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Abstract

Translating natural language questions into SPARQL queries enables Knowledge Base querying for factual and
up-to-date responses. However, existing datasets for this task are predominantly template-based, leading models
to learn superficial mappings between question and query templates rather than developing true generalization
capabilities. As a result, models struggle when encountering naturally phrased, template-free questions. This
paper introduces FRASE (FRAme-based Semantic Enhancement), a novel approach that leverages Frame
Semantic Role Labeling (FSRL) to overcome this limitation. In addition, we present LCQ1-Frame, LCQ2-Frame, and
QALD-10-Frame, a suite of new datasets derived from LC-QuAD 1.0, LC-QUuAD 2.0, and QALD-10, where each
question is enriched using FRASE through frame detection and the mapping of frame-elements to their corresponding
arguments. We evaluate our approach for the Question-2-SPARQL task through extensive experiments using
recent large language models (LLMs) under different fine-tuning configurations. Our results demonstrate that
integrating frame-based structured representations consistently improves SPARQL generation performance,
particularly in challenging generalization scenarios when test questions feature unseen templates (unknown template
splits) and when they are all naturally phrased (reformulated questions). Our code and data are available at

https://github.com/Lama-West/FRASE-LREC-2026.
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1. Introduction

Information democratization aims to ease access
to the vast amount of factual information stored in
Knowledge Bases (KBs) and relational databases.
A crucial step towards this goal is the translation of
natural language questions into structured queries
such as SPARQL, SQL or S-expression (Diallo
et al., 2024; Banerjee et al., 2022; Sharma et al.,
2025). Recent advances in Large Language Mod-
els (LLMs), particularly decoder-only architectures,
have significantly improved the semantic represen-
tation of natural language, achieving state-of-the-
art (SOTA) results on a variety of natural language
understanding tasks.

Nevertheless, despite these successes, LLMs
remain sensitive to input phrasing and prompt for-
mulation, resulting in limited robustness and gen-
eralization across diverse question formulations
and unseen patterns (Leidinger et al., 2023; Zheng
etal., 2023b). A key limitation of current Question-2-
SPARQL systems lies in the datasets on which they
are trained (Diallo et al., 2024; Reyd and Zouagq,
2023). Many benchmarks rely on rigid, template-
based constructions, which lead models to learn
surface-level mappings between input questions
and query structures. This shortcut learning hin-
ders their ability to generalize to naturally phrased,
template-free questions, especially when the input
deviates from patterns seen during training. This
underscores the importance of adopting structured
representations that unify diverse question formu-

lations in the Question-2-SPARQL task, with frame-
based representations offering a promising solu-
tion.

To address these aforementioned challenges,
we introduce FRASE (FRAme-based Semantic
Enhancement), a method that augments natural
language questions with structured semantic infor-
mation derived from Frame Semantics and use this
enriched question representation for an improved
Question-2-SPARQL parsing. These frames have
proven valuable in enhancing semantic understand-
ing in tasks such as machine reading comprehen-
sion (Guo et al., 2020; Flanigan et al., 2022; Bonn
et al., 2024) and information extraction (Su et al.,
2021; Li et al., 2024b; Chanin, 2023; Su et al,,
2023).

To evaluate this architecture, we introduce LCQ1-
Frame, LCQ2-Frame and QALD-10-Frame, a col-
lection of new datasets derived from LC-QuAD 1.0
(Trivedi et al., 2017), LC-QuAD 2.0 (Dubey et al.,
2019) and QALD-10 (Usbeck et al., 2024), in which
each question is annotated with its corresponding
frames and frame-elements and argument mapping
using the FRASE pipeline. We conduct compre-
hensive experiments with several recent LLMs un-
der different fine-tuning settings, assessing the im-
pact of our semantic augmentation across various
dataset splits, including out-of-distribution (OOD)
settings. This allows us to address the following
research questions:

RQ1: How does model performance vary when
training and testing on template-based questions
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versus testing with naturally phrased questions or
questions with unseen templates?

RQ2: To what extent does incorporating struc-
tured semantic representations based on frames
improve performance across these different train-
ing and evaluation configurations?

RQ3: Can combining template-based and
template-free questions during training improve
generalization ?

Thus, our contributions are: (1) We propose
FRASE, a new method for frame detection and
arguments identification that does not rely on man-
ually identified target spans, leveraging a retriever
grounded in ontology relations and classes and
FrameNet (Fillmore, 1976) frames. (2) We demon-
strate that enriching questions with frame-based
structured representations improves generalization
in SPARQL query generation and make the repre-
sentations of paraphrases closer in the embedding
space. (3) We show that this improvement holds
not only for unseen-template test sets but also for
challenging, naturally phrased reformulations. (4)
We enrich three datasets LC-QuAD 1.0, LC-QuAD
2.0, and QALD-10 with semantic frames using our
approach, and make them publicly available as
open resources for the research community.

2. Related Works
2.1.

SPARQL generation from question has been ex-
tensively studied using both Small and Large Lan-
guage Models (SLMs and LLMs) (Diallo et al., 2024;
Reyd and Zouaq, 2023; Sharma et al., 2025; Baner-
jee et al., 2022; Emonet et al., 2024; Zahera et al.,
2024). These models are typically fine-tuned end-
to-end, often with enhancements such as copy
mechanisms (Banerjee et al., 2022; Diallo et al.,
2024) or non-parametric memory modules (Sharma
et al., 2025) to reduce URI-related errors.

While many systems explicitly generate SPARQL
queries, others bypass query generation altogether
by having LLMs directly produce answers grounded
in the knowledge base (Shavarani and Sarkar,
2024; Alawwad et al., 2024; Muennighoff, 2022).
Prompt engineering has also become a prominent
strategy, using few-shot examples or explicit URI
context to guide generation (Luo et al., 2023; Muen-
nighoff, 2022; Diallo et al., 2024). Models such as
Code Llama v2 (Roziere et al., 2023), Mistral 7B
(Jiang et al., 2023), and Mistral 7B Instruct' have
been widely adopted for such tasks.

Agent-based approaches such as SPINACH (Liu
etal., 2024) and KB-Binder (Li et al., 2023) leverage

SPARQL query generation

1https ://huggingface.co/mistralai/
Mistral-7B-Instruct-v0.3

LLMs as interactive agents, iteratively exploring the
knowledge graph and refining candidate queries
through tool use and binding mechanisms. In con-
trast, fine-tuning strategies exemplified by (Alek-
seev et al., 2025) rely on smaller LLMs trained with
entity linking and predicate matching pipelines, aim-
ing for robust handling of complex and temporal
queries. Other works focus on in-context learning,
with (D’Abramo et al., 2025) showing that pretrained
LLMs can generate queries when provided with
gold entities and relations without additional train-
ing. Finally, pretraining-oriented methods like TSET
(Qi et al., 2024) emphasize structural correction
during intermediate stages to enforce the syntactic
and semantic validity of generated SPARQL. To-
gether, these approaches highlight the field’s dual
objectives: increasing reliability in query genera-
tion while balancing scalability, supervision require-
ments, and reasoning flexibility.

Despite promising results, existing methods
struggle with naturally phrased or paraphrased
questions. For instance, LC-QuAD 2.0 studies
show a marked performance drop on reformulated
(template-free) queries, revealing poor generaliza-
tion to unseen linguistic patterns (Diallo et al., 2024;
Reyd and Zouagq, 2023).

2.2. Structured representation of text
sequences

To structurally represent the semantics of text, sev-
eral formalisms have been developed, including
Abstract Meaning Representation (AMR) (Langk-
ilde and Knight, 1998), Universal Conceptual Cog-
nitive Annotation (UCCA) (Abend and Rappoport,
2013), Elementary Dependency Structures (EDS)
(Oepen et al., 2002), Prague Tectogrammatical
Graphs (PTG) (Zeman and Hajic, 2020) , Discourse
Representation Structures (DRS) (Kamp and Reyle,
2019; Liu et al., 2018), and Universal Decomposi-
tional Semantics (UDS) (White et al., 2019). Each
provides a unique perspective on meaning. For
instance, AMR abstracts semantics into concept
graphs while UCCA captures cognitively motivated
event structures.

In KBQA, AMR has been used as both an in-
termediate representation and a reasoning space,
supporting semantic comparisons and query gen-
eration (Wang et al., 2023; Shi et al., 2024). Ap-
proaches rely on rule-based pipelines or seq2seq
models (Regan et al., 2024; Bornea et al., 2021),
but face challenges from parsing errors and mis-
matches with formal query languages (Jin et al.,
2024). Recent works leverage AMR to improve
robustness against hallucinations in LLM outputs
(Regan et al., 2024) and extend its use to multi-hop
QA (Wang et al., 2023), open-domain QA (Shi et al.,
2024), data augmentation (Jin et al., 2024; Zhang
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Figure 1: Overview of the proposed FRASE architecture. (a) Pre-construction of a retrieval-based memory
that maps ontology (onto.) relations and classes to their corresponding FrameNet frames. (b) Fine-tuning
stage, where natural language questions (NLQ) are augmented with structured representations (SR)
derived from the pre-built memory and instantiated based on the questions’ content. The gold ontology
URIs in the beginning of Section (b) are used only to retrieve the frames and are then discarded to prevent
data leakage. The gray connection indicates the optional URIs-Injection setting, in which gold URIs are

explicitly provided (see Section 3.2.2).

et al., 2025), and various NLP tasks (Shivashankar
et al., 2022). While AMR often shows neutral im-
pact overall (Jin et al., 2024), (Zhang et al., 2025)
report positive effects when augmenting structured
representations with natural language descriptions.

Unlike previous SPARQL generation methods
that rely on template learning or AMR-style interme-
diate representations, FRASE introduces a frame-
semantic layer as a lightweight yet expressive
bridge between natural language and knowledge
base structures. It aligns KB relations and classes
with FrameNet (Baker et al., 1998a) frames through
a retriever and grounds each frame-element in its
textual argument, eliminating the need for gold lexi-
cal units (An et al., 2023) or handcrafted alignment
rules. This offers an effective solution to the lexical
and phrasing variation issues that remain challeng-
ing for SOTA systems such as SPINACH(Liu et al.,
2024) and TSET(Qi et al., 2024).

2.3. Our structured representation:
frame-base semantic parsing

We adopt a frame-based structured representation
as a middle ground between rigid code-like seman-
tic formalisms and the more flexible representa-
tions aligned with the natural language data used to
pre-train LLMs. Frames capture meaning through
structured descriptions of prototypical situations,
consisting of a frame-label, a natural language def-
inition, core semantic roles (frame-elements), and
the lexical units that evoke them.

Frame semantic parsing approaches fall into
two main categories: generative sequence-to-
sequence methods and representation learn-
ing techniques leveraging FrameNet’s structured
knowledge. Seq2Seq models treat frame parsing
as a generation task that includes frame identifi-
cation and argument extraction (Sutskever, 2014;
Raffel et al., 2020; Kalyanpur et al., 2020; Chanin,
2023). Architectures such as T5 (Raffel et al.,,

2020), pre-trained on PropBank (Kingsbury and
Palmer, 2002) and FrameNet, are often used with
lexical units and data augmentation to improve ro-
bustness. Some models adopt multi-task learn-
ing with shared encoders and task-specific de-
coders (Kalyanpur et al., 2020). Representation
learning methods, in contrast, focus on aligning
sentence-level or span-level embeddings with can-
didate frames (Jiang and Riloff, 2021). These ap-
proaches often use Graph Neural Networks (Wu
et al., 2020) or contrastive learning (Ju et al., 2024;
An et al., 2023) to integrate semantic relations
among frames, elements, and lexical triggers (Su
et al., 2021; Zheng et al., 2022; Tamburini, 2022).
A major limitation of both paradigms is their re-
liance on an explicit target lexical unit to which the
frame should be assigned—an annotation absent
in datasets like LC-QuAD 2.0. Without such tar-
get, SOTA models for frame-based parsing become
inapplicable, and structured semantic representa-
tions cannot be extracted or evaluated in down-
stream tasks such as SPARQL generation.

3. Methodology

3.1. Datasets

To ensure a fair comparison with previous stud-
ies, we evaluate our approach on three benchmark
datasets: QALD-10, LC-QuAD 1.0, and LC-QuAD
2.0. Among these, QALD-10 and LC-QuAD 2.0
are built on the Wikidata knowledge base, while
LC-QuAD 1.0 is based on DBpedia.

3.1.1. QALD-10 and LC-QuAD 1.0

QALD (Question Answering over Linked Data)
datasets are part of the QALD challenge series,
where questions are paired with SPARQL queries
over linked data sources. In particular, QALD-10
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(Usbeck et al., 2024), is built on the Wikidata knowl-
edge base and addresses several shortcomings
of earlier QALD benchmarks, such as low-quality
translations for non-English questions and limited
SPARQL query complexity. QALD-10 offers a more
challenging and realistic testbed with semantically
richer queries and diverse question formulations,
making it one of the most comprehensive and prac-
tical datasets in the QALD series. We use the
English version, which contains 412 training and
394 test examples. The dataset has approximately
58% of multi-hops questions (between 1 and 8 and
2.1 on average).

LC-QuAD 1.0 (Trivedi et al., 2017) (LCQ1 for
short) includes 5,000 questions answerable us-
ing the DBpedia knowledge base, with human-
readable entity URIs that simplify model process-
ing. Each question has two versions—one auto-
generated and one human-rewritten—and is linked
to a query template via a template ID. Following
prior works (Ding et al., 2019; Diallo et al., 2024;
Banerjee et al., 2022), we use 4,000 questions for
training, 500 for validation, and 500 for testing.

3.1.2. LC-QuAD 2.0

Abbreviated as LCQ2, this dataset (Dubey et al.,
2019) is composed of a total of 30,225 questions
paired with SPARQL queries. Each entry includes
two semantically equivalent versions of the ques-
tion: one generated from a predefined template
and another reformulated manually to resemble
more natural human phrasing. This dual-question
format enables nuanced evaluation of model gener-
alization to both synthetic and naturally expressed
inputs. To further analyze the influence of ques-
tion formulation on model performance, we ex-
ploit the dual-question structure of LCQ2 to con-
struct three dataset variants: (1) Raw Questions:
only the original (template-based) questions are
retained. (2) Reformulated Questions: only the
human-written, naturally phrased questions are
used. (3) Combined Questions: both question ver-
sions are treated as distinct entries but associated
to the same SPARQL query, effectively doubling
the dataset size and increasing question variety.

3.2. FRASE main architecture

The motivation behind incorporating structured se-
mantic representations via Frame Semantic Role
Labeling (FSRL) lies in the observation that differ-
ent surface formulations of a question share the
same underlying meaning. Regardless of phrasing,
such questions typically evoke the same core event
or concept, along with a consistent set of partici-
pants and their roles. This intuition aligns closely
with the theory of frame semantics, where each

frame represents a conceptual structure that encap-
sulates an event or situation, and frame-elements
denote the roles associated with its participants.
Given a natural language question (NLQ), FRASE
aims to extract its structured semantic represen-
tation by (1) identifying the frames it evokes and
(2) mapping the associated frame-elements to their
corresponding spans within NLQ.

3.2.1. Stage 1: mapping ontology elements to
FrameNet frames

In this stage, we construct a retrieval-based map-
ping between ontology URIs and their correspond-
ing FrameNet frames. This process produces a
structured memory that systematically associates
ontology URlIs with the appropriate frames across
all datasets.

Frames and KB elements representation To
enable effective semantic alignment between
FrameNet frames and Knowledge Base (KB) rela-
tions/classes, we represent a frame in the most ex-
pressive method that combines three components:
the frame-label, the definition (or description), and
the list of its frame-elements. This representation
captures both the semantic core of the frame and
the structure of its participant roles, which improves
retrieval performance. In contrast, representing
KB relations/classes is more straightforward. For
each relation/class URI in Wikidata, we concate-
nate the relation label (i.e., its name) with its textual
description as provided by the KB. This representa-
tion succinctly captures the intended semantics of
the relation/class and is well-suited for embedding-
based similarity search.

Embedding and semantic retrieval For every
question paired with a SPARQL query, we extract
the corresponding ontology URIs (relations and
classes). We assume that for each KB relation
or class, there exists a semantically equivalent
FrameNet frame expressing a similar conceptual
meaning. To build the alignment memory between
FrameNet frames and ontology elements, we begin
by generating the embeddings for all frames using
the BGE embedding model?, which are then stored
in a vector database. Then, for each URI of the on-
tology, we use its label and textual description from
the KB as an input to the retriever which returns the
top-1 most similar frame based on cosine similarity
in the embedding space. This establishes an align-
ment between KB relations/classes and FrameNet
frames. Leveraging this semantic alignment, we
now have the frames evoked by each question,
effectively bridging structured KB relations and lin-
guistic semantic frames. These identified frames

2https://huggingface.co/BAAI
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Sentence: initially planned on giving afreeiPod,

but now only plans on giving iPods to students in certain classes.

Frame: Giving

INPUT

Frame-Elements: [" A !, "Theme', 'Place’, 'Explanation’, Time',
'Purpose', 'Means', 'Manner', 'Circumstances', 'lmposed_purpose',
'Depictive’, 'Period_of_iterations']

!, "Theme": 'a free iPod', ...] ‘

Figure 2: An example of FrameNet exemplars data
used to fine-tune the Qwen model for argument
identification.

form the foundation for the subsequent stages of
structured semantic representation and argument
identification.

3.2.2. Stage 2: Fine-Tuning using questions
augmented with structured
representation

Arguments identification After retrieving the
most semantically aligned frame for each KB rela-
tion/class, we map frame-elements to text spans in
the question as shown in the blue box in Section (b)
of Figure 1. To this end, we fine-tuned Qwen2.5-7B
(Yang et al., 2024), following (Devasier et al., 2025),
on FrameNet exemplars ( 3, 353 training and 1, 247
test sentences). The model learns to output struc-
tured JSSON mappings between frame-elements
and spans, enabling argument extraction as shown
in Figure 2. The final augmented input® is pre-
sented in the format shown in Figure 3.

Frame-based dataset augmentation By apply-
ing FRASE to each dataset entry, we generate
structured semantic representations and construct
LCQ2-Frame, LCQ1-Frame, and QALD-10-Frame,
which extend the original datasets with frame-
based annotations. This enriched representation
captures the overall meaning of a question through
the identified frame and clarifies the semantic role
of its entities or phrases by linking them to frame-
elements. Although these extracted frames are
not directly evaluated, we measure their impact
through downstream SPARQL query generation
performance.

SPARQL Query Generation All LLMs are fine-
tuned using an INSTRUCTION-INPUT-OuTPUT format.
In this setup, the instruction indicates to the model
that it must generate a SPARQL query correspond-
ing to the input question and provides the required
context to successfully carry it out. The input con-
sists of the NLQ, optionally augmented with its
corresponding structured semantic representation

3The models we used have sufficient context length
to process the entire input.

'/'Question: What the Chinese dynasty that the
?

Frame Semantic Parsing:
Frames evoked: [' ! ']
FrameElement-Argument mapping: ['

v, tAgent':'', ..., ! ig 0

', 'Means':
', 'Current_instance':'"'
Y, 'Time': ']

Below is the information about the URIs for the SPARQL query:
' '

- The URI for ' is !
- The URI for ' 'is !
- The URI for 'Chinese dynasty' is 'wd:Q12857432'
- The URI for ' ' is !
\ /

Figure 3: An example of input NLQ augmented with
SR and Uris (the URIs-Injection is enabled here).

along with the URIs as shown in Section (b) of
Figure 1. The output is a SPARQL query whose ex-
ecution produces the answer to the question. For
experiments involving the structured representa-
tion, this additional information is appended to the
end of the question. This allows the model to condi-
tion its generation on both the NLQ and its enriched
semantic context.

URIs-Injection mechanism As this work focuses
on addressing lexical variation, our experiments
also include scenarios in which the URIs required
in the SPARQL queries are supplied via a URls-
Injection mechanism. This enables us to isolate
issues arising from out-of-scope factors unrelated
to lexical variation, such as the frequent presence
of incorrect URIs (Diallo et al., 2024). This URls-
Injection mechanism used only during inference
involves explicitly incorporating URIs into the input
as supplementary context. Unlike the tagging meth-
ods in (Diallo et al., 2024; Banerjee et al., 2022;
Reyd and Zouagq, 2023) that give the exact textual
spans corresponding to each URI, we only provide
the URIs’ labels as shown in Figure 3. Moreover, a
key advantage of this tagging method is its flexibility
making it suitable for any type of question without
relying on templates that enforce fixed positions of
KB elements.

3.3. Models and evaluation metrics

For consistent results across different model ar-
chitectures and sizes, we selected several recent
and competitive LLMs: LLaMA 3.2 3B, Phi-4 14B,
DeepSeek-R1 37B, and Mistral 7B GritLM that is
a model with a unique training objective that com-
bines cross-entropy loss with contrastive loss, aim-
ing to optimize both text generation and embedding
quality—making it potentially suitable for this test
on generalization capability (Dubey et al., 2024;
Abdin et al., 2024; Guo et al., 2025; Muennighoff
et al., 2024).

For evaluation, we report BLEU scores by com-
paring the generated SPARQL queries with the
gold-standard references. Additionally, we use
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the F1 score as an execution-based metric com-
puted by executing both the predicted and refer-
ence queries against the KB and comparing their
returned answers.

4. Experiments and results

Since the Question-2-SPARQL datasets lack frame
and frame-elements annotations, we evaluate the
structured representation indirectly via its effect on
SPARQL query generation performance.

4.1. SPARAQL query generation -
baselines using LCQ1 and LCQ2

Table 1 reports the performance of several recent
LLMs fine-tuned on the Raw Questions subset of
the LCQ1 and LCQ2 datasets. These constitute
our baseline results. To evaluate generalization
capabilities, we consider only one training config-
uration (template-based questions or Raw Ques-
tions) but for testing we consider two test scenarios:
(1) the Raw Questions test set (left side of each
dataset’s bloc in Table 1), and (2) the Reformulated
Questions test set, composed of human-written
paraphrases (right side). Across models and ques-
tion types, BLEU scores remain consistent, sug-
gesting similar surface-level quality. However, the
execution-based metric F1 has more variation. No-
tably, models exhibit a performance drop when eval-
uated on the reformulated test set, suggesting lim-
ited generalization to linguistic variations not seen
during training. Somewhat unexpectedly, Mistral
GritLM (Muennighoff et al., 2024) does not outper-
form the other models, despite its training objective.
Among all models evaluated, Phi-4 and DeepSeek-
R1 achieve the best overall performance, partic-
ularly in execution-based metrics. Consequently,
we select them for subsequent experiments that
analyze the impact of structured frame-based rep-
resentations on generalization. Given the relatively
close performance across models in this task, we
hypothesize that trends observed using these two
models are likely to extend to other models with
comparable capacity.

4.2. Generalization experiments
LCQ2

Since LCQ2 is the most challenging dataset
with two splits for assessing generalization, we
evaluate model performance across the two levels
of difficulty of the splits obtained following the
protocol established by (Reyd and Zouaq, 2023):

4.2.1.

Unknown Template Splits As described in
Section 3.1.2, the Unknown Template Split (UTS)

is constructed so that the test set contains only
questions whose templates are not seen during
training. In this experiment, both training and
testing data are drawn from the UTS. For each,
we consider two variants: (1) the original natural
language questions alone, and (2) the same
questions enriched with frame-based semantic
annotations.

Template-free (Reformulated) questions We
ran experiments with three question variants (Sec-
tion 3.1.2): Raw, Reformulated, and Combined
(treating raw and reformulated questions as sepa-
rate training samples mapped to the same SPARQL
query). We also assess performance when using
the URIs-Injection mechanism described in Sec-
tion 3.2.2 in comparison with setting where it’'s not
used. For each dataset variant, we considered
both standard and frame-augmented versions, re-
sulting in a total of twelve training configurations
and twenty-four test configurations for the two mod-
els considered (Phi-4 14B and DeepSeek-R1 37B).
During inference, our evaluation is restricted to the
Reformulated Questions subset of the test set. We
examine both the original and frame-augmented
variants to assess generalization, and we conduct
experiments under two configurations: with and
without the URIs-Injection mechanism. Table 2
reports the results of experiments on UTS while Ta-
bles 3 shows the results of the experiments using
the reformulated questions.

4.2.2. LCQ1 and QALD-10

Following the same procedure as for LCQ2, we
augmented the LCQ1 and QALD-10 datasets
with frame-based semantic representations (Sec-
tion 3.2) and conducted similar Question-2-
SPARQL experiments. For LCQ1, we used re-
formulated questions for both training and test-
ing; for QALD-10, we relied on the only available
set of human-formulated questions. The results
in Table 4, which also report SOTA baselines,
confirm the benefits of incorporating structured
frame information and highlight the importance of
correct KB URIs. With the URIs-Injection mech-
anism—simulating ideal identifier retrieval—we
achieved the best performance on both datasets.

4.3. Embedding quality via structured
representations

We evaluate the effect of structured representa-
tions on embedding similarity between Raw and
Reformulated Questions by computing cosine simi-
larities over paraphrased pairs (Raw question and
reformulated question) using Phi-4. Three pooling
strategies were tested (Mean, EOS, Last Layer)
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LcQ1 LCQ2
Models Raw Questions Reformulated Questions Raw Questions Reformulated Questions
BLEU F1 BLEU F1 BLEU F1 BLEU F1
Llama 3.2 3B 83 57 63 45 83 32 37 26
Mistral 7B GritLM 88 61 66 49 85 25 43 24
LLMs Phi-4 14B * 90 77 68 63 86 46 42 27
DeepSeek-R1 37B 88 67 65 50 86 40 41 26

* Best overall result (baseline for comparison).

Table 1: Models performances with BLEU and F1 on LCQ1 and LCQ2 for two different types of questions
(Template-based and template-free). The models are trained with template-based questions.

Use of frame-based augmentation ‘

Test on Unknown Template Split

Model Used ‘
\ \ BLEU (query-based) F1 (answer-based)
. X 73 50
Phi-4 14B ‘ v ‘ 81 65
X 61 37
DeepSeek-R1 37B ‘ v ‘ 71 24

Table 2: Evaluation of Phi-4 14B and DeepSeek-R1 37B on raw questions from the Unknown Template
Split of LCQ2, comparing models trained with and without frames.

and we report the best results obtained with mean
pooling. Experiments were run on LCQ2 and LCQ2-
Frames with both the pretrained base Phi-4 and the
fine-tuned Phi-4 using Combined Questions. For
the base model, we compare the embedding qual-
ity of the original questions with the embedding
quality of questions augmented with frames. For
the fine-tuned models, we evaluate two versions:
one fine-tuned using only questions as input, and
another fine-tuned using frame-augmented ques-
tions. We then compare their embedding quality in
terms of paragraph detection performance using
solely a raw question and its reformulated version
(without adding frames). Results (Figure 4) shows
that frames improve paraphrase detection by 9.5%
on the base model and 16.6% after fine-tuning.
Moreover, the fine-tuned model exhibits a clear
rightward shift in similarity distributions, especially
on LCQ2-Frames, reflecting stronger alignment of
paraphrased questions, whereas the base model
yields flatter distributions with peaks at lower simi-
larity values.

5. Discussion

Comparison with SOTA approaches We set
new SOTA results on QALD-10 and LCQ1 with nat-
ural questions, showing the effectiveness of our
approach in handling lexical variation. While our
method surpasses prior systems on LCQ1 even
without URIs-injection, this mechanism is crucial
for exceeding SOTAs on QALD-10 (SPINACH and
DFSL-MQ beam FS). However, these LLM-based
methods have notable limitations. Most lack evalu-
ation of generalization to natural questions, making
our approach a strong alternative. Agent-based
systems like SPINACH (Liu et al., 2024) suffer from

Impact of Frames on Embedding Similarity - Mean Pooling Only
Base Model Fine-tuned Model

Cosine Similari

val val
Dataset Split Dataset Split

Lcaz LCQ2-Frames

(a) Effect of frames on cosine similarity between raw and
natural questions across splits, using mean-pooled embed-
dings for base Phi-4 and its fine-tuned variant on LCQ2.

Density Distributions Across All Splits - Mean Pooling

woremmes b | ] e caasames

(b) Frames’ impact on density distributions of cosine simi-
larities across splits for base and fine-tuned Phi-4.

Figure 4: Frames effect on cosine similarity.

high latency, exploration inefficiency, and poor scal-
ability on large knowledge graphs (Li et al., 2023).
In-context learning approaches (D’Abramo et al.,
2025) cut training costs but their beam-search used
to tackle the triple-flip problem (incorrectly swap-
ping the subject and object in a SPARQL triple) re-
duces practicality in end-to-end KBQA. Pretraining-
based frameworks such as TSET (Qi et al., 2024)
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\ Test on Reformulated Questions

Model Used Training Data with Frames BLEU (query-based) F1 (answer-based)
- + URIs + URIs

‘ Raw Questions ‘ \)/( ‘ gi ‘;g 23 ‘31;
Phi-4 14B ‘ Reformulated Questions ‘ ‘)/( ‘ gg g:; gs gg

‘ Combined Questions ‘ § ‘ % 57357; gg 23

‘ Raw Questions ‘ § ‘ 3‘15 gg gg gg
DeepSeek-R1 37B ‘ Reformulated Questions ‘)/( ‘ gi 52 gg 2;

‘ Combined Questions ‘ § ‘ gg Sg gg ig

Table 3: Phi-4 and DeepSeek-R1 performance on reformulated questions of LCQ2’s test set under different
training configurations. Bold values indicate the best performance.

| QALD-10 (Wikidata) | LCQ1 (DBpedia)

Approaches

| BLEU F1 | BLEU  F1
T5-Small + Tag within + Copy (Diallo et al., 2024) - - 88 73
TSET (Triplet Structure Enhanced T5) (Qi et al., 2024) - 51 - -
SPINACH (Liu et al., 2024) - 69 - -
DFSL-MQ beam FS (D’Abramo et al., 2025) - 62 - -
GPT-40 (Direct QA) (Alekseev et al., 2025) - 37 - -
Phi-4 14B (baseline) | 32 47 | 87 74
Our Phi-4 14B + Frames 37 59 89 83
Our Phi-4 14B + URIs Injection 54 69 89 84
Our Phi-4 14B + Frames + URls Injection 58 76 92 89
DeepSeek-R1 37B (baseline) | 24 40 | 84 63
Our DeepSeek-R1 37B + Frames 25 47 86 68
Our DeepSeek-R1 37B + URIs Injection 42 61 89 73
Our DeepSeek-R1 37B + Frames + URIs Injection 44 67 90 75

Table 4: Performance comparison of our approach and SOTA methods

on the natural questions in

QALD-10 and LC-QuAD1.0. The reformulated questions are considered for both training and testing.
Bold and underlined values indicate the best F1 and BLEU respectively.

improve structural validity but require carefully de-
signed intermediate objectives and incur costly pre-
training.

Impact of frame-based representations Across
both Unknown Template Split (UTS) and Reformu-
lated Questions settings, augmenting questions
with frame-based structured representations con-
sistently boosts execution performance and im-
proves robustness to surface variation. In UTS,
BLEU still declines but far less with frames, while
execution metrics rise markedly, indicating better
intent capture under unseen surface forms. In Re-
formulated Questions, the same trend holds across
all dataset variants: models trained and evaluated
with frame-enhanced inputs outperform those using
only raw questions, underscoring the value of struc-
tured semantic context throughout the pipeline.

Impact of combination of different questions
types The highest F1-score is achieved using
the Combined Questions configuration together
with the frame representation, as shown in Ta-

ble 3. When URlIs are injected, both reformulated
and combined questions achieve comparable F1-
scores. Although the two training setups—(1) using
Combined Questions and (2) using Reformulated
Questions—perform similarly when tested on Re-
formulated Questions, the Combined Questions
configuration shows a more noticeable improve-
ment when evaluated on Raw or Combined Ques-
tions. This setting reflects realistic usage scenar-
ios, where some user queries follow predictable
patterns while others are more complex and less
structured. However, since the primary focus is on
Reformulated Questions, and to maintain clarity,
those additional results are omitted from the main
manuscript.

Impact of structured representation on embed-
ding quality Our results also demonstrate that
the frame-based structured representation brings
different paraphrases of the same question closer
in the embedding space, thereby enhancing the
model’s ability to handle lexical variation.

1310



6. Conclusion

In this paper, we introduced FRASE, a method that
enriches natural language questions with struc-
tured semantic representations to improve LLM
generalization in SPARQL query generation. By
leveraging frame semantics as an intermediate
layer, FRASE mitigates LLM brittleness to lexi-
cal and syntactic variation—two key challenges
in Question-2-SPARQL task. Experiments across
multiple recent LLMs show that FRASE consistently
boosts performance, especially on unseen tem-
plates and naturally expressed questions. These
results highlight the value of integrating structured
semantics to enhance robustness and abstrac-
tion. Beyond question answering, FRASE points
toward broader applications of semantic structuring
in prompt engineering, which we plan to explore in
future work.

7. Limitations

While our method outperforms baselines on Wiki-
data and DBpedia, it has limitations. The best F1-
scores remain modest, warranting further analy-
sis of cases poorly handled by frame-based rep-
resentations. Performance also depends on the
quality of textual descriptions for KB relations and
classes, with URIs-Injection acting as an idealized
retriever. When descriptions are sparse or incon-
sistent, frame detection may yield noisy alignments
which is a limit of less curated KBs. Finally, our
implementation relies solely on English FrameNet,
limiting applicability to English. Extending to multi-
lingual settings would require high-quality multilin-
gual resources or robust cross-lingual mappings,
which remain non-trivial.
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A. Splits Statistics

Table 5 show the distribution of splits sizes for the
different splits we have in LCQ2 and Figures 5a
and 5b show the distribution of question lengths (in
number of words) and the corresponding statistics
(minimum, mean, maximum) for the training, val-
idation, and test sets in the two LCQ2 splits: the
Original Split and the Unknown Template Split.
In the Original Split, the length distributions are
relatively consistent across all subsets, with similar
averages, indicating structural alignment between
training and test data. In contrast, the Unknown
Template Split reveals a clear discrepancy: test
questions are, on average, significantly longer than
those in the training and validation sets. This shift
reflects the intended challenge of the split, where
models must generalize to unseen question tem-
plates, which tend to be more complex and verbose.
Such distributional differences likely contribute to
the performance drop observed in this setting, par-
ticularly for surface-level generation metrics like
BLEU.

Statistics

Splits Total Train Validation Test Unseen
Global templates 30 30 30 30 0
os Entries 30225 21761 2418 6046 6046
Avg Query-Length - 17 18 18 -
Global templates 30 24 6 6 6
UTsS Entries 30225 24178 3023 3024 3024
Avg Query-Length - 16 16 36 -

Lengths are measured in term of number of words.
OS: Original Split - UTS: Unknown Template Split.

Table 5: LCQ2 statistics in terms of global templates
and entries across data splits.

B. FRASE additional detail

The Algorithm 1 shows the Stage 1 of FRASE that
detects the frames evoked in any LCQ2 question
as depicted in first part of Figure 6.

Algorithm 1 Identify Frames for LCQ2 Questions

Require: LCQ2_question (natural language question),
SPARQL_query (corresponding SPARQL query),
VectorDatabase (stores frame vectors), KB (Knowl-
edge Base with ontology and descriptions)

Ensure: EvokedFrames (set of frames evoked by the

question)

. Initialize an empty set EvokedFrames

: Preprocess Frames:

: for each frame in the set of available frames do
Represent the frame using its name, description,

and list of frame-elements
Encode the frame representation into a vector

using the embedding-model
Store the frame vector in VectorDatabase

: end for

: Extract Relevant KB Elements:

: Parse SPARQL_query to extract relevant KB ele-
ment identifiers (URIs) corresponding to relation or
class

10: Generate KB Element Representations:

11: for each URI in the extracted URIs do

12: Fetch the label and textual description of the cor-
responding KB element from kKB

13: Encode the label and description using the
embedding-model

14: end for

15: Align KB Elements with Frames:

16: for each vector representation of a KB element do

17: Perform a similarity search in vectorDatabase
to find the most similar frame vector(s)

18: if a match is found (similarity score > threshold)
then

19: Add the matched top-k =
EvokedFrames

20: end if

21: end for

22: return EvokedFrames

AWN =

a

© © N o

1frame(s) to
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C. LCQ2 Questions Annotation by
FRASE

Figure 6 illustrates how our proposed FRASE
pipeline semantically enriches a natural language
question from LCQ2 using frame-based structured
representations. In Stage 1, each relation URI in
the associated SPARQL query is aligned with a
corresponding FrameNet frame based on textual
similarity. For instance, the relation ‘'wdt:P1365’
("replaces") is aligned with the Replacing frame,
and "wdt:P31" ("instance of") is mapped to Identi-
cality. In Stage 2, the system identifies the relevant
Frame Elements and links them to corresponding
spans in the question text. In this example, the
element "Old" is mapped to "Yuan dynasty", and
"Type" is inferred as "Dynasty". This structured
representation captures the underlying semantic
roles involved in the question and provides an in-
terpretable abstraction that can be used to improve
SPARQL generation and generalization.

D. Experimental details

We fine-tune all models using the QLoRA method,
which combines 4-bit quantization with parameter-
efficient fine-tuning. Specifically, we quantize the
base model weights using NF4 quantization and
bfloat16 computation via the Bit sAndBytesCon-
fig. We then apply a low-rank adaptation (LoRA)
on key components of the transformer layers (e.g.,
g_proij, k_proj, v_proj, etc.) with rank 16,
lora_alpha 16, and no dropout. The fine-tuning
is performed using the adamw__8bit optimizer with
a learning rate of 2 x 10~4, and linear scheduling.
We save and evaluate the model at the end of each
epoch and report the best checkpoint based on
validation loss. Further training parameters are
detailed in Table 6.

Parameters Values

Max Sequence Length 2048

Packing False (for faster training)
Per Device Batch Size 8

Gradient Accumulation Steps 4

Warmup Steps 5

Number of Epochs 10 (adjustable)

Learning Rate 2e-4
Precision Mode bfloat16
Quantization Type 4-bit (NF4)
LoRA Rank (r) 16
LoRA Alpha 16
LoRA Dropout 0
Target Modules Attention + MLP Projections'
Optimizer adamw_8bit
Weight Decay 0.01
Learning Rate Scheduler Linear
Random Seed 1618
Evaluation Strategy Epoch

'q_proj, k_proj, v_proj, o_proj, gate_proj, up_proj,
down_proj

Table 6: Technical details of the fine-tuning
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Gold KB Relations/Classes URI: [wdt : P1365,

-

Question: What is the Chinese dynasty that replaced the Yuan dynasty?

Gold SPARQL: select distinct ?0obj where { wd:Q7313 wdt:P1366 ?20b]
?0bj wdt:P31 wd:Q12857432 }

wdt : P31]

FRASE &

’ FrameNet Frame - KB Ontology alignment

wdt:P1365

wdt:P31

Label: replaces

Description: "Person, state, or item replaced. Use P1398
'structure replaces' for structures. Use P155 'follows' if the
previous item was not replaced or if predecessor and

Label: instance of

Description: The class of which this subject is a specific
example and member; different from P279 'subclass of'.
For example, K2 is an instance of 'mountain’, whereas
'volcano' is a subclass of 'mountain’ (and an instance of
'volcanic landform").

A

successor are identical."

Replacing

Description: "An Agent changes the filler of a Role by
placing a New filler in the position after the Old filler ceases
to occupy the position. Often, this entails the Agent removing
the Old filler. In most cases, the Role is implicit. 'If you
replace me with a robot, who's going to make excuses to
your wife for you?' 'Following Keating's resignation from the
Cabinet, Hawke immediately replaced him as Deputy Prime
Minister with Brian Howe, Minister for Community Services
and Health."

Frame Elements: [[Means', 'Agent', 'Instrument', 'Place’,
'Purpose’, 'Time', 'New', 'Manner', 'Explanation’, 'Degree’,
'Old', 'Role’]

}

Identicality

Description: "A Current_instance of a certain Type is
under discussion. This instance is evaluated as being the
same instance or a different instance from a
Previous_instance encountered in a Previous_context.
\textit{'Kim has a different hair color every week."'Is this
the same sofa as the one that used to be in the lobby?'
'Dracula and your neighbor are different people.'}"

Frame Elements: ['Type', 'Current_instance',
'Previous_instance', 'Previous_context', 'Set_of_instances',
"Time']

’ Argument Identification: Frame-Elements - NQL span mapping ‘

Replacing

{'Old": 'Yuan dynasty', 'Means": ", 'Agent" ", 'Instrument"
", 'Place": ", 'Purpose": ", 'Time": ", 'New": ", 'Manner": ",
'Explanation’: ", 'Degree": ", 'Role": "}"

Identicality

{'Type": 'Dynasty', 'Current_instance": ",
'Previous_instance': 'Yuan dynasty', 'Previous_context":
", 'Set_of_instances": ", Time": "}"

Figure 6: lllustration of the process of adding structured representations to a question: From KB—FrameNet
alignment to argument identification
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