated property de nitions. To address this redun-
dancy, a compaction procedure was applied that preserved all structural and naming
information relevant for query generation. This was motivated by e ciency consid-
erations and supported by empirical ndings: longer contexts can impair retrieval of
mid-position information (N. F. Liu et al., 2024), whereas targeted context compres-
sion can preserve model performance while substantially reducing token usage (Y. Li
et al., 2023).

The transformation applied the following rules:
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A

Default type declaration: Declare the most frequent eld type for nodes and
edges once globally, omitting explicitY PEannotations when matching this

default.

Common property hoisting: List properties present in all nodes or all edges

once in acommon prop$slock and remove them from per-collection listings.

Star marker: Use a* su x to mark node types containing the full set {_key,

_id, _rev, timestamp}, omitting these elds inline.

Edge grouping: Group edges by source, with the default relationship label

declared globally and omitted inline when applicable.

This reduced schema length, freeing capacity for question and query content

within the xed model context.

SFT dataset construction From the post-hoc corrected dataset (Section 4.2.6), only
valid entries were retained. For each remaining sample, the compact schema text was
combined with its simpli ed question (Section 4.2.7) and corresponding AQL query

in the following format:

<SCHEMA> ...</SCHEMA>
<QUESTION> ...</QUESTION>
<AQL> ..</AQL>

The resulting corpus was randomly split ir@6%training, 10%test, andL0%
veri cation to maximize the size of the training corpus while retaining a dedicated
hold-out set for evaluation and potential re nement. Maintaining such a distinct
veri cation set aligns with established best practices in supervised learning, where
dedicated development data supports reliable model selection and mitigates over tting

(Xu & Goodacre, 2018).

Dataset By reducing redundant schema tokens, more context was available for the
guestion and AQL content, supporting both e ciency and delity during model ne-
tuning. The preparation stage ensured that all training samples contained complete
schema information in compact form, natural language questions, and precise AQL

targets.
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4.3 Additional Analyses & Experiments

Beyond the pipeline itself, two complementary components were added to char-
acterize and assess the resulting dataset. First, a statistical analysis (Section 4.3.1)
quanti es structural and linguistic properties of the corpus. Second, a downstream
ne-tuning experiment (Section 4.3.2) demonstrates the dataset's practical utility for

adapting a pre-trained LLM to AQL generation.

4.3.1 Dataset Statistics & Analysis

To characterize the cleaned corpus and to establish descriptive baselines for
subsequent modeling, structural and textual descriptors were extracted from the post-
hoc corrected dataset in combination with the schema catalog. For each query, the
JSON representation and its annotation block were parsed to obtain metadata describing

structural features, operator usage, textual characteristics, and schema coverage.

Feature extraction The computed feature categories comprise:

" Structure: pathlength, total number of Iters, Iters per path element, branching

indicator, and presence &fRclauses.

Operators: counts per operator and mapping to semantic grotgxs ¢ontain-
ment text equality pre x/su x matches, humeric comparisonslate compar-

isons ID comparison

Textual metrics: for all string-based Iters, the maximum literal length in both
words and tokens, grouped into buckets for subsequent correlation analyses,

along with the total number of text-based comparisons per query.

Schema coverage:usage counts of node collections, edge types, and their

attributes to measure coverage at multiple levels,

Linguistic openings: inspection of opening-word usage (e.Which What

Who in each question.

Aggregation and visualization Structural features were aggregated by path length

to reveal patterns in Iter density, branching, and logical composition. Operator
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statistics were examined individually and by semantic group, including frequency
variation across depths. Schema coverage was summarized in tables and a bipartite
coverage graplmighlighting used node/edge attributes. Textual metrics were similarly

aggregated to inspect length distributions and their relation to validity.

Exploratory analysis Targeted analyses tested hypotheses about structural and tex-
tual in uences on heuristic validity, e.g., whether deeper paths reduce validity, higher
Iter density increases mismatch rates, or long literals a ect parsing reliability. These
analyses served to evaluate the dataset's validity, consistency, and coverage, thereby

con rming its suitability as a foundation for subsequent modeling.

4.3.2 Fine-tuning

To demonstrate the practical utility of the dataset, a parameter-e cient ne-
tuning strategy was applied to a pre-trained LLM for translating natural-language
guestions into syntactically valid ArangoDB AQL queries. Training minimized the
standard next-token loss using a structured input-output format. QLoRA-style 4-bit
guantization was applied for memory e ciency, with LORA adapters inserted into the
attention layers.

This setup o ers three main advantages:

" Retention of general language capabilitiesKeeping most parameters frozen
preserves broad linguistic knowledge, while adapters specialize it for the question-

to-AQL mapping.

" Memory and compute e ciency: LoRA freezes the base weights and trains
only small low-rank adapters, reducing trainable parameters by orders of mag-
nitude. QLORA stores the frozen weights in 4-bit precision, enabling multi-

billion-parameter ne-tuning on a single GPU with minimal quality loss.

" Modularity: LoRA adapters can be stored, re-loaded, or merged with di erent

base models, facilitating reuse and rapid experimentation.
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Input formatting  Training examples were structured as short chat dialogues:

" System prompt: instructed the model to output exactly one valid AQL query,

wrapped ifAQL]...[/AQL] tags, without explanations or extra text.

" User prompt: containedthe compact database schemigSCHEMA]...[[SCHEMA]
block and the natural-language question iIfQUESTION]...[/[QUESTION]
block.

During ne-tuning, thegold AQL query was appended as the assistant's reply in the
[AQL] block. Heregold denotes a single canonical reference query deterministically
compiled from the structured representation. It serves as the training target, while
acknowledging that semantically equivalent AQL formulations (e.g., reversing an IN-
BOUND/OUTBOUND traversal or reordering lter placement) may also exist. This
strict tagging scheme ensures unambiguous parsing during evaluation and enforces

consistent output formatting.

Model selection Several instruction-tuned base models between 1.5B and 7B pa-
rameters were screened in a short debug phase on a reduced dataset with varied
hyperparameters. Selection on a separate veri cation split prioritized the best com-
pute performance trade-o based on the metrics describdRbiriormance evaluation

The selected model was then ne-tuned on the full data with LORA adapters under

4-bit (QLORA) quantization.

Performance evaluation Evaluation follows a three-part protocol.

(i) Text-based similarity and well-formednesBredictions and references are
minimally normalized (lowercasing, whitespace compaction, quote normalization,
comment stripping) before metric computatiddl.EU measures how many short to-
ken sequences{grams) in the generated query match the reference, indicating local
phrasing accuracyROUGE-L (F1) measures the longest common subsequence, re-
ecting global structure and orderindg.evenshtein distan@®unts the minimal number
of single-token edits needed to match the reference, quantifying syntactic deviation.
Together, these metrics capture local accuracy, global structure, and overall syntactic

closeness. Three well-formedness ags are records@L-like (regex anchored at
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leading AQL keywords) EndedOnTagpresence of/AQL] ), and TruncatedByLen
(generation hit the token cap).

(i) Execution-based evaluationOn the veri cation split, gold and predicted
gueries are executed against the production database. Reporedl@d@K coverage
(share of items whose gold query executes successfullyEgedution accuracgom-
puted only on GoldOK items by comparing canonicalized JSON results with a small
oating tolerance. Runtime failures are mapped to coarse categories grdax-

Error , CollectionMissing , RuntimeError , Timeout) and augmented by structural
labels WC, WJ, WF, EC, SE 1Q; de nitions and frequencies in Appendix A.10).

(iif) Out-of-distribution (OOD) and robustness probe3o test generalization
beyond the veri cation split, six hand-written questions adapted from Opitz et al. (2024)
are evaluated with the same text-based metrics and executed against the database;
deviations are analyzed side-by-side (start-collection shifts, edge nhame/direction, Iter
semantics, traversal depth). In addition, a syntactically well-formed but semantically
nonsensical prompt probes behavior under low-signal input. These OOD and nonsense
cases are reported separately for qualitative error analysis and are not included in
aggregate veri cation metrics (examples in Appendix A.11, A.6). This separation
ensures that aggregate scores remain strictly comparable, while qualitative probes

provide additional insight into the model's failure modes and edge-case behavior.
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5 General Setup

This chapter summarizes the experimental environment, software stack, data
artifacts, and con guration parameters to ensure full reproducibility. All stages de-
scribed in Section 4 were executed on a InsightsNefproperty graph instance, with

intermediate and nal outputs versioned throughout the pipeline.

5.1 System Architecture

The NL2AQL pipeline is deployed in a modular, multi-stage environment span-
ning live database access, graph traversal, natural-language generation, veri cation,
and ne-tuning. All stages share a uni ed infrastructure for compute, data access, and

artifact storage, ensuring consistent execution and reproducibility across experiments.

Data layer ThelnsightsNet property graph serves as the central data source for all
experiments in this work. It is deployed as a production ArangoDB instance in multi-
model mode and queried exclusively via AQL. Schema mining and path sampling
operate directly on this live database to ensure up-to-date structural coverage (see

Section 4.2.1 for details).

Compute & Hardware A dedicated Linux workstation (Table 5.1) executes all
pipeline stages that do not involve LLM inference. These include schema mining and
compaction; path sampling and Iter augmentation; AQL compilation and lineariza-

tion; dataset analysis; post-hoc relabeling; and preparation of ne-tuning data.

Table 5.1: Hardware and software speci cations of the local workstation.

OS/Kernel Ubuntu 22.04.5LTS /6.8

CPU Intel Xeon W-2295 (18C/36T)

RAM 251 GiB

GPUs 2 NVIDIA Quadro GV100 (32 GiB each)
NVIDIA driver/CUDA 550.144.03/12.4

Python 3.10.18

ArangoDB (server) 3.11

LLM execution Two venues are used for LLM execution workloads: (i) large-scale

guestion generation runs remotely on the DLR Einstein server (a high-performance

“https://insightsnet.org/
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endpoint at DLR) with an Ollama backend (Section 5.5); (ii) all other LLM-based com-
ponents including the LLM judge for veri cation, local question simpli cation, and
ne-tuning with pre- and post-evaluation run on the workstation in Table 5.1. This
split maximizes generation throughput while avoiding local GPU memory contention

and keeping development and evaluation self-contained.

Artifact storage All intermediate and nal artifacts are stored in the project's
results/  directory, providing a single versioned source of truth for analysis and

ne-tuning.

5.2 Datasets

Target graph InsightsNetconnects multimodal digital objects such as web texts,
publications, images, and videos with a focus on domains thatinclude climate discourse
and arti cial intelligence. The data are stored in ArangoDB as a property graph with
multiple nodes and edge collections and with tens of millions of edges in total. All

gueries in this thesis operate directly on that production instance.

5.3 Software & Versions

All experiments used Python 3.10.18 with pinned Conda+pip environments.
Core components include ArangoDB 3.11 on the server side and the PyTorch/Trans-
formers ecosystem for model inference and ne-tuning. The per-stage environment
mapping and pin les are summarized in Appendix A.2. (Tables A.1 and A.2), with

key package snapshots in Section A.4.

5.4 Traversal & Sampling Con guration

A xed global random seed4Q) is used, and all traversal and sampling pa-
rameters are managed through version-controlled con guration les. Key operational
values such as traversal depths, per-depth budgets, neighbor expansion limits, and
plateau-detection thresholds are summarized in Table 5.2.

All parameters are logged together with their corresponding artifacts so that

every stage of traversal and sampling can be reproduced exactly.
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Table 5.2: Selected con guration parameters for traversal and path sampling.

Traversal depths 0,123
Paths per depth 15000
Neighbor expansion limit 10

Schema sample size / value catalog 500/500
Maximum and average lters per path 4 and 2
Restart triggered after plateau 2 stagnant steps

5.5 LLM Generation Con guration

Natural-language question generation was executed on a DLR Einstein endpoint
providing an OpenAl-compatible API backed by Ollama. An initial grid search (Ta-
ble 5.3) explored variations in prompt style, model choice, and decoding temperature.

Scoring combined heuristic validity, LLM judge validity, and their agreement rate.

Table 5.3: Search grid for LLM-based question generation.

Dimension Values
Prompt styles Strict instruction

Few-shot variants with role priming
LLMs llama-pro

llama-3.3

mistral-small-24b-instruct

llama-4-maverick-17b-128e-instruct
Decoding temperatures 0.0

0.4

0.7

1.0
Scoring metrics Heuristic validity

LLM judge validity

Agreement

The con guration identi ed as optimal in the method section (Section 4.2.4)

was used for all production runs and is detailed in Table 5.4.

5.6 Veri cation Con guration

The deterministic heuristic veri er (Section 4.2.5) employed the following tools
and resources:

To ensure reproducibility beyond version pinning, the veri er runs fully o ine
(English-only) under a xed seed and produces byte-identical outputs for identical

inputs across reruns and machines. Preprocessing converts all text to a standard
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Table 5.4: Production con guration for question generation.

Setting Values

Endpoint DLR Einstein

Model llama-4-maverick-17b-128e-instruct (98_0)

Client library openai 1.91.0 (OpenAl-compatible; Ollama
backend)

Prompt family fewshot2 (Appendix A.1)

Decoding temperature 0.7

Output format Exactly one question per Cypher-like pattern

Fault tolerance Batched requests, checkpointing, retry logic

Persisted metadata {cypher, question, model, temperature,

prompt_variant}

Table 5.5: Core tools and models for automatic veri cation.

Component Version / Identi er

Sentence transformer model all-MiniLM-L6-v2 (Hugging Face);
sentence-transformer 4.1.0

Tokenizer / lemmatizer spaCy 3.8@n_core_web_mc.8.0)

Synonym lookup source WordNet (NLTK 3.9.1)

Similarity threshold 0.65 (cosine; L2-normalized)

Unicode form and splits compound identi ers into words (ecgumelCase! camel
case). Dates are recognized in common formats such as$®Y-MM-DBYYYMMDD
D/M/Y, and long English before matching. Embedding vectors are cached on-disk and

reused between runs to eliminate variability from recomputation.

5.7 Fine-tuning Con guration

Two ne-tuning phases were conducted. The rst was a debug phase using a
reduced training set of 500 examples and an evaluation set of 100 examples to rapidly
screen candidate base models and hyperparameter con gurations, followed by a full

production run using the best-performing setup.

Base models screened (debug runs)in the debug phase, ve instruction-tuned
base models of increasing parameter count were evalu@®dn2-1.5B-Instruct
Phi-2 , Mistral-7B-Instruct , Falcon-7B-Instruct , andCodeLlama-7B-

Instruct . This screening step served to identify a favorable trade-o between model

Shttps://huggingface.co
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size, generation quality, and training e ciency prior to the full ne-tuning run.

Final model (full run)  For the full run,Qwen2-1.5B-Instruct was selected based
on its measured compute performance trade-o in the debug screen, o ering shorter

training cycles while meeting the target quality thresholds.

Training con guration ( nal run)

" Quantization: 4-bit QLoRA (BitsAndBytes NF4, double quantization, compute
in floatl6 ).

" LoRA: rankA= 256, U = 512 dropoui0+05, init=eva®; target modules=§_proj ,

K_proj ,v_proj , up_proj , down_proj, gate_proj , dense}.
Optimizer: paged _adamw_32bit weight decayd+01.
Schedule:cosine schedule with warmup rae05.

Batching: per-device batch siz4; gradient accumulatiod6 (e ective batch

size64).

Epochs/length: 3 epochs; max sequence len@®48 packing=+alse ; group-
by-length=True.

Learning rate: 3 10 °.

Logging / eval / save:every 100 steps; keep best checkpoint only; Weights &

Biases logging enabled.

5.8 Model Performance Evaluation

All execution-based performance measurements were conducted against the
production InsightsNetArangoDB instance. Unless stated otherwise, evaluations
used= = 1 000items fromag|_verify_sample.jsonl (seedd?) plus six additional
guestions adapted from Opitz et al. (2024). Inference employed deterministic decoding
(do_sample=False) with a xed stop on[/AQL] ; execution accuracy is reported only

on items whose gold query executes successf@ldOK).

Seva initializes LORA adapter weights with small, scaled values (proportionadk £ for stable
low-rank updates, as implemented in the training stack.
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5.9 Artifacts & Reproducibility

The following artifacts constitute the canonical record for analysis and training:

question_progress_posthoc_60Kk.json
Final dataset with post-hoc label corrections and with 22 296 valid pairs out of
60000

verification_report_60Kk.jsonl

Per-sample veri cation evidence

dataset_schemas_60k.json :

Schema snhapshot including a compact representation

agl_train.jsonl  ,agl_test.jsonl ,aql_verify_sample.jsonl

Splits for supervised ne-tuning

models/final_qwen2-1.5b-lora/
Final ne-tuned LoRA adapters and merged model weights for Qwen2-1.5B-

Instruct.

All artifacts are generated deterministically given the global seed and are stored
in theresults/  directory. Fine-tuning checkpoints and training logs are written to

themodels/ directory.

5.10 Execution Time Overview
The runtime of each pipeline stage depends on the execution venue and data

volume. Table 5.6 summarizes observed wall-clock times for the major components.

Table 5.6: Wall-clock time overview for each pipeline stage.

Stage Venue Time (wall-clock)
Path generation fa80 000items Workstation 45h
Question generation f@0 000items DLR Einstein 60 h
Heuristic veri cation Workstation 56h
Post-hoc relabeling Workstation 20 min
Schema compaction Workstation 12min
Analysis notebooks Workstation 20min
Fine-tuning ( nal) with QLoRA Workstation 49h
Inference & metricd 000items Workstation 5h
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These timings are intended as a reproducibility budget rather than a benchmark.
They document the e ect of the remote local split and the chosen scheduling policy:
remote question generation and nal ne-tuning form the long poles, while the re-
maining stages complete on the order of minutes to a few hours. All seed values and
con guration les are logged with the artifacts so that deviations across runs can be
attributed to venue or load rather than code changes. The complete implementation

code for all pipeline components is provided; see Appendix A.3.
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6 Evaluation

This chapter presents a comprehensive evaluation of the dataset, in the spirit
of Spider Yu et al. (2018), examining coverage and model performance to determine
whether schema-guided path sampling with LLM verbalization can automatically pro-
duce a high-quality question AQL corpus suitable for training a functional question-
to-AQL translator.

6.1 Dataset and Quality Analysis

Focus: RQL1 (corpus construction).

Data basis The dataset compris€&® 000question query pairs generated from graph
traversals under the nal con guration and corresponding verbalization pipeline de-
scribed in Section 4.2.4. This corpus forms the foundation for the evaluations reported

in this chapter.

Post-hoc relabeling A rule-based relabeling step addresses systematic timestamp-
related errors in the heuristic. Three error classes were distinguishedwr{i&)y
missed datéquestion without a date, query with a date operator) tifBgstamp false
negativegsame calendar day, heuristic fails at second-level precision), anoti{&)

date mismatchesRobustly identi able cases of types A/B were ipped franvalid to

valid for 6 627pairs, raising the overall validity fror26.1%to 37.2%(22 296 60 000Q.

The further analyses in this section are computed on the basis of this corvatited

distribution.

Structural complexity and operator pro le  Validity declines with increasing path
depth and lter load, the most informative structural markeltes density ( Iters per

path) rather than depthitself. Pathlength and Iter density are strongly collinear (Spear-
mand 096 0499). OR-clauses appear in ab@4#.6%o0f valid paths, while branch-

ing is rare but non-negligible (arour&6%). The operator mix is dominated by tex-
tual comparisonseguals, alphabetic_starts_with |, alphabetic_ends_with ,
contains /..._not ); numeric operators occur only sparsely. Figure 6.1 summarizes

these distributions on the valid subset.
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Figure 6.1: Operator frequencies across valid paths.

Text features as primary driver  Among textual features, thrmaximum length of the

compared literalss decisive. Across operators, the share of valid pairs declines sharply

once literals exceed approximately 20 words@4 tokens), and it approaches zero

beyond approximately 80 words @56tokens). The logistic ablation series (Models

A through D; Appendix A.6) con rms this pattern. After controlling fdter density,

the apparent e ect opath_length vanishes, which indicates mediation, whereas

text_len_words_max remains the dominant predictor with an odds ratio df056

per word (aboutls72 per additional 10 words). In Table 6.1, which reports odds

ratios for the outcomévalid (OR j 1 increases failure odddjlters_per_path

is a strong structural risk factor (OR 3+01). branched adds independent risk (OR
2¢82). has_or is protective once structural and textual complexity are held constant

(OR 063). Holding density xed, the total number of Iters becomes mildly

protective (OR 0+78). Operator-type indicators such eguals andcontains are

not signi cant once text length is included.
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Term (Model D; invalidity as outcome) OR 95% CI Sig.
text_len_words_max (per word) 1.056 [1.052,1.061] ***
filters_per_path 3.01 [2.11,4.31] ***
branched 2.82 [1.81,4.38] ***
has_or 0.63 [0.58,0.68] ***
num_filters 0.78 [0.65, 0.94] *x
path_length 0.84 [0.64,1.11] n.s.

Table 6.1: Key e ects in the full model (D). OR 1 increases the odds imivalid pairs.
Signif.: *** 2 Y 0001, ** ? Y 0401, n.s. not signi cant.

Label reliability (heuristic) As detailed in Section 4.2.5, manual validation of
representative sample ( 96) yielded an estimated precision 82¢7% (95% CI:
85.7 96.4%), with no false positives and few false negatives. The valid split is there-

fore conservative and suitable as a basis for downstream analysis.

Annotation inconsistencies Targeted manual review surfaced a small subset of pairs

in which the natural-language question and the associated Cypher-like query are each
correct in isolation but originate from di erent source queries. Thessassigned
guestion query pairs are treated as label noise and are excluded from all qualitative
illustrations and from the counts underlying the post-hoc relabeling. An illustrative
case is shown in Appendix Figure A.7: the ground-truth Cypher-like query traverses
WikiArticle ! Corpus/WebResource whereas the question targeextNodes

with HasNERAnNnotationHasAbbreviation .

Schema coverage Coverage is reported at three granularities: collection types
(nodes), relationship types (edges), and attributes on both sides. All values are com-
puted on thevalid split after post-hoc relabeling (22 296 pairs). An item is counted

as covered if it appears at least once in a valid query, whether in a traversal, a lter,
or a projection. Repeated occurrences do not increase the counts. Overall coverage is
high across levels, and Table 6.2 reports the corresponding counts and percentages. A
high-resolution bipartiteoverage graplthat visualizes which node and edge types and

which attributes are touched by the valid paths is provided in Appendix Figure A.2.
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Openingword Original Rule-based LLM LLM (%)

Which 22296 22296 16922 75.9
What 0 0 4611 20.7
Who 0 0 648 2.9
Other 0 0 115 0.5

Table 6.3: Distribution of question openings on the valid set. Original and rule-based
forms start withwhichin all cases; the LLM rewrite diversi es openings.

Level Inschema Used (valid) Coverage

Node types 30 27 90.0%
Edge types 25 20 80.0%
Node attributes 187 177 94.7%
Edge attributes 157 121 77.1%

Table 6.2: Schema coverage on the valid split. An entity/attribute is counted as covered
if it occurs in at least one valid query (traversal, Iter, or projection).

Schemacompaction Schema lengthwasreduced fr@6&75to 1 24 7tokens ( 2428

66%), freeing substantial context budget for both the question and the corresponding
AQL. On the evaluation set, questions aver&ge3 tokens and AQL string259.8
tokens; together with the compact schema (1 247 tokens), typical samples remain well

within the available context window.

Lexical diversity Manual inspection indicated that the original questions were au-
thored in a schema-aware style and uniformly opened Withich Rule-based natu-
ralization preserved this Which monoculture, whereas the LLM rewrite broke the
pattern and introduced alternative openings (Table 6.3),Whhi{\Whdother account-

ing for 24.1%of all questions. Beyond openings, the LLM simpli cation increased
lexical diversity and shortened extreme length tails, as re ected by higher entropy
and reduced maxima (Table 6.4), while keeping medians essentially unchanged. In

essence, the LLM variant preserves constraints yet enriches the linguistic surface form.

Summary (RQ1) Overall, the validity- Itered corpus combines high schema cover-
age, a broad operator mix, a compact schema, and LLM-induced linguistic diversity,

tting comfortably within the context window and providing a controlled yet varied
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Variant Uni. Bi. Min Max Mean Median
Original 7.799 10.679 6 333 27.59 21
Rule-based 7.812 10.625 5 327 26.03 20

LLM-simplied 8.459 11.859 4 199 24.95 21

Table 6.4: Tokenwise Shannon entropy)(@nd length statistics (words) for original,
rule-based, and LLM-simpli ed questions (valid set).

basis for subsequent model evaluation.

6.2 Model Evaluation

Focus: RQ2 (training adequacy).

Model selection Qwen2-1.5B-Instruct was selected as the base model due to its
best overall compute performance trade-o in the debug phase. Selection criteria
included convergence speed, output quality, and training e ciency. It converged from
a loss of16 to 3 within one hour and achieved BLEQ®25 and ROUGH)*51. Based

on this balance of quality and e ciency, it was chosen for full ne-tuning. Detailed

screening results are provided in Appendix A.9.

Aggregate results Fine-tuning yields large, consistent gains across textual similarity,
formatting discipline, and functional alignment. Table 6.5 reports the comparison on a
subsample of the veri cation split. Notably, the AQL-like rate rises fre@106to 1«00

(, 894 percentage points, pp), the rate that the closing tag is reached (EndedOnTag)
0«05 to 0982 (, 93-2 pp), while the truncation rate drops frod094to 0018 ( 76

pp). A xed-scale radar summary is shown in Figure 6.2.
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Metric Base Fine-tuned
BLEU (mean) 0.003 0.892
ROUGE-L (F1, mean) 0.103 0.945
Levenshtein (mear) 648 74
AQL-like rate 0.106 1.00
EndedOnTag 0.05 0.982
Median generation length 54 243
Truncated-by-length rate 0.094 0.018
GoldOK coverage 0.847
Execution accuracy (GoldOK only) 0.861
ErrorMatch rate (same error as gold) 0.111

Table 6.5: Base vs. ne-tuned on the veri cation splt=1000. AQL-like=share

of predictions that parse as AQL-like; closing tag=share that correctly[6hGd_] ;
truncated-by-length=share that hit the generation cap. Execution accuracy is computed
on items whose gold query executes successf@ldOK).

Figure 6.2: Fixed-scale radar: BLEU, ROUGE-L, AQL-like, EndedOnTag, NotTrun-
cated ¢ Truncated), and Levenshtein (mapped with xed cap). Higher is better.

Errorprole  Residualfailures canbe assignedto ve structural labMs,(\WJ, WF,
EC, SE de nitions in Appendix A.10). On the veri cation splitGoldOK coverage
is 04847, conditional onGoldOK, execution accuracy 8861 Gold and prediction
share the same error type ii*1% of all cases ErrorMatch = 0-111). Among

prediction-side execution errors, the most frequentRuatimeError (==84), fol-
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lowed by CollectionMissing (==52) andSyntaxError (==14). Independently of
runtime, the non-exclusive structural labels distributeE&€s(==248), SE (==150),
WF (==132), WC (==69), andWJ (==3). Non-AQL outputs [Q) are negligible after
ne-tuning (cf. Table 6.5).

Generalization beyond the veri cation split On out-of-sample, manually writ-

ten queries, predictions remain syntactically well-formed but show semantic devia-
tions: start-collection shifts, edge-name/direction inconsistenciesh@sélert vs.
HasAlert ), truncated traversals, and over-strict equality where fuzzy containment is

required. Representative side-by-side cases are shown in Appendix Figures A.4 A.5.

Robustness to low-signal input To assess the model's behavior in response to mean-
ingless prompts, a syntactically well-formed yet semantically nonsensical string was
provided (e.g.,blurf tikka zondo ... gloop ... 'banana’). The ne-tuned model
nevertheless generated a valid, tagged AQL (AQL K200, EndedOnTag 1+00) by
reverting to a familiar traversal patterigxtNode! HasEmpathAnnotation). The

only semi-salient tokerg(oop) was preserved, while additional content included fabri-
cated yet super cially plausible constants, for exangaleegory = fruit inferred

from banana as well as invented identi ers such #¢ikiArticleRevision/2978

Further illustrative cases are presented in Appendix Fig. A.6.

Summary (RQ2) Taken together, the ne-tuned model produces well-formed AQL
and achieves high execution accuracy on the veri cation split. Residual errors are

predominantly structural and arise chie y on out-of-sample or low-signal inputs.
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7 Discussion

This chapter interprets the evaluation with respect to the two research questions,
situates the contribution within related NL2Query and property-graph research, and
outlines methodological and practical implications.

Research questions

" RQ1: Is schema-guided path sampling with LLM verbalization a su cient and

faithful procedure to build a high-quality question-to-AQL corpus?

" RQ2: Is the resulting corpus adequate to train a functional question-to-AQL
model that achieves high execution accuracy and remains stable under mild

distribution shift?

7.1 Overview and Positioning

In contrast to template-only pipelines or unconstrained end-to-end generation,
this study adopts a structure- rst paradigm for property graphs and AQL: paths are
sampled directly on the live database, serialized to a structured intermediate repre-
sentation, compiled into executable AQL, and only then verbalized. A Cypher-like
linearization stabilizes the verbalization stage. The graph structure serves as the pri-
mary source of truth, executability is prioritized, and traversal semantics (direction
and depth) are kept explicit. This design reduces schema drift and decouples structural

correctness from the linguistic surface.

Key empirical signals

" Corpus quality. 60000question query pairs; after a conservative post-hoc
correction for timestamp granulari®2 296pairs are labeled valid{-2%). On
the valid split, schema coverage is high«0% of node types80-0% of edge
types,94s7% of node attributes, and7+1% of edge attributes.

" Primary drivers of validity. Validity is chie y shaped by maximum literal
length and Iter density. The share of valid pairs drops sharply beyond about
20 words ( 64 tokens) and approaches zero beyond al@@uvords ( 256

tokens). Path depth contributes mainly through density (mediation).
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" Linguistic surface. LLM-based simpli cation increases lexical diversity and
breaks the prompt-induced Which monoculture, with non- Which openings

rising to about one quarter.

" Model performance. After ne-tuning, text similarity and well-formedness
improve markedly, withAQL-like= 1«00, EndedOnTag- 04982, and execution
accuracy= 0-861 at GoldOK coverage= 0+847.

" OOD and low-signal behavior. Syntactic robustness persists, while semantic
deviations emerge as template-biased fallbacks on out-of-distributien &)

and semantically nonsensical prompts.

Bridge to RQ1/RQ2 These signals frame the forthcoming answers by delimiting
validity envelopes for corpus construction (RQ1), i.e., upper bounds on literal length
and Iter density beyond which heuristic validity drops sharply, and by establishing
that the cleaned corpus can support a functional question-to-AQL translator with high

execution accuracy, while delineating limits under distribution shift (RQ2).

7.2 RQL1: Is schema-guided path sampling with LLM verbalization su -

cient and faithful for corpus construction?
Scope and criteria Assessment follows two criteriaSu ciency is understood as
broad coverage of the underlying schenfadelity is understood as preservation of
the operator and value semantics encoded in the queries within the corresponding

questions.

Corpus scale and coverage The pipeline yield60 000question-query pairs. After

a narrowly scoped post-hoc correction for timestamp granul@&2296pairs remain
labeled as valid, which corresponds3®2%. All coverage values refer to thislid

split. At least once90:0% of node types80:0% of edge types94¢7% of node
attributes, and@7+1% of edge attributes are observed. Repeated occurrences do not
increase the counts. Coverage is broad, structure driven, and aligned with executable

paths in the live schema.
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Determinants of validity Validity is shaped by a small set of controllable factors.
The maximum length of textual literals has the strongest e ect. The share of valid
pairs drops sharply beyond about twenty words and approaches zero beyond roughly
eighty words. Logistic ablations con rm a signi cant rise in the odds of invalidity
with each additional word. Among structural features, Iter density is the primary risk
factor. Path depth contributes mainly through this density. Branching increases risk,
whereas carefully introducedRclauses are mildly protective. The operator pro le
also re ects the data layer. In the schema-less target environment, elds that look
numeric (e.g.cited_by count ) are often stored as strings at import. Without xed
typing or reliable type checks, only text-based operators are e ectively available, so
numeric comparisons are rarely generated or veri ed. This shifts the learning signal

toward text comparisons and explains the low prevalence of numeric operators.

Label reliability and timestamp handling Validity labels are su ciently reliable.

An audit sample o 96 cases estimates the heuristic's accurac92af % with a

95% interval 0f 857% to 96+4% and no false positives. The main challenges involve
dates and times. The heuristic checks at the calendar-day level, that is, the presence and
agreement of the date in both question and pattern. In practice, heterogeneous time-
of-day displays and di ering formats caused conservative rejections despite semantic
agreement. Post-hoc adjustments were applied only when the calendar day matched
and the operator wording was consistent. Di erences in time-of-day display were
ignored. A small number ahisassigned pairalso occurred, meaning that question

and structural pattern are coherent on their own but do not originate from the same
guery source. These cases were excluded from illustrations and quantitative analyses

so that coverage and validity rates are not distorted.

Two-stage generation for veri ability The generation process is oriented toward

veri ability and control. The rst stage produces narrowly scoped, technically precise
guestions with canonical operator wording and explicit mention of all literal values.
This enables the deterministic veri er to identify eld-operator-value triples reliably
and reduces paraphrase-induced misclassi cations. A Cypher-like linearization an-
chors structure and language. Only pairs that pass this check proceed to the second

stage, where naturalization or simpli cation diversi es the linguistic surface, varies
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openings, and removes technical markers without altering operator semantics or literal
values. Empirically, this second stage yields measurable variety. The prompt-induced
Which monoculture is broken and alternative openings ris24d.% (What 207%,
Who2+9%, Other0+5%; see Table 6.3). Lexical diversity increases and extreme lengths

shorten, while the median length remains essentially stable (see Table 6.4).

Conditional answer to RQ1 Under these conditions, the answer is a rmative. The
procedure yields a high-coverage and label-reliable corpus. Quality is bounded by a
validity envelope de ned chie y by literal length and Iter densitiisassigneatases

and granularity details must be controlled explicitly.

7.3 RQ2: Does the corpus support a functional question-to-AQL model?
Strong gains and output discipline On the veri cation split, the ne-tuned model
shows large improvements over the base. BLEU rises i0®3to 0892 ROUGE-L

from 02103 to 0945 and mean Levenshtein distance drops fie#8to 74. Output

form is near perfectAQL-like= 100, EndedOnTag: 04982 and the truncation rate

falls to 0018 Note that BLEU, ROUGE-L, and Levenshtein weight surface form
and order, and therefore penalize paraphrases or di erently ordered yet semantically

equivalent structures.

Execution level and practical meaning GoldOK quanti es the portion of items
whose gold query executes on the target databaseQ¥gzté Conditional on this set,
Execution Accuracyeache$+861, meaning the model reproduces the gold result in
86+1% of evaluable cases. The two gures are similar in magnitude but measure di er-
ent aspectsGoldOK re ects dataset and environment executability, witibeecution
Accuracyisolates translation quality on the executable subset. This separation pre-
vents database or gold-side failures from being attributed to the model. Unconditional
end-to-end success on the verify split treating non-GoldOK items as failures thus
equal9D«847 04861=0729( 72:9%; = 7221000, which is a conservative lower

bound.

Transparenterrorprole  Non-AQL outputs are negligible after ne-tuning. Resid-

ual errors concentrate in structural-semantic categoE€s(expression or condition
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count mismatchyz = 248), SE (structural or execution failures = 150), WF (wrong

or missing elds,== 132), less oftenNC (wrong collectionsz= = 69) andWJ (wrong

join or direction,= = 3). Runtime classes are dominatedRyntimeError (== 84),
CollectionMissing (= = 52), andSyntaxError (== 14). In 11+1% of all exam-

ples, gold and prediction share the same error categorgrMatch), which points to

iIssues beyond the model, such as schema drift between data generation and evaluation,

missing views or permissions, or varying resource limits.

Syntax versus semantics High form delity is a direct consequence of the training
setup. Strictly tagged examples, a compact schema context, and xed stop tokens
stabilize bracketing, keywords, and tag boundaries. By contrast, semantic deviations
occur when structural details drift from the target. This includes schema linking, start
collection, edge naming, directionality, or operator choice. Semantics tends to fail
when the signal favors text-based Iters over numeric ones, when edge attributes are
underrepresented, when no execution check is available at inference time, or when
low-signal prompts trigger template-biased fallbacks.

A further limitation is that thegold query denotes one deterministic canon-
icalization of the structured representation rather than the full set of semantically
valid AQL formulations. Because AQL admits multiple equivalent encodings (e.qg.,
reversing anNBOUNDUTBOUNiaversal, reordering lters, or distributing joins),
text-based similarity metrics systematically underestimate functional accuracy by pe-
nalizing harmless surface variants. Execution-based evaluation mitigates this bias by

judging semantic equivalence at the level of result sets rather than surface form.

Stability under mild distribution shift  On six hand-written out-of-distribution
guestions, outputs remain well formed. Deviations cluster around start-collection
selection, edge naming and direction, and a tendency to use strict equality where fuzzy
containment is intended. Under deliberately low-signal prompts, syntax stays stable
while predictions revert to familiar traversal templates. This con rms that output
discipline generalizes, whereas semantic precision remains bounded by the validity

envelopes established in RQ1.
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Conditional answer to RQ2 Within the RQ1 envelopes, the corpus is su cient to
train a functional question-to-AQL model. Execution quality is high, output discipline

is e ectively complete, and stability holds under mild shift. Limits appear in traver-
sal and ltering semantics, in particular around schema linking and operator choice.
These limits can be reduced by strengthening numeric and edge-attribute coverage,
adding explicit schema-coherence checks, and, where feasible, incorporating execu-
tion guidance at inference time. While increasing base-model size alone need not
resolve semantic drift, multi-database SFT with rotating schemas is expected to reduce

template fallback and improve robustness to schema/phrasing shifts.

7.4 Unexpected Findings
This section reports three unexpected but instructive phenomena that informed subse-

guent design choices and mitigations.

Spurious mismatches with long textual literals At rst sight, longer textual literals

in lters seemed to degrade verbalization delity: the incidence of heuristvalid

cases rose with the maximum literal length. Subsequent analysis traced this primarily to
the batch pipeline rather than to the verbalizer. Generation ran in parallel; completions
were consumed in order of arrival ves_completed(...) but paired with index
batches in order of submission. Under concurrency this implicit FIFO assumption
fails. Longer or more complex inputs incur higher latency, return later, and were
disproportionately matched to the wrong index batch. The correlation with literal
length is therefore explained by out-of-order returns that induce pairing errors, not by
a systematic failure to verbalize long literals. The result is label noise in the form of
mispaired question AQL items: the heuristic evaluates overlap againsasbigned
structure, so a semantically correct sentence can be markald if the pairing is
wrong. This bias primarily a ects RQ1 (corpus construction quality); RQ2 (training
adequacy) remains robust because ne-tuning relied on the Itered, cleaned valid split,
rendering the reported execution accuracies conservative. Practical safeguards include
enforcing submission result order witkecutor.map(...) , echoing stable sample

IDs in prompt and answer and verifying them before writing.
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Prompt-induced Which monoculture The initial verbalization exhibited a strong
preference fokVhichas the opening word. The dominant cause is in-context priming
by the production prompt (Appendix A.1): both demonstrations begin Wittich

and the instruction asks for clear English questions without actively encouraging
alternatives. In-context models imitate demonstrated formsyVeah becomes a
stylistic anchor independent of content. Rule-based naturalization tends to preserve
the opening and thus conserves this style. While not a semantic error operators
and constraints are preserved the uniformity reduces surface variance and may lower
robustness to naturally varying user phrasing. The downstream LLM simpli cation
breaks this pattern: nowthichopenings rise t84+1% (What20s7%, Wh02¢9%, Other

05%; Table 6.3), and lexical diversity increases while extreme lengths shorten with
a stable median (Table 6.4). Mitigations include a balanced few-shot set with mixed
openings What/Which/Who/When/How many. ), an explicit style-jitter instruction

that encourages varied openings, and a light stochastic choice for the rst token with
otherwise deterministic decoding. These adjustments preserve rst-stage veri ability

while increasing linguistic variety earlier in the pipeline.

Syntactically valid AQL from nonsense inputs For semantically meaningless prompts
(e.g., blurftikka zondo ... gloop ... "banana'), the ne-tuned model still emits
well-formed, tagged AQLAQL-like= 100, EndedOnTag 1+00). It rescues a sin-

gle semi-salient token ( gloop ), falls back to a frequent traversal templed&tNode

I HasEmpathAnnotation), and inserts plausible but unwarranted constants such
as category = fruit in the vicinity of banana. This is not a syntax issue

but an abstention/control issue: the instruction and strict output tagging condition
the model to always produce a valid query, and there is no explicit no mapping
option. With weak signal, the model selects a mode answer from its training sup-
port and lls gaps with associative constants. Formal well-formedness therefore does
not imply semantic grounding. Practical safeguards include an explicit abstain path-
way (e.g., emittindNOAQL]when signal is insu cient or schema alignment fails),
schema-bound decoding masks restricting collections, elds, and operator value types
to schema-consistent choices, grammar-/parser-guided decoding to bound the search
space, simple post-generation semantic checks that trigger abstention under low overlap

or unlikely combinations, and training diversi cation across multiple graph databases

61



Discussion Marius Bernahrndt

to reduce template bias. Scaling alone does not resolve the issue: larger base models
may detect inconsistencies better, yet without an abstention mechanism they still tend

to produce valid but semantically irrelevant queries.

7.5 Practical Implications
The ndings yield concrete guidance for corpus construction, veri cation, train-
ing, and inference. The following principles balance veri ability, coverage, and lin-

guistic naturalness while preserving execution delity.

Constrain textual literals. Keep compared text spans short. Aim for a maxi-
mum of about twenty words and avoid literals beyond eighty words. Where long
strings are unavoidable, prefer anchored substring conditions (pre X, su X,

contains) over full-string equality and select distinctive substrings.

Manage lIter density across the path. Budget the number of constraints per
sample and distribute them over hops rather than concentrating them on a single
node or edge. AlloDRvariants in a controlled manner to add diversity without

in ating structural complexity.

Handle time-of-day consistently in veri cation. Canonicalize timestamps at
ingestion and evaluation, compare at an explicitly chosen granularity, and treat
time-of-day uniformly. Expose the comparison granularity as a parameter of the

heuristic to avoid brittle outcomes.

Maintain compaction. Keep a compact schema representation that preserves
structural information while reducing token footprint, thereby safeguarding con-

text for the question and AQL segments.

Diversify prompts to reduce style priming. Mix opening words{Vhat Which
Whg When How many and vary operator phrasing in demonstrations. If
veri cation requires determinism, sample only the rst token and decode the

remainder greedily to retain reproducibility.

Adopt a two-stage generation protocol First generate narrowly scoped, canon-

ical questions that support reliable heuristic checking, then apply naturalization
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or simpli cation only after passing veri cation. Preserve stable identi ers and

logs to keep provenance and decisions auditable.

Teach abstention. Include explicitfNOAQL]examples for low-signal inputs
and schema mismatches. Negative and borderline cases help the model learn to

abstain rather than produce a plausible but irrelevant query.

Constrain decoding with schema-bound semantic mask#t inference time,
restrict collections, elds, and operator value types to those that exist in the
schema and are type compatible. Combine grammar-guided decoding for syntax
with parser masks for semantics to bound the search space while preserving

validity.

Prioritize gold cleanup and continuous integration. Operate &oldOK- rst
pipeline. Execute gold queries regularly, version schema snapshots, and monitor
drift. Fix or remove items that do not execute to prevent attributing data or

environment faults to model behavior.

Train across multiple graphs. Use multiple property graphs to decouple values
from structure, broaden operator and attribute exposure, reduce template bias,

and improve robustness under mild distribution shift.

7.6 Limitations and Threats to Validity

Internal validity For RQ1misassigned paineduce interpretability only to a limited
extent, since analyses considervaéd split exclusively and identi ed misassignments
were excluded in advance. The deterministic heuristic's label accuracy in the audit
sample is high but not perfect (92¢7%). The narrowly scoped post-hoc timestamp

corrections can introduce bias in edge cases.

Construct validity (measurement adequacy) BLEU, ROUGE-L and Levenshtein
primarily reward token order and surface similarity and therefore capture seman-
tic equivalence only imperfectlyAQL-like and EndedOnTagneasure formal well-
formedness rather than semantic coverage. Execution accuracy is computed only for
GoldOKitems in which the gold query executes; cases where the gold query fails are

not scored. In addition, thgold query denotes a single deterministic canonicalization
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rather than the full set of semantically valid AQL formulations. Because AQL admits

multiple equivalent encodings (e.g., reversed traversals, reordered lters, distributed
joins), text-based similarity metrics systematically underestimate functional accuracy.
Execution-based evaluation mitigates this bias by tolerating structural variants and

rewarding semantic equivalence at the level of result sets.

External validity (generalizability) Findings are based on training and evaluation
within a single live graph and a closely related schema family, so the degree of transfer
to unrelated domains remains open. The out-of-distribution probe is small (six hand-
written questions) and domain coverage is limited. A larger multi-domain corpus
across several databases would strengthen external validity, yet suitable property-
graph datasets are scarce and often unbalanced, for example IMDb with a dominant

node type and GDELT with few types and edges.

Conclusion validity (statistical reliability) The verify subsample size ef 1000
is dictated by the available compute budget, which implies greater sampling variability

in the reported point estimates.

Compute cost and reproducibility The pipeline is deterministically reproducible
through xed seeds and versioned artifacts, yet it is resource intensive. Question
generation requires long runtimes, and ne-tuning the selected 1.5B model took about
50 hours in the present setup. Hyperparameters were not xed ad hoc; they were
selected via several short screenings of 30 90 minutes on smaller datasets and models,
followed by a full run on the entire corpus. Budget constraints limit full ablations and

extensive sensitivity analyses.

Source-to-sinkrestriction Query skeletonization follows a source-to-sink paradigm:
start and end points are structurally prescribed, while cycles, internal start points and
paths that do not terminate in a sink are ignored. Traversal depth is bounded by the
length of the source-to-sink chains. Together with directions aggregated per edge type
and xed sampling limits for start nodes and neighbors, this reduces path diversity and
can miss valid routes in the database graph. The ndings therefore primarily re ect

sourde-to-sink traversals.

64



Marius Bernahrndt Discussion

7.7 Synthesis
The guiding hypothesis holds in a conditional form. Schema-guided path sam-
pling combined with LLM verbalization can produce a viable question-AQL corpus

when broad schema coverage and constraint delity are explicitly enforced.

Answer to RQ1 The pipeline yields a broadly covering and conservatively validated
corpus. Quality is bounded by a clear validity envelope that is controlled by limits
on literal length and by the management of Iter density, together with robust pairing
integrity and consistent handling of dates and times. Under these conditions, corpus

construction is su cient and faithful.

Answer to RQ2 The corpus supports a functional question-to-AQL model. Textual
similarity and well-formedness improve markedly after ne-tuning, and execution
accuracy is high osoldOK items. Residual errors concentrate on start collection,
edge direction, and operator choice, indicating that remaining gaps are primarily

semantic rather than syntactic.

Overall conclusion The approach constitutes a robust baseline rather than a nished
system. With modest dataset curation-numeric typing where appropriate, pairing
integrity checks, controlled complexity, and targeted training adjustments such as an
abstention option, schema-aware decoding, and grammar guidance, it becomes a solid,

benchmark-ready pipeline for NL2AQL on property graphs.

7.8 Signi cance

Text to query quality hinges less on model size than on the composition of
a structure- rst design, formal veri cation, and compact schema context. Method-
ologically, the two-stage pipeline rst a veri er-friendly rendering, then natural-
ization turns validity into an explicit design constraint and cleanly separates struc-
tural correctness from style. Empirically, schema-guided sampling yields a corpus
that supports high execution accuracy when schema coverage and constraint delity
are enforced; it also explains operator skew via numeric-as-string typing and moti-
vatesGoldOK as a standard for execution-based reporting. Practically, the blueprint

provides low-risk control measures: bounds on literal length, management of Iter
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density, pairing-integrity checks, an abstentibdlOAQLoption for low-signal inputs,

and schema- or grammar-guided decoding. Combined with a compact schema rep-
resentation, these measures enabled a 1.5B model with QLoORA to achieve strong
gains at modest cost. Field-wide, the work positions property-graph NL2Query as a
rst-class target with explicit traversal semantics and encourages execution-centered,

reproducible evaluation with versioned artifacts.

7.9 Open Questions and Future Work

Pairing integrity  Future runs should enforce strict result ordering under parallelism
(e.g., executor.map(...) rather thanas_completed(...) ) and adopt an ID
echo: each input carries a sample ID that the model must reproduce in its output; only

matching IDs are committed. This guards against misassignments even under load.

Abstention / NOAQL An explicit no-mapping option is required for low-signal or
schema-mismatch inputs. A standardized token (ENOAQL] or a brief abstention
rationale prevents plausible yet irrelevant queries. Triggers include weak schema

alignment, missing operator anchors, or unusual value patterns.

Schema- and grammar-guided decoding Constrain decoding to collections, elds,

and operator types present in the schema and enforce type compatibility through
semantic masks. Combine this with grammar- or parser-guided decoding to bound the
search space syntactically. The hybrid control reduces both form errors and semantic
drift.

OOD breadth and multi-database training To strengthen transfer, assemble a
multi-domain corpus spanning several graph databases. This decorrelates values from
structure, supports schema-invariant mappings, and enables more informative out-of-

distribution tests.

Relaxing the source-to-sink paradigm Extend beyond source-to-sink chains to
include cycles, internal start points, and paths without sink termination. Preserve
edge-level directionality rather than global aggregation and enrich edge attributes.

This increases path diversity and brings the query class closer to real-world use.
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8 Conclusion
This chapter summarizes the core contributions of the thesis, highlights their

methodological and practical relevance, and outlines directions for future research.

This work has examined whether schema-guided path sampling in combina-
tion with LLM-based verbalization is suitable for constructing a high-quality ques-
tion to AQL corpus, and whether this corpus can serve as the foundation for a func-
tional NL2AQL model.

The results show:

With a structure- rst approach and a veri able two-stage generation process, it
is possible to create a high-quality and broadly covering corpus. Key dimensions
of schema coverage were achieved, although the complexity of literals and the

density of Iters impose clear boundaries.

Onthis basis, parameter-e cient ne-tuning yields a model that generates robust
and executable AQL queries. It achieves stdbten delity and highexecution
accuracy although residual errors in operator choice and direction semantics

highlight the need for further safeguards.

The scienti ¢ contribution of this work lies in providing a methodological
blueprint for NL2Query in the context of property graphs: structure and executability
are consistently prioritized over linguistic surface, veri cation is an integral part of the
design, and a compact schema ensures robustness under limited context. In practical
terms, the work delivers clear guidelines for corpus and system design, such as limiting
literal lengths, distributing lters, introducing mechanisms for controlled non-answers
(via an explicittNOAQLJabstention path), and schema-guided decoding.

Overall, this establishes a solid starting point: a reproducible, benchmark-ready
approach for NL2AQL that can be further developed through multi-graph training,
extended decoding controls, and well-de ned abstention strategies. In this way, the

work lays a foundation on which both research and applications can build.
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A Appendix

A.1 Final Prompt for Question Generation

The complete system prompt used in production for the LLM-based question
generation step (Section 4.2.4) is given below. The placeh{l@af}} is replaced at
runtime with the Cypher-like pattern(s) to be verbalized.

You are an expert technical writer. Transform Cypher-style patterns into
clear English questions.
Rules:
" Preserve every node, relationship, and filter.
" Wording: equals, is not, contains, does not contain, starts with, ends
with, smaller than,
at least, before, on or after.
" Wrap literals in single quotes.
" Multi-value lists parentheses with or.
~ Output exactly one question per pattern, do not enumerate.
" Separate multiple questions by a blank line.

Example:
Input:
(events { _rev alphabetic_ends_with X;...;Y, sourceurls
alphabetic_contains_not URLZ,
tone alphabetic_ends_with A;B })
-[event_locations { relation equals located_in }]-> (locations)
(events { numarts alphabetic_starts_with 1, key equals_not key42 })
-[event_persons]-> (persons)

Output:
Which events whose revision ends with 'X or ends with 'Y, whose
sourceurls do not contain
"URL1, and whose tone ends with 'A or ends with 'B are linked by
event_locations
(relation = located_in) to locations?

Input:
(events { _key alphabetic_starts_with event_20250330_16,
date date larger_or_equal 2025-03-30,
numarts alphabetic_ends_with 1 })

Output:
Which events have a key that starts with "event_20250330_16 , occurred
on or after
March 30 2025, and whose' numarts' value ends with the digit 17

Now convert the following patterns:

{{CY}}
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A.2 Environments and Versioning

Table A.1: Mapping of pipeline stages to environments and entry points.

Stage Environment Entry point

Sampling & Iter augmenta- mth-path sampling_main.py

tion

LLM question generation mth-qgen lIm/question_writer.py
Heuristic veri cation mth-qgen heuristic_verifier_main.py
Question simpli cation mth-ggen simplifier_main.py
Analysis notebooks mth-ana notebooks/01 08
Fine-tuning & inference mth-tune finetuning_main.py

Table A.2: Conda environments and pin les (roles: see Table A.1)

Env Conda YAML Pip pins

mth-path env/mth-path.yml env/mth-path-pip.txt
mth-qgen env/mth-qgen.yml env/mth-ggen-pip.txt
mth-ana  env/mth-ana.yml  env/mth-ana-pip.txt
mth-tune env/mth-tune.yml env/mth-tune-pip.txt

A.3 Code Availability

-

The complete implementation of the question-to-AQL pipeline, including pre-
processing, generation, veri cation, and ne-tuning scripts, is archived on|the

accompanying storage medium provided with this thesis. All code is versioned

and executable under the pinned environments described in Appendix A.2.
J/
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A.4 Key Versions (Thesis Snapshot)

Table A.3: Key library versions per environment (see Table A.2 for YAML/pin les).

Environment Key versions

mth-path Python 3.10.18
python-arango 8.2.0
requests 2.32.4
python-dotenv 1.1.1
tabulate 0.9.0
mth-qgen Python 3.10.18
openai 1.91.0
ollama 0.5.1
spacy 3.8.6 (+en-core-web-md 3.8.0 )
nitk 3.9.1
pandas 2.3.0
scikit-learn 1.7.0
tiktoken 0.9.0
regex 2024.11.6
mth-ana Python 3.10.18
pandas 2.3.0
numpy 2.2.6
matplotlib 3.10.3
seaborn 0.13.2
scikit-learn 1.7.0
statsmodels 0.14.4
jupyterlab 4.4.3
networkx 3.4.2
tiktoken 0.9.0
mth-tune Python 3.10.18
PyTorch2.5.1 (CUDA pytorch-cuda 12.1 )
transformers 4.48.0
peft 0.14.0
trl 0.13.0
bitsandbytes 0.46.1
accelerate 1.2.1
datasets 3.2.0
evaluate 0.4.3
sentencepiece 0.2.0
wandb 0.19.3
scikit-learn 1.7.1
numpy 2.2.6
pandas 2.3.1
tokenizers 0.21.1

Exact lock les live inenv/*-explicit.txt (Conda) andenv/*-pip.txt  (pip).
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A.5 Prompt for Question Simpli cation

The complete prompt set used in the LLM-based question simpli cation step
(Section 4.2.7) is given below. The placeholgein the system prompt is replaced
at runtime with eithePROMPT_NEUTBARROMPT_AVOID_ WHIGKhuestion}in

the user prompt, replaced at runtime with the actual question to be simpli ed.

System Prompt

You will receive a single natural language query at a time. This query
may contain multiple related subquestions that currently include
database-specific terminology, property names, and technical details.

Your task is to rewrite the entire input as a single, logically
equivalent inquiry that:

- Uses only natural, everyday language understandable by someone without
any database or technical knowledge.

- Avoids all references to database-specific names, collections,
properties, or internal IDs.

- Elegantly integrates all subquestions into one coherent, fluid

guestion, as a typical person might naturally ask it, using appropriate
question words like what, who, how, {}

- Preserves all specific values, filters, and conditions (such as dates,
keywords, numerical values, etc.) exactly as given.

- Important: Treat multiple subquestions as connected by AND, meaning
**all** conditions must be true in the combined inquiry.

- When multiple subquestions reference the same entities or concepts,
integrate their conditions so that the final question clearly reflects

that **all relevant conditions apply collectively** to those entities.

- Carefully consider the types of attributes referenced in the original
query, ensuring that the rewritten question accurately reflects the
intended meaning of attribute-based conditions (for example,
distinguishing when a condition specifies an attribute's value versus
when it references the presence of a keyword or text).

- Find appropriate, colloquial synonyms for database entities and
properties (except the values), which a "normal person” would use.

Do not include explanations or references to the original technical
query. Only return the newly created, natural-sounding question.
Two variants were used for tHg placeholder:

PROMPT_NEUTRAL: or which, depending on the context, when seeking the
same information.

PROMPT_AVOID_WHICH: but avoiding which to encourage more conversational
phrasing.

User Prompt
This is the query (enclosed in triple backticks):

{question}
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A.6 Logistic Ablations and Interactions

Model Pseudd-2  AIC BIC

A 0.066 73986.7 74031.7
B 0.066 73927.9 73990.9
C 0.068 73789.0 73924.0
D 0.117 69950.5 70094.5

Table A.4: Model quality across the AD ladder.

Note. Higher pseudd-2 and lower AIC/BIC indicate better t; Model D provides the strongest overall
t

Term (OR) A B C D
path_length 214 0.75 0.75 0.84
filters_per_path 3.83 390 301
text_len_words_max 1.056

Table A.5: Selected odds ratios across models {AQRncreases invalidity).

Note. Odds ratiog 1 increase the odds of amvalid pair. The apparent path-length e ectin A
vanishes once Iter density and text length enter (D), whibet len_words_max is perword.

Interaction term OR ?

path_length  num_filters 085 Y10
num_filters (text_len_words_max /10) 0.97 0.040
text_len_words_max /10 1.79 Y10 %

Table A.6: Interaction diagnostics (compact). E ects as odds ratios.

Note.OTY 1 denotes attenuation: the impact of additional Iters shrinks at longer paths. The
text-length e ect is reported per +10 words.
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A.7 Misassigned Question Query Pair (lllustrative Example)

Cypher (ground truth, excerpt)
( WikiArticle {

_key alphabetic_ends_with 227015837 Corresponding Question

the text “Source : http :

{ _id alphabetic_starts_with o )
IIwww.dryiceinfo.com/science.htm

Corpus/ClimateAnalyticsCorpusNode, . are connected by
timestamp date_larger_than HasAbbreviation relationships
2023-06-02T22:08:21.425268 }) to AbbrvNodes whose
abbreviation starts with "SBT'?

( WikiArticleRevision {

Which TextNodes that contain
_rev contains _hfzPh7e-_a }) the same text are connected by

[ BelongsTo] ! ( WikiArticle { HasNERAnnotation relationships

_key alphabetic_ends_with 227015837 to EntityNodes labeled "ORG'?

)

Which TextNodes whose key is
( WikiArticleRevision {

not "41989' are connected by

_rev contains _hfzPh7e-_a }) HasNERAnnotation relationships

[ RefersTo] ! ( WebResource) to EntityNodes labeled "ORG'?

J

Figure A.1. Misassigned question query pair: the Cypher ground truth (left) tra-
verses WikiArticle ! Corpus WebResource viiBelongsTo RefersTo, while the

guestion (right) actually belongs to a di erent query and tar¢ TextNodes with

HasNERAnNnotation HasAbbreviation . Green marks ground-truth entities/edges;
Red marks elements of the question that do not correspond to that ground truth.
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