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Abstract

Retrieval-augmented generation (RAG) sys-
tems can play an important role in making
law more accessible. However, large and re-
liable resources for training and benchmark-
ing such systems remain scarce, especially for
under-resourced languages like Dutch. To ad-
dress this gap, and building on previous work
(Louis et al., 2024), we introduce bLLeQA, a
bilingual parallel question-answering dataset
grounded in Belgian legal resources, both in
French and Dutch. The dataset contains aligned
questions, answers, and supporting articles in
both languages, enabling evaluation of both re-
trieval and end-to-end RAG pipelines. Using
bLLeQA, we benchmark the full RAG pipeline
in a zero-shot setting, covering retrieval, cita-
tion extraction, refusal behavior, and genera-
tion quality. Our experiments show that open-
weight models are competitive with proprietary
models in retrieval and citation extraction, but
lag behind in generation quality in the RAG
pipeline. Across all models, refusal capabil-
ity remains weak, meaning that models do not
reliably detect when the provided supporting
sources are incomplete. In addition, the end-to-
end RAG setup still yields a substantial share
of flawed responses, reaching 20% even in the
best-case scenario.

1 Introduction

Access to justice remains a critical challenge for
individuals and communities around the world.
Disagreements with landlords, workplace disputes,
and other civil justice problems are common occur-
rences, yet a significant portion of the population
lacks the knowledge to resolve these issues or un-
derstand their rights (Balmer et al., 2010). The
primary barriers to accessing justice are the pro-
hibitive costs of legal counsel and a widespread
lack of awareness about available legal options
(Redelaar et al., 2024). Automated legal question

*indicates equal contribution

answering (LQA) systems represent a promising av-
enue to democratize access to legal information by
providing affordable, scalable assistance to broad
audiences (Redelaar et al., 2024). LQA involves re-
sponding to queries, a task traditionally performed
by domain experts, by reviewing relevant laws, in-
terpreting statutes, and applying legal principles to
specific facts (Ariai et al., 2025).

The rapid evolution of large language models
(LLMs) has significantly advanced the capabilities
of LQA systems. These models demonstrate re-
markable proficiency in processing large volumes
of text and generating human-like responses, offer-
ing opportunities to streamline legal research for
professionals and lower barriers to information for
the general public (Akarajaradwong et al., 2025;
He et al., 2026). However, the application of LLMs
in the legal domain is not without challenges. Legal
queries require high precision, and general-purpose
LLMs are prone to hallucinations and relying on
outdated information. To mitigate this, retrieval-
augmented generation (RAG) has become a stan-
dard framework for reliable LQA. By retrieving
authoritative legal sources to ground the model’s
generation, RAG systems ensure that answers are
verifiable, auditable, and based on up-to-date legal
texts (He et al., 2026).

Despite the proliferation of LQA systems, there
is a significant disparity in their availability across
different languages and jurisdictions. Most exist-
ing resources and benchmarks focus on resource-
rich languages such as English and common law
traditions. However, legal systems are inherently
jurisdiction-specific; a digital legal aid system de-
signed for the US is ineffective for a civil law coun-
try operating under a different framework and lan-
guage, and there is a critical need for LQA so-
lutions that can handle the nuances of local law
(Redelaar et al., 2024).

As a multilingual country, Belgium invests sig-
nificant resources to consolidate its laws in both
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French and Dutch, using qualified legal profession-
als. This results in a highly valuable resource for
research in multilingual legal applications. Lever-
aging this potential and building on the Belgian
LLeQA dataset (Louis et al., 2024) in French, we
introduce the bilingual LLeQA (bLLeQA) that ex-
tends LLeQA to a parallel French-Dutch setting,
via alignment, translation, and refinement of the
original annotations in collaboration with a legal
professional. Using bLLeQA, we conducted ex-
tensive benchmarking of LLMs in three RAG sce-
narios, providing insights into the performance of
different LLMs in handling legal queries and cita-
tions. Our contributions are the following:

• We create and publish a parallel bilingual
dataset for retrieval-based legal question-
answering in French and Dutch, based on Bel-
gian legislation.1

• We benchmark a wide range of open and pro-
prietary LLMs on legal question-answering
in French and Dutch, under different RAG
settings.2

2 Related Work

Existing resources for legal question answering can
be categorized by the scope and complexity of the
task, ranging from document retrieval to answer
generation and full RAG evaluation.

Legal Retrieval Legal document retrieval con-
cerns the task of finding and ranking documents
relevant to a given query from a large set of can-
didates. It is commonly studied over a corpus of
cases (legal case retrieval) or articles (statutory ar-
ticle retrieval). In case retrieval, LeCaRD (Ma
et al., 2021) (later extended as LeCaRDv2 (Li et al.,
2024)) provided one of the first resources for the
Chinese legal system, while ECtHR-PCR (T.y.s.s.
et al., 2024) and CLERC (Hou et al., 2025) offered
similar datasets for European and US jurisdictions,
respectively. In statutory article retrieval, examples
include BSARD (Louis and Spanakis, 2022), bB-
SARD (Lotfi et al., 2025b), and STARD (Su et al.,
2024), which provided sizable resources based on
Belgian and Chinese legislation in French, Dutch,
and Chinese. In these datasets, each legal query is
labeled with a set of articles that human annotators
identified as necessary to answer the query.

1https://huggingface.co/datasets/clips/bLLeQA
2https://github.com/nikolay-banar/blleqa

LQA LQA is the task of providing valid re-
sponses to legal queries, with or without having
access to legal documents (open- or closed-book).
The response can be extracted from a given context
(CJRC (Duan et al., 2019), EQUALS (Chen et al.,
2023)), selected from provided options or choices
(JEC-QA (Zhong et al., 2020), PIL-QA (Sovrano
et al., 2021), JuRO (Craciun et al., 2025)), retrieved
from a response bank (LegalQA (Askari et al.,
2024), FALQU (Mansouri and Campos, 2023))
or generated from scratch. Examples of the lat-
ter include cLegal-QA (Wang et al., 2024c) and
LeDQA (Liu et al., 2024) for Chinese, PrivacyQA
(Ravichander et al., 2019) for English, LEGAL-
UQA (Faisal and Yousaf, 2024) for Urdu, and Ger-
LayQA (Büttner and Habernal, 2024) for German.
These datasets often contribute to large legal bench-
marks like LegalBench (Guha et al., 2023), which
attempt to assess the legal knowledge and reason-
ing abilities of LLMs in a closed-book setting.

Legal RAG With the rapid rise of LLMs, RAG
has emerged as a crucial method for improving
the factual accuracy and interpretability of LQA
systems (He et al., 2026). Combining the retrieval
and generation steps, RAG aims to ground the re-
sponse of an LLM in the retrieved context, mak-
ing it a specific instance of open-book question
answering (QA). Existing RAG resources usually
consist of QA pairs (synthetic or human-written)
labeled with relevant articles or passages from a
large corpus of legal documents. Examples include
LLeQA (Louis et al., 2024) for French, NitiBench
(Akarajaradwong et al., 2025) for Vietnamese, and
ObliQA (Gokhan et al., 2025) together with its
multi-passage version ObliQA-MP (Gokhan and
Briscoe, 2025) for English. For benchmarking,
LegalBench-RAG (Pipitone and Alami, 2024) was
proposed to assess precise retrieval by focusing on
extracting minimal, highly relevant text segments
from legal documents.

Our work builds on LLeQA (Louis et al., 2024),
a long-form legal question-answering dataset in
French that was primarily created by adding
human-written responses to the BSARD (Louis and
Spanakis, 2022) retrieval dataset. Similarly to bB-
SARD (Lotfi et al., 2025b) which extends BSARD
to a bilingual French-Dutch setting, in this work
we align, translate, and refine LLeQA annotations
to create bLLeQA, and then use it to benchmark
LLMs on LQA.
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3 Dataset

In this section, we describe how bLLeQA was
constructed from LLeQA (Louis et al., 2024).
LLeQA comprises 1,868 expert-annotated legal
questions in the French language, along with an-
swers grounded in Belgian legislation (∼28k arti-
cles). The dataset was curated in collaboration with
Droits Quotidiens3, a Belgian non-profit organiza-
tion that aims to make the law comprehensible and
accessible to the public, and to this end, maintains
a rich website featuring legal questions commonly
posed by Belgian citizens. Each question comes
with one or more categories, references to relevant
legislative statutes, and a detailed answer written
in layman’s terms by experienced legal experts.

To create a parallel bilingual dataset from
LLeQA, we follow these steps: (i) we extract and
align the Dutch version of legal codes to build a par-
allel corpus; (ii) we leverage a combination of au-
tomatic translation and expert post-editing to trans-
late questions and answers into Dutch; (iii) we ask
a bilingual legal expert to ensure that answers are
indeed grounded in the provided articles. Since
LLeQA is based on BSARD, which has already
been extended to a bilingual version (bBSARD
(Lotfi et al., 2025b)), we take advantage of this re-
source where possible. These steps are described
in more detail below.

Corpus Alignment The parallel bBSARD re-
trieval corpus covers 79% of the articles in LLeQA.
For the rest, we scraped approximately 6,000
French-Dutch article pairs from the Justel Data-
bank4 to ensure that both language versions corre-
spond to the same official legal provisions. These
steps resulted in an alignment rate of 93% (25,982
out of 27,942) articles in both languages. None of
the missing articles are cited in the answers.

QA Pairs Similarly to the previous step, we
started with bBSARD, which covers 40% of the
questions in LLeQA. Translations for the remain-
ing questions and all reference answers were gener-
ated using GPT-5.0. Then a bilingual legal expert
(native French and Dutch speaker) was asked to
review the translations and rectify any potential
issues5.

3https://www.droitsquotidiens.be/fr
4https://www.ejustice.just.fgov.be
5In total, 20.8% of the reference answers and 1.4% of

the questions needed corrections. Most common issues in-
cluded failing to translate abbreviations (e.g. ’MENA’) and
to identify Flemish equivalents for Walloon institutions (e.g.

Annotations Train Val Test All
Initial dataset (#) 1,472 201 195 1868
No changes 70.3% 80.1% 70.3% 72.0%
Corrected 6.2% 10.0% 9.2% 6.3%
Removed 23.5% 9.9% 20.5% 21.7%

subject mismatch 2.1% 3.5% 8.7% 2.9%
general context 0.1% 0% 5.1% 0.6%
missing information 0.5% 0.5% 3.6% 0.8%
legal type mismatch 0.7% 0.5% 3.1% 0.9%
very long context 19.8% 5.5% 0% 16.2%

Final dataset (#) 1,125 181 155 1461

Table 1: RAG annotation outcomes across dataset splits.

RAG Annotations For the RAG setup, we ask
the legal expert to check whether the cited articles
provide sufficient context to produce an answer for
each query. As Table 1 shows, 72% of the sam-
ples pass this step unchanged (accurate grounding).
Over-citing samples (6.3%) were corrected by re-
moving the unnecessary articles, and samples with
more serious issues or an excessively long con-
text were removed (21.7%). Most common issues
include: (i) subject mismatch, where the cited arti-
cles do not address the legal subject of the question;
(ii) overly general context, where the cited articles
lack the specificity required to support the answer;
(iii) missing information, where key information re-
quired to justify the answer is absent from the cited
articles; (iv) legal type mismatch, where the cited
articles concern procedural law while the question
targets substantive provisions, or vice versa.

The final dataset comprises 1,461 QA pairs (for
each language) grounded in a corpus of 25,982 ar-
ticles of Belgian legislation. Appendix A contains
additional details about the dataset.

4 Experimental Setup

This section describes the experimental setup for
benchmarking retrieval, reranking, and end-to-end
RAG on bLLeQA. All experiments are conducted
in a zero-shot setting on the test set.

4.1 Retrieval and Reranking

Retrieval Retrieval experiments are based on the
code6 from bBSARD (Lotfi et al., 2025b). We
select a wide range of models, from lexical ap-
proaches to static embeddings (i.e., word2vec and
fastText), and zero-shot dense retrievers. The
complete list of models and the prompts used for
the instruct models are provided in Tables 13 and

’FAMIWAL’).
6https://github.com/nerses28/bBSARD
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15 (Appendix D and E), respectively. For models
with a maximum input length of 512 tokens, texts
are split into overlapping chunks of 200 tokens
with a 20-token overlap. Embeddings from each
chunk are aggregated using mean pooling (except
for LaBSE which uses the [CLS] token). Then, co-
sine similarity is computed to score the resulting
embeddings.

Reranking In addition, we benchmark a number
of reranking models (see Table 13 in Appendix D)
using the top 100 articles retrieved by BM25, the E5
suite, and Voyage.

Evaluation Metrics The models were evalu-
ated using conventional retrieval metrics: macro-
averaged recall@k (R@k), mean average pre-
cision@k (MAP@k), mean reciprocal rank@k
(MRR@k), and normalized discounted cumulative
gain@k (nDCG@k).

4.2 Question Answering

Generating Answers We prompt a wide selec-
tion of LLMs, both open-weight and proprietary
(see Table 13 in Appendix D), to generate answers
to Dutch and French legal questions. For each ques-
tion, we experiment with three different context
settings:

1. Gold: A setting where we provide only the
gold-standard context. We use this setting as
a baseline to validate whether the models can
follow the instructions and use correct articles.

2. RAG: We conduct retrieval on the Dutch cor-
pus with voyage-3-large and use the re-
trieved top 100 article IDs for both French
and Dutch. The context contains all relevant
articles in 71% of cases.

3. RAG+: Since the top 100 retrieved articles
do not always include the full gold context
(Recall@100 < 1), we add any missing gold-
standard articles to the context by replacing an
equal number of randomly selected retrieved
articles.

The prompt for the models, which remains con-
sistent across settings and models, can be found
in Table 16, Appendix E. We do not apply any
truncation policy, as the full context in all settings
fits within the context window of the tested LLMs.
Importantly, we instruct models to (i) refuse to an-
swer a question when the context is insufficient
and (ii) answer in paragraphs supported by one or
more articles from the provided context. We use

the OpenRouter API7 to query the models.

Evaluation Metrics We evaluate the output of
the models on four different aspects.

Correctness: We leverage DeepEval’s G-Eval
metric (Yang et al., 2024; Liu et al., 2023) to eval-
uate answer correctness, using an LLM-as-judge
with a custom prompt (cf. Table 14, Appendix
E). In essence, the LLM is tasked with assign-
ing a score to model outputs ranging from 1 to
5 (1: Critical Failure/Incorrect, 2: Poor/Significant
Omissions, 3: Acceptable/Partially Complete, 4:
Good/Mostly Accurate, 5: Excellent/Semantically
Equivalent), given the gold standard answer. We
report averages across all queries per model.

Faithfulness: We evaluate the outputs using RA-
GAS’ faithfulness metric (Es et al., 2024). This
metric leverages an LLM-as-judge to extract state-
ments from a model’s answer, and verify the propor-
tion of statements that are supported by the context
to produce a score in [0, 1]. We compute the metric
only with respect to the articles cited by the tested
models.

Citation: Since models are prompted to explic-
itly ground their statements in context articles, we
can compare the cited articles with the gold set to
calculate precision, recall, and F1 scores. These
metrics provide insight into how well models are
able to extract the relevant information from the
provided context.

Refusal: We also prompt the models to answer
the question only if the context is sufficient, and
refuse otherwise. This can be used to assess the
models’ ability in determining whether the pro-
vided context is adequate to answer a question,
which is a desirable feature, especially when deal-
ing with sensitive and potentially consequential
domains like law. Comparing the true incomplete
(or inadequate) contexts with the refused responses,
we calculate and report Precision, Recall, and F1
scores.

In all settings, correct and incorrect refusal are
automatically scored with the upper and lower
bound of the correctness and citation scales, re-
spectively: a correct refusal receives the maximum
scores for citation coverage (1) and correctness (5),
whereas an incorrect refusal receives the minimum
scores of 0 for citation coverage and 1 for correct-
ness.

7https://openrouter.ai/
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Model Size French Dutch
R@100 MAP@100 NDCG@100 R@100 MAP@100 NDCG@100

BM25 - 57.04 19.25 28.44 48.52 15.46 22.93
BM25 + BGE-reranker-v2-m3 - 57.04 27.01 35.24 48.52 22.92 29.93
mE5-small 118M 58.44 19.09 28.10 60.64 21.87 30.85
mE5-base 278M 58.94 20.71 29.77 61.53 21.03 30.48
mE5-large 560M 66.84 27.80 37.31 68.01 25.64 35.94
mE5-large-instruct 560M 73.46 22.49 34.30 71.37 26.02 36.97
E5-mistral-7b 7B 74.30 36.91 46.45 74.73 36.37 46.27
BGE-Mult.-Gemma2 9B 79.86 36.22 48.01 79.59 31.25 43.57
voyage-3-large - 81.84 34.16 46.51 76.55 32.46 43.65
embedding-3-large - 79.05 33.61 45.33 80.94 27.54 40.66

Table 2: Retrieval performance of selected models.

Selecting a Judge Model Choosing an appropri-
ate judge model is quintessential for accurately
estimating a model’s RAG capabilities. To en-
sure that the model’s assessments align with hu-
man judgment, we use all responses produced by
DeepSeek-v3.2 in the Gold setting8, and asked a
legal expert to score them from 1 to 5, following
the instructions in the answer correctness prompt
(Table 14, Appendix E). We then prompt a list of
candidate LLMs9 in the same way, and calculate
Spearman correlation, mean average error (MAE)
and F1-macro (for the binarized correctness scale),
with respect to the expert annotations. In our exper-
iment, Gemini-3-Flash achieves a strong correla-
tion, highest F1-macro, and lowest MAE, for both
French and Dutch, and therefore is chosen as the
judge. The results for all candidates can be found
in Table 5, Appendix B.

5 Results and Discussion

In this section, we present and discuss the main ex-
perimental results for legal RAG, in both retrieval
and generation. In particular, we examine dif-
ferences in performance between proprietary and
open-weight models.

5.1 Retrieval

Table 2 shows the retrieval results for the selected
models (detailed results are provided in Tables 6
and 7 in Appendix C). BM25 achieves performance
comparable to multilingual E5-small in French,
but performs worse than it in Dutch. When com-
bined with a reranker, BM25 outperforms multilin-
gual E5-base by a large margin in French and
performs comparably in Dutch (MAP@100 and

8We chose this setting to isolate the answer quality from
retrieval errors.

9We select recent, high-performing LLMs, as well as mod-
els identified in recent studies on LLM-as-a-judge, including
Han et al. (2026) and Feng et al. (2025).

NDCG@100). In general, model performance
tends to improve with model size in both languages.
Interestingly, large open-weight models perform
comparably to, and in some cases better than pro-
prietary models in both languages.

5.2 Generation
In this section, we discuss the generative perfor-
mance of LLMs in terms of the correctness and
faithfulness of the response, citation recall, and
refusal, as described in Section 4.2.

Robustness to Noise Figure 1 visualizes the qual-
ity of answer generation per model and setup. To
better understand the results, we divide the re-
sponses into 4 categories: correct and incorrect
refusals, and accurate and inaccurate answers. To
be considered accurate, an answer should score
4 or higher on the 1-5 correctness scale (see the
evaluation prompt in Table 14, Appendix E).

Surprisingly, the Gold setting does not yield the
highest proportion of accurate answers across all
models. In many cases, when noise (i.e. irrelevant
articles) is introduced into the context in RAG+,
the proportion of accurate answers increases (e.g.
Qwen3.5-27B, GLM-5, Claude-Sonnet-4.6). This
effect might be attributed to lower refusal rates
when a longer context is provided. This can sug-
gest a context size bias, where a longer context
has a higher chance to pass as sufficient, even if
it contains the same necessary information as a
significantly shorter context.

In the realistic RAG setting, we observe a slight
decrease in the proportion of accurate answers for
many models compared with the RAG+ setup (e.g.
GLM-5, GPT-5.4). However, for models with rel-
atively strong refusal capabilities, such as GLM-5
and GPT-5.4, the combined proportion of accurate
answers and correct refusals can match or exceed
the accurate answer rate observed in the earlier se-
tups, where correct refusals do not apply. Hence,
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Figure 1: Performance of models on the test set under different context settings for Dutch (top) and French (bottom).
Table 10 in Appendix C contains the exact results that correspond to this figure.

we can conclude that modern state-of-the-art mod-
els of different sizes are generally robust to noise
and can perform comparably across settings with
larger contexts.

Citation Figure 2 shows the average answer cor-
rectness score against citation recall under the three
context settings, for Dutch and French. As can
be observed, there is a strong positive correlation
between the two, especially under the RAG and
RAG+ settings. While in general this trend ad-
heres to the performance-size relation (i.e. larger
models doing better), there are exceptions, most
notably the Qwen3.5 family, which performs sur-
prisingly well for its size. In particular, the 27B
version achieves relatively high recall scores in a
realistic RAG setting, comparable to the largest
open models (e.g. GLM-5) and even some state-of-
the-art proprietary models (e.g. Gemini-3.1-Pro).
This suggests a cost-effective strategy for RAG de-
sign by leveraging their citation selection capabil-
ity, while delegating the generation part to a larger
model.

Generation Quality Figure 3 plots the average
answer correctness score against the corresponding
average faithfulness score, under the three context
settings, for Dutch and French. Overall, higher
faithfulness is associated with higher correctness,
but the relationship shows substantial local vari-
ation across models and settings. Consequently,
better overall performance is indicated by moving
toward the upper-right corner (high faithfulness
and high correctness).

For French and Dutch, we observe that pro-
prietary models (GPT-5.4, Claude-Sonnet-4.6,
Gemini-3-Flash) achieve the highest perfor-
mance in the RAG setup, combining strong faith-
fulness and correctness scores. The best observed
mean correctness is 4.2, corresponding to the
“Good/Mostly Accurate” category. At the same
time, roughly 20% of the outputs are flawed, i.e.,
inaccurate answers or incorrect refusals. The best
open-weight models (GLM-5, Qwen3.5-397B-A17B,
Kimi-K2-Thinking) achieve faithfulness scores
comparable to the strongest proprietary models, but
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Figure 2: Answer correctness (Table 9, Appendix C) vs. citation recall (Table 8, Appendix C) for different models
under the 3 context settings, for Dutch (top) and French (bottom).
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Figure 3: Answer correctness vs. answer faithfulness (Table 9, Appendix C) for different models under the 3 context
settings, for Dutch (top) and French (bottom).
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this does not translate into the same level of answer
quality: their average correctness remains below 4
(the “Good/Mostly Accurate” threshold). Their
best-case correctness scores are 3.9 for French
and 3.7 for Dutch. For these models, the share
of flawed outputs is around 35%. Hence, we ob-
serve a large gap between the best proprietary
and open-weight models in the real-world setup
for both Dutch and French. At the same time,
the best open-weight models match or outperform
smaller proprietary models such as GPT-5-mini
and Claude-Haiku-4.5.

For both languages, we observe strong results
for Qwen3.5-family models in all settings. Starting
from the 27B version, the Qwen3.5-family com-
bines high faithfulness with strong correctness of
3.7 for French and Dutch, placing the results close
to the “Good/Mostly Accurate” category.

Refusal We observe that all models struggle to
detect incomplete contexts, resulting in poor over-
all refusal performance (see Tables 11 and 12, Ap-
pendix C). The best proprietary (GPT-5.4) and
open (Kimi-K2.5) models reach RAG refusal F1
scores of around 56 and 52, respectively. Other
models demonstrate even less promising perfor-
mances. This behavior in refusal handling or con-
text completeness detection is not unique to our
case and has also been observed in other tasks (Xu
et al., 2025; Sun et al., 2025; Zhou et al., 2026;
Kirichenko et al., 2025). Notably, poor refusal
performance does not necessarily imply low cor-
rectness, as two of the three best-performing mod-
els in the RAG setup, Claude-Sonnet-4.6 and
Gemini-3-Flash, exhibit low refusal performance.
The models’ strong performance in faithfulness
indicates that they ground their responses in the
provided articles rather than drawing on parametric
memory. This suggests that the missing ground-
truth articles in the context are not equally impor-
tant, and in some cases accurate answers can be
generated using an incomplete context. Despite
this, such behavior can be problematic, as models
may overlook important details and nuances that
are particularly important in the legal domain.

6 Conclusions and Future Work

In this paper, we presented bLLeQA, a parallel
bilingual dataset for retrieval-based LQA in French
and Dutch. Based on the LLeQA dataset, it com-
prises 1461 QA pairs (for each language) grounded
in a corpus of 25,982 articles of Belgian legisla-

tion, providing a valuable resource for LQA studies
in French and Dutch. Using bLLeQA, we evalu-
ated a wide range of open and proprietary LLMs
on legal question-answering in both languages, un-
der three different RAG settings, assessing their
ability to generate correct and grounded responses,
or to refuse when the provided context is insuffi-
cient. Open-weight models are competitive with
proprietary models in retrieval and citation extrac-
tion but still lag behind the strongest proprietary
models in response generation. Across all models,
correct refusal capability remains weak: models do
not reliably detect when the provided sources are
incomplete, and this failure leads to performance
degradation and an increased proportion of erro-
neous answers. Moreover, even in the best-case
scenario, the end-to-end RAG setup yields a sub-
stantial proportion of flawed responses (20%). We
believe these findings provide guidance for design-
ing RAG-based LQA systems in French and Dutch.

There are many avenues worth further explo-
ration. Most interesting to us is a detailed error
analysis of hallucinations in LLMs: while partly
captured by faithfulness and correctness, it war-
rants more targeted study for a finer-grained assess-
ment. In addition, we did not explore fine-tuning
or agentic setups. Both directions could help ad-
dress the failure modes observed in our naive RAG
pipeline, for example by improving citation extrac-
tion and refusal reliability, or by enabling retrieval
and verification steps to reduce unsupported gener-
ations under noisy or incomplete context.

Limitations

bLLeQA offers limited coverage of Belgian law, fo-
cusing on selected codes from federal and Walloon
legislation. In addition, it reflects a specific time
slice corresponding to when the original LLeQA
dataset was constructed. Given these limitations,
bLLeQA is not intended to provide comprehensive
legal information or advice. Instead, its primary
purpose is to benchmark retrieval and generative
models grounded in the provided sources and to
gain insights into the current state of the art.
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A bLLeQA

Table 3 shows the topic distribution of questions
in bLLeQA. Table 4 and Figure 4 show the distri-
bution of articles for the codes that contain rele-
vant instances in the dataset. Figure 5 presents key
statistics for the bLLeQA dataset.

Topic Train Val Test (%)
Housing 327 49 74 30.8
Healthcare 191 37 48 18.9
Family 175 21 14 14.4
Work 114 24 7 9.9
Immigration 122 18 1 9.6
Money 99 13 4 7.9
Privacy 69 12 7 6.0
Justice 28 7 0 2.3

Table 3: Topic distribution of questions in bLLeQA.

B LLM as a Judge

Table 5 reports the agreement between model pre-
dictions and human judgments.

C Additional Results

Tables 6, 7, 8, 9, 10, 11 and 12 show the detailed
results of the retrieval, reranking and RAG experi-
ments.

D Models

Table 13 presents the models we used in our exper-
iments, as well as their sizes and citations.

E Prompts

Tables 14, 15 and 16 show the prompt templates
used for retrieval, generation and evaluation.
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Figure 4: Distribution of codes in the bLLeQA corpus. Articles labeled as “Cited” appear in the training, validation,
and test sets, whereas “Not cited” articles do not. Code names are translated for readability.
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Code Total Relevant
Walloon Regulatory Code for Social Action and Health 2462 1
Judicial Code 2017 156
Economic Law Code 1921 24
Civil Code 1719 158
Code on well-being at work 1270 22
Code of Companies and Associations 1123 0
Code of Local Democracy and Decentralization 1110 3
Walloon Social Action and Health Code 978 3
Belgian Navigation Code 958 0
Environment Code – Water Code – Decree Section 867 7
Walloon Code of Territorial Development 786 4
Penal Code 680 26
Criminal Procedure Code 674 4
Walloon Tourism Code 600 0
Walloon Civil Service Code 490 0
Royal Decree implementing the law on compulsory health insurance and benefits, coordinated on 14 July 1994 448 30
Walloon Agriculture Code 447 0
Law of 15 December 1980 on entry into the territory, residence, establishment, and removal of foreign nationals 440 47
Brussels Code on Spatial Planning 395 1
Insurance Act 390 14
Law on compulsory health insurance and benefits, coordinated on 14 July 1994 369 65
Walloon Code on Sustainable Housing 305 16
Social Penal Code 299 3
Royal Decree regulating unemployment 275 37
Brussels Housing Code 260 36
Railway Code 260 0
Forest Code 259 0
Royal Decree on the entry, stay, settlement and removal of foreign nationals 252 21
Walloon Code on Primary and Secondary Education 238 0
Electoral Code 219 0
Brussels Code on Air, Climate and Energy Management 207 0
The Constitution 206 1
Walloon Environmental Code 198 0
Law on employment contracts 173 40
Environmental Code 172 0
General Law on Family Allowances 168 32
Codes on Miscellaneous Rights and Taxes 162 0
Code on Primary and Secondary Education 151 0
Law on Work Accidents 148 11
Code of Private International Law 132 6
Decree on the management and payment of family benefits 131 35
Royal Decree establishing compensation insurance and maternity insurance for self-employed workers and assisting spouses 120 9
Royal Decree establishing general regulations for the retirement and survivor’s pension scheme for salaried workers 110 19
Walloon Animal Welfare Code 106 0
Consular Code 100 0
Brussels Municipal Electoral Code 98 0
Ministerial decree laying down the procedures for implementing unemployment regulations 88 9
Labor Law 85 9
Rural Code 75 0
Royal Decree determining the general terms and conditions for the implementation of laws relating to annual leave for salaried workers 68 13
Law concerning the right to social integration 68 29
Law containing the Military Penal Code 65 0
Decree relating to residential leases 60 44
Royal Decree No. 50 on the Old-Age and Survivors’ Pensions for Salaried Workers 52 9
Royal Decree establishing general regulations on income guarantees for elderly persons 49 6
Decree of the Joint Community Commission implementing the Order of 10 December 2020 on allowances for assistance to elderly
persons

44 14

Law on allowances for persons with disabilities 43 15
Law on the protection of persons with mental disorders 42 23
Ordinance regulating the granting of family benefits 40 20
Law on the provision of assistance by public social welfare centers 31 5
Belgian Nationality Code 29 1
Environment Code - Book 2: Water Code. - Decree section 27 1
Law establishing the Charter of the Socially Insured Person 25 5
Ordinance on allowances for assistance to the elderly 25 8
Royal Decree of 16 July 1992 on population registers and the register of foreign nationals 24 9
Royal Decree of 9 May 1984 implementing Article 100bis, §1, of the Organic Law of 8 July 1976 on public social assistance centers 24 4
Royal Decree implementing Articles 15, 16 and 17 of the Law of 26 July 1996 on the modernization of social security and ensuring
the viability of statutory pension schemes

21 5

Decree of 15 March 2018 on residential leases 19 19
Law establishing income support for the elderly 19 8
Royal Decree on income replacement allowance and integration allowance 18 11
Law on patient rights 15 5
Law of 19 July 1991 on population registers, identity cards, foreigner cards and residence permits 15 3
Decree of the Joint Community Commission of 28 January 2021 implementing the Order of 10 December 2020 on the allowance for
assistance to the elderly

10 0

Law of 22 August 2002 on patients’ rights 3 2
Royal Decree of 25 November 1991 regulating unemployment 2 0
Royal Decree of 21 December 1967 laying down general regulations for the retirement and survivor’s pension scheme for salaried
workers

2 2

Decree of the Walloon Region of 8 February 2018 on management and payment 1 1

Table 4: Distribution of legal articles by code. “Total” denotes the number of occurrences in the full corpus, and
“Relevant” denotes the number of occurrences among articles referenced across the train/validation/test splits. Code
names are translated for readability.
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Figure 5: Basic statistics of bLLeQA. From the left: number of words in the articles (French and Dutch), number of
words in the questions (French and Dutch), number of words in the answers (French and Dutch), and number of
relevant articles per question.

Model Size French Dutch
Spearman↑ MAE↓ F1-macro↑ Spearman↑ MAE↓ F1-macro↑

Gemma-3-4B-it 4B 0.49 1.39 49.97 0.30 1.10 55.57
Qwen3.5-9B 9B 0.77 1.30 41.17 0.58 0.93 53.69
Gemma-3-12B-it 12B 0.74 0.95 70.64 0.50 0.92 59.52
GPT-oss-20B 20B 0.71 1.66 37.02 0.46 1.36 49.98
Qwen3.5-27B 27B 0.78 1.15 51.72 0.62 0.89 57.51
Gemma-3-27B-it 27B 0.77 1.31 37.02 0.50 1.01 50.42
GLM-4.7-Flash 30B 0.69 1.51 38.71 0.43 1.25 41.45
Qwen3-30B-A3B-Instruct 30B 0.72 1.61 29.82 0.44 1.46 38.58
Qwen3.5-35B-A3B 35B 0.75 1.42 35.29 0.56 1.03 49.02
Llama-3.3-70B-Instruct 70B 0.71 1.64 36.16 0.54 1.34 51.86
Qwen3-Next-80B-A3B-Instruct 80B 0.67 1.62 37.02 0.44 1.45 46.06
Llama-4-Scout 109B 0.76 1.04 63.74 0.54 0.93 64.63
GPT-oss-120B 120B 0.74 1.27 55.87 0.55 1.02 59.43
Qwen3.5-122B-A10B 122B 0.81 1.37 37.87 0.59 1.00 48.98
Qwen3-235B-A22B 235B 0.73 1.55 27.90 0.49 1.27 42.96
Qwen3.5-397B-A17B 397B 0.76 1.39 37.02 0.55 1.08 49.48
Llama-4-Maverick 400B 0.74 1.07 59.87 0.53 0.89 62.98
Mistral-Large-2512 675B 0.76 1.21 46.62 0.54 0.92 53.53
DeepSeek-v3.2 685B 0.74 1.53 30.77 0.50 1.20 39.29
GLM-5 754B 0.80 1.36 41.17 0.54 1.05 49.98
Kimi-K2-Instruct-0905 1T 0.76 1.39 32.61 0.48 1.22 40.38
Kimi-K2-Thinking 1T 0.69 1.66 26.92 0.46 1.50 33.89
Kimi-K2.5 1.1T 0.79 1.41 31.67 0.56 1.03 41.89
Gemini-3.1-Flash-Lite – 0.76 1.34 43.55 0.62 1.03 49.98
Claude-Haiku-4.5 – 0.74 1.63 29.82 0.50 1.40 37.04
Gemini-2.5-Flash – 0.76 1.28 45.86 0.58 1.01 53.69
Gemini-3-Flash – 0.74 0.83 71.26 0.60 0.71 72.52
Gemini-3.1-Pro – 0.78 1.30 39.54 0.60 0.97 48.53
Claude-Sonnet-4.6 – 0.82 1.28 37.02 0.59 0.95 48.05

Table 5: Comparison of model judgments against human judgments on DeepSeek’s output for French and Dutch.
We report Spearman correlation, MAE, and F1-macro for accurate (scores of 4–5) versus non-accurate (scores of
1–3) answers. Models are ordered by size when available. G-Eval does not support OpenAI models, and Ministral
models produced outputs in the wrong format.
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Lang Model Size R@100 R@200 R@500 MAP@100 MRR@100 NDCG@10 NDCG@100

FR

TF-IDF - 59.24 63.11 72.63 18.68 20.73 22.31 27.82
BM25 - 57.04 64.08 72.50 19.25 22.65 23.94 28.44
word2vec - 57.93 66.77 74.56 12.93 16.11 16.42 22.94
fastText - 29.78 34.40 45.72 6.70 8.59 9.41 11.99
static-similarity-mrl-multilingual-v1 - 47.28 55.67 64.89 11.20 13.90 13.69 19.10
mE5-small 118M 58.44 63.79 71.29 19.09 20.57 23.12 28.10
potion-multilingual-128M 128M 44.00 55.88 73.56 7.97 9.80 9.21 15.47
mContriever 178M 54.81 60.80 71.61 9.38 11.72 12.56 19.46
DPR-XM 277M 38.70 46.98 56.47 8.41 11.29 11.37 15.34
mE5-base 278M 58.94 64.43 71.95 20.71 22.91 25.37 29.77
mGTE 305M 65.47 70.74 77.61 20.57 23.17 23.64 30.59
LaBSE 471M 24.97 33.41 47.90 2.18 3.38 2.52 6.82
mE5-large 560M 66.84 71.84 77.54 27.80 30.61 32.62 37.31
mE5-large-instruct 560M 73.46 78.11 84.45 22.49 26.40 26.52 34.30
BGE-M3 568M 67.30 73.00 78.19 20.45 23.02 25.50 31.58
snowflake-arctic-embed-l-v2.0 568M 60.61 70.07 81.87 14.62 18.87 17.89 25.18
jina-embeddings-v3 572M 63.60 71.66 79.61 16.86 20.70 18.80 27.09
E5-mistral-7b 7B 74.30 77.91 80.70 36.91 41.07 42.61 46.45
BGE-Mult.-Gemma2 9B 79.86 84.34 88.21 36.22 43.35 42.88 48.01
voyage-2-law - 71.44 75.53 82.83 26.69 30.17 31.92 37.61
voyage-3-large - 81.84 85.93 90.23 34.16 40.65 40.92 46.51
embedding-3-large - 79.05 82.59 88.58 33.61 38.56 41.03 45.33

NL

TF-IDF - 50.13 57.66 64.86 15.81 17.89 18.62 23.71
BM25 - 48.52 58.41 63.36 15.46 17.84 17.99 22.93
word2vec - 55.37 64.89 75.32 12.02 15.05 14.48 21.48
fastText - 44.30 50.40 57.52 9.89 12.97 12.40 17.42
static-similarity-mrl-multilingual-v1 - 31.39 36.55 48.57 8.46 9.81 9.58 13.59
E5-small-trm-nl 41M 63.57 67.84 76.88 20.03 22.51 24.12 30.17
mE5-small 118M 60.64 62.98 72.06 21.87 24.43 25.57 30.85
E5-base-trm-nl 124M 67.98 72.17 78.30 22.32 25.38 28.18 33.13
potion-multilingual-128M 128M 44.03 53.81 63.27 8.09 9.38 11.04 16.05
mContriever 178M 53.89 60.96 76.18 9.92 13.94 14.44 20.00
DPR-XM 277M 32.44 39.54 49.00 6.58 8.77 8.31 12.38
mE5-base 278M 61.53 69.16 74.86 21.03 24.20 25.24 30.48
mGTE 305M 51.77 62.65 69.72 10.81 12.20 12.72 19.69
E5-large-trm-nl 355M 68.87 74.67 83.37 22.79 26.02 28.56 33.84
LaBSE 471M 18.62 28.70 48.36 1.96 2.95 2.44 5.45
mE5-large 560M 68.01 71.82 76.49 25.64 28.95 31.28 35.94
mE5-large-instruct 560M 71.37 74.56 81.74 26.02 29.46 32.29 36.97
BGE-M3 568M 65.75 73.97 82.49 20.88 24.97 28.10 32.00
snowflake-arctic-embed-l-v2.0 568M 62.76 70.91 78.97 13.10 17.33 17.68 24.63
jina-embeddings-v3 572M 66.39 73.27 79.96 17.05 20.64 21.17 28.26
E5-mistral-7b 7B 74.73 78.35 83.67 36.37 40.69 42.11 46.27
BGE-Mult.-Gemma2 9B 79.59 83.13 89.72 31.25 36.29 37.73 43.57
voyage-2-law - 74.11 78.43 85.22 25.90 30.43 31.87 37.67
voyage-3-large - 76.55 81.95 87.46 32.46 37.80 38.88 43.65
embedding-3-large - 80.94 85.32 90.52 27.54 32.64 33.08 40.66

Table 6: Retrieval performance on the French (FR) and Dutch (NL).
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Lang Model Size R@10 MAP@10 MAP@100 MRR@10 MRR@100 NDCG@10 NDCG@100

NL

BM25 + - 25.69 14.55 15.46 16.88 17.84 17.99 22.93
mmarco-mMiniLMv2-L12-H384-v1 0.1B 36.23 19.50 20.21 23.33 23.96 24.57 27.64
BGE-reranker-base 0.3B 37.31 19.15 19.80 21.97 22.68 24.33 27.22
GTE-multilingual-reranker-base 0.3B 32.15 15.73 16.71 19.23 20.14 20.59 24.65
Jina-reranker-v2-base-multilingual 0.3B 35.67 18.56 19.31 22.06 22.65 23.62 26.82
BGE-reranker-large 0.6B 38.76 21.81 22.38 25.94 26.42 27.07 29.50
BGE-reranker-v2-m3 0.6B 39.11 22.34 22.92 26.96 27.43 27.54 29.93

mE5-small + 0.1B 36.98 20.87 21.87 23.41 24.43 25.57 30.85
mmarco-mMiniLMv2-L12-H384-v1 0.1B 41.93 18.46 19.38 21.44 22.40 24.81 29.23
BGE-reranker-base 0.3B 34.62 14.05 15.45 16.84 18.23 19.69 25.92
GTE-multilingual-reranker-base 0.3B 33.44 15.47 16.91 18.00 19.54 20.47 26.93
Jina-reranker-v2-base-multilingual 0.3B 34.51 16.80 18.13 19.70 21.04 21.90 28.01
BGE-reranker-large 0.6B 43.84 20.51 21.41 24.30 25.15 27.24 31.20
BGE-reranker-v2-m3 0.6B 44.51 23.10 23.87 27.64 28.44 29.42 33.12

mE5-base + 0.2B 37.95 69.16 20.06 21.03 24.20 25.24 30.48
mmarco-mMiniLMv2-L12-H384-v1 0.1B 41.69 20.18 21.22 23.27 24.21 26.14 30.84
BGE-reranker-base 0.3B 37.39 15.95 17.25 18.85 19.92 21.84 27.53
GTE-multilingual-reranker-base 0.3B 38.68 16.81 17.98 19.72 20.76 22.76 28.05
Jina-reranker-v2-base-multilingual 0.3B 37.71 17.33 18.65 19.66 20.87 22.94 28.64
BGE-reranker-large 0.6B 45.53 21.52 22.42 25.34 26.09 28.36 32.18
BGE-reranker-v2-m3 0.6B 47.25 24.44 25.13 29.48 30.05 31.21 34.46

mE5-large-instruct + 0.5B 50.83 25.06 26.02 28.66 29.46 32.29 36.97
mmarco-mMiniLMv2-L12-H384-v1 0.1B 43.73 20.66 21.89 23.99 25.18 27.06 33.33
BGE-reranker-base 0.3B 34.59 15.06 16.87 17.98 19.76 20.43 28.99
GTE-multilingual-reranker-base 0.3B 35.34 15.43 17.26 18.23 19.99 20.99 29.36
Jina-reranker-v2-base-multilingual 0.3B 46.74 19.90 21.12 23.09 24.20 27.23 32.98
BGE-reranker-large 0.6B 46.29 20.91 22.29 25.55 26.90 28.17 34.21
BGE-reranker-v2-m3 0.6B 51.88 25.56 26.42 30.10 30.89 33.14 37.41

voyage-3-large + - 56.15 31.39 32.46 37.10 37.80 38.88 43.65
mmarco-mMiniLMv2-L12-H384-v1 0.1B 48.57 22.00 23.43 25.73 26.88 29.46 36.11
BGE-reranker-base 0.3B 39.22 16.50 18.47 19.88 21.58 22.77 31.67
GTE-multilingual-reranker-base 0.3B 38.14 16.58 18.59 20.38 22.07 22.73 31.78
Jina-reranker-v2-base-multilingual 0.3B 48.14 21.54 23.03 24.88 26.09 28.93 35.70
BGE-reranker-large 0.6B 43.49 18.74 20.68 23.29 24.83 26.94 33.95
BGE-reranker-v2-m3 0.6B 51.96 26.80 28.10 32.02 32.99 34.30 40.04

FR

BM25 + - 37.74 18.36 19.25 21.84 22.65 23.94 28.44
mmarco-mMiniLMv2-L12-H384-v1 0.1B 39.54 19.05 20.00 21.86 22.85 24.76 29.16
BGE-reranker-base 0.3B 30.96 12.88 14.26 15.93 17.20 18.19 24.39
GTE-multilingual-reranker-base 0.3B 41.29 22.49 23.42 25.57 26.44 28.01 31.97
Jina-reranker-v2-base-multilingual 0.3B 37.84 12.84 13.71 15.78 16.60 19.57 23.99
BGE-reranker-large 0.6B 36.77 21.10 22.33 25.41 26.67 25.99 31.12
BGE-reranker-v2-m3 0.6B 43.95 26.18 27.01 31.46 32.09 31.92 35.24

mE5-small + 0.1B 37.41 18.07 19.09 19.42 20.57 23.12 28.10
mmarco-mMiniLMv2-L12-H384-v1 0.1B 39.65 20.07 20.89 23.60 24.47 25.65 29.92
BGE-reranker-base 0.3B 26.23 10.41 11.86 11.95 13.60 14.63 21.93
GTE-multilingual-reranker-base 0.3B 41.58 21.95 22.80 24.97 25.87 27.58 31.57
Jina-reranker-v2-base-multilingual 0.3B 34.70 12.16 13.33 15.32 16.42 18.37 23.86
BGE-reranker-large 0.6B 39.86 18.54 19.48 21.66 22.53 24.45 28.74
BGE-reranker-v2-m3 0.6B 44.27 25.83 26.53 29.78 30.40 31.38 34.63

mE5-base + 0.2B 40.00 19.82 20.71 21.91 22.91 25.37 29.77
mmarco-mMiniLMv2-L12-H384-v1 0.1B 39.97 20.46 21.33 23.41 24.28 25.94 30.31
BGE-reranker-base 0.3B 30.12 11.73 12.97 13.37 14.80 16.59 23.09
GTE-multilingual-reranker-base 0.3B 42.66 22.65 23.43 25.19 25.89 28.31 32.05
Jina-reranker-v2-base-multilingual 0.3B 36.61 12.54 13.66 15.40 16.45 18.99 24.20
BGE-reranker-large 0.6B 39.75 20.24 21.19 23.41 24.27 25.73 30.15
BGE-reranker-v2-m3 0.6B 45.00 26.56 27.26 30.61 31.24 32.13 35.36

mE5-large-instruct + 0.5B 44.56 20.61 21.92 23.83 24.97 27.29 33.87
mmarco-mMiniLMv2-L12-H384-v1 0.1B 44.16 20.22 21.53 23.11 24.41 26.77 33.59
BGE-reranker-base 0.3B 27.63 11.15 13.18 12.66 14.74 15.55 25.99
GTE-multilingual-reranker-base 0.3B 45.67 22.62 23.98 25.06 26.40 29.07 35.66
Jina-reranker-v2-base-multilingual 0.3B 40.29 13.68 15.33 16.53 18.07 20.81 28.68
BGE-reranker-large 0.6B 41.69 20.63 22.10 24.37 25.77 26.68 33.99
BGE-reranker-v2-m3 0.6B 49.62 29.75 30.98 34.15 35.26 35.84 41.53

voyage-3-large + - 58.52 32.82 34.16 39.72 40.65 40.92 46.51
mmarco-mMiniLMv2-L12-H384-v1 0.1B 46.96 24.14 25.86 27.55 29.11 30.64 38.90
BGE-reranker-base 0.3B 30.66 10.76 12.92 12.42 14.52 16.09 27.49
GTE-multilingual-reranker-base 0.3B 47.95 22.77 24.16 24.95 26.21 29.63 37.18
Jina-reranker-v2-base-multilingual 0.3B 40.59 13.90 15.85 16.91 18.59 21.14 30.62
BGE-reranker-large 0.6B 41.37 19.49 21.21 23.22 24.64 25.70 34.65
BGE-reranker-v2-m3 0.6B 51.98 30.15 31.65 35.10 36.23 36.77 43.73

Table 7: Reranker performance on retrieved results from the Dutch (NL) and French (FR) subsets of bLLeQA (test
set). First row of each block: retrieval-only baseline; subsequent rows: rerankers applied to the retriever results
above.
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French Dutch
Model Size Setting Pr Rec F1 Pr Rec F1

Ministral-3B 3B
Gold 81.94 72.56 75.55 80.00 71.44 74.22
RAG+ 23.17 27.69 23.52 22.46 29.35 23.51
RAG 32.22 37.74 33.20 37.60 44.84 38.36

Gemma-3-4B-it 4B
Gold 83.31 73.40 76.12 69.68 64.60 66.26
RAG+ 7.53 39.30 10.85 7.06 37.47 10.14
RAG 6.89 34.60 9.68 6.75 30.81 9.53

Ministral-8B 8B
Gold 98.71 89.85 92.71 98.71 88.99 92.16
RAG+ 39.03 57.66 42.00 42.91 54.33 44.39
RAG 37.91 53.95 40.42 38.13 49.35 40.27

Qwen3.5-9B 9B
Gold 76.77 68.77 71.21 73.55 65.70 68.24
RAG+ 43.52 59.22 46.31 42.85 55.66 44.70
RAG 47.33 58.82 49.37 52.19 61.45 53.58

Gemma-3-12B-it 12B
Gold 95.27 84.20 87.77 91.83 80.45 84.04
RAG+ 18.07 33.63 20.34 15.84 27.31 17.05
RAG 15.34 29.46 17.04 19.97 33.44 22.36

Ministral-14B 14B
Gold 97.58 88.97 91.77 97.63 87.51 90.68
RAG+ 44.34 56.51 45.28 46.32 53.95 46.01
RAG 43.61 55.13 45.36 44.46 51.34 44.20

GPT-oss-20B 20B
Gold 80.97 72.81 75.19 74.19 65.58 68.26
RAG+ 33.30 36.24 32.56 33.89 37.50 33.19
RAG 34.61 36.53 33.77 39.53 42.34 38.45

Gemma-3-27B-it 27B
Gold 85.16 75.55 78.65 89.35 78.13 81.58
RAG+ 28.48 32.37 27.92 26.08 28.17 25.53
RAG 27.41 30.75 27.14 27.28 27.63 26.39

Qwen3.5-27B 27B
Gold 77.42 70.41 72.73 77.42 70.20 72.45
RAG+ 47.19 72.44 52.54 48.37 73.78 54.00
RAG 49.37 69.17 53.58 52.02 70.89 56.21

GLM-4.7-Flash 30B
Gold 96.62 89.63 91.57 93.87 88.12 90.04
RAG+ 24.79 58.06 29.81 25.18 62.47 31.06
RAG 24.20 56.99 29.70 22.77 52.07 27.15

Qwen3-30B-A3B-Instruct 30B
Gold 96.77 84.93 88.68 98.71 88.11 91.46
RAG+ 40.74 54.70 42.29 36.68 57.02 39.33
RAG 39.46 53.92 41.28 36.97 57.10 40.26

Qwen3.5-35B-A3B 35B
Gold 71.61 66.54 68.15 74.19 68.31 70.19
RAG+ 50.33 64.99 52.91 48.45 62.84 50.71
RAG 54.98 67.77 57.19 54.69 65.22 56.34

Llama-3.3-70B-Instruct 70B
Gold 90.81 79.37 82.92 90.97 81.27 84.45
RAG+ 36.03 45.38 36.33 35.45 46.72 35.72
RAG 43.31 50.22 43.24 38.25 44.84 37.68

Qwen3-Next-80B-A3B-Instruct 80B
Gold 89.68 78.46 81.79 91.61 79.67 83.28
RAG+ 46.94 61.15 47.53 44.43 61.56 46.25
RAG 48.27 58.66 48.24 49.32 60.81 49.88

Llama-4-Scout 109B
Gold 90.32 80.68 83.75 88.17 78.93 81.90
RAG+ 36.73 47.01 37.35 33.82 44.73 34.75
RAG 39.75 48.25 40.61 36.13 47.02 37.51

GPT-oss-120B 120B
Gold 85.48 76.92 79.65 85.16 76.57 79.24
RAG+ 39.81 50.30 41.25 38.89 47.07 40.06
RAG 41.49 48.79 42.61 40.09 47.61 41.11

Qwen3.5-122B-A10B 122B
Gold 70.97 63.48 65.94 65.16 59.35 61.27
RAG+ 52.86 71.96 56.60 50.11 64.46 52.35
RAG 55.94 69.81 58.79 58.20 68.31 60.05

Qwen3-235B-A22B 235B
Gold 95.48 84.53 87.89 93.55 82.95 86.25
RAG+ 48.17 64.60 49.91 48.42 59.65 49.31
RAG 45.57 59.95 47.33 43.86 53.82 44.30

Qwen3.5-397B-A17B 397B
Gold 72.26 65.42 67.66 74.19 65.42 68.08
RAG+ 50.22 69.59 54.03 50.98 70.05 54.80
RAG 59.49 76.13 62.39 54.62 66.18 55.88

Llama-4-Maverick 400B
Gold 88.82 78.37 81.72 89.68 79.15 82.25
RAG+ 46.37 55.40 46.60 48.25 63.17 50.01
RAG 49.64 62.15 51.20 51.34 56.94 50.43

Mistral-Large-2512 675B
Gold 95.48 86.95 89.69 93.55 85.12 87.77
RAG+ 50.19 68.36 53.52 52.38 68.95 55.00
RAG 46.13 62.37 49.15 47.32 61.77 49.56

DeepSeek-v3.2 685B
Gold 76.77 69.25 71.60 90.19 81.04 83.97
RAG+ 52.89 68.99 55.43 49.52 69.29 52.94
RAG 53.50 70.24 56.01 48.55 62.63 49.89

GLM-5 754B
Gold 76.13 68.78 71.13 75.48 68.16 70.49
RAG+ 55.52 74.59 58.89 56.49 69.38 58.49
RAG 59.55 71.21 61.03 58.06 68.41 59.23

Kimi-K2-Instruct-0905 1T
Gold 85.16 72.87 76.78 86.29 75.42 78.61
RAG+ 46.46 56.10 47.20 38.49 46.85 38.83
RAG 48.95 53.49 48.09 40.00 48.25 40.42

Kimi-K2-Thinking 1T
Gold 64.52 58.48 60.38 66.45 59.53 61.69
RAG+ 46.66 69.72 50.81 43.83 61.51 47.26
RAG 53.10 72.02 56.82 51.40 68.82 54.70

Kimi-K2.5 1.1T
Gold 69.68 62.03 64.47 66.45 60.56 62.39
RAG+ 54.62 63.59 55.44 54.65 65.19 55.58
RAG 64.37 71.40 64.49 62.55 68.92 62.55

GPT-5-Nano -
Gold 86.45 79.57 81.90 87.10 80.79 82.75
RAG+ 33.04 44.09 34.27 28.04 38.03 29.26
RAG 35.82 44.44 36.18 36.26 45.46 37.06

Gemini-3.1-Flash-Lite -
Gold 78.71 70.74 73.21 78.06 70.34 72.66
RAG+ 64.62 69.30 63.58 65.64 67.49 63.26
RAG 63.74 67.04 62.45 63.75 65.65 61.77

GPT-5-Mini -
Gold 81.29 79.52 80.18 82.58 79.84 80.80
RAG+ 35.74 70.56 43.34 33.93 73.19 42.21
RAG 32.94 62.12 39.52 37.21 67.66 43.24

Gemini-2.5-Flash -
Gold 79.03 70.82 73.49 81.29 74.19 76.43
RAG+ 46.94 72.67 51.59 43.28 72.19 49.41
RAG 46.94 68.84 51.18 41.56 67.74 47.04

Gemini-3-Flash -
Gold 80.65 76.11 77.49 83.87 79.39 80.94
RAG+ 42.49 76.76 50.31 43.21 78.05 51.74
RAG 44.25 72.80 50.46 40.16 70.78 46.92

Claude-Haiku-4.5 -
Gold 77.42 69.33 71.97 76.77 68.68 71.25
RAG+ 50.18 71.74 53.78 53.53 67.66 55.87
RAG 54.05 69.57 56.21 55.62 66.05 56.30

Gemini-3.1-Pro -
Gold 78.71 72.03 74.17 79.35 71.66 74.13
RAG+ 60.88 69.96 61.51 62.85 71.19 63.19
RAG 63.88 71.56 63.88 64.28 69.73 63.43

GPT-5.4 -
Gold 70.32 65.74 67.19 70.97 65.59 67.35
RAG+ 41.86 71.63 48.57 41.73 67.33 47.03
RAG 52.22 75.38 57.49 52.13 74.73 56.73

Claude-Sonnet-4.6 -
Gold 86.45 83.07 84.22 88.39 83.72 85.27
RAG+ 43.60 82.19 52.10 44.88 78.40 52.25
RAG 42.64 71.26 48.72 41.82 71.61 48.43

Table 8: Citation coverage precision (Pr), recall (Rec), and F1 for Dutch and French, ordered by model size when
available.
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French Dutch
model size setting Correctness Faithfulness Correctness Faithfulness

Ministral-3B 3B
Gold 2.7226 0.7429 2.6258 0.6827
RAG+ 2.3032 0.6506 2.2774 0.6434
RAG 2.6323 0.6270 2.7226 0.6094

Gemma-3-4B-it 4B
Gold 2.6645 0.7820 2.2258 0.6944
RAG+ 2.0065 0.4666 1.9355 0.4920
RAG 2.1226 0.4618 1.8710 0.4938

Ministral-8B 8B
Gold 3.3613 0.7506 3.2839 0.7624
RAG+ 3.4129 0.6930 3.2387 0.7409
RAG 3.2516 0.7346 3.1871 0.7090

Qwen3.5-9B 9B
Gold 2.8323 0.8900 2.6903 0.9257
RAG+ 3.1226 0.8828 3.0387 0.8661
RAG 3.3226 0.9004 3.2129 0.8454

Gemma-3-12B-it 12B
Gold 3.0581 0.9013 2.9548 0.8668
RAG+ 2.2194 0.6296 2.0194 0.6462
RAG 2.2194 0.6292 2.2323 0.6907

Ministral-14b 14B
Gold 3.5290 0.7977 3.4000 0.7969
RAG+ 3.3290 0.7269 3.1548 0.7318
RAG 3.4387 0.7692 3.1806 0.7486

GPT-oss-20B 20B
Gold 2.8774 0.8646 2.7355 0.7870
RAG+ 2.6581 0.6566 2.3548 0.6552
RAG 2.8323 0.6675 2.7548 0.6586

Gemma-3-27B-it 27B
Gold 2.8903 0.9067 2.8903 0.9203
RAG+ 2.3871 0.8501 2.1806 0.8190
RAG 2.3935 0.8384 2.2839 0.8161

Qwen3.5-27B 27B
Gold 3.0258 0.9168 2.8968 0.9354
RAG+ 3.6516 0.9388 3.5097 0.9510
RAG 3.7032 0.9692 3.6452 0.9344

Qwen3-30B-A3B-Instruct 30B
Gold 3.3226 0.8679 3.4323 0.8264
RAG+ 3.0980 0.7969 2.9605 0.7142
RAG 3.2013 0.7828 3.0395 0.7673

GLM-4.7-Flash 30B
Gold 3.2129 0.8561 3.0129 0.8430
RAG+ 2.8839 0.7826 2.7613 0.7523
RAG 2.8516 0.7854 2.7613 0.7608

Qwen3.5-35B-A3B 35B
Gold 2.8839 0.8832 2.8645 0.9485
RAG+ 3.3871 0.9411 3.2323 0.9064
RAG 3.5742 0.9445 3.5226 0.9013

Llama-3.3-70B-Instruct 70B
Gold 2.6194 0.8874 2.8774 0.8471
RAG+ 2.3613 0.7758 2.2387 0.6843
RAG 2.4774 0.7978 2.5226 0.7033

Qwen3-Next-80B-A3B-Instruct 80B
Gold 3.1226 0.9053 2.9742 0.8811
RAG+ 3.2774 0.8937 2.9677 0.8304
RAG 3.2581 0.8652 3.1097 0.8098

Llama-4-Scout 109B
Gold 2.8774 0.8882 2.9032 0.8594
RAG+ 2.4645 0.7488 2.4774 0.6886
RAG 2.6516 0.7794 2.5548 0.6944

GPT-oss-120B 120B
Gold 3.0452 0.8775 2.9613 0.8825
RAG+ 3.0323 0.7868 2.8000 0.7731
RAG 3.1548 0.7558 3.1032 0.7764

Qwen3.5-122B-A10B 122B
Gold 2.8903 0.9599 2.7419 0.9380
RAG+ 3.4710 0.9591 3.3548 0.8893
RAG 3.7161 0.9443 3.6452 0.9419

Qwen3-235B-A22B 235B
Gold 3.4774 0.9083 3.3806 0.8752
RAG+ 3.2323 0.8634 3.1613 0.7978
RAG 3.1677 0.8647 3.0581 0.8294

Qwen3.5-397B-A17B 397B
Gold 2.9613 0.9071 2.9419 0.9302
RAG+ 3.5806 0.9247 3.5161 0.9485
RAG 3.8839 0.9671 3.7097 0.9326

Llama-4-Maverick 400B
Gold 3.0645 0.9164 2.8774 0.8798
RAG+ 2.8065 0.8505 2.9548 0.8180
RAG 3.0974 0.8467 3.0323 0.8160

Mistral-Large-2512 675B
Gold 3.5677 0.8749 3.5419 0.8500
RAG+ 3.7806 0.8549 3.7161 0.8356
RAG 3.6774 0.8504 3.6774 0.8224

DeepSeek-v3.2 685B
Gold 2.9806 0.8956 3.1161 0.9068
RAG+ 3.4581 0.9288 3.3806 0.8781
RAG 3.7226 0.9291 3.2903 0.9157

GLM-5 754B
Gold 3.1484 0.9002 3.0774 0.9430
RAG+ 3.6194 0.9593 3.4968 0.9394
RAG 3.8129 0.9499 3.7161 0.9273

Kimi-K2-Instruct-0905 1T
Gold 3.0714 0.8586 3.0258 0.7778
RAG+ 3.2387 0.7515 2.8323 0.6869
RAG 3.1935 0.7582 2.9226 0.6774

Kimi-K2-Thinking 1T
Gold 2.9290 0.8520 2.9032 0.9635
RAG+ 3.5548 0.8950 3.3355 0.9009
RAG 3.8710 0.9278 3.7226 0.8885

Kimi-K2.5 1.1T
Gold 3.0065 0.9024 2.9032 0.9441
RAG+ 3.4258 0.9106 3.3613 0.9313
RAG 3.8387 0.9380 3.7290 0.9300

GPT-5-Nano -
Gold 3.2710 0.9088 3.2774 0.8873
RAG+ 3.2000 0.7548 3.0581 0.7276
RAG 3.2645 0.7894 3.2065 0.7732

Gemini-3.1-Flash-Lite -
Gold 3.1097 0.9233 3.0516 0.9114
RAG+ 3.4065 0.9466 3.3742 0.8943
RAG 3.5484 0.9398 3.4581 0.8914

GPT-5-Mini -
Gold 3.3548 0.9355 3.3161 0.9466
RAG+ 3.5548 0.9547 3.6903 0.9534
RAG 3.6710 0.9540 3.7032 0.9388

Gemini-2.5-Flash -
Gold 3.1806 0.9175 3.2581 0.9223
RAG+ 3.7226 0.8942 3.7806 0.9046
RAG 3.7742 0.9342 3.6710 0.9180

Gemini-3-Flash -
Gold 3.3355 0.9192 3.3677 0.9536
RAG+ 3.9161 0.9719 3.8387 0.9667
RAG 3.9935 0.9814 3.8452 0.9573

Claude-Haiku-4.5 -
Gold 3.1548 0.8949 3.1032 0.9446
RAG+ 3.5484 0.9502 3.4065 0.9265
RAG 3.7742 0.9017 3.6000 0.9010

Gemini-3.1-Pro -
Gold 3.1871 0.9391 3.1613 0.9416
RAG+ 3.6065 0.9661 3.4645 0.9475
RAG 3.7355 0.9683 3.7032 0.9220

GPT-5.4 -
Gold 3.1226 0.8907 3.1613 0.9555
RAG+ 3.6194 0.9621 3.5419 0.9515
RAG 4.0323 0.9475 3.9548 0.9482

Claude-Sonnet-4.6 -
Gold 3.6323 0.9248 3.6129 0.9488
RAG+ 4.1355 0.9714 4.0387 0.9480
RAG 4.1548 0.9621 4.1290 0.9455

Table 9: Answer correctness and faithfulness results by model, setting, and language.

53



French Dutch
model size setting AccAns InaccAns CorrRef IncorrRef AccAns InaccAns CorrRef IncorrRef

Ministral-3B 3B
Gold 27.74 56.77 0 15.48 29.03 53.55 0 17.42
RAG+ 21.94 44.52 0 33.55 20.00 50.32 0 29.68
RAG 17.42 45.16 11.61 25.81 20.00 47.74 12.26 20.00

Gemma-3-4B-it 4B
Gold 23.87 67.74 0 8.39 14.19 69.68 0 16.13
RAG+ 7.74 89.68 0 2.58 7.10 90.97 0 1.94
RAG 10.97 86.45 1.94 0.65 3.23 91.61 0.65 4.52

Ministral-8B 8B
Gold 52.26 47.74 0 0 45.16 54.84 0 0
RAG+ 52.90 47.10 0 0 49.03 49.03 0 1.94
RAG 47.10 52.90 0 0 43.23 55.48 0.65 0.65

Qwen3.5-9B 9B
Gold 32.90 44.52 0 22.58 27.74 47.10 0 25.16
RAG+ 41.29 51.61 0 7.10 35.48 55.48 0 9.03
RAG 37.42 50.32 7.10 5.16 32.26 54.19 7.74 5.81

Gemma-3-12B-it 12B
Gold 31.61 67.74 0 0.65 30.32 65.16 0 4.52
RAG+ 16.77 72.90 0 10.32 10.32 67.74 0 21.94
RAG 11.61 78.71 1.94 7.74 10.32 67.74 5.81 16.13

Ministral-14b 14B
Gold 54.19 44.52 0 1.29 50.32 47.74 0 1.94
RAG+ 51.61 44.52 0 3.87 47.10 44.52 0 8.39
RAG 50.32 46.45 2.58 0.65 43.23 50.32 1.94 4.52

GPT-oss-20B 20B
Gold 29.68 52.26 0 18.06 30.32 47.10 0 22.58
RAG+ 27.10 57.42 0 15.48 18.71 59.35 0 21.94
RAG 23.87 60.00 5.16 10.97 19.35 63.23 6.45 10.97

Qwen3.5-27B 27B
Gold 41.94 35.48 0 22.58 36.13 37.42 0 26.45
RAG+ 61.29 32.26 0 6.45 56.77 35.48 0 7.74
RAG 56.13 36.13 5.16 2.58 50.97 37.42 5.16 3.87

Gemma-3-27B-it 27B
Gold 29.68 58.06 0 12.26 27.74 62.58 0 9.68
RAG+ 16.77 76.13 0 7.10 11.61 82.58 0 5.81
RAG 14.84 78.71 3.23 3.23 11.61 83.87 1.94 2.58

Qwen3-30B-A3B-Instruct 30B
Gold 46.45 50.32 0 3.23 51.61 47.10 0 1.29
RAG+ 39.22 57.52 0 3.27 32.24 63.82 0 3.95
RAG 40.91 55.19 1.95 1.95 37.50 60.53 0.66 1.32

GLM-4.7-Flash 30B
Gold 36.13 63.87 0 0 36.77 60.00 0 3.23
RAG+ 29.03 70.97 0 0 25.16 74.84 0 0
RAG 31.61 68.39 0 0 21.94 76.13 1.29 0.65

Qwen3.5-35B-A3B 35B
Gold 37.42 35.48 0 27.10 38.71 36.13 0 25.16
RAG+ 54.19 36.13 0 9.68 45.81 41.94 0 12.26
RAG 49.68 37.42 8.39 4.52 44.52 39.35 9.68 6.45

Llama-3.3-70B-Instruct 70B
Gold 17.42 73.55 0 9.03 26.45 64.52 0 9.03
RAG+ 10.97 78.06 0 10.97 7.10 80.00 0 12.90
RAG 7.74 76.13 7.74 8.39 13.55 76.77 3.87 5.81

Qwen3-Next-80B-A3B-Instruct 80B
Gold 37.42 53.55 0 9.03 32.90 58.71 0 8.39
RAG+ 46.45 49.03 0 4.52 31.61 63.87 0 4.52
RAG 38.06 56.77 3.23 1.94 30.97 64.52 3.87 0.65

Llama-4-Scout 109B
Gold 23.87 67.10 0 9.03 32.90 56.13 0 10.97
RAG+ 16.13 65.81 0 18.06 15.48 78.06 0 6.45
RAG 17.42 69.03 3.87 9.68 13.55 80.65 1.29 4.52

GPT-oss-120B 120B
Gold 34.84 50.97 0 14.19 33.55 51.61 0 14.84
RAG+ 34.19 58.71 0 7.10 27.74 62.58 0 9.68
RAG 36.77 52.90 4.52 5.81 34.19 54.84 5.81 5.16

Qwen3.5-122B-A10B 122B
Gold 37.42 34.19 0 28.39 36.77 28.39 0 34.84
RAG+ 52.90 38.71 0 8.39 50.97 38.06 0 10.97
RAG 50.32 40.00 8.39 1.29 50.32 32.90 9.68 7.10

Qwen3-235B-A22B 235B
Gold 54.84 40.65 0 4.52 50.32 43.23 0 6.45
RAG+ 47.10 49.68 0 3.23 40.00 56.77 0 3.23
RAG 40.00 54.84 2.58 2.58 34.19 60.65 2.58 2.58

Qwen3.5-397B-A17B 397B
Gold 41.94 30.32 0 27.74 38.06 36.77 0 25.16
RAG+ 60.65 29.68 0 9.68 56.77 31.61 0 11.61
RAG 57.42 31.61 9.03 1.94 52.26 33.55 8.39 5.81

Llama-4-Maverick 400B
Gold 32.90 56.77 0 10.32 26.45 63.23 0 10.32
RAG+ 27.74 58.71 0 13.55 29.03 67.10 0 3.87
RAG 29.87 57.79 6.49 5.84 27.74 69.03 2.58 0.65

Mistral-Large-2512 675B
Gold 57.42 38.71 0 3.87 58.71 34.84 0 6.45
RAG+ 67.74 32.26 0 0 63.23 36.77 0 0
RAG 60.65 39.35 0 0 66.45 33.55 0 0

DeepSeek-v3.2 685B
Gold 43.23 33.55 0 23.23 38.06 52.26 0 9.68
RAG+ 56.77 31.61 0 11.61 49.03 46.45 0 4.52
RAG 50.97 34.84 9.03 5.16 42.58 53.55 2.58 1.29

GLM-5 754B
Gold 48.39 27.74 0 23.87 44.52 31.61 0 23.87
RAG+ 60.00 33.55 0 6.45 56.13 35.48 0 8.39
RAG 52.90 34.84 9.03 3.23 54.19 36.77 5.81 3.23

Kimi-K2-Instruct-0905 1T
Gold 38.31 53.90 0 7.79 36.13 59.35 0 4.52
RAG+ 43.87 52.90 0 3.23 30.97 58.71 0 10.32
RAG 40.65 53.55 3.87 1.94 37.42 57.42 1.29 3.87

Kimi-K2-Thinking 1T
Gold 47.74 18.71 0 33.55 44.52 21.94 0 33.55
RAG+ 60.65 27.74 0 11.61 51.61 33.55 0 14.84
RAG 61.29 25.16 9.68 3.87 52.90 33.55 9.03 4.52

Kimi-K2.5 1.1T
Gold 44.52 25.81 0 29.68 43.23 23.87 0 32.90
RAG+ 56.13 27.74 0 16.13 52.90 29.03 0 18.06
RAG 58.71 23.23 12.26 5.81 45.81 35.48 12.26 6.45

GPT-5-Nano -
Gold 49.68 36.77 0 13.55 46.45 40.65 0 12.90
RAG+ 47.74 41.29 0 10.97 41.94 47.10 0 10.97
RAG 43.87 43.87 3.87 8.39 41.94 45.81 4.52 7.74

Gemini-3.1-Flash-Lite -
Gold 45.81 34.19 0 20.00 42.58 36.77 0 20.65
RAG+ 49.03 43.23 0 7.74 47.10 48.39 0 4.52
RAG 47.10 45.81 5.16 1.94 39.35 54.84 0.65 5.16

GPT-5-Mini -
Gold 54.84 26.45 0 18.71 53.55 29.03 0 17.42
RAG+ 62.58 28.39 0 9.03 66.45 29.03 0 4.52
RAG 60.65 30.32 3.87 5.16 57.42 34.19 5.81 2.58

Gemini-2.5-Flash -
Gold 47.74 31.61 0 20.65 48.39 34.19 0 17.42
RAG+ 63.23 32.90 0 3.87 64.52 31.61 0 3.87
RAG 60.00 35.48 3.87 0.65 59.35 37.42 2.58 0.65

Gemini-3-Flash -
Gold 55.48 25.81 0 18.71 52.90 30.97 0 16.13
RAG+ 72.90 20.00 0 7.10 70.32 23.23 0 6.45
RAG 67.10 24.52 5.81 2.58 64.52 29.03 3.87 2.58

Claude-Haiku-4.5 -
Gold 49.03 28.39 0 22.58 46.45 30.32 0 23.23
RAG+ 58.06 34.19 0 7.74 53.55 36.77 0 9.68
RAG 60.00 30.32 6.45 3.23 50.32 38.06 6.45 5.16

Gemini-3.1-Pro -
Gold 46.45 32.90 0 20.65 47.74 32.90 0 19.35
RAG+ 56.77 35.48 0 7.74 49.68 41.94 0 8.39
RAG 49.68 38.71 9.03 2.58 51.61 38.71 8.39 1.29

GPT-5.4 -
Gold 49.68 20.65 0 29.68 51.61 19.35 0 29.03
RAG+ 63.87 20.00 0 16.13 61.94 20.00 0 18.06
RAG 60.00 18.06 14.19 7.74 58.71 18.06 14.84 8.39

Claude-Sonnet-4.6 -
Gold 62.58 23.87 0 13.55 60.00 28.39 0 11.61
RAG+ 77.42 18.06 0 4.52 75.48 19.35 0 5.16
RAG 76.77 18.71 2.58 1.94 74.19 18.71 3.87 3.23

Table 10: Share of accurate/inaccurate answers and correct/incorrect refusals (%). AccAns/InaccAns denote
accurate/inaccurate answers; CorrRef/IncorrRef denote correct/incorrect refusals. Answers with a correctness score
of 4–5 from the LLM judge are considered accurate, while scores of 1–3 are considered inaccurate.
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model size setting RefRate F1-macro RefPr RefRec RefF1 NonRefPr NonRefRec NonRefF1

Ministral-3B 3B
Gold 17.42 - - - - 100 82.58 90.46
RAG+ 29.68 - - - - 100 70.32 82.58
RAG 32.26 56.74 38.00 42.22 40.00 75.24 71.82 73.49

Gemma-3-4B-it 4B
Gold 16.13 - - - - 100 83.87 91.23
RAG+ 1.94 - - - - 100 98.06 99.02
RAG 5.16 41.96 12.50 2.22 3.77 70.07 93.64 80.16

Ministral-8B 8B
Gold 0 - - - - 100 100 100
RAG+ 1.94 - - - - 100 98.06 99.02
RAG 1.29 43.57 50.00 2.22 4.26 71.24 99.09 82.89

Qwen3.5-9B 9B
Gold 25.16 - - - - 100 74.84 85.61
RAG+ 9.03 - - - - 100 90.97 95.27
RAG 13.55 59.58 57.14 26.67 36.36 75.37 91.82 82.79

Gemma-3-12B-it 12B
Gold 4.52 - - - - 100 95.48 97.69
RAG+ 21.94 - - - - 100 78.06 87.68
RAG 21.94 48.19 26.47 20 22.78 70.25 77.27 73.59

Ministral-14B 14B
Gold 1.94 - - - - 100 98.06 99.02
RAG+ 8.39 - - - - 100 91.61 95.62
RAG 6.45 45.85 30 6.67 10.91 71.03 93.64 80.78

GPT-oss-20B 20B
Gold 22.58 - - - - 100 77.42 87.27
RAG+ 21.94 - - - - 100 78.06 87.68
RAG 17.42 52.96 37.04 22.22 27.78 72.66 84.55 78.15

Gemma-3-27B-it 27B
Gold 9.68 - - - - 100 90.32 94.92
RAG+ 5.81 - - - - 100 94.19 97.01
RAG 4.52 46.85 42.86 6.67 11.54 71.62 96.36 82.17

Qwen3.5-27B 27B
Gold 26.45 - - - - 100 73.55 84.76
RAG+ 7.74 - - - - 100 92.26 95.97
RAG 11.61 61.15 66.67 26.67 38.1 75.91 94.55 84.21

Qwen3-30B-A3B-Instruct 30B
Gold 1.29 - - - - 100 98.71 99.35
RAG+ 3.87 - - - - 100 96.13 98.03
RAG 1.94 43.30 33.33 2.22 4.17 71.05 98.18 82.44

GLM-4.7-Flash 30B
Gold 3.23 - - - - 100 96.77 98.36
RAG+ 0 - - - - 100 100 100
RAG 1.94 45.77 66.67 4.44 8.33 71.71 99.09 83.21

Qwen3.5-35B-A3B 35B
Gold 25.16 - - - - 100 74.84 85.61
RAG+ 12.26 - - - - 100 87.74 93.47
RAG 16.13 63.10 60 33.33 42.86 76.92 90.91 83.33

Llama-3.3-70B-Instruct 70B
Gold 9.03 - - - - 100 90.97 95.27
RAG+ 12.9 - - - - 100 87.1 93.1
RAG 9.68 50.40 40 13.33 20 72.14 91.82 80.8

Qwen3-Next-80B-A3B-Instruct 80B
Gold 8.39 - - - - 100 91.61 95.62
RAG+ 4.52 - - - - 100 95.48 97.69
RAG 4.52 53.79 85.71 13.33 23.08 73.65 99.09 84.5

Llama-4-Scout 109B
Gold 10.97 - - - - 100 89.03 94.2
RAG+ 6.45 - - - - 100 93.55 96.67
RAG 5.81 43.94 22.22 4.44 7.41 70.55 93.64 80.47

GPT-oss-120B 120B
Gold 14.84 - - - - 100 85.16 91.99
RAG+ 9.68 - - - - 100 90.32 94.92
RAG 10.97 55.65 52.94 20 29.03 73.91 92.73 82.26

Qwen3.5-122B-A10B 122B
Gold 34.84 - - - - 100 65.16 78.91
RAG+ 10.97 - - - - 100 89.03 94.2
RAG 16.77 62.55 57.69 33.33 42.25 76.74 90 82.85

Qwen3-235B-A22B 235B
Gold 6.45 - - - - 100 93.55 96.67
RAG+ 3.23 - - - - 100 96.77 98.36
RAG 5.16 48.79 50 8.89 15.09 72.11 96.36 82.49

Qwen3.5-397B-A17B 397B
Gold 25.16 - - - - 100 74.84 85.61
RAG+ 11.61 - - - - 100 88.39 93.84
RAG 14.19 60.97 59.09 28.89 38.81 75.94 91.82 83.13

Llama-4-Maverick 400B
Gold 10.32 - - - - 100 89.68 94.56
RAG+ 3.87 - - - - 100 96.13 98.03
RAG 3.23 49.92 80 8.89 16 72.67 99.09 83.85

Mistral-Large-2512 675B
Gold 6.45 - - - - 100 93.55 96.67
RAG+ 0 - - - - 100 100 100
RAG 0 41.51 0 0 0 70.97 100 83.02

DeepSeek-v3.2 685B
Gold 9.68 - - - - 100 90.32 94.92
RAG+ 4.52 - - - - 100 95.48 97.69
RAG 3.87 49.54 66.67 8.89 15.69 72.48 98.18 83.4

GLM-5 754B
Gold 23.87 - - - - 100 76.13 86.45
RAG+ 8.39 - - - - 100 91.61 95.62
RAG 9.03 57.09 64.29 20 30.51 74.47 95.45 83.67

Kimi-K2-Instruct-0905 1T
Gold 4.52 - - - - 100 95.48 97.69
RAG+ 10.32 - - - - 100 89.68 94.56
RAG 5.16 44.24 25 4.44 7.55 70.75 94.55 80.93

Kimi-K2-Thinking 1T
Gold 33.55 - - - - 100 66.45 79.84
RAG+ 14.84 - - - - 100 85.16 91.99
RAG 13.55 63.43 66.67 31.11 42.42 76.87 93.64 84.43

Kimi-K2.5 1.1T
Gold 32.9 - - - - 100 67.1 80.31
RAG+ 18.06 - - - - 100 81.94 90.07
RAG 18.71 68.05 65.52 42.22 51.35 79.37 90.91 84.75

GPT-5-Nano -
Gold 12.9 - - - - 100 87.1 93.1
RAG+ 10.97 - - - - 100 89.03 94.2
RAG 12.26 50.77 36.84 15.56 21.88 72.06 89.09 79.67

Gemini-3.1-Flash-Lite -
Gold 20.65 - - - - 100 79.35 88.49
RAG+ 4.52 - - - - 100 95.48 97.69
RAG 5.81 57.39 88.89 17.78 29.63 74.66 99.09 85.16

GPT-5-Mini -
Gold 17.42 - - - - 100 82.58 90.46
RAG+ 4.52 - - - - 100 95.48 97.69
RAG 8.39 57.58 69.23 20 31.03 74.65 96.36 84.13

Gemini-2.5-Flash -
Gold 17.42 - - - - 100 82.58 90.46
RAG+ 3.87 - - - - 100 96.13 98.03
RAG 3.23 49.92 80 8.89 16 72.67 99.09 83.85

Gemini-3-Flash -
Gold 16.13 - - - - 100 83.87 91.23
RAG+ 6.45 - - - - 100 93.55 96.67
RAG 6.45 52.48 60 13.33 21.82 73.1 96.36 83.14

Claude-Haiku-4.5 -
Gold 23.23 - - - - 100 76.77 86.86
RAG+ 9.68 - - - - 100 90.32 94.92
RAG 11.61 57.17 55.56 22.22 31.75 74.45 92.73 82.59

Gemini-3.1-Pro -
Gold 19.35 - - - - 100 80.65 89.29
RAG+ 8.39 - - - - 100 91.61 95.62
RAG 11.61 63.15 72.22 28.89 41.27 76.64 95.45 85.02

GPT-5.4 -
Gold 29.03 - - - - 100 70.97 83.02
RAG+ 18.06 - - - - 100 81.94 90.07
RAG 23.23 70.75 63.89 51.11 56.79 81.51 88.18 84.72

Claude-Sonnet-4.6 -
Gold 11.61 - - - - 100 88.39 93.84
RAG+ 5.16 - - - - 100 94.84 97.35
RAG 6.45 52.48 60 13.33 21.82 73.1 96.36 83.14

Table 11: Refusal metrics for Dutch. We report the refusal rate (RefRate) and macro-averaged F1 over refusal versus
non-refusal, along with class-wise precision, recall, and F1 for refusals (RefPr/RefRec/RefF1) and non-refusals
(NonRefPr/NonRefRec/NonRefF1). “-” indicates undefined metrics.
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model size setting RefRate F1-macro RefPr RefRec RefF1 NonRefPr NonRefRec NonRefF1

Ministral-3B 3B
Gold 15.48 - - - - 100 84.52 91.61
RAG+ 33.55 - - - - 100 66.45 79.84
RAG 37.42 51.29 31.03 40 34.95 72.16 63.64 67.63

Gemma-3-4B-it 4B
Gold 8.39 - - - - 100 91.61 95.62
RAG+ 2.58 - - - - 100 97.42 98.69
RAG 2.58 47.88 75 6.67 12.24 72.19 99.09 83.52

Ministral-8B 8B
Gold 0 - - - - 100 100 100
RAG+ 0 - - - - 100 100 100
RAG 0 41.51 0 0 0 70.97 100 83.02

Gemma-3-12B-it 12B
Gold 0.65 - - - - 100 99.35 99.68
RAG+ 10.32 - - - - 100 89.68 94.56
RAG 9.68 44.2 20 6.67 10 70 89.09 78.4

Qwen3.5-9B 9B
Gold 22.58 - - - - 100 77.42 87.27
RAG+ 7.1 - - - - 100 92.9 96.32
RAG 12.26 58.65 57.89 24.44 34.38 75 92.73 82.93

Ministral-14B 14B
Gold 1.29 - - - - 100 98.71 99.35
RAG+ 3.87 - - - - 100 96.13 98.03
RAG 3.23 49.92 80 8.89 16 72.67 99.09 83.85

GPT-oss-20B 20B
Gold 18.06 - - - - 100 81.94 90.07
RAG+ 15.48 - - - - 100 84.52 91.61
RAG 16.13 50.18 32 17.78 22.86 71.54 84.55 77.5

Gemma-3-27B-it 27B
Gold 12.26 - - - - 100 87.74 93.47
RAG+ 7.1 - - - - 100 92.9 96.32
RAG 6.45 50.27 50 11.11 18.18 72.41 95.45 82.35

Qwen3.5-27B 27B
Gold 22.58 - - - - 100 77.42 87.27
RAG+ 6.45 - - - - 100 93.55 96.67
RAG 7.74 55.93 66.67 17.78 28.07 74.13 96.36 83.79

Qwen3-30B-A3B-Instruct 30B
Gold 3.23 - - - - 100 96.77 98.36
RAG+ 3.23 - - - - 100 96.77 98.36
RAG 3.87 47.2 50 6.67 11.76 71.81 97.27 82.63

GLM-4.7-Flash 30B
Gold 0 - - - - 100 100 100
RAG+ 0 - - - - 100 100 100
RAG 0 41.51 0 0 0 70.97 100 83.02

Qwen3.5-35B-A3B 35B
Gold 27.1 - - - - 100 72.9 84.33
RAG+ 9.68 - - - - 100 90.32 94.92
RAG 12.9 62.04 65 28.89 40 76.3 93.64 84.08

Llama-3.3-70B-Instruct 70B
Gold 9.03 - - - - 100 90.97 95.27
RAG+ 10.97 - - - - 100 89.03 94.2
RAG 16.13 57.56 48 26.67 34.29 74.62 88.18 80.83

Qwen3-Next-80B-A3B-Instruct 80B
Gold 9.03 - - - - 100 90.97 95.27
RAG+ 4.52 - - - - 100 95.48 97.69
RAG 5.16 51.07 62.5 11.11 18.87 72.79 97.27 83.27

Llama-4-Scout 109B
Gold 9.03 - - - - 100 90.97 95.27
RAG+ 18.06 - - - - 100 81.94 90.07
RAG 13.55 48.03 28.57 13.33 18.18 70.9 86.36 77.87

GPT-oss-120B 120B
Gold 14.19 - - - - 100 85.81 92.36
RAG+ 7.1 - - - - 100 92.9 96.32
RAG 10.32 52.04 43.75 15.56 22.95 72.66 91.82 81.12

Qwen3.5-122B-A10B 122B
Gold 28.39 - - - - 100 71.61 83.46
RAG+ 8.39 - - - - 100 91.61 95.62
RAG 9.68 64.87 86.67 28.89 43.33 77.14 98.18 86.4

Qwen3-235B-A22B 235B
Gold 4.52 - - - - 100 95.48 97.69
RAG+ 3.23 - - - - 100 96.77 98.36
RAG 5.16 48.79 50 8.89 15.09 72.11 96.36 82.49

Qwen3.5-397B-A17B 397B
Gold 27.74 - - - - 100 72.26 83.9
RAG+ 9.68 - - - - 100 90.32 94.92
RAG 10.97 65.73 82.35 31.11 45.16 77.54 97.27 86.29

Llama-4-Maverick 400B
Gold 10.32 - - - - 100 89.68 94.56
RAG+ 13.55 - - - - 100 86.45 92.73
RAG 12.26 56.68 52.63 22.22 31.25 74.26 91.82 82.11

Mistral-Large-2512 675B
Gold 3.87 - - - - 100 96.13 98.03
RAG+ 0 - - - - 100 100 100
RAG 0 41.51 0 0 0 70.97 100 83.02

DeepSeek-v3.2 685B
Gold 23.23 - - - - 100 76.77 86.86
RAG+ 11.61 - - - - 100 88.39 93.84
RAG 14.19 62.87 63.64 31.11 41.79 76.69 92.73 83.95

GLM-5 754B
Gold 23.87 - - - - 100 76.13 86.45
RAG+ 6.45 - - - - 100 93.55 96.67
RAG 12.26 64.56 73.68 31.11 43.75 77.21 95.45 85.37

Kimi-K2-Instruct-0905 1T
Gold 7.74 - - - - 100 92.26 95.97
RAG+ 3.23 - - - - 100 96.77 98.36
RAG 5.81 52.91 66.67 13.33 22.22 73.29 97.27 83.59

Kimi-K2-Thinking 1T
Gold 33.55 - - - - 100 66.45 79.84
RAG+ 11.61 - - - - 100 88.39 93.84
RAG 13.55 65.35 71.43 33.33 45.45 77.61 94.55 85.25

Kimi-K2.5 1.1T
Gold 29.68 - - - - 100 70.32 82.58
RAG+ 16.13 - - - - 100 83.87 91.23
RAG 18.06 68.64 67.86 42.22 52.05 79.53 91.82 85.23

GPT-5-Nano -
Gold 13.55 - - - - 100 86.45 92.73
RAG+ 10.97 - - - - 100 89.03 94.2
RAG 12.26 48.81 31.58 13.33 18.75 71.32 88.18 78.86

Gemini-3.1-Flash-Lite -
Gold 20 - - - - 100 80 88.89
RAG+ 7.74 - - - - 100 92.26 95.97
RAG 7.1 56.41 72.73 17.78 28.57 74.31 97.27 84.25

GPT-5-Mini -
Gold 18.71 - - - - 100 81.29 89.68
RAG+ 9.03 - - - - 100 90.97 95.27
RAG 9.03 50.81 42.86 13.33 20.34 72.34 92.73 81.27

Gemini-2.5-Flash -
Gold 20.65 - - - - 100 79.35 88.49
RAG+ 3.87 - - - - 100 96.13 98.03
RAG 4.52 53.79 85.71 13.33 23.08 73.65 99.09 84.5

Gemini-3-Flash -
Gold 18.71 - - - - 100 81.29 89.68
RAG+ 7.1 - - - - 100 92.9 96.32
RAG 8.39 57.58 69.23 20 31.03 74.65 96.36 84.13

Claude-Haiku-4.5 -
Gold 22.58 - - - - 100 77.42 87.27
RAG+ 7.74 - - - - 100 92.26 95.97
RAG 9.68 58.67 66.67 22.22 33.33 75 95.45 84

Gemini-3.1-Pro -
Gold 20.65 - - - - 100 79.35 88.49
RAG+ 7.74 - - - - 100 92.26 95.97
RAG 11.61 65.14 77.78 31.11 44.44 77.37 96.36 85.83

GPT-5.4 -
Gold 29.68 - - - - 100 70.32 82.58
RAG+ 16.13 - - - - 100 83.87 91.23
RAG 21.94 70.27 64.71 48.89 55.7 80.99 89.09 84.85

Claude-Sonnet-4.6 -
Gold 13.55 - - - - 100 86.45 92.73
RAG+ 4.52 - - - - 100 95.48 97.69
RAG 4.52 49.17 57.14 8.89 15.38 72.3 97.27 82.95

Table 12: Refusal metrics for French. We report the refusal rate (RefRate) and macro-averaged F1 over refusal versus
non-refusal, along with class-wise precision, recall, and F1 for refusals (RefPr/RefRec/RefF1) and non-refusals
(NonRefPr/NonRefRec/NonRefF1). “-” indicates undefined metrics.
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Model Size Source
TF-IDF - Sparck Jones (1972)
BM25 - Robertson et al. (1994)
word2vec - Mikolov et al. (2013b,a); Tulkens et al. (2016); Fauconnier (2015)
fastText - Bojanowski et al. (2017); Grave et al. (2018)
static-similarity-mrl-multilingual-v1 - Reimers and Gurevych (2019)
E5-small-trm-nl 0.04B Lotfi et al. (2025a)
mE5-small 0.1B Wang et al. (2024b)
E5-base-trm-nl 0.1B Lotfi et al. (2025a)
potion-multilingual-128M 0.1B Tulkens and van Dongen (2024)
mContriever 0.2B Izacard et al. (2021)
DPR-XM 0.3B Louis et al. (2025)
mE5-base 0.3B Wang et al. (2024b)
mGTE 0.3B Zhang et al. (2024a)
E5-large-trm-nl 0.4B Lotfi et al. (2025a)
LaBSE 0.5B Feng et al. (2022)
mE5-large 0.6B Wang et al. (2024b)
mE5-large-instruct 0.6B Wang et al. (2024b)
BGE-M3 0.6B Chen et al. (2024a)
snowflake-arctic-embed-l-v2.0 0.6B Yu et al. (2024)
jina-embeddings-v3 0.6B Sturua et al. (2025)
E5-mistral-7b 7B Wang et al. (2024a, 2022)
BGE-Mult.-Gemma2 9B Chen et al. (2024a); Xiao et al. (2024)
voyage-2-law - VoyageAI (2024)
voyage-3-large - VoyageAI (2025)
embedding-3-large - OpenAI (2025b)
mmarco-mMiniLMv2-L12-H384-v1 0.1B Wang et al. (2021)
BGE-reranker-base 0.3B Xiao et al. (2024)
GTE-multilingual-reranker-base 0.3B Zhang et al. (2024b)
Jina-reranker-v2-base-multilingual 0.3B JinaAI (2025)
BGE-reranker-large 0.6B Xiao et al. (2024)
BGE-reranker-v2-m3 0.6B Li et al. (2023); Chen et al. (2024b)
Ministral-3B 3B Liu et al. (2026)
Gemma-3-4B-it 4B Team et al. (2025a)
Ministral-8B 8B Liu et al. (2026)
Qwen3.5-9B 9B QwenTeam (2026)
Gemma-3-12B-it 12B Team et al. (2025a)
Ministral-14B 14B Liu et al. (2026)
GPT-oss-20B 20B OpenAI (2025a)
Gemma-3-27B-it 27B Team et al. (2025a)
GLM-4.7-Flash 30B Team et al. (2025b)
Qwen3-30B-A3B-Instruct-2507 30B Team (2025)
Qwen3.5-35B-A3B 35B QwenTeam (2026)
Llama-3.3-70B-Instruct 70B Meta (2025)
Qwen3-Next-80B-A3B-Instruct 80B Team (2025); Yang et al. (2025)
Llama-4-Scout 109B Meta (2026)
GPT-oss-120B 120B OpenAI (2025a)
Qwen3.5-122B-A10B 122B QwenTeam (2026)
Qwen3-235B-A22B-Instruct-2507 235B Team (2025); Yang et al. (2025)
Qwen3.5-122B-A10B 122B QwenTeam (2026)
Qwen3.5-397B-A17B 397B QwenTeam (2026)
Llama-4-Maverick 400B Meta (2026)
Mistral-Large-2512 675B Mistral AI (2025)
DeepSeek-v3.2 685B DeepSeek-AI (2025)
GLM-5 754B GLM-5-Team et al. (2026)
Kimi-K2-Instruct-0905 1T Team et al. (2026)
Kimi-K2-Thinking 1T Team et al. (2026)
Kimi-K2.5 1.1T Moonshot AI (2026)
GPT-5-Nano - OpenAI (2025)
Gemini-3.1-Flash-Lite - DeepMind (2026)
GPT-5-Mini - OpenAI (2025)
Gemini-2.5-Flash - DeepMind (2025a)
Gemini-3-Flash - DeepMind (2025b)
Claude-Haiku-4.5 - Anthropic (2025)
Gemini-3.1-Pro - DeepMind (2025c)
GPT-5.4 - OpenAI (2025c)
Claude-Sonnet-4.6 - Anthropic (2026)

Table 13: Models used for RAG, ordered by model size when available. The sections correspond to retrieval,
reranking, and generative models, respectively.
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Prompt Text
You are a Senior Legal Evaluator and expert attorney.
Your job is to evaluate the quality of a response generated by an AI Legal Assistant by comparing it against a
verified "Gold Standard" answer.

You will be provided with:
1. A Legal Question.
2. A Gold Standard Answer (created by human experts).
3. A System Response (generated by the AI).
You must rate the System Response on a scale of 1 to 5 based on how well the legal reasoning and factual content

align with the Gold Standard.
- **Content Focus:** Focus ONLY on the textual content, legal accuracy, and reasoning.

- **Strict Adherence:** The Gold Standard is the absolute truth. If the System Response contradicts the Gold Standard,
it is wrong, even if you believe the Gold Standard might be incomplete.

- **completeness:** The System Response must contain the critical legal elements present in the Gold Standard.
Assess the response below and return a JSON object with two fields:
- `"score"`: an integer between 1 and 5.

1. ** Critical Failure / Incorrect**
The response implies the opposite legal conclusion to the Gold Standard, provides dangerous legal advice,

or is completely irrelevant to the question.
2. **Poor / Significant Omissions**
The conclusion is vague or partially incorrect. It misses the central legal argument or key fact found in

the Gold Standard. It may contain hallucinations.
3. **Acceptable / Partially Complete**
The response captures the general legal principle correctly but misses important nuances, exceptions,

or specific details present in the Gold Standard. It is legally safe but not comprehensive.
4. **Good / Mostly Accurate**
The response aligns with the Gold Standard in conclusion and reasoning. It may miss very

minor details that do not alter the legal outcome.
5. **Excellent / Semantically Equivalent**
The response is logically and factually equivalent to the Gold Standard. It captures all key legal elements,

reasoning, and conclusions. (Difference in wording or structure is acceptable).
- `"reason"`: a brief explanation for why the score was given. This must mention specific strengths or shortcomings,

referencing relevant details from the input. Do **not** quote the score itself in the explanation.
Your explanation should:
- {reasoning_expectation}
- Mention key details from the test case parameters.
- Be concise, clear, and focused on the evaluation logic.
Only return valid JSON. Do **not** include any extra commentary or text.
—
Test Case:
{test_case_content}
Parameters:
{parameters}
—
**Example JSON:**
{{

"reason": "your concise and informative reason here",
"score": 1

}}
JSON:
"""

Table 14: DeepEval G-Eval prompt for answer correctness.

Language Prompt
French Étant donné une question juridique, récupére les documents qui peuvent aider à y répondre
Dutch Gegeven een juridische vraag, haal documenten op die kunnen helpen bij het beantwoorden van de vraag

Table 15: Prompts used for E5-large-instruct, BGE-Gemma2 and E5-mistral for the retrieval task.
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System Prompt
You are an expert legal assistant specializing in Belgian law.
Your task is to answer legal questions to the best of your knowledge of Belgian law.
You respond exclusively in $answer_language and prioritize legal accuracy.
User Prompt
Instructions:
1. The legal context is provided as a JSON array of articles. Each article has the following structure:
- "id": the unique identifier of the article
- "text": the text of the article excerpt
2. Carefully analyze all articles in the legal context and assess their relevance to the legal question.
3. Answer the question ONLY IF the context is sufficient:
- The context must contain all necessary rules or conditions to answer the question.
- If any essential condition is missing, unclear, or cannot be derived from the provided texts, do not answer.
- If relevant articles conflict on a key condition and the conflict cannot be resolved using only the context, do not answer.
- Use ONLY the "text" fields. Do not rely on external knowledge or assumptions.
4. Output format requirements:
- Return a JSON array of objects:

["text": "...", "supported_sources": ["id1","id2"], ...]
- Each object represents exactly one answer paragraph.
- EVERY paragraph must be directly supported by one or more article IDs.
- "supported_sources" must be a valid JSON array of strings (double quotes).
- Include ONLY article IDs that appear in the provided legal context.
- Include ONLY IDs that directly support the corresponding paragraph text.
- Do not include irrelevant or speculative citations.
5. If the context is insufficient, incomplete, contradictory, or irrelevant, return exactly:

["text": "Insufficient context", "supported_sources": []]
Legal question: $question
Regions involved: $regions
Topics: $topics
Legal context (article excerpts):
$context
Output the JSON array immediately. Do not include any preamble.

Table 16: System and user prompts used by the LLMs in the RAG experiments.
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