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Abstract
We present PolyglotQL, an open-source ETL (Extract, Transform, Load) pipeline for systematically creating
multilingual text-to-SPARQL datasets, along with an accompanying framework for evaluating text-to-SPARQL
generation models. PolyglotQL provides an extensible and modular architecture that aggregates, normalizes, and
augments heterogeneous question—SPARQL pairs from established text-to-SPARQL datasets. With this pipeline, we
automatically construct a bilingual English—-German dataset featuring contextualized entity and relationship mappings
as well as automatically translated and aligned question pairs. We also conduct an empirical evaluation using two
multilingual open large language models under two distinct contextualization settings. The results show consistent
performance improvements when explicit grounding information is provided, highlighting the benefits of structured

context in multilingual semantic parsing.
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1. Introduction

Mapping natural language questions to SPARQL
queries (text-to-SPARQL) remains a core problem
at the intersection of natural language processing
and the Semantic Web (Usbeck et al., 2024). In
recent years, the multilingual capabilities of Large
Language Models (LLMs) have improved massively
across many general-domain tasks, raising the
question of whether they have also improved at
mapping multilingual inputs to SPARQL queries.
Prior work provides multiple benchmarks and spe-
cialized datasets in various languages and from
different knowledge graphs, e.g., the QALD chal-
lenges (Usbeck et al., 2024; Perevalov et al., 2022;
Usbeck et al., 2018), but there is a lack of an inte-
grated, reproducible framework that (i) aggregates
these heterogeneous sources, (ii) supports multi-
lingual augmentation, and (iii) provides tooling for
preprocessing, contextual augmentation, and stan-
dardized evaluation.

In this paper, we address this gap by introduc-
ing PolyglotQL, a comprehensive dataset pipeline
accompanied by an evaluation toolkit for text-to-
SPARQL tasks. The pipeline is a fully open
source toolkit for generating a homogeneous mul-
tilingual text-to-SPARQL corpus from established
datasets supporting query generation of 15 knowl-
edge graphs, prominently Wikidata and DBpedia.
With this pipeline, we create a bilingual data split of
English and German questions to fine-tune multilin-
gual language models for the text-to-SPARQL task.
We show that training language models on text-to-
SPARQL tasks does not help the models achieve
strong performances regardless of the language.

However, when the input questions are enhanced
with entity and relationship mappings, the models
improve significantly in both languages.

Our contributions can be summarised as follows:

1. PolyglotQL, a modular ETL pipeline to
aggregate, normalize, and augment ques-
tion—SPARQL pairs from QA-over-KG datasets
(scripts, documented and open-sourced). The
tool is designed to be extensible to other Knowl-
edge Graphs (KGs) and languages (Figure 1).

2. A bilingual text-to-SPARQL dataset contain-
ing a processed English—-German split with
JSON-formatted entity and relationship map-
pings (context column) produced using the
pipeline. We provide counts and annotation
statistics and release the split for benchmark-
ing. The dataset serves as a showcase for
the pipeline’s ability to produce a much larger,
consolidated, and multilingual corpus (roughly
895,954 examples), but this is not the focus of
this paper’s evaluation.

3. An evaluation of two multilingual open LLM
families under two setups: v1, with no explicit
contextual ID mappings in training or evalua-
tion. And v2, with the context of entity/property
IDs in training and evaluation. We demonstrate
that explicit context yields significant gains and
analyze the remaining failure modes.

The remainder of this paper describes related
work, the dataset and pipeline, including prepro-
cessing and augmentation steps, the evaluation
methodology, experimental results, and an analy-
sis of limitations and future work.
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Figure 1: An overview of the pipeline. Datasets such as the QLAD series and public KGs are normalized
and collected to form a single large text-to-SPARQL Dataset. The ETL pipeline can also translate questions
from the QA-over-KG datasets into various languages to improve multilingual accessibility.

2. Related Work

The task of translating natural language questions
into SPARQL queries has been addressed by var-
ious research groups, particularly in the context
of challenges such as Question Answering over
Linked Data (QALD) 10th version, with its corre-
sponding benchmark (Usbeck et al., 2024). These
efforts, however, present a fragmented landscape
in terms of methodology, multilingual support, and
resource availability. A recent contribution by Brei
et al. (2024a) explores the use of small language
models (< 1B parameters) for translating English
text to SPARQL queries across different knowledge
graphs, including Wikidata. A significant aspect of
their work is the public release of their fine-tuning
scripts, promoting reproducibility. The QALD-10
challenge itself showcases a variety of competing
systems. While the official results primarily focus on
English, several participating systems have multilin-
gual capabilities. For instance, the WDAqua-core0
system (Diefenbach et al., 2017) supports French,
German, and ltalian as well. Similarly, the system
by Shivashankar et al. (2022) handles both German
and English. However, a common limitation is the
lack of publicly available source code, hindering ver-
ification and extension by the research community.
An exception is the work by Baramiia et al. (2022),
which provides code for their English-based ap-
proach. Although they suggest their method can be
extended to other languages through transformer
fine-tuning, the implementation for this extension
is not provided. Regarding evaluation, the commu-
nity has largely relied on established frameworks.
GERBIL (Usbeck et al., 2019), used for QALD-10,
provides a comprehensive evaluation environment
with a live endpoint. In contrast, other approaches,
such as that of Brei et al. (2024a), offer more ba-
sic evaluation scripts that measure the number of
correct answers, highlighting a variance in evalua-

tion rigor across different works. Existing systems
and benchmarks are valuable, but they typically
focus on single challenge datasets, a single target
KG (often Wikidata), and a single language (fre-
quently English). Moreover, many high-performing
systems do not release full pipelines or multilingual
augmentations, which hampers reproducibility and
cross-study comparison. Our work builds on these
efforts and contributes an end-to-end pipeline and
dataset targeted specifically at robust multilingual
text-to-SPARQL modeling and reproducible evalu-
ation.

3. PolyglotQL Overview

To generate datasets for future research use, we
structure the pipeline around several key design
goals. To ensure broad coverage, we combine
multiple QA-over-KG datasets to capture a diverse
range of query patterns. We also emphasize mul-
tilinguality, focusing on English and German first,
by building the preprocessing pipeline to be able
to construct data splits in up to 12 other languages.
Moreover, we ensure reproducibility by publishing
the pipeline on GitHub. We ground the dataset by
including entity and relationship ID mappings in a
machine-readable context field, reducing ambiguity
in entity linking. Finally, for evaluation, we provide
scripts that can execute both gold and predicted
SPARQL queries against live endpoints.

3.1. Preprocessing and Data

Augmentation

We implement a modular pipeline consisting of six
sequential steps:

1. Dataset Download and Extraction: Retrieve
and unpack archives, traverse repository trees,
and collect raw artifacts.

6675



2. Filtering and Quality Control: Remove triv-
ially invalid entries and apply heuristics to de-
tect malformed records.

3. Classification: Distinguish statements from
valid questions using an LLM-based classifier
(Gemma 27B 8-bit quantized).

4. Translation: Generate parallel target-
language text (German in this work) using an
open-source high-quality translation model
(NousResearch/Hermes family in 4-bit mode)
to enhance the original datasets.

5. Second Filtering: Filter out poorly translated
samples and translation artifacts (repetitions,
truncations) using length-based heuristics and
manual spot checks.

6. Entity and Relation Mapping: Generate
JSON-formatted entity (QID) and property
(P1D) mappings by leveraging gold SPARQL
queries and few-shot LLM prompting to align
textual mentions with identifiers.

The following sections provide a brief description
of each step.

3.1.1. Dataset Download and Extraction

The first step automates the retrieval of source
datasets (archives, Git repositories, release as-
sets). The source formats of all datasets are het-
erogeneous, including XML, JSON, TSV, custom
markup files, and files within nested folder sys-
tems and repositories. We therefore implement
parsers for each major source, recursive scrap-
ing of repository trees (e.g., the QALD reposi-
tory), and schema normalization to a unified for-
mat: text_query, language, spargl_query,
knowledge_graph, and optional context. The
pipeline saves the extracted samples in standard-
ized intermediate JSON files, for filtering and quality
control.

As our pipeline aggregates datasets from the
QALD series (Usbeck et al., 2024; Perevalov et al.,
2022; Usbeck et al., 2018) and various QA-over-
KG benchmarks (Talcmor and Berant, 2018; Cui
etal., 2021; Gu et al., 2021; Su et al., 2016; Trivedi
et al., 2017; Dubey et al., 2019; Kaffee et al., 2019;
Korablinov and Braslavski, 2020; Rybin et al., 2021;
Yih et al., 2016), our initial dataset contains roughly
895,954 examples spanning 12 languages and 15
KGs. However, that larger collection is background
material for the pipeline’s capability and is not the
primary target of the experiments reported here, as
we focus our work on the German-English split.

3.1.2. Filtering and Quality Control

We apply an automatic filter by removing short
(less than four characters) or empty text entries,

as these commonly reflect dataset artifacts. We
then perform manual spot-checking on a random
sample of 200 English and German samples, re-
spectively, and remove commonly occurring non-
sensical queries (e. g., “not applicable”, “I have no
idea”) that bypass the automatic filters. By identify-
ing nonsensical queries, we generate a blocklist of
queries that are deleted from the entire dataset for
each language.

3.1.3. Classification

To detect and remove declarative statements or
other non-question entries, we use a classifier im-
plemented with the Gemma 27B model (quantized
to 8-bit for memory efficiency) (Gemma et al., 2025).
Each sample is classified as ‘question’ or ‘state-
ment’. Entries flagged as statements are removed
from the dataset after being double-checked by a
human annotator.

3.1.4. Translation

Translation expands the bilingual coverage by gen-
erating German parallel samples from the much
larger English split of Wikidata-targeted examples.
For transparency reasons, we use an open-source
translation model rather than a commercial API
for translating the evaluation samples. We use
the Hermes-3 model published by NousResearch
with 4-bit precision (Teknium et al., 2024). The
pipeline is, however, agnostic to the specific trans-
lation backend. We limit large-scale translation to
German to keep quality control manageable: ap-
proximately 200,000 additional German rows are
generated before subsequent filtering.

3.1.5. Second Filtering

Because automated translation sometimes gen-
erates severe artifacts, a second filtering stage
is necessary. We apply language-specific heuris-
tics to remove malformed translations. These in-
clude detection of repeated tokens/phrases, ex-
treme length deviations relative to source queries,
and language-detection mismatches. These filter-
ing steps remove problematic translations while
preserving high-quality bilingual pairs. With the
second filter, we end up with 157,246 German sam-
ples. We also spot-check 200 translated German
samples by native-speaking annotators to validate
the translation quality.

3.1.6. Entity and Relation Mapping

A key enhancement is the automatic creation of
a JSON context column for KG-targeted infor-
mation from Wikidata. The process leverages the
gold SPARQL queries already present in many
sources. A few-shot prompting pipeline (using
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high-capability LLMs such as Hermes-3 (Teknium
et al., 2024) for English and Llama-3.3 (Grattafiori,
2024) variants for German) extracts QIDs and PIDs
from the SPARQL query and aligns them with their
textual mentions in the natural language question.
Not mentions are not added to the context field.
These mappings enhance the data points crucially
as they work like a lookup table for relevant entities
inside the question. Each output is validated (using
a syntactic JSON check) and stored in the con-
text field. This produces 318,161 contextual an-
notation mappings (160,915 English and 157,246
German) as well as 784 annotation mappings for
the QALD-10 test.

4. The Bilingual Datasplit

To showcase how PolyglotQL works, we gener-
ate an English-German dataset split containing
318,161 examples with explicit JSON-formatted
contextual annotations (entity and relationship iden-
tifier mappings), which serve as the primary re-
source for our experiments. These contextual an-
notations are generated for Wikidata-targeted ex-
amples and are distributed roughly evenly across
the two languages: 160,915 English samples and
157,246 German samples (see Table 1). Note that
we do not generate a dataset of all possible lan-
guages, which would yield a dataset with more
than 800,000 samples across 12 languages, for two
reasons. First, the translation of parallel samples,
as well as the classification, is both computation-
ally and resource-expensive. Second, the pipeline
is not fully automatic, and human annotators are
needed to spot-check the translations as well as
QIDs and PIDs mappings. However, to the best of
our knowledge, this data split is the largest publicly
available German text-to-SPARQL dataset.

Dataset English German
Bilingual Split 160,915 157,246
Train 128,733 125,796
Validation 16,091 15,725
Test 16,091 15,725
QALD-10 392 392

Table 1: Dataset statistics (all counts refer to exam-
ples that include contextual JSON mappings).

5. Experimental Setup

We evaluate our approach by executing both gold
and generated SPARQL queries on the live Wiki-
data SPARQL endpoint and comparing the result
sets using QALD-style set-based precision, re-
call, and macro-averaged F1. Non-executable or

endpoint-failing queries are penalized (assigned
zero for that instance). We also compare and cate-
gorize generated queries with the gold queries (Ex-
act Match, Both Empty, Partial Match, No Overlap,
Execution Failure) to better analyze failure modes.
Early metrics include counts of executable queries
and exact matches. We use formal F1 metrics for
reporting results similar to previous work (Usbeck
et al., 2024; Perevalov et al., 2022; Usbeck et al.,
2018).

5.1.

For each language, we evaluate all models on a
random test split of our bilingual dataset, containing
10% of the examples, which sums up to a 31,816
large bilingual test set. For comparison, we also
evaluate the base and fine-tuned models on the
test split of the QLAD-10 challenge (Usbeck et al.,
2024), the latest challenge in the QLAD series. Like
all test sets from the QLAD series, the QLAD-10
test set is not parsed into the processing pipeline
and is not used for fine-tuning.

Benchmarks and Splits

5.2. Fine-Tuning and Model selection

We apply two fine-tuning setups for the models:

» v1 setup (no context): In this setup, the mod-
els are trained without contextual ID mappings.

» v2 setup (with context): the content of the
Wikidata-focused context field is parsed
along with the initial question.

For comparability, we train all models in both
setups with the same samples, seeds, and param-
eters.

We evaluate fine-tuned models using QLoRA
(4-bit) with LoRA adapters for parameter-efficient
fine-tuning. As a reference point, we also evalu-
ate the off-the-shelf instruction-tuned variants of
each model family — Mistral-7B-Instruct-v0.1 and
Occiglot-7b-eub-instruct — without any task-specific
fine-tuning. These instruction-tuned models are
prompted with the v2 input format (i. e., the system
prompt includes the entity and relationship ID map-
pings as structured context; see Appendix A for
a concrete example). We refer to these non-fine-
tuned evaluations as base in our results tables. We
evaluate two models:

 Mistral 7B v0.1 is a 7-billion-parameter open-
source language model that was primarily
trained on English text, but it also has some
multilingual capabilities (Jiang, 2023).

+ Occiglot-7b-eu5 is a 7-billion-parameter open-
source language model trained on the top five
EU languages (English, Spanish, French, Ger-
man, and ltalian), providing strong multilingual
capabilities (Avramidis, 2024).
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We chose those two models because they are
current, multilingual, open-source large language
models with predominantly German and English
pre-training data. All major training parameters
(epochs, optimizer, mixed precision, gradient accu-
mulation) are recorded in the repository. We train
all models on a single A100 GPU with 80 GB of
memory for efficiency.

5.3. Metrics and Error Categories

To evaluate the performance, we primarily report
macro-averaged precision, recall, and F1 score,
following the evaluation protocol established in the
QALD benchmarks. These metrics treat all queries
equally, regardless of their frequency or answer car-
dinality, and are widely used in semantic question
answering.

In addition to these core metrics, we consider
several secondary indicators that offer further in-
sight into system behavior. First, we measure the
percentage of executable queries, which reflects
the robustness of generated outputs with respect
to the underlying knowledge base interface. Sec-
ond, we analyze the distribution of system outputs
across predefined error categories:

» Syntactic Failure: Cases where the gener-
ated query cannot be parsed or executed.

* Generated-Empty: Cases where the query
executes but returns an empty result set.

* No-Overlap: Cases where the predicted an-
swer set does not overlap with the gold stan-
dard.

« Partial-Overlap: Cases where the predicted
answer set overlaps with the gold standard but
it is not the same.

+ Exact-Match: Cases where the predicted and
gold answer sets are identical.

Finally, we report per-model breakdowns on the
QALD-10 benchmark. This facilitates direct com-
parison with existing systems and supports repro-
ducibility within the community.

6. Results

6.1. Test Split Results

Table 2 summarizes representative F1 results on
held-out test splits (v2 context setting) for all mod-
els. We evaluate the fine-tuned version for each
setup and compare its performance with that of the
base model. The results show that including ex-
plicit context (v2) massively improves performance
for both models compared to v1. In particular, we
see the largest improvement (a factor of 5 for the

Mistral model or 10 for the Occiglot model) from
the base model to the vl models, demonstrating
strong gains from fine-tuning, even without addi-
tional context about the mapping of entities/rela-
tionships to Wikidata IDs. The best performing
model with 82.8 % F1 in English and 71.8 % in Ger-
man is the fine-tuned Mistral model. However, both
models achieve higher F1 scores in English than
in German, except for the Occiglot model without
context (v1).

Overall, we observe that models primarily strug-
gle with generating KG IDs for specific entities. By
enhancing the input prompt with entity mappings
from the question entities, we can see a substantial
improvement.

6.2. QALD-10 Results

On the QALD-10 test set, the Mistral v2 fine-tuned
model achieves an F1 score around 28.5 % (see
Table 3). Compared to the submitted systems of
the QALD-10 challenge, the v2 models achieve re-
sults comparable to the worst-performing systems
(See Table 3). The Mistral model achieves results
that are even 10 percentage points better than the
Singh & Gavrilev submission. However, the perfor-
mance is worse than the top submissions of the
chanotable that the systems submitted to QALD-10
are pipelines draines that are fully optimized for that
task, which makes the comparison slightly biased,
as we did not perform any pre- or post-processing
on the model inputs or outputs. Moreover, all pub-
lished results for the QALD-10 challenge are only
for the English split and not for multilingual setups.

Like in the test set, the Mistral model improves its
performance through fine-tuning in English more
than in German. A notable observation is that the
Occiglot model achieves a higher F1 score in Ger-
man than in English, across both setups and fine-
tuning. Compared to Mistral, Occiglot has been
pre-trained on a data split of the same size for both
English and German, which could explain why the
model performs better in German than in English.

6.3. Error Analysis

For more insights on the failed generated queries,
we categorize the errors into five categories (See
Table 4). The analysis of error categories shows
that both Mistral and Occiglot have a substantial
reduction in syntactic failures after fine-tuning, re-
gardless of the setup, confirming that fine-tuning ef-
fectively stabilizes query generation and improves
syntactic correctness. While the baseline models
frequently produce failing queries of nearly 300 in
both languages, this number drops to close to zero
in the v2 fine-tuned versions, showing that the mod-
els consistently learn to generate structurally valid
SPARQL queries in any language.
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Model English German
P R F1 P R F1

Mistral-7B-v0.1 (fine-tuned, v2) 0.910 0.829 0.828 0.836 0.720 0.718
Mistral-7B-v0.1 (fine-tuned, v1) 0.624 0.227 0.227 0.748 0.101 0.100
Mistral-7B-v0.1 (base) 0.389 0.048 0.046 0.369 0.044 0.042
occiglot-7b-eu5 (fine-tuned, v2) 0.891 0.806 0.805 0.851 0.728 0.727
occiglot-7b-eu5 (fine-tuned, vi) 0.988 0.301 0.300 0.883 0.306 0.302
occiglot-7b-eu5 (base) 0.204 0.022 0.021 0.189 0.022 0.022

Table 2: Model results on the test sets of macro Precision (P), Recall (R), and F1.

Model English German

R F1 P R F1
Mistral-7B-v0.1 (fine-tuned, v2) 0.661 0.284 0.285 0.642 0.263 0.259
Mistral-7B-v0.1 (fine-tuned, v1) 0.703 0.069 0.069 0.673 0.056 0.056
Mistral-7B-v0.1 (base) 0.220 0.016 0.014 0.223 0.018 0.013
occiglot-7b-eu5 (fine-tuned, v2) 0.589 0.194 0.191 0.692 0.234 0.230
occiglot-7b-eu5 (fine-tuned, v1) 0.770 0.044 0.044 0.696 0.069 0.069
occiglot-7b-eu5 (base) 0.254 0.023 0.022 0.151 0.008 0.005
SPARQL-QA (Borroto et al., 2023) - 0.595 - - -
Baramiia (Baramiia et al., 2022) - 0.428 - - -
Singh & Gavrilev (Usbeck et al., 2024) - 0.195 - - -

Table 3: Model results on the QALD-10 test set of macro Precision (P), Recall (R), and F1. The last three
results by Borroto et al. (2023), Baramiia et al. (2022), and Singh & Gavrilev (Usbeck et al., 2024) are
selected submission results from the official QALD-10 challenge.

However, the reduction in syntactic errors re-
sults in a higher proportion of empty result queries,
with Mistral and Occiglot generating 245 and 264
queries, respectively, that yield empty results with-
out context (averaged across English and Ger-
man from Table 4). This suggests that while the
models now generate executable queries more
reliably, they sometimes fail to correctly ground
entities or relations, resulting in valid but seman-
tically empty outputs. The introduction of entity
linking in the v2 setup shifts the error categories
from structural to semantic: rather than produc-
ing invalid syntax, the models generate executable
but mismatched queries. This trade-off is consis-
tent across both languages and models, although
it is slightly higher for Occiglot. The no-overlap
and partial-overlap categories also increase after
fine-tuning, reflecting that the models occasionally
retrieve partially relevant results even when the
overall answer set diverges from the gold standard.
Notably, the fine-tuned v2 models exhibit a slight
increase in partially correct outputs, suggesting
that fine-tuning improves semantic alignment even
when complete accuracy is not achieved.

When comparing the two models, Mistral demon-
strates more consistent improvements across both
English and German, with fewer syntactic and se-

mantic errors after fine-tuning. Occiglot, in contrast,
maintains a slightly higher rate of empty results in
German, which may be related to its more balanced
multilingual pre-training, which occasionally leads
to less precise entity selection in specific contexts.
Finally, it is worth noting that most generated
queries across all fine-tuned systems are exe-
cutable. This high execution rate highlights the
robustness of the fine-tuning procedure and its abil-
ity to produce structurally coherent queries in both
English and German. The remaining differences
between Mistral and Occiglot are therefore not due
to query validity, but rather to semantic precision.

Reproducibility Notes

The entire pipeline, including translation and
context-generation code, model training scripts,
and evaluation tooling, is published in the project
repository and Hugging Face dataset card. Exact
training arguments (QLoRA/LoRA settings, LoRA
rank, learning rate, batch configuration) and seeds
used for sampling are recorded in the repository
per-run logs to enable reproduction. See the ap-
pendices and repository for the full details.

"https://github.com/julioc-p/
polyglotgl
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Setting Language Model Syntactic failure Empty results No-overlap Partial-overlap
English Mistral 298 80 6 2

Base 9 Occiglot 278 91 13 1
German Mistral 295 82 7 2

Occiglot 318 57 12 1

English Mistral 6 248 110 0

Fine-tuned (v1) 9 Occiglot 18 283 71 1
German Mistral 20 241 107 0

Occiglot 8 245 109 0

English Mistral 1 148 129 5

Fine-tuned (v2) ° Occiglot 3 157 154 5
German Mistral 1 151 133 5

Occiglot 1 182 116 5

Table 4: Error Category Distribution for QALD-10 Test Set. Values are absolute counts.

7. Analysis and Discussion
7.1. Entity/relation Linking as the
Primary Bottleneck

A central finding across all experiments is that en-
tity and predicate linking remains the dominant
source of error. In the v1 setup (without explicit
identifier context), most queries fail due to incor-
rect or missing QIDs/PIDs, resulting in empty or
non-overlapping answers. These errors account
for the majority of non-syntactic failures. Providing
explicit identifier mappings (v2) drastically reduces
this ambiguity, allowing the model to focus on the
compositional structure of the query, which leads
to substantial improvements in F1 scores across
both languages.

7.2. Reduction of Syntactic Failures and
Shifting Error Profiles

Table 4 shows that syntactic failures, which dom-
inate the baseline models (nearly 300 instances
per language), are almost completely eliminated
after fine-tuning. This reduction indicates that the
models successfully internalize the grammar and
surface structure of SPARQL through parameter-
efficient training. Recent work (e.g., Brei et al.,
2024b) has shown that smaller LLMs (<8B param-
eters) often struggle to generate syntactically valid
and executable SPARQL queries, with a large pro-
portion of outputs failing to parse or execute cor-
rectly. In contrast, our experiments demonstrate
that both Mistral-7B and Occiglot-7B achieve a
high proportion of executable queries across lan-
guages. This finding highlights the impact of tar-
geted fine-tuning with structured supervision and
entity grounding, which effectively mitigates the
structural instability commonly observed in smaller
or similarly sized models.

The high number of Partial-Overlap and No-
Overlap cases in the fine-tuned v2 setup for both

models suggests that fine-tuning also enhances
partial semantic alignment, allowing the models to
approximate correct query intent even when full
correctness is not achieved. Compared to the v1
setting, these categories indicate a gradual pro-
gression from invalid outputs toward semantically
relevant but incomplete retrievals.

7.3. Cross-lingual Behavior and
Model-specific Tendencies

Both models achieve high execution rates in En-
glish and German, but subtle differences emerge
in their error distributions. Mistral-7B, trained pri-
marily on English data, benefits more strongly from
fine-tuning in English but transfers these gains rel-
atively well to German. Occiglot-7B, which has bal-
anced multilingual pre-training, performs more con-
sistently across both languages yet shows a slightly
higher proportion of empty queries in German, indi-
cating more conservative or uncertain grounding.

The overall high proportion of executable queries
across all fine-tuned setups confirms that both archi-
tectures learn robust SPARQL generation patterns.
Most remaining errors are not due to invalid syntax
but to semantic grounding mismatches.

7.4. Structural Complexity Remains a
Challenge

Despite the strong improvements achieved through
contextual entity grounding (v2), structurally com-
plex queries such as those involving multi-hop joins
or nested filters remain challenging. The QALD-
10 dataset, which contains a higher proportion of
such queries, still exposes limitations in the ability
to generalize beyond simple retrieval or single-hop
structures. The persistence of these structural er-
rors highlights that fine-tuning enhances stability
and correctness in surface-level syntax but does
not yet equip models with a comprehensive logical
understanding or reasoning depth.
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8. Conclusions

We present PolyglotQL, an open ETL pipeline for
text-to-SPARQL generation together with a bilingual
English—-German split of text-to-SPARQL samples,
and report empirical findings that explicit contex-
tual grounding (using entity/property IDs) drastically
reduces the entity-linking bottleneck and substan-
tially improves model performance. Moreover, the
fine-tuned Mistral model shows comparable results
with SOTA solutions on established benchmarks.
PolyglotQL and the dataset (and sampled model
checkpoints) are released to facilitate reproducible
research and further experimentation with multilin-
gual and multi-KG text-to-SPARQL tasks. To the
best of our knowledge, this is the largest publicly
available German text-to-SPARQL dataset.

Limitations

Reliance on LLMs for preprocessing and aug-
mentation Several preprocessing stages (trans-
lation, statement classification, and context gener-
ation) use other LLMs. While this enabled scaling,
it introduces biases and occasional errors origi-
nating from those LLMs (e. g., mistranslations or
misaligned identifiers). We propose deterministic
Wikidata APl lookups as a future alternative for con-
text generation to reduce reliance on LLM outputs.
Until such deterministic pipelines are integrated,
downstream models will reflect the artifacts of up-
stream LLMs.

Limited manual verification at dataset scale
Exhaustive manual inspection of nearly 900k ag-
gregated examples is infeasible. We applied au-
tomated heuristics and spot-checks, but residual
noise and labeling errors remain possible. This
constrains the strength of claims about absolute
model performance and suggests human-in-the-
loop validation for critical downstream use-cases
or for extending to lower-resource languages.

Language and KG coverage in experiments Al-
though the pipeline can produce splits for many
languages and KGs, our experimental evaluation
concentrates on English and German and primarily
on Wikidata-targeted examples. Generalization to
typologically distant languages or other KGs (DB-
pedia, Freebase variants) remains to be validated.
Future work should extend evaluation to additional
languages and KGs, balancing automated augmen-
tation with careful quality control.

Statistical testing and computational con-
straints The experiments were constrained by
computational and time limitations; some config-
urations were not exhaustively repeated with mul-

tiple seeds, and comprehensive statistical testing
(confidence intervals/hypothesis tests) remains fu-
ture work. We documented the seeds and the rea-
sons for the pragmatic experimental design; how-
ever, broader replication with more seeds would
strengthen claims of minor effects.

Ethical Considerations
and Broader Impact

The dataset and pipeline assemble many open re-
sources; licensing compliance and attributions are
retained in the released artifacts. Large-scale au-
tomated translation and LLM-based augmentation
may propagate biases (e. g., gendered label shifts)
or introduce artifacts — users should apply down-
stream fairness and robustness analyses. We en-
courage future work to integrate human-in-the-loop
validation and deterministic lookups.
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Appendix: Example Context and
Prompts

Listing 1: Example of generated English context.

{
"entities": {

"United States Army": "Q9212"

"character": "Q95074™"
by
"relationships":
"spouse": "P26",
"instance of": "P31",
"employer": "P108"

\"country of citizenship\": \"P27
Nty
b
{
"role": "user",
"content": "Who was Barnard College'’s
American female employee?"

Listing 2: System prompt for English context gen-
eration.

In the v1 setup (no context), the input contains
only the question and knowledge graph name, with-
out entity/relationship mappings:

Listing 4: Example v1 input prompt (English). No
entity or relationship ID mappings are provided.

You are a helpful assistant that extracts
Wikidata entities and properties from
SPARQL queries.

Output a wvalid JSON dictionary with no
trailing characters. Format:

{

"entities":
"QID"},
"relationships":

{"ENTITY_LABEL_IN_QUESTION":

RELATIONSHIP_LABEL_IN_QUESTION": "PID
"y
}
Only use what you see in the SPARQL, no
inferred knowledge. The labels in the

JSON should correspond to how they are
expressed or implied in the question.

[

"role": "user'",
"content": "Write a SparQL gquery that
answers this request: ’'Who was
Barnard

College’s American female employee?’
from the knowledge graph Wikidata."

The code and logs are available at: https://
github.com/julioc-p/polyglotqgl

A. Prompt Structure

Both the base (non-fine-tuned instruction-tuned)
and fine-tuned v2 models receive the same input
format: a system prompt containing the task instruc-
tion and the structured entity/relationship context,
followed by the user’s natural language question.
The v2 fine-tuned models are trained on this format;
the base models receive it at inference time without
prior task-specific training.

Listing 3: Example v2 input prompt (English). The
system message embeds the entity and relation-
ship ID mappings as structured JSON context. The
user message contains only the natural language
question.

[
"role": "system",

"content": "You are an expert text to
SparQL query translator. Users will
ask you questions in English and you
will generate a SparQL gquery based on
the provided context.

CONTEXT :
{\"entities\":
{\"Barnard College\": \"Q167733\",
\"American\": \"Q30\"
\"female\": \"Q6581072\"},
\"relationships\":

{\"instance of\": \"P31\"
\"employer\": \"P108\"
\"gender\": \"P21\",
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