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Abstract

Knowledge graphs provide a source of up-to-date structured knowledge, which makes them an ideal counterpart to LLMs. LLMs,
by themselves, are not trained to run structured queries internally and can become stale without a source of up-to-date information.
We hypothesize that knowledge graphs can be effectively connected to large language models via controlled natural languages.
Unlike standard formal query languages, controlled natural languages (CNLs) offer a syntax close to human language. Yet, can
be unambiguously converted into formal languages such as SPARQL. In this article, we explore the premise that the extensive
pre-training of LLMs on diverse textual data enables them to perform semantic parsing into controlled natural languages more
accurately than parsing directly into formal query languages. To evaluate our hypothesis, we constructed a dataset facilitating the
comparison between a standard formal language and two controlled natural languages.

Our findings show a significant accuracy improvement when using the same amount of controlled natural language training
samples. Additionally, fewer samples are required to achieve a desired performance when using CNLs compared to standard query
languages. The higher data efficiency of CNLs is particularly important to reduce the complexity and cost of the collection and
curation. This enables a more efficient way for LLMs to query KGs.

Keywords: Large Language Models, Knowledge Graphs Question Answering, Semantic Parsing, Controlled Natural Language,

Sample Efficiency, Entity Linking

1. Introduction

Knowledge Graphs (KGs) have become a crucial part of dif-
ferent Al applications by offering a means to capture factual
information. At their core, KGs follow a triple-based struc-
ture to represent knowledge. They can capture cross-domain
information like WikiData |VrandeCi¢ and Krotzsch|(2014) and
DBpedia Lehmann et al.| (2015a), or are domain-specific such
as Open Research Knowledge Graph [ﬂ

Semantically represented knowledge in KGs can be exploited
to solve a wide range of problems in downstream NLP tasks
such as recommendation or question answering |Bellomarini
et al.| (2020). However, accessing information in knowledge
graphs presents a significant challenge that can hinder their util-
ity. To manually retrieve information from these graphs, users
must navigate through them using specific query languages,
such as SPARQL and Cypher, which demands a comprehen-
sive understanding of both the query syntax and the schema of
the graphs themselves.

Addressing this challenge, Knowledge Graph Question An-
swering (KGQA) systems have been developed to bridge the
gap between the structured world of knowledge graphs and the
intuitive simplicity of natural language. By allowing users to
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pose questions in their own words (in natural language), KGQA
systems aim to democratizing access to the rich stores of knowl-
edge contained within KGs. They do this by translating natural
language questions into formal queries that can retrieve spe-
cific information from the graph. This approach, also known
as semantic parsing, significantly lowers the barrier for a wider
audience to benefit from the knowledge stored in KGs.

The recent advances of Large Language Models (LLMs) are
changing the perspective on the role of KGs: they now often
serve as a knowledge backbone for LLMs, e.g. for a) facts that
emerged after the LLM was trained, hence that are unknown
to the model, b) facts that are not “popular”, i.e. not “head”
knowledge, as the LLMs might not be able to learn them dur-
ing training [Sun et al.| (2023)), and c) facts that are out of the
LLMs’ training scope, like domain-specific or organisation-
specific knowledge, and d) aggregations of facts obtained by
running structured queries.

One approach to connect LLMs with knowledge graphs is
to employ them for semantic parsing themselves and perform
the query execution as an action [Yao et al| (2022). This al-
lows LLMs to ground their responses with factual knowledge
stored in a knowledge graph |Peng et al.| (2023)); | Yasunaga et al.
(2021)1L1u et al.|(2025). Given that LLMs can hallucinate when
uncertain and lacking the required factual knowledge to answer
a query, this form of grounding can effectively reduce halluci-
nations.
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However, LLMs usually need fine-tuning to perform seman-
tic parsing effectively on a specific KG. This is because they
might not be proficient in the required query language or the
target KG’s schema due to a lack of task-specific pretraining
data.

Training datasets typically consist of pairs of natural lan-
guage questions and their formal query counterparts. Devel-
oping these datasets requires considerable effort and resources,
posing a substantial obstacle to incorporating them into LLM-
based workflows. Despite attempts to mitigate these obstacles
through semi-automated dataset generation techniques [Dubey
et al. (2019); |Sh1 et al.| (2020); Trived: et al.| (2017), the so-
lutions often fall short in generalizability: many of these ap-
proaches rely heavily on templates. While beneficial for dataset
expansion, inherently limit the diversity and real-world applica-
bility of the training data. Such template-based datasets strug-
gle to encapsulate the variability and complexity of natural lan-
guage queries encountered in QA systems, thus hindering the
ability of the models to generalize beyond the template’s scope.

We propose employing controlled natural languages as a
bridge between LLMs and knowledge graphs. Our rationale
is that CNLs closely mirror the natural language structure of
input queries, facilitating a more intuitive translation process.
They align more closely with the extensive textual data on
which LLMs are pre-trained, potentially enhancing the effi-
cacy of semantic parsing. In a previous publication of our re-
search |Lehmann et al.| (2023)), empirical evidence from our ex-
periments confirmed the proposed hypothesis. In this work, we
further extend our contributions in each of the following aspects
as main components of the proposed approach:

e Dataset: we provide a new dataset called Mintaka-1k
where the number of questions and their corresponding
queries in several languages have been roughly doubled
leading to 1000 questions. Each natural language ques-
tion contains an equivalent SPARQL query as a standard
KG query language, SQUALL and Sparklis as two CNLs,
with two different versions for each language.

e Prompt: we propose four different Entity-Linking (EL)
variations: No EL (no entity linking), Implicit EL (entity
linking information incorporated into the training prompt),
Explicit EL (post-training entity adjustment using an index
map), and Hybrid EL (combination of Implicit and Ex-
plicit EL methods).

e Language Model: we test a wider combination of closed
and open source models - Mistral-v0.2, Zephyr-7b-beta,
Yi, and GPT-3.5-turbo in addition to the previous ones,
i.e, TS5, GPT-neo, GPT2-x1, GPT2, Bloom to achieve better
results.

e Target Language: we introduce different versions for
each target language, namely Label-based and ID-based,
that demonstrate a significant improvement in execution
accuracy when using natural language Wikidata labels in-
stead of Wikidata IDs (ex: Using Barack Obama as label
in the query surface forms instead of Q76). Further expla-
nation can be found in the Section

The remainder of this paper consists of the following struc-
ture: first, we introduce preliminaries and related work in Sec-
tion 2] We introduce and discuss the proposed approach in
Section [3} The evaluation setup and the development of the
Mintaka-1k dataset are introduced in Section[dl An extensive
discussion of the results is provided in Section 5] together with
an error analysis in Section [6] We discuss the limitations of
the work and future directions in Section [7] and conclude the
contributions in Section 8]

2. Preliminaries and Related Work

This section provides an overview of the necessary prelim-
inaries and related work for our research. We cover four key
topics: Knowledge Graphs for Question Answering, Semantic
Parsing, Integrating Large Language Models with Knowledge
Graphs, and Controlled Natural Languages for Semantic Pars-
ing. For each topic, we first introduce the essential background
concepts, followed by a review of significant related work, en-
suring a comprehensive understanding of the foundational and
current related work.

2.1. Knowledge Graphs for Question Answering (KGQA)

Question answering (QA) systems aim to provide accurate
and factual answers to questions in Natural Language (NL).
Early QA systems primarily relied on information retrieval
techniques to find relevant passages in unstructured text cor-
pora [Voorhees et al.|(1999). Over the years, QA systems have
evolved from rule-based approaches Riloff and Thelen| (2000)
to more advanced methods by integrating machine learning and
deep learning techniques. These advancements have enabled
QA systems to process more complex questions and achieve
better performance by learning from large datasets and exploit-
ing semantic relationships between entities and relations (prop-
erties).

The rise of knowledge graphs (KGs) has further revolution-
ized the field of QA, enabling a new paradigm known as knowl-
edge graph question answering (KGQA) Yih et al.| (2015), |Fu
et al.| (2020). KGQA systems take advantage of the structured
information encoded in KGs to provide more accurate and rele-
vant answers to the NL question. By mapping NL questions to
structured queries in the KG, these systems can retrieve relevant
entities and relationships to retrieve factual answers.

Knowledge graphs serve as a structured representation of
real-world entities and their relations. KGs such as DB-
pedia Lehmann et al.| (2015b) and Wikidata [Vrandeci¢ and
Krotzsch| (2014) have been widely used in KGQA systems.
These KGs typically model relationships as edges connecting
nodes (entities) in a graph structure. These representations,
however, can be limiting for complex relationships involving
additional properties or attributes. To address this limitation,
hyperrelational knowledge graphs, also known as hypergraphs
or property graphs, have been introduced|Angles and Gutierrez
(2008). Hyperrelations KGs extend the knowledge represen-
tation by allowing relationships themselves to have properties,
enabling the capture of more nuanced information about the na-
ture of the connections between entities



In a hyperrelational KG, a statement ¢ = (s, p, 0, Q) is com-
posed of a subject s € E, a property p € P, an object
o € (EUL), and a set of qualifiers Q € P X (E U L), where
E =e;...e, is aset of entities, L is the set of all literal values,
and P = {pj,..., p,} denotes a set of properties, also referred
to as relations. The property p defines a relationship between
the subject s and object o and the set of qualifiers Q further
defines this relationship.

The Mintaka 1k dataset (refer to Section [), introduced in
this paper, leverages hyperrelational KGs to represent complex
relationships. Several questions in the dataset employ hyperre-
lations via qualifiers. In the example, *Who was the 42nd pres-
ident of the United States and former governor of Arkansas?”’,
from the Mintaka- 1k dataset, the KGQA system needs to iden-
tify the entities “President of the United States” and “Governor
of Arkansas” and the qualifier “series ordinal” = 42.

2.2. Integrating LLMs with Knowledge Graphs

In recent years, Large Language Model (LLMs) such as Ope-
nAIl’'s GPT-4 |Achiam et al.| (2023)), have significantly advanced
the field of NLP, enabling a broad spectrum of applications in-
cluding KGQA. Alongside GPT-4, other models including Mis-
tral (7 billion parameters) Jiang et al.|(2023)), Zephyr (7B) |Tun-
stall et al.|(2023)), and Yi (6B) have also made substantial con-
tributions to enhancing NLP capabilities. A key highlight is
that these models are open-sourced, making them accessible for
research and development. Unlike the presumed 175B model
GPT-3 Davinci, these models are relatively smaller, yet they
demonstrate superior performance in various benchmarks. This
advancement over LLMs used in our previous work [Lehmann
et al.[(2023)), including models like GPT-3 Davinci and Curie,
sets the stage for improved performance in this paper.

Despite LLMs being pre-trained on extensive datasets, they
still face the issue of hallucinations, inaccuracies, and outdated
information in parametric knowledge.

Recent research |Sen et al.| (2023)), [Baek et al.| (2023) has
integrated KGs with LLMs, extracting triples from KGs and
converting them into textual format to enhance LLM-based
question-answering with knowledge-augmented prompts. De-
spite this progress, significant challenges in reasoning and pars-
ing remain. For example, the increased complexity of question
answering tasks demands more advanced reasoning capabili-
ties and efficient exploitation of Knowledge Graphs to produce
answers that are both natural and groundedLiu et al.| (2025)).
This challenge is mostly seen in complex, multi-hop questions,
which require retrieving and connecting multiple facts. LLMs
often struggle with this type of reasoning, as they can easily get
lost during the retrieval process. Furthermore, LLMs do not di-
rectly support KG-specific parsing without access to the entities
present in the knowledge graph, a topic which is also analysed
in depth in this paper[3] They, hence, require augmentation that
facilitates entity retrieval. Further study by Wu et al.| (2023)
introduced a KG-to-Text corpus generation method for high-
quality annotations and finetuned LLMs on this corpus, aiming
to transform question-related subgraphs into knowledge text,
thereby improving KGQA performance. The pipeline approach
in KGQA systems, also described in [Taffa and Usbeck| (2023)

sequentially processes queries. It first identifies and maps rele-
vant entities and relationships to a knowledge graph, then for-
mulating and executing a SPARQL query to retrieve answers.
Taffa and Usbeck! (2023)) introduces a KGQA system that di-
rectly translates questions into SPARQL queries in few-shot
setting. Unlike JarvisQA Jaradeh et al.|(2020), which relies on
converting tabular data into text, and DBLP-QuAD [Banerjee
et al.| (2023) requiring extensive training for new schemas.

2.3. Semantic Parsing

The task of translating an occurrence in Natural Language
(NL) into a machine-interpretable representation g (query),
which preserves the original meaning in a given formal lan-
guage is termed semantic parsing. The logical form ¢ is consid-
ered correct if it accurately captures the meaning of the input
NL utterance.

Semantic parsing finds use in several applications; for in-
stance, studies such as [Xuan| (2020),Meng et al.| (2023) have
contributed to enhancing dialog systems with efficient pars-
ing of user utterances into structured commands. In question
answering tasks, including [Schneider et al.| (2024), |Gu et al.
(2022)) explore the utilization of semantic parsing to interpret
and answer complex queries by leveraging large-scale knowl-
edge bases. For information extraction, |Li et al.[(2022) show-
cases how semantic parsing can be augmented to extract rele-
vant information from texts. In machine translation, |Song et al.
(2019) investigates the use of Abstract Meaning Representation
(AMR) to enhance translation quality by preserving the original
semantics when interpreting across languages.

Semantic parsing is also supported by large language models
such as GPT-3 |Brown et al.|(2020), BLOOM |Scao et al.| (2022)
or Mistral-7B [Jiang et al.| (2023)).

They show promise in reducing the need for high amounts of
training data with zero or few training examples, especially af-
ter incorporating several improvements such as few-shot learn-
ing |Brown et al.| (2020), Efficient attention mechanism (sparse
attention |Child et al.| (2019)), locality-sensitive hashing Kitaev
et al.| (2020), and knowledge distillation Hinton et al.[ (2015)
that reduces the inference cost. Our focus is more specific to
semantic parsing in the context of knowledge graphs. We re-
fer to |(Chakraborty et al. (2021) for an introduction and sur-
vey of neural network-based KGQA semantic parsing. Modern
KGQA semantic parsing methods mostly rely on sequence-to-
sequence architectures, i.e., encoder-decoder framework with
attention mechanisms. For example, in [Rongali et al.| (2020),
an encoder translates a natural language instance into an in-
termediate state, which is then translated by the decoder into
a logical form. Pointer generator networks |See et al.| (2017)
enable copying some part of the input, e.g. a data value, to
the output. Such approaches are demonstrably accurate when
trained on large amounts of high-quality training data. How-
ever, obtaining training data is a challenge, and updating the
training dataset to include new features or cover more domains
requires significant effort. As a result, there was a surge of in-
terest in training semantic parsers with less data; for instance,
Rony et al.|(2022a)) explores an unsupervised approach for se-
mantic parsing. While the results achieved are promising, these



approaches do not meet the performance criteria required for
production-level systems and cannot be easily tuned to do so.

2.4. Controlled Natural Languages for Semantic Parsing

According to [Kuhn| (2013)), a Controlled Natural Language
(CNL) is “a constructed language that is based on a certain natu-
ral language, being more restrictive concerning lexicon, syntax,
and/or semantics, while preserving most of its natural proper-
ties.” CNLs aim to bridge the gap between the lack of ambiguity
of formal languages such as SPARQL, and the high-level syn-
tax of natural languages Kuhn|(2013)). CNLs enable abstraction
from the low-level aspects of formal language such as bindings
and relational algebra. Instances of SPARQL-oriented CNLs
are Sparklis [Ferré| (2017) and SQUALL [Ferré¢| (2014) which
are used to query and update knowledge graphs. For instance,
SQUALL possesses an extensive coverage of SPARQL allow-
ing both data querying and manipulation. It combines the ex-
pressivity of SPARQL, and simultaneously, the readability of
natural languages. Its primary limitation is that the content
words (e.g., proper nouns, verbs) must be unambiguous ref-
erences to entities and relations. SQUALL is based on Mon-
tague grammars|Montague|(1970), which integrate context-free
grammiars, first-order logic, and A-calculus. In case of Sparklis,
the SPARQL queries are fully concealed behind a CNL and are
constructed through an interactive endpoint explorer.

CNLs have served as a target for semantic parsing in con-
texts other than KGQA. For instance Rongali et al.|(2022)) has
explored the idea of utilising a special-purpose CNL to miti-
gate training data requirements which then demonstrated im-
provements on the Overnight dataset|Wang et al.|(2015)) in sev-
eral smaller domains. |Shin and Van Durme| (2021)) used a con-
strained decoding procedure for semantic parsing on the same
(and other) datasets employing the GPT-3 and Codex models.
They made a comparison between a CNL and a standard logi-
cal form language which showed the accuracy benefits of using
a CNL. Although these studies serve as motivation for our in-
vestigation, they were performed on smaller datasets and not
on knowledge graphs. The Overnight domain, for instance, has
at most 45 relations, sharply contrasting with the over 10,000
relations (and in excess of 100 million entities) present in the
Wikidata knowledge graph|Vrandeci¢ and Krotzsch|(2014) that
we use. Shin et al.| (2021)) explored the use of language models
such as BART, GPT-2, and GPT-3 for constrained decoding of
synchronous context-free-grammars. They followed a similar
methodology as we do by first converting a NL question into a
canonical human-like utterance which is further translated into
the target logical form. These are again evaluated on Overnight
and related datasets. [Nie et al.| (2022) introduces a new lan-
guage GraphQ-IR, which is an intermediate representation that
aims to unify the semantic parsing of graph query languages.
The intermediate representation language used is in principles
similar to CNL with less emphasis on naturality compared to
the SQUALL language that we investigated. Further, they use
a BART-based encoder-decoder model in contrast to our ap-
proach which makes use of the generative capabilities of large
language models.

2.5. Correctness Evaluation Metrics

In Semantic parsing it is difficult to formalize the word
“meaning”, hence several metrics are used to evaluate the cor-
rectness of semantic parsing. Among the set of metrics con-
sidered, execution metrics (e.g., Hits@1) measure whether the
execution of the logical form provides the desired result. How-
ever, execution metrics alone are not a sufficient measure of
correctness. This is because multiple, representations of the
input question can produce the exact same result. This can be
occur when the metrics do not accurately represent the semantic
meaning of the input query. However, this might be rare occur-
rence, since the datasets would not contain such spurious logi-
cal forms for the model to learn in the first place. For instance,
translating “What is two times two” to 2+2 provides the correct
result but is not the right translation. Text similarity metrics
such as BLEU Papineni et al.|(2002) or METEOR [Banerjee and
Lavie|(2005)) are generally used to quantify the closeness of the
semantic parse with respect to the gold standard query. These
are, however, not as significant as execution metrics for KGQA
because there are often multiple correct logical forms for an in-
put question. For example, the correct translation for “Who is
the author of the book “1984”?" in Wikidata could be query-
ing the property “author” directly linked to *1984° (Q208460)
or via a more complex path involving “written work™ and “cre-
ator” properties.

3. The BridgeKGLM Approach

The primary research objective of this work is to assess the
effectiveness of LLMs in semantic parsing across different tar-
get languages i.e, SQUALL, Sparklis, and SPARQL. To achieve
this, we have developed an approach dubbed BridgeKGLM,
which is uniformly applicable across these three languages. The
workflow of BridgeKGLM is illustrated in Figure[l] As shown,
the workflow is initialted by an input natural language question.
Followed by an entity linking (EL) process for a given question.
Next, We perform supervised fine-tuning on the LLMs with the
Mintaka-1k dataset that is described in Section {4] incorporat-
ing specific entity linking information provided by the entity
linking variation described in Section [3.1] Finally, the received
question is translated into the required target language, accord-
ing to the specified instructions in the prompt.

The NLP task of entity Linking involves assigning each en-
tity mentioned in an input a unique identity which refers to a
unique entity (node) in the underlying knowledge graph. The
BridgeKGLM approach is not dependent on any specific en-
tity linker; in our experiments, we use ReFinED |Ayoola et al.
(2022). We choose this tool as it is runtime efficient and it pro-
duces state-of-the-art results on Wikidata.

3.1. Entity Linking

In this section, we describe the process of constructing an en-
tity map that assigns unique labels to entity IDs. Following this,
we detail our experiments with four different variations of en-
tity linking. Entity linking is initially performed in order for the



The BridgeKGLM Approach

No EL

Instruction:
You are an expert language parser ...

Natural Question
How many houses are in Hogwarts in the
Harry Potter books?

Implicit EL
Instruction:
You are an expert language parser ...

Natural Question
How many houses are in Hogwarts in the
Harry Potter books?

Entity linking Information
The entity linking on the above mentioned
question...

Explicit EL

Instruction:
You are an expert language parser ...

Natural Question
How many houses are in Hogwarts in the Harry
Potter books?

Instruction: Hybrid EL
You are an expert language parser ...

Natural Question
How many houses are in Hogwarts in the Harry
Potter books?

Entity linking Information
The entity linking on the above mentioned
question...

Figure 1: The Graphical Abstract of BridgeKGLM approach: First, Entity Linking (EL) information is retrieved. The entities with additional information are fed
into the prompt construction for Implicit and Hybrid EL. For Explicit EL and Hybrid EL the LLM generates an intermediate query whose entities are adjusted to

give the final query.

.............................. ID Based

NL Question

What is the longest ocean in the world?

UALL Query
which <Q9430> has the highest <P2049>7?

parklis Query
give me every <Q9430> that has the highest-to-lowest <P2049>

NL Question

Label Based

What is the longest ocean in the world?

give me every [ocean] that has the highest-to-lowest <width>

: SPARQL Query
SELECT DISTINCT ?Q9430_1 ?P2049_38
WHERE { ?Q9430_1 wdt:P31 wd:Q9430 .
2Q9430_1 p:P2049 [ ps:P2049 2P2049_38] . }
ORDER BY DESC(?P2049_38) LIMIT 1

© | SPARQL Query

SELECT DISTINCT ?Q9430_1 ?P2049_38
WHERE { ?Q9430_1 wdt:<instance of> wd:[ocean]
?Q9430_1 p:<width> [ ps:<width> ?P2049_38 ] . }
ORDER BY DESC(?P2049_38) LIMIT 1

Figure 2: The figure on the left is an example of a NL query and the equivalent ID-based version of all the languages from the Mintaka-1k dataset. The figure on
the right is an example of an NL query and the equivalent Label-based version of all the languages from the Mintaka-1k dataset.

model to have information about the entities present in the in-
put natural language question. This information, in turn is used
by the language model to formulate the query in the target lan-
guages (SQUALL, Sparklis, and SPARQL). For the cases with
entity disambiguation i.e; when different QIDs share the same
label, an EntityMap is constructed to facilitate the disambigua-
tion of these entities in our dataset.

EntityMap. A dictionary is constructed for the entities within
the Mintaka-1k dataset, where the keys are the Wikidata labels
and the corresponding QIDs are the values. In some cases,
different QIDs share the same label. These labels are disam-
biguated by appending a unique number during the dictionary
creation process. This is performed as we pass through the
Mintaka- 1k dataset, which also ensures that all the keys in our
dictionary are unique. It should be noted that we also add enti-
ties from ReFinED entity linker to the dictionary as we make a
pass through the dataset. These entities are added only if their
scores, as returned by the ReFinED entity linker and are above

the predetermined threshold of 0.1. The constructed dictionary
is referred to as “EntityMap” in this paper.

Entity Linking Variations. We consider four variations of en-
tity linking for Label-based versions of logical forms. These
variations are a combination of (a) whether entity linking in-
formation is passed to the LLM through the prompt; and (b)
whether the queries generated by the LLM are post-processed
for entity adjustment.

1. Without Entity Linking (w/o EL): For the baseline, we
do not include any entity linking information to the models
in the prompt during the supervised fine-tuning.

The input prompt consists of only an instruction to convert
the natural language question into the respective query lan-
guages.

2. Explicit Entity Linking (Explicit EL): In this setup, no
entity information is included in the prompt while per-
forming supervised fine-tuning. There is, however, a post-



ad-hoc entity adjustment step that performs entity linking
on the model-generated output using EntityMap. For this,
initially, all the entities are extracted from the model out-
put. Then, sentence transformer (all-MiniLLM-L6-v23)
is used to embed both the keys from the EntityMap and
the entities from the model output into a 384-dimensional
vectors. As a final step, cosine similarity is calculated be-
tween these embeddings (the keys from EntityMap and the
entities from the model output). Finally, each entity in the
model output is replaced with the most similar key from
the EntityMap.

3. Implicit Entity Linking (Implicit EL): In this setup, all

the entities above a specified probability threshold value
are retrieved by ReFinED for a given input; this threshold
is considered as a tunable hyperparameter in the proposed
semantic parsing approach. We retrieve the label, Entity
ID, likelihood and description for every entity. The LLM
prompting step however, receives only a triple i.e. (label or
Entity ID, likelihood, and description), for each entity in
the question as an input. The choice to use either the label
or the Entity ID depends on the language versions being
used. This is further defined in Section 4l
The underlying LLM uses this supplementary information
provided in the prompt while performing supervised fine-
tuning for semantic parsing.
For example, the probability in the entity linking prompt
could cause the LLM to favor the highly likely entities over
the less likely ones. Additionally, the entity label and de-
scription in the prompt can help the LLM to disambiguate
entities by providing more context which is an implicit
task in semantic parsing. It should also be noted that the
entity label by itself does not guarantee uniqueness. For
example (“Harry Potter” label has multiple pages in Wiki-
data, such as a book, series, or fictional character).

4. Hybrid Entity Linking (Hybrid EL): In this setup, a
combined version of entity linking, integrating Implicit EL
and Explicit EL is implemented. More precisely, the en-
tity linking information is passed to the prompt of the LLM
as mentioned in Implicit EL. A post-ad-hoc entity adjust-
ment step is performed as mentioned in Explicit EL. Com-
bininig both Implicit EL and Explicit EL leads to an added
advantage of mitigating hallucinated entities by correcting
entities generated by the LLM.

3.2. Relation Linking

The NLP task of relation linking involves assigning each re-
lationship that is relevant to an input utterance a unique iden-
tity. We allow the LLM to create the relation as part of the
query creation process rather than employing a separate rela-
tion linker like in case of entities. The reason for these actions
are as follows:

1. Relations have a large range of surface forms, and can even
be implicit in the input question. Therefore, relation link-
ing is typically less accurate than entity linking. Consid-
ering how hard this process is, the LLM itself might be a
good solution for this task, as it is plausible that the LLM
might have seen enough relations in its pre-training data.

Table 1: Models used for fine-tuning and their respective parameter count.

Model name Provided by Release date #Parameters
Mistral-v0.2 Mistral AL September 2023 7B
Zephyr-7B Beta  Hugging Face  October 2023 7B
Yi-6B 01-ai November 2023 6B
GPT-3.5 Turbo  OpenAl August 2023 presumably(175B)
GPT-2 OpenAl Febuary 2019 0.12B
T5-Large Google February 2020 0.77B
GPT Neo EleutherAl March 2021 13B
GPT-2 XL OpenAl November 2019 15B
Bloom BigScience July 2022 1.7B

2. Compared to entities, knowledge graphs often have fewer
relations. As of May 2024, Wikidata approximately has
over 100 million entities but only about 11,000 relations.
Therefore, the training data will only comprise a tiny frac-
tion of existing entities, even though it may contain an ad-
equate amount of frequent relations.

3.3. Prompting

The designed prompt consists of three main components in
the LLM prompt: instruction, natural question, and entity link-
ing information. the latter includes a list of entities and their
information (for Implicit EL and Hybrid EL). We note that, for
the variants w/o EL and Explicit EL, the entity linking informa-
tion is not included The instruction is as follows: “You are an
expert language parser and you are able to convert from Natu-
ral Question to $language query. Below are the <Question>
and <Entity Linking Information> defined for you to create
the query”, where $language € {SPARQL, Sparklis, SQUALL}
represents the target language. The LLM receives the natural
question, followed by the triple (label or Entity ID, likelihood,
description) for the entities in the manner detailed in the section
Figure [3|showcases the Label-based prompt, while Figure
H]indicates the ID-based version prompt. Our studies prioritize
the performance difference between various target languages
rather than achieving performance optimization, for this rea-
son, we do not perform prompt engineering. While this choice
may impact the absolute ceiling performance, its significance is
unlikely to be substantial between the target languages.

Table 2: Entity linking variations and their TA results for the Label-based ver-
sion of the languages

Model Name Language w/o EL  Explicit EL  Implicit EL  Hybrid EL
Zephyr-7B Beta SQUALL 0.55 0.58 0.58 0.60
Zephyr-7B Beta  Sparklis(EM) 0.25 0.25 0.30 0.30
Zephyr-7B Beta SPARQL 0.45 0.47 0.53 0.54
Mistral SQUALL 0.52 0.55 0.58 0.60
Mistral Sparklis(EM) 0.29 0.29 0.29 0.29
Mistral SPARQL 0.53 0.56 0.50 0.52
Yi-6B SQUALL 0.51 0.54 0.53 0.55
Yi-6B Sparklis(EM) 0.25 0.25 0.27 0.27
Yi-6B SPARQL 0.47 0.51 0.46 0.47




HitH

You are an expert language parser and you are able
to convert from Natural Question to SQUALL query.
Below are the <Question> and <Entity Linking
Information> defined for you to create the query.

###Question:
Which Iron Man movie was not directed by Jon
Favreau?

###Entity Linking Information:

The entity linking on the above mentioned question
gave the following entities as results:

For the text span Iron Man (2008 film) the candidates
within square brackets are below:

[The entity <Iron Man 3>, a 2008 film directed by
Jon Favreau, was identified with a probability 0.3713],
[The entity <Iron Man>, a fictional character in Marvel
Comics, was identified with a probability 0.105]

For the text span Jon Favreau the candidates within
square brackets are below:

[The entity <Jon Favreau>, an American actor and
filmmaker (born 1966), was identified with a probabil-
ity 1.0]

###Answer:

J

Figure 3: Label-based prompt including the instruction to the model, with the
Natural Question, followed by entity linking information related to the specific
question. The model is expected to output the Label-based version of SQUALL

query.

4. Dataset and Experimental Setup

Development of the Mintaka-1k Dataset. As previously
mentioned, one of the contributions of this work is the prepa-
ration and development of a dataset dubbed Mintaka-1k. The
original Mintaka [Sen et al| (2022) dataset serves as the fun-
damental dataset for our research. Specifically designed for
KGQA, Mintaka is a question-answering dataset that is char-
acterized as being both natural and multilingual in nature and
has 20,000 handwritten English NL queries in it. The Mintaka
dataset is further characterized by a large number of queries
and does not contain questions that are, at least in part, auto-
matically generated. Furthermore, for the development of the
Mintaka- 1k dataset, the following procedure was established.

e Sample Selection The following criteria were used to se-

Table 3: Comparison between SPARQL and CNL-based Approaches

%

Feature SPARQL

Low — Formal query language High - Close to natural language
Steep — Requires understanding of Gentle — More intuitive for non-
formal syntax and KG schema technical users

Pre-training Benefits Some benefit from LLM pre- Better leverages LLM pre-training
training on natural text

Higher rates of syntactic and se- Lower error rates, especially for
mantic errors syntactic errors

Requires technical expertise More accessible to non-technical

users

CNL-based Approaches

Syntax Naturality
Learning Curve

Error Rates

Accessibility

lect questions from Mintaka to generate our dataset: a) in-
clusion of diversity in question themes, b) varying degree
of question complexity, c¢) questions with multiple enti-
ties and d) each category contains at least three samples of
similar question.

e Query Generation The two equivalent CNL’s i.e;
SQUALL and Sparklis along with SPARQL logical forms
were developed after sampling relevant Mintaka questions.
The first step involved utilizing Sparklis’ query creation
interfaceE] to convert these questions into Sparklis queries.
Despite the fact that creating Sparklis was taking several
minutes (up to 3 mins) per query on average, it signifi-
cantly speeded up the process of creating SPARQL queries
compared to manually creating them as described below.
By conducting several workshops, the Sparklis queries
were created. The workshop involved three domain expert
researchers and one student.

e Query Conversion The obtained Sparklis queries from
the above step were automatically converted into SPARQL
queries using Sparklis’ interface. The SPARQL query
were then converted deterministically into a SQUALL
query using the backward translation tooﬂ SQUALL, in
general, tends to offer greater expressiveness compared to
Sparklis in scenarios where certain features are not imme-
diately supported, such as selecting the n-th element based
on an order or comparing relation values like height and
length. Therefore, some of the SPARQL queries produced
by Sparklis tool required manual correction, e.g. adding
OFFSET and LIMIT clauses, in order to benefit from the
higher expressiveness of SQUALL. Moreover, SQUALL
permits a direct conversion into SPARQL, thereby en-
abling us to verify if both queries yielded identical results.

In the original version of the Mintaka dataset, questions are
classified into seven categories: count, intersection, superla-
tive, difference, comparative, generic, and ordinal. The yes/no
question category from the original Mintaka dataset was not in-
cluded in this work due to Sparklis’ inability to handle SPARQL
ASK queries. A total of 1000 questions were enriched from the
Mintaka dataset, and the questions are spread over the different
categories as follows: 154, 140, 142, 137, 109, 133, and 185,
with three distinct target forms created for each, specifically,
SPARQL, SQUALL, and Sparklis. This dataset was split into
700 train and 300 test questions respectively. Two sub-datasets
namely Label-based and ID-based versions for each of the log-
ical forms were created. This was done to further analyse the
performance across different representations of language nat-
urality. In the ID-based versions, the Entities and Relations
in each target form are enclosed in angular brackets (<>) as
QIDs and PIDs. An example of ID-based version in SQUALL
would be; which <Q11424> has <P179> <Q194318> and has
the highest <P2047>?. This format is less intuitive or human-
readable but more precise, as it directly references the unique

2 Available online atlhttp://www.irisa.fr/LIS/ferre/sparklis/
3https://bitbucket.org/sebferre/squall2sparql/
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#Hi#H#

###Question:
Which Iron Man movie was not directed by Jon Favreau?

###Entity Linking Information:

###Answer:

You are an expert language parser and you are able to convert from Natural Question to SPARQL query. Below are the
<Question> and <Entity Linking Information> defined for you to create the query.

The entity linking on the above-mentioned question gave the following potential results:

For the text span Iron Man (2008 film) the candidates within the square brackets are below:

[The entity <Q192724>, a 2008 film directed by Jon Favreau, was identified with a probability 0.3713], [The entity
<Q180704>, an fictional character in Marvel Comics, was identified with a probability 0.105]

For the text span Jon Favreau the candidates within square brackets are below:
[The entity <Q295964>, an American actor and filmmaker (born 1966), was identified with a probability 1.0]

Figure 4: ID-based prompt including the instruction to the model, with the Natural Question, followed by entity linking information related to the specific question.

The model is expected to output the ID-based version of the SQUALL query.

Table 4: The below table shows evaluation results on the Mintaka-1k dataset for Large Language Models for different types of target languages,i.e. SPARQL,
SQUALL and Sparklis with two variations, i.e. ID-based and Label-based. The last column, for a given model, shows the difference in Translation Accuracy(TA)

between different languages and ID-based SPARQL Ap, TA

Model Language L-Type BLEU METEOR ROUGE ExactMatch Hits@1(Mintaka) TA AL TA
Zephyr-7B Beta SQUALL  Label-based 0.67 0.82 0.76 0.40 0.40 0.58 +0.14
Zephyr-7B Beta SQUALL  ID-based 0.55 0.75 0.66 0.36 0.35 0.50 +0.06
Zephyr-7B Beta  Sparklis Label-based 0.65 0.82 0.75 0.30 - -
Zephyr-7B Beta  Sparklis ID-based 0.56 0.74 0.67 0.26 - -
Zephyr-7B Beta SPARQL  Label-based 0.58 0.76 0.70 0.21 0.38 0.53  +0.09
Zephyr-7B Beta SPARQL  ID-based 0.49 0.70 0.63 0.19 0.31 0.44 -
Mistral-v0.2 SQUALL Label-based 0.65 0.82 0.75 0.39 0.41 0.58 +0.14
Mistral-v0.2 SQUALL ID-based 0.55 0.75 0.67 0.35 0.33 047  +0.03
Mistral-v0.2 Sparklis Label-based 0.65 0.81 0.75 0.29 - -
Mistral-v0.2 Sparklis ID-based 0.57 0.75 0.67 0.26 - -
Mistral-v0.2 SPARQL  Label-based 0.55 0.72 0.67 0.21 0.35 0.50  +0.06
Mistral-v0.2 SPARQL  ID-based 0.48 0.68 0.62 0.20 0.32 0.44 -
Yi-6B SQUALL Label-based 0.64 0.80 0.73 0.40 0.35 053 +0.17
Yi-6B SQUALL ID-based 0.52 0.73 0.64 0.33 0.30 0.44  +0.08
Yi-6B Sparklis Label-based 0.63 0.79 0.72 0.27 - -
Yi-6B Sparklis ID-based 0.55 0.73 0.65 0.25 - -
Yi-6B SPARQL  Label-based 0.55 0.74 0.67 0.20 0.31 046 +0.10
Yi-6B SPARQL  ID-based 0.47 0.68 0.60 0.15 0.22 0.36 -
GPT-3.5-0125 SQUALL Label-based 0.62 0.80 0.72 0.32 0.30 048  +0.19
GPT-3.5-0125 SQUALL ID-based 0.50 0.72 0.62 0.28 0.49 042 +0.13
GPT-3.5-0125 Sparklis Label-based 0.57 0.77 0.69 0.22 _ _
GPT-3.5-0125 Sparklis ID-based 0.51 0.71 0.63 0.19 - -
GPT-3.5-0125 SPARQL  Label-based 0.54 0.73 0.66 0.21 0.32 046  +0.17
GPT-3.5-0125 SPARQL  ID-based 0.39 0.63 0.54 0.09 0.20 0.29 -

identifiers of Wikidata. Conversely, in the Label-based ver-
sions of the logical forms, the QID and PID were substituted
with the corresponding Wikidata labels, which adopts a more
natural and human-readable format. In these instances, entity
labels were enclosed in square brackets ([ ]), while property
labels were enclosed in angle brackets (<>). An example of
a Label-based query in SQUALL would be; which [film] has
<part of the series> [Pirates of the Caribbean] and has the
highest <duration>?.

Language models and Fine-Tuning. The language models of
different sizes shown in Table [T] were chosen for appropriate
generative natural language processing applications. For fine
tuning procedure, we used prompt as described in section 4
and the actual target query was used as the completion for all
models. To allow for special tokens, the tokenizer was changed
and the model’s token embeddings were scaled for all models
except GPT-3.5 Turbo. The settings mentioned in [Rony et al.
(2022b)) were followed during the fine-tuning phase: 30 epochs,



Table 5: The table below shows the evaluation results on the Mintaka- 1k dataset for Language Models for different types of target languages.i.e. SPARQL,SQUALL
and Sparklis with two variations, i.e. ID-based and Label-based. The last column, for a given model, shows the difference in TA(Translation Accuracy) between

different languages and ID-based SPARQL Ap, TA.

Model Language L-Type BLEU METEOR ROUGE ExactMatch Hits@1(Mintaka) TA Ap TA
T5 SQUALL Label-based  0.65 0.81 0.75 0.39 0.35 054 +0.12
T5 SQUALL ID-based 0.56 0.76 0.68 0.36 0.32 047 +0.03
T5 Sparklis Label-based  0.60 0.80 0.71 0.28 - -
T5 Sparklis ID-based 0.51 0.72 0.63 0.23 - -
T5 SPARQL Label-based  0.57 0.76 0.69 0.20 0.39 051  +0.07
T5 SPARQL  ID-based 0.50 0.72 0.63 0.20 0.31 0.44 -
GPTNeo  SQUALL Label-based  0.63 0.79 0.72 0.32 0.35 047 +0.11
GPTNeo  SQUALL ID-based 0.50 0.72 0.63 0.28 0.24 037 +0.01
GPTNeo  Sparklis Label-based 0.61 0.79 0.71 0.23 - -
GPTNeo  Sparklis ID-based 0.55 0.73 0.65 0.20 - -
GPTNeo  spargl Label-based 0.55 0.73 0.67 0.19 0.29 041  +0.05
GPTNeo  spargl ID-based 0.47 0.68 0.61 0.16 0.27 0.36 -
GPT2-XL SQUALL Label-based  0.61 0.79 0.71 0.33 0.32 047 +0.14
GPT2-XL SQUALL ID-based 0.52 0.72 0.64 0.31 0.28 0.40 +0.07
GPT2-XL  Sparklis Label-based 0.63 0.79 0.72 0.23 - -
GPT2-XL Sparklis ID-based 0.53 0.72 0.63 0.18 - -
GPT2-XL SPARQL Label-based  0.54 0.72 0.66 0.20 0.27 038 +0.05
GPT2-XL SPARQL ID-based 0.47 0.68 0.61 0.16 0.23 0.33 -
GPT2 SQUALL Label-based  0.58 0.75 0.68 0.30 0.28 037 +0.05
GPT2 SQUALL ID-based 0.48 0.70 0.61 0.26 0.25 038 +0.06
GPT2 Sparklis Label-based  0.57 0.76 0.68 0.20 - -
GPT2 Sparklis ID-based 0.50 0.69 0.61 0.14 - -
GPT2 SPARQL Label-based  0.52 0.70 0.64 0.15 0.23 032 +0.00
GPT2 SPARQL  ID-based 0.45 0.66 0.59 0.17 0.24 0.32 -
BLOOM  SQUALL Label-based  0.57 0.75 0.67 0.26 0.25 036 +0.07
BLOOM  SQUALL ID-based 0.48 0.70 0.60 0.23 0.19 0.30 +0.01
BLOOM  Sparklis Label-based 0.57 0.76 0.68 0.18 - -
BLOOM  Sparklis ID-based 0.51 0.70 0.61 0.13 - -
BLOOM  SPARQL Label-based  0.46 0.65 0.58 0.07 0.11 0.16  -0.13
BLOOM  SPARQL ID-based 0.45 0.67 0.59 0.14 0.20 0.29 -

2.5e-5 as the constant learning rate, and a batch size of 2. Ex-
tensive hyperparameter optimisation was not carried out, and
the same configurations were kept for each target language.

In the decoding step, SQUALL, Sparklis, and SPARQL were
all subjected to a temperature value of 0.7. At this temperature
value, it was found that the GPT-3.5-Turbo model produced the
best inference. To achieve optimal generation during inference,
the temperature was set to 0.01 for three Large open-source
models: Mistral-v0.2, Zephyr-7b-beta, and Yi. Prior to assess-
ment, special tokens were eliminated from the LLM output. A
threshold of 0.1 was chosen for the Entity linking. Two Nvidia
A100 GPUs running on Linux were used for open-source mod-
els and OpenAl servers were used for the GPT-3.5 Turbo fine-
tuning. Python 3.9 was used to write the code.

Evaluation Metrics. For evaluation, a combination of trans-
lation quality metrics and execution metrics were employed
(see Section : BLEU Cumulative Papineni et al.| (2002),
METEOR Banerjee and Lavie| (2005), ROUGE |Lin and Hovy
(2003) help in evaluating the translation quality, with BLEU
cumulative focusing on n-gram precision, METEOR providing
a balance between precision, recall and ROUGE-2 that focuses
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on bi-gram (2-gram) recall. These metrics help to assess the ex-
tent to which the generated queries preserve the structural and
semantic information of the reference query at a granular level.
We also use Exact Match (EM) accuracy to evaluate the per-
centage of queries matching the ground truth.

Further, Hits@1(Mintaka) and TA(Translation Accuracy)
were used as execution metrics. Hits@ 1(Mintaka) is computed
by comparing the answers returned by executing model gener-
ated queries on Wikidata with the gold standard answers from
the Mintaka-1k dataset. When direct execution metrics like
Hits@ 1(Mintaka) were used, as in our previous work, there
were several sources of failure that reduced the execution hits.
Some of these were due to the query being correct and the
Mintaka answer being outdated or incorrect, Wikidata not re-
turning an answer or Wikidata having the wrong answer. In
order to eliminate sources of error that depend on the dataset
and knowledge graph, Translation Accuracy (TA) metric was
introduced to evaluate the effectiveness of the semantic parse.
TA is a union of two components, A; and A,. A; is computed by
comparing the answers returned by executing model-generated
queries on Wikidata with the answers of the executed gold stan-
dard SPARQL queries from the Mintaka-1k dataset. For the



cases where the model-generated query and the gold standard
query both return no entities, A, however, would not provide a
reliable evaluation. For instance, the predicted query could be
semantically different from the gold one. In such a case, we use
A, as a fallback, which checks whether the model-generated
query is the same as the gold standard query from the Mintaka-
1k dataset.

Essentially, TA metric would deem an execution correct if it
has managed to capture the semantics of the original NL query
accurately. Furthermore, we believe TA is a stronger measure
than Hits@ 1(Mintaka), as a correct execution is yielded if the
semantic parse is accurate

5. Results and Discussion

This section illustrates the results obtained from several ex-
periments we have performed to demonstrate the viability of
CNLs and the effect different entity-linking variations have on
our BridgeKGLM approach. In the subsequent sections, we
first evaluate the performance of various entity linking variants
whose results are shown in Table[2] The analysis of our quan-
titative evaluations for the LLMs is detailed in Table 4| com-
paring the performance over four leading models on both label
and ID based over three target languages. SQUALL consis-
tently performs better in terms of TA compared to SPARQL.
Label-based variants outperform ID-based variants across all
languages, validating our hypothesis that natural representa-
tion improve LLM performance. Column A; TA column re-
veals the magnitude of improvement CNLs offer over SPARQL.
SQUALL shows the most consistent advantage, with improve-
ments ranging from +0.06 to +0.19, while GPT-3.5 exhibits the
largest gains (+0.19 for Label-based SQUALL). Additionally,
we also assess the sample efficiency of CNLs and SPARQL,
with the results shown in Tables [6] [7]and 0] Note that the Im-
plicit EL entity linking variation is used in our BridgeKGLM
approach for the results displayed in these tables. This is done
as the cosine similarity post-hoc correction step is only valid for
the labels of the entities in our dataset, not the QIDs themselves,
which precludes its usage on the ID-based variants of the lan-
guages in our study. Table [5] extends our analysis to smaller
Language Models (LMs), evaluating TS5, GPTNeo, GPT2-XL,
GPT2, and BLOOM across the same language variations. The
similar performance gain could can be seen in the smaller LMs
as well. Bloom, GPT2 here are an anomaly, where for exam-
ple, BLOOM: the ID-based SPARQL (0.29 TA) outperforms
Label-based SPARQL (0.16 TA). This suggests that the smaller
models may struggle more with complex tokenization require-
ments of label-based SPARQL. Further, we attribute this to the
fact that the smaller models are less intelligent. Given that they
are likely trained on SPARQL, they lack the ability to translate
the QIDS to their respective textual representation. The Ay TA
values generally show positive improvements for CNLs, with
T5 and GPTNeo exhibiting particularly strong advantages for
SQUALL (+0.12 and +0.11 respectively).
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5.1. Exploring Impact of Entity Linking Variations on KGQA
Semantic Parsing Accuracy

This section explores the impact of Entity Linking variants
on KGQA Semantic Parsing accuracy. As shown in Table
2l comparing the performance of our Semantic Parsing(SP)
pipeline w/o EL and Explicit EL, it is observed that parsing
with Explicit EL consistently performs on par, and often better
than, w/o EL. This aligns with our hypothesis that for a given
question, the parsing accuracy is improved when substituting
incorrectly generated labels with the correct ones from the En-
tityMap, based on similarity. This substitution increases the
likelihood of generating executable queries compared to w/o
EL. Further, when comparing Explicit EL and Implicit EL, it
is observed that Explicit EL outperforms Implicit EL in three
instances, while Implicit EL outperforms Explicit EL in four
instances. This can be explained by considering the case of
entity disambiguation. In the Implicit EL case, the model must
learn to disambiguate between the provided entities, which may
not be efficiently learned by all the models. Instead, Explicit
EL does not directly address entity disambiguation and allows
the models to generate potentially incorrect labels, which are
then corrected using our ad-hoc post-processing step with co-
sine similarity, as described in Section 3]

Two notable exceptions are observed when comparing Im-
plicit EL to the w/o EL case: Mistral SPARQL and Yi SPARQL.
In the w/o EL case, Mistral SPARQL outperforms Mistral
SQUALL. The w/o EL models outperforming the Implicit EL
models can be attributed to the overlap between the entity set of
the train and test dataset. Despite not being provided with ex-
plicit entity information, we believe these models likely learned
entity labels from the training data and could have already
learned some entities during pretraining.

This inference is easier in Label-based SPARQL queries, as
the natural language entity labels stand out from the rest of the
query. Since some test dataset questions refer to the same en-
tities as the training dataset, the models only need to formu-
late the syntax and substitute the correct entities observed dur-
ing fine-tuning to obtain the correct semantic parse. The syn-
tax formulation is further aided by the fact that these models
have already been pre-trained on SPARQL, leading the mod-
els to largely learn entity substitution and also, likely, to learn
some very common Wikidata entities. In the Implicit EL case,
the model has to additionally learn entity disambiguation along
with syntax formulation in order to obtain the right seman-
tic parse which is a more demanding task. This behaviour
is present only in SPARQL, not SQUALL and Sparklis, ex-
plaining why w/o EL Mistral SPARQL outperforms w/o EL
SQUALL.

In the case of Hybrid EL, it can be seen that it gives op-
timal performance across all entity-linking variations with the
notable exception of Mistral SPARQL and Yi SPARQL. These
exceptions can be explained by the reasoning with the follow-
ing example. For the question: “What was Daniel Craig’s
first Bond movie?”, here is the Label-based SPARQL query in
case w/o EL case: SELECT DISTINCT ?Q11424_8 WHERE
7Q11424_8 wdt:<instance of> wd:[Film] . 7Q11424_8 p:<part
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Figure 5: On the left Fig. is an illustration of TA (y-axis) varying as a function of the size of the fine-tuning dataset for the Label-based and ID-based versions
of SQUALL and SPARQL for Mistral. On the right Fig. @ is an illustration of EM (y-axis) varying as a function of the size of the fine-tuning dataset for the

Label-based and ID-based versions of Sparklis and SPARQL for Mistral.
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Figure 6: On the left Fig. is an illustration of TA (y-axis) varying as a function of the size of the fine-tuning dataset for the Label-based and ID-based versions
of SQUALL and SPARQL for Zephyr. On the right Fig[6b]is an illustration of EM (y-axis) varying as a function of the size of the fine-tuning dataset for the

Label-based and ID-based versions of Sparklis and SPARQL for Zephyr.

of the series> [ ps:<part of the series> wd:[James Bond] ] .
7Q11424_8 p:<cast member> [ ps:<cast member> wd:[Daniel
Craig] ] . ORDER BY ASC(7Q11424_8) LIMIT 1.

Also, a query in case of Hybrid EL: SELECT DISTINCT
7Q11424_8 WHERE ?Q11424_8 wdt:<instance of> wd:[film]

7Q11424_8 p:<publication date> [ ps:<publication date>
7P577-451]. 7Q11424_8 p:<cast member> [ ps:<cast member>
wd:[Daniel Craig] ] . ORDER BY ASC(?P577_45) LIMIT 1.

It is seen that in the case of w/o EL, the model didn’t have to
perform any entity disambiguation. It simply learns to utilize
the entity “James Bond” seen either in the training data or in
its pretraining to generate a correct query. Whereas, in case
of Hybrid EL the model bypasses over this entity, since it also
has to learn to do entity disambiguation to arrive at an answer.
Similar argument also holds true in case of Implcit EL as it has
to understand to preform entity disambiguation before arriving
at the correct query.

Overall the superiority of Hybrid EL is anticipated, as the
best of both methods are combined i.e. Implicit EL and Ex-
plicit EL to provide the context of the entity into the prompt for
enhancing entity disambiguation by the LLM and also mitigate
the hallucinations via post-ad-hoc entity adjustment. Also, in
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the case of Sparklis, Hybrid EL is at least on par, if not better
than other entity-linking variations, though this might be an un-
derestimate since we are only comparing the EM and not actual
TA.

5.2. Effect of CNLs on KGQA Semantic Parsing Accuracy

This section deals with the effect of CNLs compared to query
languages on the accuracy of KGQA semantic parsing. To show
this, the results for SQUALL and SPARQL were compared us-
ing TA as a reference. It is observed that for all models, the ID-
based version of SQUALL outperforms the ID-based version
of SPARQL. The same is observed for the Label-based version
of the languages. A similar trend is observed for the BLEU
and METEOR metrics. There are, however, some exceptions
(eg BLEU for Mistral ID-based SQUALL vs Mistral ID-based
SPARQL) concerning the BLEU metric. Overall the TA is still
consistently greater for SQUALL over SPARQL. As the TA is
a direct measure of whether the semantics of an NL query is
preserved during translation to a target query language, this can
be interpreted as the models being better equipped to translate
an NL query to SQUALL rather than SPARQL. We hypothesize
that the relative naturality of the syntax of SQUALL compared
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Figure 7: PCA visualisation of sequence embeddings of SQUALL, Sparklis and SPARQL for the Mintaka-1k test dataset. The figure on the left shows the clustering
of the ID-based versions of SQUALL, Sparklis and SPARQL. The figure on the right shows the Label-based version of the same.

Table 6: Baseline comparison of GPT-3.5 Zero-Shot setting against Zephry, Mistral for ID-based SPARQL and SQUALL

Model Name Zero-Shot SPARQL  Fine-Tuned SPARQL  Zero-Shot SQUALL  Fine-Tuned SQUALL
GPT-3.5 7% 29% 0% 42%
Zephyr 0% 44% 0% 50%
Mistral 0% 44% 0% 50%

Table 7: The two tables measure the Latency in terms of average tokens per output query on the test dataset (avg_tok/query) for both the top-performing models,
Mistral and Zephyr-7b-beta. On the left, we have the Latency table of model Mistral on all versions of languages, i.e. SQUALL, Sparklis, SPARQL. On the right
we have the Latency table of model Zephyr-7b-beta on all versions of languages, i.e; SQUALL, Sparklis, SPARQL

Model Name Language L-Type Latency Model Name Language L-Type Latency
(avg-tok/query) (avg-tok/query)

Mistral SQUALL Label-based 29.23 Zephyr-7B Beta SQUALL Label-based 29.47
Mistral SQUALL ID-based 35.17 Zephyr-7B Beta SQUALL  ID-based 35.14
Mistral Sparklis Label-based 36.92 Zephyr-7B Beta  Sparklis Label-based 35.42
Mistral Sparklis ID-based 45.55 Zephyr-7B Beta  Sparklis ID-based 45.00
Mistral SPARQL  Label-based 97.65 Zephyr-7B Beta SPARQL  Label-based 105.67
Mistral SPARQL  ID-based 94.64 Zephyr-7B Beta SPARQL  ID-based 99.18

to SPARQL enables this, as the models already have a sufficient
understanding of natural language due to their pre-training cor-
pus. It can hence be concluded in regards to SQUALL and
SPARQL that there is a positive effect on accuracy when using
SQUALL as a CNL, especially for the smaller language mod-
els. In our study of Sparklis, EM was adopted as an alternative
to TA for evaluating the performance. This choice is due to
the design of the Sparklis queries, which are constructed in-
teractively with a Sparklis tool |[Ferré| thereby lacking a direct
translation to SPARQL. When considering EM, since there are
multiple ways the semantics of a natural language question can
be represented in the target language, it does not accurately rep-
resent the model’s understanding of the query’s semantics. In
our experiments, Sparklis typically outperforms SPARQL in all
cases with the exception of GPT2 and BLOOM. Although not

as strong a claim as with SQUALL, this implies that the models
can represent the semantics of the NL question better in Spark-
lis and can formulate Sparklis better than SPARQL.

To further support this claim, we also compare the perfor-
mance on our two best performing models (Zephyr-7b, Mistral-
7b) over SPARQL, SQUALL with ID and label based vari-
ants. In this experiment, we note the performance over vary-
ing data samples as shown in the Figures [5a and [6a] with TA
being the evaluation metric. We observe that for the dataset
size of 100, SPARQL outperforms SQUALL, however for all
the other cases SQUALL outperforms SPARQL. This holds for
both models. It can then be inferred that a larger fine-tuning
dataset size would be required by SPARQL in order to obtain
the same accuracy as SQUALL, conversely, a smaller amount
of SQUALL fine-tuning data would achieve the same accuracy
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as SPARQL. Similarly when we consider EM as the evalua-
tion metric @] and @ we observe for Mistral, except at 200
samples, both the versions of Sparklis outperform SPARQL.
There is a smaller difference observed between the ID-based
and Label-based versions of Sparklis rather than SPARQL. A
similar observation can be made for Zephyr where, except at
100 samples, both Sparklis versions outperform SPARQL with
a smaller difference for the Label-based version. We can ex-
plain this in light of the reasoning provided in Section[5.2] More
precisely, EM is an underestimate on the hits@ 1 execution met-
ric, as all exact matches are executable. Moreover, EM doesn’t
capture model’s ability to preserve the semantics equivalent to
Mintaka-1k ground truth Sparklis effectively. However, it is
plausible, given what we observe with SQUALL, that an ex-
ecutable form of Sparklis would have a higher hits@1 when
compared to SPARQL. This would be due to the presence of
executable queries that preserve the semantics but do not match
the Mintaka- 1k gold standard exactly.

5.3. Effect of Naturality of Target Language on KGQA Seman-
tic Parsing Accuracy

This section explores the effects of different versions of target
languages on the accuracy of KGQA semantic parsing. Namely,
the ID-based and Label-based versions of each language. To il-
lustrate this the delta between the ID-based and Label-based
versions of each language in the rightmost column of Table
and 3] is considered. A similar trend as before is observed,
where the TA, BLEU, and METEOR metrics are consistently
higher for the Label-based version of the language. Some ex-
ceptions are seen in GPT2 SQUALL and BLOOM SPARQL.

It is also observed that the Label-based version of SPARQL
outperforms, or performs as well as, the ID-based version of
SQUALL for all models except GPT2 and BLOOM in terms
of TA. We hypothesize that this is due to the model’s exposure
to SPARQL in the pre-training data as opposed to limited or
non-existent exposure to both SQUALL and Sparklis for the
same, and the relative naturality of Label-based SPARQL. The
former can be illustrated by the zero-shot case results where
it was generally observed that both the high-performing mod-
els, such as Mistral and Zephyr, generate different formula-
tions of SPARQL, whereas the models were unable to generate
SQUALL or Sparklis. On the contrary, generated random SQL
or SPARQL surface forms.

Figure [/a) and [/b| compare the embeddings of NL sentences
with respectively ID-based versions (left) and Label-based ver-
sions (right). The ID-based versions are grouped in two clus-
ters separate from the NL cluster, the two CNLs at the bottom
right and SPARQL at the bottom left. For the Label-based ver-
sions, the CNLs are also in a separate cluster than SPARQL but
this time, the CNL cluster mostly coincides with the NL clus-
ter. This reveals several things about how the model sees the
different versions. First, only versions that combine a natural
syntax and a natural lexicon (entities and relations), i.e. Label-
based versions of CNL, are seen in the same cluster as natu-
ral language. Second, the CNLs are always found similar to
each other, and clearly distinct from SPARQL. Further, the dis-
tance from the centroid of the NL cluster to ID-based SQUALL
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and the distance from the centroid of the NL cluster to that of
Label-based SPARQL was calculated. The distances obtained
were 0.84 and 0.74 respectively. From these distances, it is evi-
dent that the sentence embedding cluster of Natural Language is
closer to the cluster of Label-based SPARQL embeddings than
the cluster of ID-based SQUALL embeddings. Even though
the ID-based version of SQUALL, syntactically resembles Nat-
ural language more than the Label-based version of SPARQL,
it does have a lot of non-natural tokens due to the presence of
PIDs and QIDs in the query construction. The Label-based ver-
sion of SPARQL, on the other hand, does have a significant
amount of natural language tokens but does not possess natural
language syntax. Overall it appears that the presence of natural
language tokens (i.e Wikidata Labels) in Label-based SPARQL
contributes more to its naturality than the natural language syn-
tax of ID-based SQUALL. The presence of SPARQL in the pre-
training data further enhances the model’s ability to construct
syntactically correct Label-based SPARQL queries better than
ID-based SQUALL queries.

5.4. Sample Efficiency of CNLs and SPARQL

In this section, the sample efficiency of CNLs and SPARQL
are studied, beginning with an analysis of baseline compar-
ison in the Table [6] where a comparison between the zero-
shot setting of GPT3.5 against our two best-performing mod-
els (Zephyr-7b-beta, Mistral-v0.2) is made. From the table,
it is observed that GPT-3.5 ID-based SPARQL has a TA of
7%, which is notably higher compared to other models, which
have a TA of 0%. This 7% performance difference can be
attributed to the extensive pre-training data (Wikidata, DB-
pedia) of GPT3.5 compared to the other models. However,
even after fine-tuning, the performance of ID-based SPARQL is
lower compared to ID-based fine-tuned SQUALL. For example,
fine-tuned SPARQL achieves only 29%, whereas fine-tuned
SQUALL reaches 42% in case of GPT-3.5, further demon-
strating that the CNL SQUALL is learnt faster (from scratch)
compared to SPARQL with the same amount of training data.
Additionally, the sample efficiency of CNLs and SPARQL, is
demonstrated with the plots constructed in Figures [5a and [6a]
Again, the best-performing models are considered, specifically
Mistral-v0.2 and Zephyr-7b-beta, and the size of the dataset re-
quired for fine-tuning is varied. This is performed for all lan-
guage variants. These models are then evaluated on the same
test dataset of 300 questions.

First, the difference between SQUALL and SPARQL is con-
sidered for comparison. For the ID-based and Label-based ver-
sions of Mistral-v(.2, it is observed that for the dataset size
of 100, SPARQL outperforms SQUALL, however for all the
other cases SQUALL outperforms SPARQL. In the case of
Zephyr, Label-based SQUALL appears to outperform Label-
based SPARQL from the very beginning whereas the ID-based
SQUALL outperforms ID-based SPARQL from a dataset size
of 300. A more direct comparison of sample efficiency can
be observed by looking at different data points in Figures
[5a] and [6a] between languages. Specifically, Mistral-v0.2, ID
based SPARQL has a peak performance of in TA of 0.46 at
full training set of 500 examples. In contrast, Label-based



Table 8: Error categories based on hierarchical approach observed on the test set of 300 examples w.r.t TA for Zephyr-7b-beta fine-tuned on 700 examples.

Error Category Category Definition

#SQUALL #SPARQL

(1) Entity linking
(2) Entity selection

at least one entity required for building a correct query not found by ReFinED
required entities provided by the ReFinED, but at least one selected incorrectly 6 7

21 35

(3) Wrong Relations Generation at least one relation generated in the predicted truth is not present in the gold standard 21 30

(4) Hallucinated Entities the entities are hallucinated by the LLM and not provided by ReFinEd in the context. 12 21

(5) Syntactically incorrect query For SQUALL query cannot be parsed by the SQUALL — SPARQL converter / For SPARQL the query 17 -
didn’t execute on Wikidata Query service

(6) Semantically incorrect query query does not reflect meaning of the input question 19 16

(7) Query not matching KG structure  relationships used in the query don’t match the KG structure 22 29

(8) Implicit entities the query requires an implicit entity (e.g. "Game of Thrones book” = "A song of ice and Fire”) such that 2 6
ReFinED cannot pick it up and the LLM misses it as well

(9) Hits@1 automation error automation of Hits@ 1 results in some correctly executed queries being labelled as incorrect 7 5

(10) LLM Completion Error LLM is unable to generate a complete query in case of SPARQL - 20

Table 9: Tokens generated by Zephyr-7B, for each language with label, ID variants. Note: irrelevant tokens are truncated with (...) for readability

LanguageL-Type Tokenized Example

SQUALL Label-based

*which’... <, *position’, "held’, ’>’ ...

<, "height’, '>7

SQUALL ID-based

*which’... , ,<,’ ’P’, ,35’ ’97’ S .

’<,’ ’P’, 72,’ >0” 74,’ ’8’, S

Sparklis Label-based ’give’ ... ’[’, "human’, ]’ ..., ’<’, "height’, *>’

Sparklis ID-based ‘give’ ..., ’<’,’QN, 05, > L, U<, P, 20,007,047, 087, 0>

SPARQL Label-based SE’, "LECT’, ’D’, ’IST’, ’IN’, °CT’ ..., °w’, °d’, ’°, [, "Fil’, 'm’, ’]" ..., ’<’, “part’, *of”, ’the’,
’series’, ’>" . w, A, L0, T, Con?, R Cay?, e, Can’, '), ), 0L YL )L Y

SPARQL ID-based ’SE’, ’LECT’, ’D’, ’IST’, ’IN’, °CT’ ..., 'w’, ’d’, ’, ’Q’, ’ 1, ’ 1,4, °2°, 4, P, ° 1, ° T, ’9 ..,

WA, Q020,097,050 0 6, A T L YL )
w,da, o, » 25 75,0, 9, 0,4, 0, 0),

SQUALL achieves similar performance at approximately 230
samples, requiring approximately 54% less training data to
match SPARQL’s peak performance. A very similar trend can
also be observed in case of Zephyr-7b-beta, where ID-based
SPARQL achieves a maximum TA of 0.44 at 700 samples,
while the Label-based SQUALL achieves this or even surpasses
it(approximately 0.45 TA) at just 200 examples, requiring ap-
proximately 71% less training data compared to SQUALL. It
can therefore be inferred that a larger fine-tuning dataset size
would be required by SPARQL in order to obtain the same ac-
curacy as SQUALL, conversely, a smaller amount of SQUALL
fine-tuning data would achieve the same accuracy as that of
SPARQL.

Second, the difference between Sparklis and SPARQL is
compared using EM in Figures 6b and 7b. In case of Mistral, it
is observed that for all dataset sizes, both versions of Sparklis
outperform SPARQL. A similar observation can be made for
Zephyr where, except at 300 samples, both Sparklis versions
outperform SPARQL with a smaller difference for the Label-
based version. This can be explained by the reasoning provided
in Section To recap, EM is an underestimate or a subset
of the TA execution metric, as all exact matches are executable.
Moreover, EM doesn’t effectively capture the model’s ability
to retain the semantics of the original natural language query
in Sparklis. However, it is plausible, given what we observe
with SQUALL, that an executable form of Sparklis would have
a higher TA compared to SPARQL.

Table [/| provides latency measurements for both Mistral and
Zephyr-7b models across all languages over different types
(ID/Label based). Latency here is measured per output query on
the test dataset. Generally it is seen that overall, both the CNLs
i.e. SQUALL and Sparklis, have a lower latency than SPARQL,
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with the lowest latency being in the case of SQUALL. It is fur-
ther observed in the case of SQUALL and Sparklis, that the
Label-based version of the languages appears to have a lower
latency than the ID-based versions. This, however, is not the
case for SPARQL. This can be explained by considering Ta-
ble 0] the example of the Label-based and ID-based versions
of Sparklis. The entity <Q5> requires 4 tokens i.e., (‘<’, ‘Q’,
‘5%, “>7) to represent, however [human] is represented using 3
tokens i.e., (‘<’, ‘human’, >"). Similarly, <P2048> requires 7
tokens i.e., (‘<’, ‘P’, 2°, ‘0’, ‘4’, ‘8>, *>’) while <height> re-
quires only three i.e., (‘<’, ‘height’, ‘>’). However, in the case
of SPARQL, as a result of introducing the tokens < > and [ ]
only in Label-based SPARQL, the tokenizer tends to categorize
them as an individual token. This in turn increases the number
of tokens on average. For example consider the Label-based
and ID-based version of SPARQL, the text <part of the series>
is split into six tokens i.e, (‘<’, ‘part’, ‘of’, ‘the’, ‘series’, >’)
whereas P179 is split in four i.e., (‘P’, ‘1, “7°, ‘9’). On the
other hand, this increase in the average number of tokens is not
observed in the case of Sparklis and SQUALL (see Table[J), as
both the ID-based and Label-based versions of languages have
<> and [ ] tokens in their formulation. The overall performance
increase can be attributed to the design of the CNLs, specifi-
cally, the compactness and naturality of the syntax as opposed
to that of query-based language. Furthermore, our experiments
show that CNLs are more sample efficient.

6. Error Analysis

We performed an error analysis for two cases, namely, the
Label-based SQUALL and ID-based SPARQL queries gener-
ated by Zephyr-7b-beta, since it is the best performing model as



Table 10: Examples for correct (first two rows) and incorrect parses of Zephyr-7b-beta for Label-based-SQUALL. For the incorrect parses, we show an example for

each category.

Input

Generated SQUALL Query

Comment

What was the first movie
that featured 50 Cent?

Which governors of Michi-
gan since 2003 have not
been Democrats?

which [film] has <cast member> [50 Cent] and has the lowest
<publication date>?

which [human] has <position held> at a <start time> whose year
is > 2003 [Governor of Michigan] and has not <member of po-
litical party> [Democratic Party]?

successfully detects that 50 Cent as a cast member
and “lowest” refers to first publication date
successfully builds a compositional query com-
bining two criteria

What was the first James
Bond movie?

What is the first book in the
James Bond series?

Which movie did John
Williams last compose for?

How many of Booth Tark-
ington’s books won a
Pulitzer Prize?

What is Al Pacinos full first
name?

When did the Achaemenid
Empire end?

When was the last time
Guillermo del Toro won an
Academy Award for Best
Director?

When was Obama first

elected?

What British queen never
had children?

which [film] has <based on> [James Bond 3] and has the lowest
<publication date>?

which [Literary Work] has <part of the series> at <series
ordinal> "1 [James Bond]?
which [Film] has <score composer> [John Williams] and has the
highest <publication date>?

how many [Literary Work] has <author> [Edwin Arlington
Robinson] and has a <award received> that has <instance of>
[Pulitzer Prize]?

what is the highest thing at which <point in time> [Guillermo
Del Toro] has <award received> [Academy Award For Best Di-
rector]?

which [human] has <position held> [monarch of the United
Kingdom of Great Britain and Ireland] and has not a <child>?

entity linking error: linked the book series instead
of the film series (James Bond 3 is unambiguated
entity)

entity selection error: picked the [James Bond]
Film instead of [James Bond 3] book series.
Hallucinated  Relation: generated  <score
composer> as a relation which is halluci-
nated

syntactically incorrect since there is “a” present
after the "has”, It should just be “has <award
received>"

semantically incorrect query asking for 1st name
assuming it to be a part of Al Pacino series
(movies or books)

query not matching KG structure, which uses a
property <end time> instead of <dissolved or
abolished>

our script for automation was unable to handle this
case as the ground truth was 2018 and the query
returned 1 January 2018”

The model here hallucinated the entity [2008
United States Presidential Election]

an implicit entity [monarch of England] was re-
quired and was not given by ReFined.

can be seen from Table E} After error collection, and analysis
over them, several patterns were visible which led to identify-
ing error categories. In general, it is possible for a query to have
multiple causes for failure. Therefore, a ”categorical” approach
(see Table[8)) was followed in categorising the error.

With this approach, a single root cause for the error was es-
tablished. First, we determine whether the entity linker pro-
vides the required entities to build the query. In our framework,
all entities above a given threshold are fed to the LLM. The
LLM then decides which one to select. Thus the entity disam-
biguation is not completely resolved by the entity linker. It is,
however, required that the correct entities are among those ones
provided by the entity linker. If this is not the case then it is
categorised as an entity linking error. If all the entities are pro-
vided by the entity linker but the LLM chooses the wrong one,
this is categorised as an entity selection error. If the correct en-
tities are selected but the LLM generates a wrong relation, this
is termed incorrect relation generation. If correct relations are
selected but the LLM generates a wrong entity it is termed as
hallucinated entities. The entity linking approach can be an ar-
bitrary number, however, it limits the ceiling TA performance
of the LLM to 88% with the given threshold.

In the case where entities and relations are selected correctly,
we then investigate whether there are syntactic or semantic er-
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rors. Although syntactic errors are generally not observed with
LLMs, several of them were found owing to the variable struc-
ture of SQUALL which allows multiple expressions to map to
the same query. As the training data for the LLM is limited, it
has not completely resolved which of those variations are per-
mitted. In the case of SPARQL, the queries threw an execution
error on Wikidata. In the case of semantic errors, the query gen-
erated by the LLM has not captured the intent of the question.

We further identify several other categories that result in an
error and these are 7) Wikidata has a different KG structure
from that chosen by the LLM. This happens due to the model
not having direct access to the actual structure of the KG, but
still tries to generate a plausible path in Wikidata. 8) The im-
plicit entities which are not picked up by ReFinED. 9) Our au-
tomation of the Hits@ 1 execution missed a few correct queries,
for instance, a mismatch between a QID and its label is treated
as an incorrect execution 10) The query generated by the LLM
is incomplete, interestingly this was observed only in case of
SPARQL and not incase of SQUALL or Sparklis as they are
more compact and natural compared to SPARQL.

6.1. CNL’s resilience vs SPARQL brittleness
The errors can be further classified as either intrinsic-
originating from the LLM’s generative output or extrinsic error-



Table 11: Examples for correct (first two rows) and incorrect parses of Mistral for ID-based-SPARQL. For the incorrect parses,we show an example for each

category.

Input

Generated SPARQL Query

Comment

Who was the director of Scar-

‘Who was not British in Katrina
and the Waves?

SELECT DISTINCT ?P57 WHERE { wd:Q47075 p:P57 [ ps:P57 P57
1.} LIMIT 200

SELECT DISTINCT ?P463” WHERE { 7P463 p:P463 [ ps:P463
wd:Q934582 1 . FILTER ( NOT EXISTS { 7P463 p:P27 [ ps:P27
wd:Q145 1. }) } LIMIT 200

successfully uses the right relation P57 and entity
Q47075 to construct the query

successfully builds a compositional query combining
two criteria

When did the NBA 2K series
first come out?

19957

‘What is the third Led Zeppelin
album called?

In what year did Ellen de
Generes and Portia de Rossi get
married?

Fenway Park is home to what
MLB team?

What British queen never had
children?

How many universities are lo-
cated in Oxford?

SELECT DISTINCT ?P577 WHERE { wd:Q512849 p:P577 [ ps:P577
9P577 1. } LIMIT 1

SELECT DISTINCT 7P577 2expr WHERE { wd:Q748194 p:P577 [
ps:P577 7P577 | . BIND (year(?P577) AS ?expr) } LIMIT 200

SELECT DISTINCT ?Q482994 WHERE { ?Q482994 wdt:P31
wd:Q482994 . 7Q482994 p:P175 [ ps:P175 wd:Q2331 ; nl1:P1545 3~
1. } LIMIT 200

SELECT DISTINCT ?expr WHERE { wd:Q483325 p:P26 [ ps:P26
P26 1. wd:Q215366 p:P26 [ ps:P26 ?P26 ] . BIND (year(?P26) AS
Texpr) }

SELECT DISTINCT ?expr WHERE { wd:Q76 p:P39 [ n1:P580 ?P580
; ps:P39 wd:Q11696 ] . BIND (year(?P580) AS ?expr) }

SELECT DISTINCT ?Q17156793 WHERE { ?Q17156793 wdt:P31
wd:Q17156793 . 2Q17156793 p:P118 [ ps:P118 wd:Q49136 ] . }

SELECT DISTINCT ?Q5 WHERE { ?Q5 wdt:P31 wd:Q5 . ?Q5 p:P39
[ ps:P39 wd:Q111722535 1. Q5 p:P27 [ ps:P27 wd:Q145 ] . } LIMIT
1?

SELECT DISTINCT COUNT DISTINCT ?q875538 as ?num-
ber_of_749 where { 7q875538 wdt:P31 wd:Q875538 . 7q875538 p:P155

entity linking error: refined retrieves the incorrect entity
Q512849 instead of Q2073660 )

entity selection error: picked the Q748194 1998 film di-
rected by Robert Benton instead of Q160071 2008 film
directed by Catherine Hardwicke

Hallucinated Relation: generated P38(currency) as a
relation which is hallucinated instead of P115(home

semantically incorrect query: query incorrectly uses se-
ries ordinal 3 to filter for a third item, instead of retriev-
ing the specific performer wd:Q2331, and ordering by
publication date

query not matching KG structure, query does not con-
sider P580, while it is expected to use a qualifier (ex:
nl:P580 ?P580 ; ps:P26 wd:Q215366) to refine the
search for point in time

our script for automation was unable to handle this case
as the ground truth was 720 January 2000” and the
model returned 72000

the model hallucinated the entity wd:Q17156793
(American football team)

an implicit entity Q18810062 (monarch of England)
was required and was not given by ReFined.

LLM completion error: the model fails to completely
generate the query

[ ps:P155 wd:Q

originating outside the LLM’s control. As shown in Table
categories 1, 7, 8, and 9 are of extrinsic type and the categories
2,3,4,5,6,and 10 are of intrinsic type. Critical investigation of
these two types give some insight on how the EL bottlenecks are
handled between the two languages SPARQL and SQUALL.

Firstly, SPARQL recorded 35 Entity Linking Failures - Cate-
gory 1, significantly higher than SQUALL’s errors which is 12,
despite the initial entity candidates being identical for both tar-
get languages. This demonstrates the brittleness of SPARQL;
for e.g. a missing single digit in the QID of the entity (wd:Q76
instead of wd:Q75) or a keyword (e.g. WHERE) results in com-
plete failure. Its rigid syntax is highly susceptible to complete
failure when a component like EL misses a required entity,
since post-adhoc correction is less effective in case of QIDs
as opposed to Labels. On the contrary, SQUALL due to its
structural compactness and proximity to natural language ex-
hibit greater semantic resilience, allowing the LLM to more
successfully infer intent due to their pre-training. This allows
the LLM to bypass the immediate syntactic consequences of
EL bottleneck and still generate a correct query with noisy or
missing EL context using the post-adhoc correction step with
Labels.

Second, the complexity in the structure of SPARQL magni-
fies the intrinsic LLM failures. For example, in LLM comple-
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tion error cases (category 10) SPARQL registers 20 errors com-
pared to SQUALL which registers 0, reinforcing the idea that a
small and compact CNL (on average 29.23-29.47 for SQUALL)
helps in reducing truncation inherent to the SPARQL (on aver-
age 94.64-99.18) queries, refer Table[/] Additionally, SPARQL
generates 21 hallucinated entities (category 4) compared to
SQUALL which has 12, reinforcing the idea that a small, com-
pact and naturalness aids in generating a better query.

6.2. Limits of Static Threshold:

Raising the Threshold: would improve the precision and re-
duce the entity selection errors (category 2) by removing the
low confidence candidates and reducing the noise for selecting
the entity by the LLM. However, this would dramatically re-
duce the recall of the EL and increase the errors in Entity link-
ing errors- category 1 by filtering out correct entities which have
low confidence during retrieval using ReFinED. Given that cat-
egory 1 (21-35 errors) is already significantly larger than cate-
gory 2 (6-7 errors), raising the threshold would likely lower the
TA and degrade overall performance.

Lowering the Threshold: would increase the recall of the Re-
FinED, potentially decreasing the EL errors- category 1. How-
ever, lowering the threshold would drastically flood the LLM’s
context window with a large number of low confidence enti-



ties. For models like Mistral or Zephyr this could overwhelm
the disambiguation capacity and hence potentially increase er-
rors in other categories like Entity selection errors- category 2
or Hallucinated entities error- category 4. This would likely
reduce the TA of the model.

In conclusion, a simple shift in of static threshold would not
be enough to shift the ceiling of EL as it is constrained by
precision-recall trade-off. However, part of this trade-off is han-
dled by the post-adhoc correction in the Hybrid EL approach.
An optimal strategy would be to have a dynamic or adaptive
threshold which remains part of the future work.

In Tables [[TO} [L1]], we show instances of correct and incorrect
parsing for both SQUALL and SPARQL. It was observed that
the best-performing LLM Zephyr-7B Beta was able to perform
a correct semantic parsing for the following cases:

e where the entities involved were not the highest ranked
according to ReFined,

e where the relations were not observed in the training data,

e where ReFinED did not return all entities related to the
input query.

It is also observed that even though our training dataset’s size
has increased compared toLehmann et al.|(2023)), the LLM still
has trouble generalising to unseen topics. We shall note that,
normally semantic parsers are trained on much more training
data than our study [Unger et al.| (2012), [Trivedi et al.| (2017),
Yih et al|(2014).

We, however, still recommend including training data that
covers a broad range of topics enabling the LLM to observe
several KG structures to learn the relations and entities.

7. Limitation and Future Works

The design of CNLs aims at a trade-off between naturality
and simplicity. Indeed, a more natural CNL requires a more
complex grammar. The two factors are important for human use
but also for training LLMs. A more natural CNL will be closer
to natural language, hence easier to learn by the LLM. How-
ever, a more complex CNL will require larger training samples
to enable the LLM to catch all language constructs. This trade-
off can be a limiting factor in the performance of the transla-
tion from NL to CNL by the LLM. With this trade-off in mind,
future work could concentrate on NL constructs that are miss-
ing in the CNL yet common in end-user questions. For exam-
ple, comparative and yes/no questions in Sparklis; or questions
involving proportions in both SQUALL and Sparklis. A not-
so-natural aspect of our CNL forms is the rendering of rela-
tions from their labels. Those labels can be nouns or verbs (or
other syntactic categories) but are always used as nouns in the
CNL forms because the linguistic information about the labels
is missing. Given a target dataset (e.g., Wikidata), a lexicon
of relations could be defined, mapping PIDs to both a surface
form and a syntactic category. LLM may even be used for the
task. That lexicon would then be used to generate more natural
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CNL forms, which could improve the learning of the CNL by
the LLM.

A rich and natural CNL inevitably exhibits syntactical am-
biguities, i.e. a CNL query may have different interpretations
that translate to different SPARQL queries. In practice, such
ambiguities are resolved in CNLs by following rules similar
to operator priorities in arithmetic expressions. These disam-
biguation rules are based on the syntax whereas, ideally, dis-
ambiguation should be based on semantics and available data.
As disambiguation can be seen as a choice between different
semantic interpretations, an interesting perspective would be to
involve the LLM, possibly in combination with checking the
actual data.

The current CNL-based approaches are only limited
SQUALL and Sparklis, but extending it to other languages
Cypher, Neo4j’s query language, offers a more natural syn-
tax than SPARQL while maintaining formal query capabilities.
Our study’s EL approach could also be enhanced by incorporat-
ing techniques like BLINKILedell Wu| (2020) (Bi-encoder and
cross-encoder architecture) or more recent retrieval-augmented
entity linking methods that leverage contextual information
from the knowledge graph itself. Additional limitations include
the challenge of multilingual support, as the current approach
was only tested with English queries despite Wikidata be-
ing multilingual, creating a significant barrier for non-English
users. The computational efficiency of the pipeline remains a
future work, as the hybrid entity linking approach introduces
additional processing steps that may impact real-time applica-
tion performance. In future research, we plan to implement
a translation layer to convert Sparklis queries into executable
SPARQL. This will enable a more direct comparison of target
languages using the Translation Accuracy (TA) metric. Finally,
the evaluation of our approach is further planned to be extended
for complex temporal queries and questions requiring reason-
ing across multiple hops in the knowledge graph. Research
into temporal knowledge graph embeddingsZhang et al.| (2024
highlights the importance and complexity of capturing time-
evolving information. This, in turn, highlights the necessity
of enhancing CNL-based semantic parsing for time-dependent
knowledge.

8. Conclusion

In conclusion, our work introduces a generalizable approach,
termed BridgeKGLM, which leverages Controlled Natural Lan-
guage (CNL) as a medium to bridge the gap between the in-
tuitive expressiveness of natural language and the structured
precision of formal query languages for LLM and Knowledge
Graphs (KGs). Through the innovative use of CNL for seman-
tic parsing, we have demonstrated both the feasibility and effec-
tiveness of this approach. Our experimental validations provide
evidence for these claims. Beside the BridgeKGLM approach,
we also developed and released a new dataset, Mintaka-1k.

Our findings suggest that BridgeKGLM enhances the acces-
sibility of KGs, enabling more intuitive and accurate query for-
mulations without the steep learning curve associated with tra-
ditional formal query languages. This research marks an impor-



tant step toward making complex knowledge databases more
accessible to a broader audience, facilitating the integration of
LLMs in the process.
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Supplementary Material

A. Semantic Parsing sample examples for SPARQL, SQUALL and Sparklis.

SPARQL Sample Example

it
You are an expert language parser and you are able to convert from Natural Question to SPARQL query. Below are the
<Question> and <Entity Linking Information> defined for you to create the query.

###Question:
Which Matrix movie did Lilly Wachowski not direct?

###Entity Linking Information:

The entity linking on the above mentioned question gave the following potential results:

For the text span The Matrix (franchise) these are the following candidates below within square brackets:
[Q1210827 is a 1999—present films directed by The Wachowskis with a probability 0.8262]

For the text span Lilly Wachowski these are the following candidates below within square brackets:
[Q9544977 is a Polish-American film director with a probability 0.9355]

###Answer:
SELECT DISTINCT ?Q11424_1 WHERE ?7Q11424_1 wdt:P31 wd:Q11424 . wd:Q1210827 p:P527 [ ps:P527 7Q11424_1 ] .
7Q11424_1 p:P57 [ ps:P57 [1] . FILTER ( NOT EXISTS ?Q11424_1 p:P57 [ ps:P57 wd:Q95449771]. )

SQUALL Sample Example

##H#
You are an expert language parser and you are able to convert from Natural Question to SPARQL query. Below are the
<Question> and <Entity Linking Information> defined for you to create the query.

###Question:
Which Matrix movie did Lilly Wachowski not direct?

###Entity Linking Information:

The entity linking on the above mentioned question gave the following entities as results:

For the text span The Matrix (franchise) these are the following candidates below within square brackets:
[The Matrix series is a 1999—present films directed by The Wachowskis with a probability 0.8262]

For the text span Lilly Wachowski these are the following candidates below within square brackets:
[Lilly Wachowski is a Polish-American film director with a probability 0.9355]

###Answer:
which [Film] is a <has part(s)> of [The Matrix Series] and has a <director> and has not <director> [Lilly Wachowski]?




Sparklis Sample Example

HitH
You are an expert language parser and you are able to convert from Natural Question to Sparklis query.
Below are the <Question> and <Entity Linking Information> defined for you to create the query.

###Question:
Which Matrix movie did Lilly Wachowski not direct?

###Entity Linking Information:

The entity linking on the above mentioned question gave the following entities as results:

For the text span The Matrix (franchise) these are the following candidates below within square brackets:
[The Matrix series is a 1999—present films directed by The Wachowskis with a probability 0.8262]

For the text span Lilly Wachowski these are the following candidates below within square brackets:
[Lilly Wachowski is a Polish-American film director with a probability 0.9355]

###Answer:
give me every [Film] that has as a <part of the series> [The Matrix Series] and that not has as a <director> [Lilly Wachowski]




	Introduction
	Preliminaries and Related Work
	Knowledge Graphs for Question Answering (KGQA)
	Integrating LLMs with Knowledge Graphs
	Semantic Parsing
	Controlled Natural Languages for Semantic Parsing
	Correctness Evaluation Metrics

	The BridgeKGLM Approach
	Entity Linking
	Relation Linking
	Prompting

	Dataset and Experimental Setup
	Results and Discussion
	Exploring Impact of Entity Linking Variations on KGQA Semantic Parsing Accuracy
	Effect of CNLs on KGQA Semantic Parsing Accuracy
	Effect of Naturality of Target Language on KGQA Semantic Parsing Accuracy
	Sample Efficiency of CNLs and SPARQL

	Error Analysis
	CNL's resilience vs SPARQL brittleness
	Limits of Static Threshold:

	Limitation and Future Works
	Conclusion
	Acknowledgments

