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Abstract: Question answering over domain-specific knowledge graphs implies several chal-
lenges. It requires sufficient knowledge of the world and the domain to understand what is
being asked, familiarity with the knowledge graph'’s structure to build a correct query, and
knowledge of the query language. However, mastering all of these is a time-consuming
task. This work proposes a prompt-based approach that enables natural language to gener-
ate SPARQL queries. By leveraging the advanced language capabilities of large language
models (LLMs), we constructed prompts that include a natural-language question, relevant
contextual information from the domain-specific knowledge graph, and several examples
of how the task should be executed. To evaluate our method, we applied it to an aviation
knowledge graph containing accident report data. Our approach improved the results of
the original work—in which the aviation knowledge graph was first introduced—by 6%,
demonstrating its potential for enhancing SPARQL query generation for domain-specific
knowledge graphs.

Keywords: knowledge graphs; SPARQL; query generation; prompting; large language
models

1. Introduction

Knowledge base question answering (KBQA) is a classical natural language processing
(NLP) task that has been widely studied. Unlike methods that rely on parametric knowledge
stored within models, KBQA utilizes structured knowledge bases to extract answers [1].
With the recent advances in large language models (LLMs), their outstanding capabilities in
language understanding and generation are being leveraged to solve KBQA tasks. However,
this involves understanding the schema of a given knowledge base (KB) and grasping the
diverse structures of KBs, which represents a challenge for LLMs, given that schemas are
generally heterogeneous due to being user-created as well as very large in size [2].

Commonly used KBs are knowledge graphs (KGs), which are effective structures to
model real-world knowledge. They represent relationships between entities in the form of
triples (head entity, relation, tail entity) [3]. A common framework for publishing KGs on
the Internet is the Resource Description Framework (RDF), a graph-based data model [4].
To access and retrieve information from RDF-based KGs, SPARQL has become the standard
query language [5].

Knowledge graph question answering (KGQA) specifically attempts to find answers
to natural language (NL) questions from a knowledge graph [6]. These answers can be
used as direct answers or can be further passed to an LLM as an external knowledge source
that can be combined with the parametric knowledge of the LLM. The knowledge of the
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LLM combined with the information from the KG has been used to address traditional
issues related to LLMs such as hallucinations [7].

Current KBQA systems can be divided into two categories: information extraction and
semantic parsing [8]. While information extraction methods generally construct a question-
specific graph that gathers all relevant entities and relationships from the KB, semantic
parsing methods are centered on transforming a natural-language question into logical
forms (e.g., SPARQL, the standard query language) that are then executed against the KB [9].
Furthermore, LLMs have recently shown great capabilities in code generation tasks [10].
Hence, as the SPARQL query language can be considered a type of code, the incorporation
of LLM-based approaches into KBQA can offer an improvement in the performance of such
semantic parsing models. However, some studies highlight their limitations in generating
accurate SPARQL queries. For instance, while being syntactically correct, these queries
often contain semantic errors [11,12].

Additionally, most current KBQA systems depend on supervised training, which
requires a large amount of labeled data [13]. However, as mentioned before, since dif-
ferent KBs are large in size and have unique schemas and structures, each KB requires
a customized training process. These challenges highlight the need for a more flexible
approach that can adapt to different KBs without extensive retraining. In response, recent
advancements in LLMs have introduced new possibilities for enhancing KBQA systems.
These models have shown promising results in reasoning [14] and few-shot learning ca-
pabilities [15,16]. These developments suggest the potential for more flexible frameworks
that may generalize across diverse KBs with reduced reliance on task-specific supervision.

This study introduces a flexible three-step methodology for generating SPARQL
queries from natural-language questions within a domain-specific knowledge graph. The
proposed approach integrates relevant triples and task examples into a single prompt in an
attempt to guide the translation of natural language into executable SPARQL queries by
an LLM. The primary objective was to develop an adaptable method for SPARQL query
generation tailored to domain-specific knowledge graphs. To test this method, a test set that
comprised 150 questions over a domain-specific knowledge graph was utilized, specifically
an aviation knowledge graph [17].

The rest of this study is organized as follows. In Section 2, several related works
are introduced. In Section 3, the methodology of this work is explained alongside an
introduction to the knowledge graph used to test our method. Section 4 presents the results
of the proposed method on the aviation knowledge graph. In Section 5, the findings of this
work are discussed and certain issues related to the test set are raised. Finally, in Section 6,
the conclusions of this study are presented.

2. Related Works

Enhancing SPARQL query generation has wide-ranging implications for domains
where information is stored in structured and semantically rich knowledge graphs.
For instance, in scientific research, LLMs often struggle to provide accurate answers
due to hallucinations and difficulty reasoning over rare or complex concepts. Inte-
grating LLMs with domain-specific knowledge graphs, such as the Open Research
Knowledge Graph (ORKG) [18] or the CS-KG (Computer Science Knowledge Graph
https:/ /scholkg.kmi.open.ac.uk, accessed on 8 June 2025), offers a promising solution
by grounding natural-language questions in structured, verifiable data [19,20]. An effective
method to integrate LLMs with KGs involves translating questions in natural language
into SPARQL queries [21]. This facilitates the retrieval of relevant information from the KG,
which can be further passed to an LLM or presented directly to the user [20].
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Similarly, modern information retrieval systems have turned to KGs to address limita-
tions of traditional information retrieval, such as limited outputs in keyword search-based
systems [22,23]. Knowledge graph-based retrieval enables semantic representation, higher
search efficiency, and more accurate results by leveraging entities and relationships rather
than raw text [24]. For instance, Jia et al. [25] constructed SPARQL queries to retrieve infor-
mation from the ANU (Australian National University) scholarly knowledge graph (ASKG),
which encompasses knowledge from academic papers produced at ANU in the computer
science field. This empowers researchers to access knowledge from documents easily.

Given the enormous success of pretrained models to solve sequence-to-sequence
problems, recent studies have proposed using these models for SPARQL query genera-
tion [11]. Huang et al. [26] proposed an approach based on fine-tuning large-scale pre-
trained encoder—decoder models to generate SPARQL queries from questions.

In the study of Das et al. [27], a neuro-symbolic approach called CBR-KBQA (case-
based reasoning for knowledge-based question answering) was proposed. This method
consists of three modules or phases: in the first module, dense representations of a query
are computed using a RoBERTa-based (Robustly Optimized BERT Pretraining Approach)
encoder [28]; then, they are used to retrieve other similar query representations from
the training set. In the second module, Big Bird is used [29], which is a sparse-attention
architecture that is initialized with pretrained BART-base weights to create a logical form
of a natural-language query, leveraging the similar query representations extracted in the
previous phase. Finally, in the third phase, the logical form is refined by aligning it to the
relationships present in the knowledge graph. This model outperforms previous models
regarding complex queries. In the same way, in the work of Wu et al. [30], the task of KGQA
was also divided into three steps: hop prediction, where a classification model predicts the
number of hops for a given query; relation path prediction, where a model is trained to
predict the triples more related to the query considering the number of hops predicted in
the first step; and triple sampling, where the triples are ranked.

For domain-specific data, Sima et al. [31] proposed a system based on several steps.
Firstly, tokens of length one from the NL question are matched against the data stored
in the database, the URI is retrieved alongside the class and property names, then these
candidates are ranked and used to build a query graph that represents the possible answer
to the NL question. This approach outperforms other systems in the biomedical domain.
Additionally, Rangel et al. [32] proposed a data augmentation strategy to extend an existing
set of queries to enable fine-tuning an LLM for translating NL to SPARQL queries in the
life sciences domain, which shows an improvement in the performance of OpenLlama
(https:/ /github.com/openlm-research/open_llama, accessed on 8 June 2025).

Most of the works presented above require training data or a certain type of labeled
data, which are not always available, especially for domain-specific knowledge graphs. For
this reason, several approaches have explored prompting LLMs for KBQA. For instance,
Baek et al. [33] proposed a knowledge augmentation approach for KGQA. This method
first retrieves triples that match entities present in the natural-language questions and then
includes this information in a prompt and asks an LLM to generate a new answer for the
NL question. Liu et al. [2] proposed a contextual learning-based pipeline: first, the question
in NL is vectorized, and similar questions along with the SPARQL query from the training
set are extracted; then, these pairs are passed in a prompt along with the original question
in NL and an instruction that provides an overview of the task. This approach achieves
competitive results compared to other state-of-the-art LLM-based methods. However,
a limitation of this work is the entity-linking prerequisite, which involves having the
entity linking between the natural language and the KG conducted in the preliminary step.
Therefore, if no such annotation or tool is available, the performance of the method can
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decrease. A different approach was introduced by Tian et al. [34], encoding a subgraph
of relevant information to a given question with a graph neural network, which helps to
capture the structural and semantic components of the natural-language query. Then, the
output is converted into a format the LLM can understand and passed as a prompt to it to
guide its answering process.

In prompt-based methods, it is crucial to retrieve relevant information to answer a
given question, and even these approaches may require the usage of a training or standard
set [2]. In this work, we attempted to include contextual knowledge in a prompt similarly
to previous approaches, but without involving labeled data. We proposed to leverage
LLMs to first extract the information from the NL question. Then, we looked for relevant
triples in the KG that could aid in the SPARQL query generation. Next, we generated a few
examples of input and expected output and combined them in a new prompt, alongside
a general overview of the KG and a description of the task. Unlike previous approaches,
we attempted to combine in a single prompt (a) a specific context, giving triples that
mention entities from the original question, (b) the general context explaining how the KG
is organized (depending on the entities extracted from the query), and (c) pairs of contexts
with the expected answer to exemplify the task. This approach enables the LLM to gain a
high-level understanding of the target task by observing the expected outputs, while also
learning about the general structure of the KG. As a result, this method remains flexible
and adaptable to other domain-specific KGs.

3. Methodology

This work proposes a method consisting of three main phases. In Figure 1, a general
overview of the approach is shown. In the first phase, given a question in natural language,
the main entities are extracted through few-shot prompting of an LLM. Then, in the second
phase, these entities are used to get the triples from the knowledge graph where these
entities are mentioned. Finally, in phase three, the LLM is prompted to build a SPARQL
query given a natural-language question, the relevant context retrieved in phase two, and
several examples of the task.

1st phase 2nd phase 3rd phase

Extract relevant

triples —Obtain sparq| queries

question
Examples of triples that mention the
m M Few-shot prompting entities extracted in Phase 1 ;
(#Pilot_LAX04CA309, The input prompt includes:
. . #hasOccupationalPilot, #False)
Original question: What restraints are used by . J « Pairs of NL questions and

the pilots for their safety?

Entities extracted with
Llama3: [{pilot restraints]

spargl queries as examples.
« Question from the aviation
dataset in NL
. » Relevant triples extracted in
Few-shot prompilng/ phase 2 for that question

(#Pilot_LAX04CA309,
##hasRestraintUsed', '#Seatbelt)

o A
\‘

Figure 1. General description of the proposed approach.

For the first and third phases, we prompted a 4-bit AWQ-quantized LLaMA 3.1-70B
Instruct model (https:/ /huggingface.co/hugging-quants/Meta-Llama-3.1-70B-Instruct-
AWQ-INT4, accessed on 8 June 2025) [35] accessed through the HuggingFace library [36].
This quantized variant was selected primarily due to computational resource constraints.
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The Llama3 series was chosen due to its remarkable performance in natural language tasks
as well as its open-source availability, which supports transparency and reproducibility.
These series have recently demonstrated superior capabilities compared to other open-
source alternatives in tasks involving prompt-based SPARQL query generation [37,38]. All
the setup configurations for our experiments are available in our GitHub repository (https:
//github.com/Ineshercam/PromptBasedQueryGeneration.git, accessed on 8 June 2025).

In this section, first, an introduction to the knowledge graph used in this work is
presented, then the three phases of the proposed methodology are explained.

3.1. Knowledge Graph and Test Set

According to the International Civil Aviation Organization (ICAO), aviation incidents
fluctuated between 1.87 and 2.94 per million flights between 2019 and 2023 [39]. Given the
complexity and critical nature of aviation safety, accident reports represent crucial sources
of knowledge for identifying causes of accidents, although these reports are generally un-
structured texts [40]. To address this, Agarwal et al. [17] proposed an aviation knowledge
graph constructed from several accident reports. The ontology was built with the aid of
experts and the Accident Data Reporting (ADREP) taxonomy; then, they used regular ex-
pressions to extract triples from the reports. Table 1 shows a description of the final KG that
the authors made available (https://github.com/RajGite /KG-assisted-DL-based-QA-in-
Aviation-Domain/blob/main/Aviation%20Knowledge%20Graph/ Aviation_KG.owl, ac-
cessed on 8 June 2025).

Table 1. Properties of the aviation knowledge graph.

Metrics Count
Entity class 138
Individual 8894

Object property 88
Data property 70
Axioms 96,699

The authors additionally provided a dataset of 150 questions along with their answers
for 50 incident reports. This test set was manually curated by searching for every query in
the 50 reports and documenting the desired answer and paragraph where it was found.

3.2. Extracting Relevant Entities

The first step of our methodology is to extract relevant entities from the natural-
language question. The goal of this step is to identify triples in the KG that can guide a
model in building a coherent SPARQL query. Given that this is an approach that targets
domain-specific KGs, we determined that traditional named-entity recognition (NER)
systems would not be sufficient. This is because such systems are typically trained to
identify standard named entities (e.g., people, locations, organizations) and would fail at
recognizing relevant but non-traditional entities, such as “injury” or “restraint,” which are
crucial for our task. Furthermore, to ensure that the approach proposed in this work is
adaptable across different domain-specific KGs, it was essential to adopt an entity extraction
method that does not rely on domain-specific training data.

For these reasons, we employed an LLM-based approach using few-shot prompting.
This approach was selected specifically for its adaptability and flexibility: by providing a
small number of crafted examples, we were able to guide the LLM to extract the types of
entities relevant to our task, including non-traditional entities that could be overlooked
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by conventional NER systems. When compared to other methods, few-shot prompting
offers a domain-agnostic solution that can generalize to new domains without the need for
retraining, just by adapting the examples included in the prompt to a different domain.

Specifically, Llama3-70b-Instruct was leveraged through few-shot prompting to extract
relevant entities from all the questions on the test set. The context window of this specific
model is 128,000 tokens, which allows for sufficient information to be added.

In Figure 2, an example of the prompt presented for each question is shown. First,
an instruction of the task is inserted; then, three examples of the expected output are
shown to the model to guide it in understanding the task; and finally, a new question is
added for the model to extract the entities. Although several tools exist for performing
traditional named-entity recognition, they typically focus on standard entities, such as
persons, organizations, etc. However, our task required the identification of all the words
or entities that could aid in finding relevant triples.

Prompt: \
@a helpful assistant expert in knowledge graphs, think before answering but

do not explain your thought process. You will see a question and then extract the main
entities that will help us get the URI necessary to build a sparql query"”

~N

aircraft?"

Question: "In which accidents, no mechanical problem were found with
Entities: ['accident', 'mechanical’, 'problem’]

N
Question: "In which aircraft accidents, passenger injuries were reported?”
Entities: [aircraft’, 'accident', 'injury', 'passenger"]

NYCO02LA070 2"
Entities: ['aircraft’, 'damage’, 'Accident’, 'NYCOLAQ70']

{stion:"What restraints are used by the pilots for their safety?" /

Figure 2. Example of the prompt used to extract relevant entities from an NL question.

r}uestion: "What's the extent of aircraft damage for Accident Number

We selected three examples that could represent some common cases present in the
dataset, which should approximate real-life natural-language questions. Given the presence
of multiple types of entities within these questions, we aimed to choose examples that
include a diverse set of frequently occurring entity types, such as “accident,” “number of
accident” (e.g., NYCOLAOQ70), “aircraft,” “passenger,” etc. Rather than adhering to a rigid
selection protocol, our goal was to ensure that the examples collectively captured both
the structural and semantic variability commonly found in the dataset for the model to
generalize more effectively.

After obtaining all the entities for each question, we lemmatized them since there
were certain cases where the suffix of the word differed from the ending of those in the
knowledge graph. For instance, in the question “Were any injuries reported for registration
N7878N?”, Llama3 extracted the word “injuries” as an entity; however, in the aviation KG,
there are relations such as “HasPassangerInjury,” which would not match with “injuries” if
we did not lemmatize it. By lemmatizing the word, it was reduced to the form “injur,” which
aligned with the relation’s name (“HasPassangerInjury” (please note that “Passanger” is a
typo included in the original work [17]; since we wanted to be faithful to the original work
where the KG was introduced, we present the entities and relations as they are expressed
in the original work)) and allowed for a successful match. For multiword entities, we
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lemmatized each word of the entity individually and then combined them in the same
entity again.

3.3. Extracting Triples

This phase can be divided into two parts. The first part consists of building a general
view of the KG. The second part encompasses the process of extracting the triples where
the entities obtained in the previous phase are mentioned.

To provide the LLM with a general understanding of the knowledge graph, it is
important to assess its content focus, and the most straightforward way to do this is to
look at the size of its classes and the level of detail of representation of the instances of
these classes [41]. Therefore, in the first part of this phase, we observed the classes with
the most instances and which classes had the instances with the most connections. Table 2
displays the five classes with the most instances and the average number of relations per
instance for each class. As observed, the classes with the highest average number of unique
relations that also had a high number of instances were “Accident_number,” “Pilot,” and
“AircraftRegistrationNumber.”

Table 2. Classes with the most instances and average number of relations of the instances of that class
on the aviation knowledge graph.

Classes with the

Most Instances No. of Instances Average No. of Relations Min. No. of Relations Max. No. of Relations
Accident_number 3775 13.74 2 78
AirportName 1088 1.31 1 2
Cause 639 2.01 1 3
Pilot 500 16 16 16
AircraftRegistrationNumber 498 28 28 28

We took an example of an instance of each of these three classes that covered all of
the unique relations and registered them in a dictionary-like structure, which we called a
“premade context”, where each class is a key and the values are (a) a general description
of the class and (b) the list of triples that the example instance has. Thus, we first checked
if, for a given question, any of the entities retrieved in the first phase matched the keys
of the premade context dictionary. If they did, then we directly retrieved the information
related to that entity from there, joining the description and the triples into a single string.
Then, if an entity did not match the keys, we checked if it matched one of the elements of
the triples of the whole premade context. If it did, then we added the general description
of the key class and the triples that the entity matched. If the entity did not match any
information from the premade context, we checked in the general graph for triples that
matched the entity.

The second part of this phase is checking for entities in the whole graph. We built
a SPARQL query to retrieve all those triples from the KG that mention the retrieved
entities either in the predicate or in the object and grouped them by predicate and object,
respectively. In this way, we limited the results to one example per object or predicate.
When the entity is a multiword, the process becomes more complex. The process for such
cases is exemplified in Figure 3. In this knowledge graph, some multiword expressions
appear separated by underscores, such as “PILOT_IN_COMMAND.” However, in other
cases, there is no separation, such as in “WEATHERCONDITION.” For this reason, it was
necessary to check both possibilities for all multiword entities, as shown in Figure 3. If
this did not match any predicates or objects, we checked if the entity could be partially
matched, and if this failed, then we checked word by word.
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input: Loss of engine power

loss_of_engine_power lossofenginepower

if found

if found l if not found

contains "loss" return triples

return triples < s
' iffound BIGhot
A
if not found
contains "of" and
if found engine
if not found
contains
"engine" and -
if found "power" if not found

Figure 3. Example of getting relevant triples for multiword entities.

To illustrate the whole process of this phase, we provide the workflow in Figure 4.
Consider the question “Which accidents caused substantial damage to aircraft?”, which

"o r7

would have the entities “accident,” “substantial damage,” and “aircraft.” Since “accident
is a key in the premade context dictionary, we extract the triples from there. Then, if
“substantial damage” is not found in the dictionary keys, we check if it is present in any
triples of the three entities that are keys in the dictionary. If this is not the case, then we
proceed with the process explained in Figure 3, because it is a multiword entity. Finally, we
check for the last entity (“aircraft”), which is a key in the premade queries dictionary, so we
directly retrieve its associated triples.

Now, consider a hypothetical variation if the last entity was “injury” instead of “air-
craft.” The entity “injury” does not appear as a key in the premade dictionary. However, it
does match a subset of triples under the “accident” key. In this case, we retrieve only those
“accident” triples that mention “injury” and discard the rest (what was added for the first
entity “accident” at the beginning). The general description for “accident” is kept, but we
narrow the result to the most specific context related to “injury”. This is done to ensure that
irrelevant or overly broad information (i.e., noise) is excluded from the prompt, focusing
instead on the most relevant and precise context extracted from the knowledge graph.
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Entity extracted in
phase 1

Look up in the premade context

dictionary }

Add description of

the entity + triples

Part 1 of phase 2

...................................... . - Check if the entity appears in in the

Does the entity match a
key class? (e.g.
accident, aircraft)

Does the entity appear in the
triples present in the premade
context?

--------

Add class description + related
triples

Fallback to part 2 (look for entities in
the whole KG)

KG as predicate or object.
- If it's a multiword entity do the
process of Figure 3.
- Limit one example per
predicate/object

L /

Part 2 of phase 2

Figure 4. Workflow diagram of phase 2 (extracting triples) of the proposed method.

3.4. Obtaining SPARQL Queries

This step consisted of obtaining a SPARQL query that would retrieve the necessary
information from a KG to answer a natural-language question. In the previous two phases,
the goal was to extract relevant information from the question that could guide the model
in building a correct query.

For this phase, as explained before, we prompted a 4-bit AWQ-quantized LLaMA
3.1-70B Instruct model. The prompt included (a) a description of the task, (b) four examples
of the task (few-shot), (c) the question in NL, and (d) the context retrieved in phase 2 for
this question.

In Figure 5, an example of the prompt is presented, with the first two boxes repre-
senting the expected input and output to illustrate the task. We manually crafted three
examples that were similar to those present in the test set (in the image, only two are
shown); then, a corresponding SPARQL query was built to exemplify the expected output
and guide the model into building coherent sequences. These prompt examples can be
found in the provided repository.

Following the presentation of three input-output examples, a new NL question is
inserted. At this stage, additional contextual information, extracted during phase 2, is also
provided (depicted in the box on the right in Figure 5). This supplementary information
comprises relevant elements required to construct a SPARQL query capable of answering
the newly introduced NL question. The effectiveness of this step is dependent on the
entities identified during phase 1, as they serve as the foundation for linking the NL input
to the corresponding knowledge graph triples.
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Prompt: "You will be presented with a question in natural language and several relevant triples from an aviation
knowledge graph. Write a sparql query using the information provided if relevant.
@uestion: "Who was the Engine Manufacturer for Accident Number TX44NY9977?"
Relevant information: "example of an accident: AccidentNumber_ATL67MI69 has the following predicates and
objects '...(#¥hasRegistrationNumber #Registration_N25289)'...'example of an airplane registration
#Registration_N25289 has the following predicates and objects (#hasEngineManufacturer', '#Lycoming')
/{ran aircraft entity which is stored as 'Registration_(number)":
Answer: "spargl query: PREFIX acc: <https://www.cse.iitb.ac.in/~amitpatil/AircraftAccident.owl#> Registration_N8790Q is the subject of the following predicates and
SELECT ?m example objects: [[\#hasRatedPower\, \#160V], [#hasSeats\, \#2\]...
WHERE {
ace: Accidenthumber. M'AO3LAE35‘?CC:haSReg'S‘ra“O"N“mbe‘ 70 An instance of an accident is stored as AccidentNumber_(number):
\___?0 acchasEngineManufacturer 7m} % [AccidentNumber_MIAO3LA035 is the subject of the following
predicates and objects:, [[#hasCrewlnjury’, '#1 Minor'],
/Questlon: "What are the gusts of accident no MIAO3LA089?" \ [#hasTotallnjury', '#1 Minor #1 Fatal], [#hasPassangerinjury’, "#A"]...
Relevant information: relevant triples information: "example of an accident entity: AccidentNumber_ATL67MI69 . . . ) X
has the following predicates and objects [...'(#hasGusts, #40)'(#unitOfGusts, #degree)'...] [r;;]\i jggxr\?:;i::g;m%%ﬁ; 5Ir;'lhe following triples:
Answer: "PREFIX acc: <https:/www.cse.iitb.ac.in/~amitpatil/AircraftAccident.owi#> #hasCausaligenEOtheiRersonsOnBoard,srRASSENCERT),
SELECT ?guts 2units [#NOTUSED, ‘#lsCausedDueTo', #PILOT_PASSENGER'],
WHERE { [#AccidentNumber DEN84LA034', ‘#IsCausedBy',
acc:AccidentNumber_ANCO02LA012 acc:hasGusts ?guts . @SENGERBNEF'NGL" /
\ acc:AccidentNumber_ ANC02LA012 acc:unitOfGusts ?units }" /
Question: "In which aircraft accidents, passenger injuries were reported?"

Relevant information:

Figure 5. Example of the prompt used to obtain SPARQL queries.

After obtaining the SPARQL queries, minor postprocessing steps were applied before
executing the queries. A space after the definition of each variable was added when there
was not already one there (e.g., correcting and changing "SELECT?x” to "SELECT ?x”),
and, if present, additional text that did not belong to the query was removed (e.g., “sparql
query:” before the actual query or any additional explanation of the reasoning steps).
The total of 150 natural-language queries in the test set (described in Section 3.1) were
transformed into SPARQL queries and executed against the aviation knowledge graph
using the RDFlib (https:/ /github.com/RDFLib/rdflib, accessed on 8 June 2025) library. We
provide the results of the evaluation in the following section.

4. Results

In Table 3, the average running time of phase 1 (entity extraction) and phase 3 (query
generation) per question of our method is displayed. All prompting experiments were
conducted using a system equipped with three NVIDIA Quadro RTX 5000 GPUs (NVIDIA
Corporation, Santa Clara, CA, USA).

Table 3. Average processing time (in seconds) per question for each prompting experiment. The
results indicate that the query generation phase is substantially more time-consuming when compared
to the entity extraction phase.

Task Average Time (seconds)

Entity extraction 8.2
SPARQL query generation 30.0

After running the SPARQL queries obtained, we compared the results of the KG
retrieval with the answers in the test set. It is crucial to highlight that the test set was
created by extracting the information from the original documents and not from the KG.
Therefore, as the KG is built upon the same collection of documents, we expected it to
contain sufficient information to answer the test set questions. However, Agarwal et al. [17]
stated that not all questions in the test set can be answered using the knowledge graph
(KG), making it impossible to achieve an accuracy or exact match of 1.0. Following that,
we manually annotated how many of the questions were based only on the facts present
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in the KG. Thus, we additionally display the results considering only this part of the test
set in Table 4. In line with the work of Agarwal et al. [17], we provide the value of the
exact match metric, which calculates the number of answers predicted that fully match the
golden answer. Additionally, since their system outputs multiple possible answers, they
also introduced semantic accuracy, which considers an answer as correct if any of the top
10 predicted answers are semantically similar to the gold standard answer. However, as
our system outputs only one predicted answer, we did not calculate the semantic accuracy
in our work.

Table 4. Exact match of SPARQL query generation using the baseline KGQA method and our
proposed context-aware prompting approach. The results are reported both for the full exact match
and for the exact match based solely on the answers that are possible to answer with the KG.

Method Exact Match  Exact Match (Only on KG Answers)
KGQA (baseline) 0.35 -
Context-aware prompting (our method) 0.41 0.55

Similarly to the exact match explained before, we calculated this metric by counting
when our method retrieved the exact node(-s) necessary to answer the question, and the
nodes matched the reference answer of the test set. Since the test set was created only
considering a part of the documents, many answers would include more information than
the answer in the test set. For instance, for the test set query “Accidents which have pilots
older than 50 years,” the test set answer suggested a smaller number than the one found in
the KG since the target answer only comprised a subset of documents. For this reason, we
counted the prediction as correct if all the instances of the target answer were present in
the predicted answer.

Additionally, questions involving numerical data (e.g., dew point, temperature) re-
quired normalization procedures due to substantial variation of the representations found
in the test set, where more than one variation could be found, and in the knowledge graph.
For instance, references to “nautical miles” appeared in different forms, such as “Nm” and
“Nautical Miles,” while in the KG, it is represented as “nauticalMile.” To ensure an accurate
evaluation of the model outputs, these variants were normalized to a consistent form in the
test set. A table listing these variants and the normalized version is presented in Table A1.

As shown in Table 4, our method outperforms the approach used by Agarwal et al. [17],
in which the aviation KG was introduced. We compared our results only with their KGQA
module, since in this work, only the KG was used, and we wanted to assess the query
generation capabilities of this method. In Table 4, we additionally present the results
excluding unanswerable queries displayed in the third column “Exact match (only on
KG answers).”

They also introduced other techniques that combine both the KG and the original
documents to answer the questions; however, this includes additional external knowledge
besides query generation.

Out of the 150 natural-language questions of the test, Llama generated syntactically
incorrect queries only for three of them. Two of these errors were caused by introducing
special characters in the instances using a namespace prefix. In Figure 6, an example is
displayed: first, the prefix “acc” was inserted to avoid repeating the full URIs in the query;
then, in the “FILTER” step (at the end of the query), the entity “UNSUITABLETERRAIN-
ORTAKEOFF/LANDING/TAXIAREA” was introduced, since that was the name that was
shown to the LLM in the triples examples included in the prompt and it was extracted
from the KG. However, SPARQL does not accept the character “/,” which leads to a query
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parsing error. The other malformed query inserted spaces in the definition of the entity,
which is only possible for literals; therefore, it was incorrect.

Which terrain conditions could result in aircraft accident?

PREFIX acc: ﬁ\\\

<https://www.cse.iitb.ac.in/~amitpatil/AircrattAccident.owl>

SELECT ?terrain

WHERE { ?acc a acc:Accident.

?ace acc:TsCausedBy ?terrain.

FILTER (sLrstarls (sLr(?terrain),

str (acc:UNSUTITABRLETERRAINORTAKEOFF/TANDING/ TAXTAREA) ) ) i’///

.

Figure 6. Example of a query syntax error produced with our method.

Nevertheless, most of the queries generated by the model were syntactically correct, al-
though not all of them managed to retrieve the correct information. Furthermore, 58 queries
did not return anything after execution because the query included non-existent relations or
non-existent literals. Notably, out of these 58 empty outputs, 34 corresponded to questions
that could not be answered with just the information in the KG.

5. Discussion

Our method outperforms the proposed approach of the original paper where the
aviation KG was introduced [17].

Some of the questions cannot be answered based only on the information from the
knowledge graph. For instance, more general questions, not related to an accident, such as
“Who handles airspeed in aircraft?” are based on facts not included in the KG. Additionally,
there are answers in the test set that do not match the answers found in the knowledge
graph; therefore, even if the query generated by our method is correct, the answer does
not match the test set answer, so it is counted as incorrect. Table 5 displays some examples
where the target answer did not match the answer found in the KG. The first example
introduces the question “Find the dew point for accident number ANC02LA012,” and
the test set indicates “—2 °C” as the answer. However, in the knowledge graph, the
answer is “1000,” and the answer retrieved by our method is ["1000’, ‘degreeCelsius’].
Thus, our method retrieved the correct nodes to answer, but the nodes contained incorrect
information, probably generated during the KG-building process. This could explain low
values in the exact match, along with the several questions that are not possible to answer
only with the KG.

We conducted a manual error analysis and classification to gain deeper insight into
the specific challenges faced by our method. Table 6 presents the distribution of errors
across the defined categories.
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Table 5. Comparison between the selected gold standard answers and the corresponding information
retrieved from the KG. The table highlights discrepancies that may arise due to inconsistencies in the
KG relative to the reference (golden) answers.

Test Set Question Test Set Answer KG Information Our Method’s Output
Find the dew point for accident _2°C 1000 1000 degreeCelsius']
fowr hg‘C‘C‘i‘éa;tthIflEﬁﬁ;’iﬁéggfkgﬁe; 37,155 2001-09-21T00:00:00 “2001-09-21T00:00:00"
Find the dew point for accident o 3 ' o
number NYC02LA070 -3¢ degreeCelcius 3 degreeCelsius
<IsCausedB #TERRAINCONDITION" />
What th £ accident i <IsCausedBy #AIRPORTFACILITIESRUN- ‘unsuitableterrainortakeoff /landing/taxiarea’,
A a dWiSN e C; USZONSSELE&;; unsuitable terrain WAY /LANDINGAREACONDITION"” /> ‘airportfacilitiesrunway/landingareacondition’,
codent Number ' <IsCausedBy UNSUITABLETERRAINOR- “terraincondition’

TAKEOFF/LANDING/TAXIAREA” />

Table 6. Error analysis and categorization of the outputs generated by our method. The asterisk in
number 3 indicates that two of the three syntax errors are also found in the unanswerable queries; as
a result, the total sum of the percentages is not 100%.

Type of Error Quantity Percentage of Total Errors
Syntax errors 3% 3.4
Unanswerable queries 39 443
Incorrect information in the KG 9 10.2
Semantic-lexical errors 26 29.5
Logical errors 11 12.5
Incorrect information retrieval 2 2.3

e Syntax errors refer to those queries that are syntactically incorrect and cannot
be executed.

e  Unanswerable queries refer to those questions that are impossible to answer only with
the information in the KG. As previously discussed, the KG contains less information
than the original accident reports, resulting in a lack of coverage for certain questions.

e Incorrect information in the KG includes cases where the generated query correctly
retrieves the intended node(s), but the factual content in the KG does not correspond
to the ground-truth answer in the test set (as shown in Table 5). These errors can be
attributed to inaccuracies or inconsistencies during the KG construction process.

e Semantic-lexical errors refer to cases where a query contains terms (typically predi-
cates, classes, or individuals) that are lexically invalid or not present in the underlying
ontology or vocabulary, resulting in semantic invalidity, even though the syntax of the
query itself is correct.

e Logical errors occur when even if the terms used and syntax are correct, the logic or
structure does not align with the structure of the KG due to reasoning issues.

e Incorrect information retrieval refers to queries that are syntactically correct and use
valid ontology terms but fail to select the precise elements required by the question.

As mentioned before, only three queries produced by our method were syntactically
incorrect, two of which also fell into the unanswerable queries category. In total, 39 queries
could not be answered only with the information contained in the KG. Moreover, nine
queries, despite being semantically and lexically correct, retrieved information that did
not match the test set due to inaccuracies in the KG itself. These outputs, although we did
not count them as valid for the exact match calculation, are still considered valid from the
perspective of query generation, as they demonstrate proper structure and intent. This
mismatch arises from data quality issues in the KG.
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The most common errors regarding the performance of our method were semantic—
lexical errors. Within this category, we identified that approximately 65% of this type
of errors occurred because the model confused literals and entities. For instance, in the
case illustrated in Figure 7, the model misinterpreted the aircraft model “R172E” as a
string literal instead of recognizing it as a defined entity in the KG, leading to an empty
result, even though an example showing “R172E” as an entity was included in the prompt.
The other 35% of these errors encompassed the use of non-existing terms, either invalid

predicates or undefined entities.

-

N

Cessna R172E is operated by?

Who was the Engine Manufacturer for Accident

~

Number MIAO2LA0587?
J

-~

N

PREFIX acc:
<https://www.cse.iitb.ac.in/~amitpatil
/AircraftAccident.owl#>

SELECT Z?operator
WHERE {

?reg acc:hasAircraftModel "R172E".

?reg acc:hasAircraftManufacturer
"Cessna".
?reg acc:hasOperator ?operator.}

\

/

Semantic-lexical error

N

PREFIX acc:
<https://www.cse.iitb.ac.in/~amitpatil
/AircraftAccident.owl#>

SELECT ?engineManufacturer
WHERE {
acc:AccidentNumber MIAQ2LA058
acc:hasPilot ?pilot.
?pilot acc:hasRegistrationNumber ?
registration.
?registration acc:hasEngineManufacturer 2
engineManufacturer.} <///

Logical error

Figure 7. Examples of semantical-lexical and logical errors.

Logical errors represented approximately 12.5% of the total errors. These included the
use of semantically correct predicates in contexts where they were logically inappropriate,
incorrect selection of relationships to retrieve the desired information, and the use of regular
expression matching without case sensitivity when it was needed. As shown in Figure 7,
one such error involved using the relation “hasRegistrationNumber” to find the registration

number; however, it is accidents that have a registration number and not pilots.

Despite these challenges, this proposed approach managed to successfully retrieve
multiple answers, including answers where multistep reasoning was needed, such as
those including a metric and the unit of the metric, or answers that required multi-hop

search queries.

Figure 8 presents two examples of correctly generated queries. In the leftmost example,
the NL question inquired about the type of landing gear involved in a specific accident. The
model successfully identified the need to first retrieve the registration number associated
with the accident, followed by querying the landing gear via the “hasLandingGear” relation.
This reasoning process appears to be influenced by the exemplar triples provided in
the prompt, which included the relation [“#Registration_N633KE"” “#hasLandingGear,”
“#Tailwheel”]. In the initial phase, the phrase “landing gear” was extracted as an entity
and subsequently matched to relevant triples, including the aforementioned example, thus
guiding the generation of the correct query. Furthermore, the general context prompt
included patterns indicating that accidents are linked to registration numbers, reinforcing
the appropriate relation chain.

The second example in Figure 8 (on the right) involves an NL query about the wind
speed during a specific accident. Here, the model accurately retrieved both the speed value
and its units. Notably, while the term “speed” does not explicitly appear in the question, the
model effectively inferred that the phrase “how fast” semantically corresponds to “wind

speed,” which matched the necessary triples to retrieve the correct information.
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( N
What was the type of landing gear used for How fast was the wind for accident number

Accident Number NYCO2LAO0707? ANCO21.A0127
- /

//’

-

PREFIX acc: PREFIX acc:

<https://www.cse.iitb.ac.in/~amitpatil
/BircraftAccident.owl#>

SELECT ?landinggear
WHERE acc:AccidentNumber_NYCO2LAO70

acc:hasRegistrationNumber ?reg. acc:hAccidentNumber ANCOZLA0LZ2
?reg acc:haslLandingGear ?landinggear.} acc:unitOfWindSpeed ?2unit.}

N ™

<https://www.cse.litb.ac.in/~amitpatil
/RAircrafthccident.owlf>

SELECT ?speed ?unit
WHERE { acc:AccidentNumber_ANCOZLAO12
acc:hasWindSpeed 7?speed.

AN /

Output: "Treycle' Output: '20 knots'
Expected answer: "Trycicle' Expected answer: '20 knots'

Figure 8. Examples of NL questions, the correctly generated queries by our method, and their output
after execution and normalization.

It is important to note that several errors were attributable not to the model or the
method itself but to the flaws of the underlying KG. Therefore, we advise against using
this particular KG as a benchmark for domain-specific query generation without substan-
tial refinement. Considerable manual intervention was required to properly assess and
validate our method’s performance. Even with this intervention, several correct queries
produced by our method were not recognized as correct, complicating a fair assessment of
its true capabilities.

Unlike previous approaches, the method proposed in this work does not rely on
training or labeled data. Liu et al. [2] proposed a prompt-based method to generate SPARQL
queries; however, a labeled set is needed to find similar question-SPARQL query pairs for
anew NL question to include them in a prompt. Our method, unlike the aforementioned
work, proposes leveraging the general reasoning capabilities of LLMs to extract relevant
entities and match these with triples present in the KG for domain-specific scenarios where
labeled data are sparse. The introduction of general and contextual knowledge allows the
model to generate correct SPARQL queries tailored to each NL question.

Injecting KG-grounded information has proven to enhance KBQA, such as in the
work of Baek et al. [33]. The method proposed by these authors injects triples that match
the entities present in the NL directly into the LLM to generate an answer. However, as
indicated in the limitations, this method relies heavily on the quality of the retrieval triples,
struggles when multi-hop reasoning is necessary, and might retrieve information that is
solely close to that entity. In our proposed approach, we leverage the reasoning capabilities
of LLMs to generate a SPARQL query, which includes multi-hop reasoning if the question
requires it. This query retrieves only the information necessary to answer the NL question,
and this can be further used to enhance KBQA.

A key innovation of our approach compared to the previous baseline is the use of
context-aware prompting: in the query generation phase, the LLM is not only given the
question, but it is also enriched with relevant triples and a few carefully selected in-context
examples extracted by analyzing the most relevant classes in the KG. This contextual
guidance enables the model to better understand the intent, align with the KG schema, and
generate structurally and semantically accurate queries. In our experiments, the token limit
of the Llama3-70b model was never exceeded. However, if this is the case for other KGs,
we recommend selecting the top-n most similar triples to the NL question. Furthermore,
entity extraction is handled through few-shot prompting, enabling the model to identify
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key concepts in complex phrasings without the need to use rule-based constraints present
in the previous baseline. These advances lead to significantly improved performance of 6%
in the exact match metric.

6. Conclusions

In this work, we proposed a three-step prompt-based approach for generating SPARQL
queries from natural-language questions. Our method was evaluated on an aviation
knowledge graph (KG), achieving a 6% improvement in the exact match metric when
compared to prior results from the original KG study. It is important to acknowledge
that this metric does not fully capture the overall effectiveness of our approach due to
errors present in the test set. While our method remains susceptible to inaccuracies, as it
relies on the language model’s understanding of SPARQL, it offers significant potential for
refinement. This method is adaptable to domain-specific KGs without requiring knowledge
from experts, making it a promising direction for further research and development.

Certain limitations of this work and possibilities for future work include refining the
triple-matching process. Questions asked by users may vary greatly; thus, it is necessary
to search for semantically similar entities, given that the entities found in the question
not always match elements from the knowledge graph or that there could be ambiguous
entities. Contextual embeddings could be leveraged instead of lexical matching to extract
relevant triples from the KG. Additionally, analyzing the impact of both the number and
structure of different few-shot examples can be explored to understand how the results
would be affected.

Similarly, since the design of our prompt forced the model to always extract entities
and our triple-matching technique was flexible, our method extracted entities and retrieved
triples for each given example. However, if the prompt is modified to suggest no entity
extraction in the case where no relevant entities are found, several techniques, such as
question rephrasing, might be needed.

Additionally, one potential strategy to address semantic—lexical errors (particularly,
the most frequent type, which involves the confusion between literals and resources) is to
enhance the prompt used in the third phase. This can be performed by explicitly specifying
the nature of the terms in the example triples provided to the model, clearly indicating
which elements are literals and which are resources. This clarification is especially impor-
tant for the triples retrieved using the extracted entities, as it can help the model distinguish
between different types of values and generate more accurate SPARQL queries.
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Appendix A
Table A1l. Normalization process of the numeric terms found in the test set.
Variants Found in the Test Set Variant of the KG Normalized Version
Nm, Nautical Mile nauticalMile nm
ft foot ft
knots knot knots
°C degreeCelsius degrees celsius
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