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Abstract

Large Language Models (LLMs) are becoming a common way for humans to seek knowledge, yet their coverage and
reliability vary widely. Especially for local language varieties, there are large asymmetries, e.g., information in local
Wikipedia that is absent from the standard variant. However, little is known about how well LLMs perform under
such information asymmetry, especially on closely related languages. We manually construct a novel challenge
question-answering (QA) dataset that captures knowledge conveyed on a local Wikipedia page, which is absent from
their higher-resource counterparts—covering Mandarin Chinese vs. Cantonese and German vs. Bavarian. Our
experiments show that LLMs fail to answer questions about information only in local editions of Wikipedia. Providing
context from lead sections substantially improves performance, with further gains possible via translation. Our topical,
geographic annotations, and stratified evaluations reveal the usefulness of local Wikipedia editions as sources of both
regional and global information. These findings raise critical questions about inclusivity and cultural coverage of LLMs.

Keywords: question answering, language varieties, information asymmetry, large language models

1. Introduction

Large Language Models (LLMs) are becoming a
commonly used channel through which humans
find and learn new information (Brachman et al.,
2025; Elsey et al., 2025; Yang et al., 2025b). An-
other information source is Wikipedia, which in-
cludes editions in over 300 languages' and any
article can be created or edited independently
(Lewoniewski et al., 2017), so that information
about the same topic could vary largely across
languages (Callahan and Herring, 2011; Bao et al.,
2012; Wang et al., 2025). Till now, far less is un-
derstood about how LLMs handle facts relevant
to specific cultural or linguistic communities that
are less visible in global discourse (Myung et al.,
2024).

Cross-lingual retrieval for information-seeking
questions remains challenging for LLMs. Answer
retrieval during post-training remains the main bot-
tleneck even when provided with contextual infor-
mation (Gao et al., 2025). Such challenges are
particularly pronounced in open-book question an-
swering (QA), where additional external informa-
tion is provided, in contrast to closed-book QA,
which relies on knowledge already in the model’'s
training (Yen et al., 2023). LLMs also struggle to
share knowledge across languages, i.e., when the
question is proposed in a language different from
the context language (Goldman et al., 2025).

"Equal contribution.
"Mttps://meta.wikimedia.org/wiki/List_
of_Wikipedias

In this work, we address cross-lingual context
retrieval on regional knowledge. Specifically, we fo-
cus on how well LLMs can answer questions drawn
from knowledge in local-language Wikipedia pages
but which are absent from standard-language
pages. This is similar to the Information Asym-
metry analyzed in Roy et al. (2020, 2022). How-
ever, rather than focusing on the number of articles
covered and the length of articles in English vs.
non-English Wikipedia versions, we frame it as a
QA task, seeking local information that is absent
from the standard Wikipedia editions. This aligns
with Asai et al. (2021), who observe that questions
about entities from other cultures may lack answers
in the questioner’s language due to cultural bias,
and with the notion of a “content gap” introduced
by Duderstadt (2025).

To address this gap, we conduct a case study
of two pairs of higher-resource (standard) versus
lower-resource (local) language varieties spoken
in overlapping regions: Mandarin Chinese versus
Cantonese, and German versus Bavarian. These
pairs allow us to probe whether LLMs capture
regional facts beyond what is available in domi-
nant, higher-resource variants. We experiment
with closed-book QA, i.e., relying on LLMs' inter-
nal parametric knowledge, and open-book QA, i.e.,
explicitly providing the extracted local information.
We focus on Wikipedia lead sections, which pro-
vide concise yet systematically curated knowledge
that are length-friendly to test LLMs’ capability in
open-book QA.

We construct a new evaluation dataset, WILOVA-
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QA, consisting of facts that appear in local lead
sections but are absent in their standard counter-
parts. Our dataset includes 294 lead section QA
pairs for Cantonese—Mandarin and 178 for Bavar-
ian—German. Furthermore, we annotate a smaller
set of document-level QA pairs for which the in-
formation is extracted from the full local Wikipedia
article beyond the local lead section, yet absent
from the aligned standard Wikipedia page. These
document-level annotations introduce an additional
evaluation scenario for seeking local information
beyond the provided context.

Our experiments yield four key findings. First,
LLMs consistently fail to answer questions derived
from local Wikipedia lead sections in closed-book
QA, suggesting that such knowledge is systemati-
cally underrepresented in models. Second, provid-
ing lead sections from local Wikipedia editions as
context substantially improves performance, indi-
cating that LLMs can reason over that knowledge
when it is explicitly supplied. Translating these lead
sections into the standard variant, i.e., from Can-
tonese to Mandarin, further boosts performance,
highlighting the importance of context language for
knowledge integration. Third, we evaluate on a
cross-lingual dataset, ECLeKTic (Goldman et al.,
2025), and demonstrate that QA performance on
local language varieties still lags behind when com-
pared to seeking information in widely spoken lan-
guages. Lastly, we manually categorize WILOVA-
QA articles to assess their topic and regional rele-
vance and their effects on model performance. Bet-
ter performance is achieved on articles discussing
more regional topics than on others. Our results
corroborate earlier findings (Roy et al., 2020, 2022;
Wang et al., 2025) that local Wikipedia editions are
not only useful as sources of regional knowledge
but can also provide additional information on more
region-independent topics. We release our dataset
and code to facilitate future research on cultural
representation and coverage in LLMs.?

2. Related Work

Earlier studies on BERT-based models have shown
that these LMs encode surprising amounts of re-
lational knowledge, facilitating open-domain QA
even without fine-tuning (Petroni et al., 2019; Jiang
et al., 2020; Roberts et al., 2020; Kassner and
Schitze, 2020). With LLMs, information is typically
accessed from model-internal parametric knowl-
edge (Mallen et al., 2023) acquired during pre-
training, or from externally provided knowledge
in the case of retrieval-augmented LLMs. LLMs
degrade markedly when not prompted in English
(Zhang et al., 2023). Moreover, multilingual LLMs

2Available at
WiLoVa—-QA
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prefer to retrieve information in the same language
as the query, and when no such information exists,
they rely on high-resource languages (Myung et al.,
2024; Sharma et al., 2025).

This is compounded by information asymme-
try, i.e., not all content is equally present in volume
and nature on the web (Roy et al., 2022). For ex-
ample, prior work has shown that locally famous
people may be described in a more favorable way
in their own Wikipedia language (Kolbitsch and
Maurer, 2006; Callahan and Herring, 2011), or
that some aspects are not discussed altogether in
some language editions (Samir et al., 2024; Wang
et al., 2025). Collaborative behaviors can also vary
across different language editions of Wikipedia (Bi-
pat et al., 2018). As such, it can impact the values
and knowledge that LLMs learn during pretraining.

Similarly, some regional or local information is
often found only in local editions of Wikipedia. Roy
et al. (2020, 2022) compare information coverage
of English Wikipedia with eight other languages
and show English articles often miss out on de-
tails in other Wikipedia editions, and that almost
50% of non-English articles lack English correspon-
dence. Ashrafimoghari (2023) also observed such
“information gap” between language editions. This
raises the question of whether LLMs reflect the
same information asymmetry as on the web.

Many multilingual QA datasets are created to
address this language and cultural bias, includ-
ing TyDi QA (Clark et al., 2020), XOR QA (Asai
et al., 2021), INCLUDE (Romanou et al., 2025),
BLEND (Myung et al., 2024), and CVQA (Romero
et al., 2025). Faisal et al. (2021) introduce a spo-
ken dialect QA benchmark and show large perfor-
mance drops for certain dialects. Closest to our
work, Goldman et al. (2025) create the ECLeKTic
dataset by selecting Wikipedia articles that exist
only in one language edition and prompting Gem-
ini to generate QA pairs. Model performance on
ECLeKTic degrades when the question is trans-
lated and proposed to LLMs in another language.

Our case study addresses slightly more complex
situations in which Wikipedia pages exist in both
local and standard language varieties, with more
information on the local side. We investigate LLMs’
asymmetric parametric knowledge gaps and their
interaction with externally provided context.

3. WILoVA-QA Dataset

We create WILOVA-QA (Wikipedia Local VAriety
Question Answering), a small dataset to assess
LLMs’ capability in retrieving information that ap-
pears on a Wikipedia page in the local language
variety but is absent from its standard variety
counterpart. We discuss our target language vari-
eties (§3.1), Wikipedia data preprocessing (§3.2),
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Lead section (Cantonese): 5%z 1 Sk 52 T o i A L ER kg » LR AR FEEB o (12128 ~141H48) TR En AT @ A EalE
BEAC TAbdhgeBl) - AR B TEMBCy ~ TRIBk) Bk TS0 © REBEAE - & B OB IR] & 7 s ] o F s 8 A T R = Ky

RIEBIRER o Nanxi is the earliest mature literary and artistic drama in the history of Chinese drama. It was popular in the southeastern coast of
China from the end of the Northern Song Dynasty to the early Ming Dynasty (12th century to the 14th century). The existence of Nanxi has placed
ancient Chinese drama alongside ancient Greek drama and ancient Indian drama as the three largest ancient theater systems in the world.
Lead section (Mandarin): g2 H1 E X i 5 bR R BCAREIZE Y, STEAT TR ER YT, WRBIERRE [Jeiieml] | B ATRZ JEE il
X~ RINFEREESC - Nanxi is the earliest mature type of drama in the history of Chinese drama. It was popular in southern China during the
Yuan Dynasty. To distinguish it from the contemporary “Beiqu Zaju’, later generations called it Nanqu Xiwen, Wenzhou Nanxi, or Xiwen.
Question 1: WL RREZHEHYE (1218 ~14148) FEHFERIH LM G FHT?  Where in China was Nanxi popular from the end of the
Northern Song Dynasty to the beginning of the Ming Dynasty (12th to 14th century)? ~Answer 1: R . Southeast coast.

Question 2: 1 E A EAT 4 HF M i = K i EIRR?  Alongside what is Chinese ancient drama regarded as one of the world’s three
major ancient dramas? ~ Answer 2: 177 [E AR P EAGJE] . Ancient Greek drama and ancient Indian drama.

Lead section (Bavarian): Es Hiatamadl is a traditionella Voiksdanz, wo in Ostareich und Bayern weit vabroadd is. En Danz gibts in vaschiedna
Variantn. Da Nama kimmt vom Danzliadl “Koa Hiatamad| mog i net”. Da Danz hod de sejm Wuazln wia da Strohschneida, wo iwa ganz Eiropa
vabroadd wor. The Hiatamadl| is a traditional folk dance widespread throughout Austria and Bavaria. There are various variations of the dance.
The name comes from the dance tune “Koa Hiatamad| mog i net (I don't like shepherd girls).” The dance has the same roots as the Strohschneider
(straw cutter), which was widespread throughout Europe.

Lead section (German): Hiatamadl ist der Name eines alpenlandischen Volkstanzes, der sich in Osterreich und Bayern groBer Beliebtheit erfreut.
Hiatamadl is the name of an Alpine folk dance that is very popular in Austria and Bavaria.

Question 1: Woher kommt der Name des Tanzes Hiatamad|? Where does the name of the dance Hiatamadl come from?  Answer 1: Der Name
des Tanzes kommt vom Tanzlied “Koa Hiatamadl mog i net”. The name of the dance comes from the dance tune “Koa Hiatamad! mog i net’.
Question 2: Aus welchem Tanz hat sich das Hiatamadl entwickelt? From which dance did the Hiatamad| develop?

Answer 2: Das Hiatamadl hat dieselben Wurzeln wie der Strohschneider, der in ganz Europa verbreitet war. The Hiatamadl has the same roots as
the Strohschneider, which was widespread throughout Europe.

Table 1: Sample WILOVA-QA annotations for yue-cmn page “Fg#” and bar-deu page “Hiatamadl”

and question-answer annotations (§3.3). We  onthe Bavarian Wikipedia (27K). Though underrep-

present detailed dataset statistics in Appendix A.

3.1.

We focus on two local versus standard language
pairs:® Cantonese (ISO 639-3: yue) vs. Mandarin
Chinese (cmn) and Bavarian (bar) vs. German
(deu). Both pairs are spoken in overlapping re-
gions, where the standard language prevails in for-
mal communication, while the local variety serves
as a marker of regional and cultural identity.
Cantonese is a Sinitic language spoken primar-
ily in the Guangdong province, Hong Kong, and
Macau, as well as in diaspora communities outside
of China. Bavarian is a group of non-standardized
Upper German dialects spoken in southeastern
Germany (Bavaria), most of Austria, and in north-
ern ltaly (South Tyrol). Though Cantonese and
Bavarian have over 10 million speakers and are
among the top 100 most spoken languages (Eber-
hard et al., 2025), their digital presence is relatively
sparse. Joshi et al. (2020) labeled Cantonese and
Bavarian as “1 - The Scraping-Bys” (i.e., with some
amount of unlabeled data) in a 0-5 scale for lan-
guage resource richness (0 the rarest and 5 the
richest), whereas Mandarin and German are both
“5 - The Winners” (i.e., quintessential resource-rich
languages). For example, there are 10 times more
pages on the Mandarin Chinese Wikipedia (1.5M)
than on the Cantonese Wikipedia (146K), and 100
times more on the German Wikipedia (3.0M) than

Target Language Varieties

3For the sake of simplicity, we use the terms ‘local’
vs. ‘standard’. However, this terminology is somewhat
flawed, as Cantonese is arguably a standardized lan-
guage, especially in Hong Kong. However, speaker
attitudes towards the status of Cantonese as a language
(relative to Mandarin) vary greatly (Groves, 2010).

resented, these local pages still provide informa-
tion that does not appear in standard variety pages,
as shown in Table 1. This asymmetry makes
Cantonese and Bavarian instructive test cases for
studying how knowledge in regional Wikipedia edi-
tions is represented or omitted in LLMs.

3.2. Preprocessing Wikipedia Pages

Aligning Wikipedia pages We follow Litschko
et al. (2025b) to extract and align Wikipedia pages
from both the local and standard varieties. We
obtain 111.6K and 24.6K aligned Wikipedia pages
for Cantonese-Mandarin (yue-cmn) and Bavarian-
German (bar-deu) and covering the majority of
the local pages, 76.2% (111.6K/146.3K) of yue
and 90.4% (24.6K/27.2K) of bar.

Local-heavy filtering Since our study seeks to
manually annotate a small portion of information
uniquely present on local pages, we further fil-
ter to local-heavy pairs. Namely, we only keep
Wikipedia pairs for which both the lead section (typ-
ically the introductory paragraphs)* and the whole
document in the local language edition are longer
than those of the corresponding page in the stan-
dard language. This resembles the di f £+ setting
in Roy et al. (2020), where non-English articles
exceed their English counterparts in length. We
used the Wikipedia API° to extract these lead sec-
tions (page.summary) and texts (page.text).
After filtering, only 5.38% (6.2K/111.6K) and 4.07%

*https://en.wikipedia.org/wiki/
Wikipedia:Manual_of_Style/Lead_section

Shttps://pypi.org/project/
Wikipedia—-API/.
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(1.0K/24.6K) of yue-cmn and bar-deu pairs re-
mained.

This simple filtering has some limitations. Our
preprocessing and annotation only ensure that the
information on the local-language page is absent
from the paired standard page. It remains un-
known whether such information is attested on
other Wikipedia pages of the standard language,
in resources outside of Wikipedia, or even in other
languages beyond our study. Although other ex-
ternal sources of information may exist, our exper-
iments and results clearly show that such infor-
mation from these local Wikipedia pages remains
difficult for LLMs to recall.

Removing direct translations and structural
mismatches Before our annotations, we noticed
that some page pairs are not ideal for our informa-
tion asymmetry annotation, even after our local-
heavy filtering. These include cases that are (i)
translated, if the local page seems to be a direct
translation of the standard page (i.e., containing
almost identical information and having a similar
structure), regardless of whether the translated lo-
cal variety sounds natural or superficial, and (ii)
structural mismatch if either the local page or the
standard page is a disambiguation page or a page
without a lead section, lacking sufficient content
for our information-asymmetry annotation. We ask
annotators to exclude these two cases from QA an-
notation. We found that more than half of inspected
bar-deu pages, 52.5% (261/497), are nearly di-
rect translations, whereas only 26.6% (61/229) for
yue-cmn pages. The proportion of structural mis-
match pages is also higher in bar-deu (28.6%)
than yue-cmn (10.5%). As a result, only 18.9%
(94/497) of bar-deu pairs contain distinctive con-
tent in the local page for QA annotation; compar-
atively, more than half of yue-cmn pairs, 59.8%
(137/229), deliver such information.

3.3. Question-Answering Annotation

We frame our local-heavy information-asymmetry
annotation as a question-answering (QA) task. For
each filtered Wikipedia pair, we ask annotators
to compare both editions and identify information
present only on the local page but absent from the
standard. 137 yue-cmn and 94 bar-deu article
pairs were annotated.

We conduct QA annotations at two levels. The
main contributions are the lead section annotations.
Wikipedia lead sections typically range from a few
dozen to a few hundred tokens (much shorter than
full Wikipedia documents), making it feasible for
annotators to compare pages from two language
varieties and extract information present only in the
local one. Because our study evaluates LLMs on

answering such locally specific information—and
compares performance with and without reference
contexts in the prompt—using concise lead sec-
tions also keeps the experiments tractable. We ad-
ditionally annotate a smaller number of document-
level QAs to assess LLMs’ capability to seek out-
of-context information, which could be useful for
shortcut learning.

Lead section QA annotations For each pair of
lead sections, we ask annotators to identify 2-3
pieces of information that are present only on the
local side and missing on the standard side. We fol-
low Ogundepo et al. (2023) in encouraging annota-
tors to pursue their natural curiosity in discovering
information asymmetry between versions. Annota-
tors are instructed to (i) formulate a question in the
standard language that addresses the information,
(ii) answer the question in both the standard lan-
guage and the local variety, and (iii) highlight texts
on the local section from which the answer was
drawn. We ask annotators to create questions that
(a) are as diverse as possible, (b) can be answered
with a short phrase, and (c) make sense as stand-
alone questions. For example, we ask annotators
to avoid frequently composing questions that ask
for the year/date of an event or require multi-hop
reasoning. WILOVA-QA includes 294 yue-cmn
and 178 bar-deu lead section QA annotations.

Verifying information asymmetry in the full doc-
ument For each lead section QA annotation, we
ask annotators to verify whether the answer can
be found in the full document of the standard page
via a quick string search. If an answer is found, the
supporting sentence(s) are copied into our annota-
tion. Among 294 yue-cmn and 178 bar-deu lead
section QA annotations, the majority, 200 (68.0%)
and 100 (56.2%), cannot be answered even using
the full content of the standard page.

Document-level QA annotations We supple-
ment the WILOVA-QA dataset with 80 and 46
document-level QA annotations for yue-cmn and
bar-deu. We ask annotators to skim through the
whole Wikipedia page of the local and standard lan-
guage varieties and find one piece of information
from the local page that is (a) not on the stan-
dard page and (b) not already annotated at the
lead section level. Document-level QA annotation
is conducted only when some additional informa-
tion from the local page can be observed within
10-15 minutes; thus, it is not annotated on every
Wikipedia page pair.

Annotators We recruited two master’s students
in computational linguistics, one fluent in Can-
tonese and Mandarin and one fluent in Bavarian
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and German. Two annotators were hired and com-
pensated at national salary rates for 50 hours of an-
notation per language. Both annotators report that
annotating each lead-section QA pair takes 5-10
minutes and that annotating each document-level
QA takes 10-15 minutes, mostly due to reading the
lead section and skimming both pages of the docu-
ment. Because a larger portion of bar—deu pages
were translations or structurally mismatched, more
documents had to be screened and discarded, re-
sulting in fewer QA annotations than for yue—cmn.

Quality Control Since the annotators were
asked to extract a few pieces of information they
found prominent from paired Wikipedia pages, their
QA annotations remain non-exhaustive and open-
ended. This makes traditional overlap-based inter-
annotator agreement (IAA) inappropriate to evalu-
ate the quality of WILOVA-QA.

We follow Ogundepo et al. (2023) and ask two
project coordinators, one native Mandarin speaker
and one native German, to review the elicited ques-
tions and answers that are written in Mandarin or
in German. Our quality check includes three as-
pects: (a) grammaticality: if any of the question or
answer is ungrammatical or non-fluent; (b) stanad-
alone validity: if a question cannot function as
an independent, context-free information-seeking
question; and (c) answer appropriateness: if an an-
swer does not directly and fully address its paired
question when considered in isolation. Only a few
questions and answers were flagged and rewritten
on the entire dataset, demonstrating the overall
high quality of our original QA annotations.

4. Experiments

We evaluate state-of-the-art LLMs’ ability to answer
information-seeking questions whose answers are
absent from the Wikipedia page in the prompting
languages, namely Mandarin Chinese and Ger-
man.

Models We evaluate six LLMs from three fam-
ilies: Llama3.1-8B/70B (Grattafiori et al., 2024),
Qwen2.5-7B/72B (Yang et al., 2025a), and gpt-oss-
20B/120B (Agarwal et al., 2025). We use vLLM
(Kwon et al., 2023) as the inference backend for
efficient LLM decoding. We set a low tempera-
ture of 0.3 to encourage more deterministic and
consistent responses for the QA task. Models auto-
matically choose the compute precision based on
their respective settings (dtype=‘auto’), with a
maximum context length of 10K tokens and a max-
imum output length of 5K tokens.

Datasets We use our lead section and document
QA annotations to evaluate LLMs’ ability to answer

information-seeking questions. We also evaluate
on ECLeKTic (Goldman et al., 2025) to compare
performance when retrieving information from an-
other standard language (e.g., French) versus a
local variety (i.e., Cantonese or Bavarian).

Unlike our manual QA annotations, the ECLeK-
Tic dataset generated knowledge-seeking ques-
tions in 12 source languages using Gemini (Anil
et al., 2025), for which the answer appears in a
relevant Wikipedia article in the source language,
but the corresponding Wikipedia pages in the other
11 languages are non-existent. Questions and an-
swers are translated into the other 11 languages
to evaluate LLMs in cross-lingual knowledge trans-
fer. To compare with our WILOVA-QA results, we
assess our LLM selection on a subset of 333 items
sourced from the 10 languages, excluding Man-
darin Chinese (35 items) and German (16 items).
It is also worth noting that the extracted context in
ECLeKTic includes the first 10 sentences of the
Wikipedia pages, which differ slightly from the lead
sections in WILOVA-QA. Additionally, the answers
in ECLeKTic are much shorter (on average 8.3
characters for cmn and 21.0 for deu) than WILOVA-
QA (21.7 for cmn and 83.9 for deu).

Context scenarios We prompt LLMs to an-
swer information-seeking questions in WILOVA-
QA when given different context scenarios: (1a)
question-only: asking the question without any
additional context information; (1b) +standard: pro-
viding lead section text from the Wikipedia article
in the standard language as context; (1c) +local:
providing lead section text from the Wikipedia ar-
ticle in the local language; (1d) +standard+local:
providing lead section texts from both the standard
and the local from Wikipedia articles. Since the
QA annotations are sourced from the Wikipedia
pages in the local languages, we expect +local
and +local+standard to achieve better perfor-
mance than the question-only baseline and +stan-
dard. To isolate retrieval deficiencies attributable
to cross-lingual retrieval rather than context infor-
mation, we additionally assess (1e) +local (trans-
lated) on yue-cmn items: providing translated lead
section (yue—cmn) by using Google Cloud Trans-
lation.® However, due to the lack of existing high-
quality sentence-level Bavarian-to-German trans-
lators (further discussed in Appendix B), we leave
it to future work to evaluate the +local (translated)
context for bar-deu.

For ECLeKTic, we used their translations of
questions and answers into Mandarin/German
and similarly tested three context scenarios: (2a)
question-only: without any additional context infor-
mation; (2¢) +source: providing context text from
the source Wikipedia article in another language;

Shttps://cloud.google.com/translate
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Model Context yue-cmn ] bar-deu .
ROUGE-L chrF++ BERTScore BS-diff LLMaJ | ROUGE-L chrF++ BERTScore BS-diff LLMaJ
question-only 13.96 7.81 17.94 / 7.82 11.38 14.29 11.98 /1517
+standard 14.65 8.20 19.25 +1.31 9.52 15.87  18.99 17.73 +5.75 18.54
Llama3.1-8B  +local 36.63 25.75 4324 +25.30 69.39 26.76  27.40 23.73 +11.75 62.36
+standard-+local 39.28 27.64 43.14 +25.20 65.31 26.21 27.65 26.28 +14.30 61.24
+local (translated) 47.54 34.10 4594 +28.00 71.43 / / / /
question-only 20.60 12.47 26.57 / 14.63 17.89 20.94 23.75 / 24.16
+standard 20.31 13.12 21.12 -5.45  18.37 21.04 2324 27.15 +3.40 25.28
Llama3.1-70B  +local 4220  31.48 5423 +27.66  85.03 28.77 27.33 31.13 +7.38 75.84
+standard-+local 4530 33.35 52.95 +26.38 82.65 28.16  26.57 30.02 +6.27  73.03
+local (translated) 56.47 41.81 55.86 +29.29 82.99 / / / /
question-only 14.40 7.76 19.17 /1122 18.53 2555 26.32 /1236
+standard 17.28 9.24 18.43 -0.74  13.61 19.43  25.49 25.47 -0.85 11.80
Qwen2.5-7B  +local 49.83  37.16 51.93 +32.76 81.97 25.81 28.88 30.62 +4.30 60.11
+standard-+local 48.92  36.31 50.34 +31.17 78.23 2458  28.31 30.53 +4.21  56.74
+local (translated) 55.42  40.97 53.88 +34.71 80.27 / / / /
question-only 17.05 11.35 23.17 / 16.33 18.56  23.39 26.96 /1742
+standard 19.58 12.73 23.83 +0.66  20.75 22.91 28.52 29.63 +2.67 20.22
Qwen2.5-72B  +local 5249  38.79 55.85 +32.68 88.10 35.03 36.82 4028 +13.32 81.46
+standard+local 53.54  40.42 5494 +31.77 85.03 37.13  40.90 44.65 +17.69 76.97
+local (translated) 58.03 42.74 55.92 +32.75 86.39 / / / /
question-only 1732 1214 24.45 /  15.65 14.42  20.86 21.89 /2247
+standard 19.59  13.54 26.88 +2.43  21.09 18.01 23.85 24.98 +3.09 25.28
gpt-00s-20b +local 48.06  35.60 50.74 +26.29 88.44 26.33  29.30 31.04 +9.15  70.79
+standard-+local 4715  35.07 48.29 +23.84 86.39 2514  27.84 29.59 +7.70  68.54
+local (translated) 50.69 37.15 50.56 +26.11 85.37 / / / /
question-only 20.91 14.41 26.24 /  20.41 17.75 23.85 25.98 / 23.03
+standard 23.58  16.18 27.98 +1.74 32,65 20.33  26.35 28.06 +2.08  26.97
gpt-00s-120b  +local 48.34  35.56 50.13 +23.89  89.46 28.90 3241 34.81 +8.83  73.60
+standard+local 48.21 35.34 49.01 +22.77 86.39 2869 33.44 35.03 +9.05 73.03
+local (translated) 5133 37.73 51.12 +24.88 86.39 / / / / /

Table 2: Lead section QA performance, where the key information required to answer the questions is

contained in the +local context. Bold indicates the highest score and

highlights the winner between

+local and +standard, and all other settings higher than the winner. BS-diff measures the difference in
BERTScore compared to the question-only baseline for the same LLM and prompt scenario.

and (2e) +source (translated): providing the trans-
lated context text (others—cmn/deu). As ECLeK-
Tic addresses Wikipedia pages absent in the target
languages, it lacks counterparts to (1b) and (1d).

Due to concerns on prompt-sensitive knowledge
(i.e., facts retrieved only under specific prompt tem-
plates, Yin et al. 2024), we experiment with three
prompt variations in our QA experiments. However,
no significant performance difference is observed,
and, for consistency, we report results using one
of the prompt templates (see Appendix C).

Metrics We use standard evaluation metrics for
Natural Language Generation (NLG) tasks to mea-
sure the similarity between the predicted and ref-
erence answers at the lexical, character, and se-
mantic levels. ROUGE-L (Lin, 2004) evaluates lexi-
cal overlap of the longest common subsequence,
chrF++ (Popovi¢, 2015) captures character-level
similarity that is robust across languages and mor-
phological variants, and BERTScore (Zhang et al.,
2020) measures token-level semantic similarity us-
ing contextualized embeddings from pretrained lan-
guage models. We report F1 for ROUGE-L and
BERTScore.

To complement traditional NLG evaluation met-
rics, we also employ LLM-as-a-judge (LLMad, Chi-
ang and Lee 2023; Zheng et al. 2023). The judge
model (gpt-0ss-20b) takes the question, the refer-
ence answer, and the generated answer as input

and determines whether the generated answer is
correct. We adapt the evaluation prompt from Gold-
man et al. (2025), which is provided in Appendix C.
To verify the reliability and consistency of LLMaJ
as an evaluation method, we manually inspected
50 QA instances evaluated by LLMaJ and found
only one misjudgment (see Appendix D).

Lead section results Table 2 presents our main
results on lead section QA. Adding a standard
lead section (+standard) as context only shows
marginal gain (e.g., +3.40 on bar-deu Llama3.1-
70B) or even sometimes hurts performance (e.g.,
-5.45 on yue-cmn Llama3.1-70B), where +local
substantially improves QA performance over the
baseline (e.g., +27.66 on yue-cmn and +7.38 on
bar-deu Llama3.1-70B). This agrees with our hy-
pothesis that providing relevant context in the local
language enhances the quality of LLM-generated
answers. +standard+local generally achieves simi-
lar performance to +local, without further gains.
The improvements on yue-cmn are consistently
larger than those observed on bar-deu. We hy-
pothesize this might be due to LLMS’ poorer ability
to extract relevant information from Bavarian, a
lower-resource language than Cantonese. Table
3 illustrates an example of the generated answers
by our best-performing model Qwen2.5-72B on
the bar-deu example in Table 1. +question-only
and +standard answers contain misinformation, in-
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Question: Woher kommt der Name des Tanzes Hiatamadl? Where
does the name of the dance Hiatamadl come from?

Reference Answer: Der Name des Tanzes kommt vom Tanzlied “Koa
Hiatamadl mog i net”. The name of the dance comes from the dance
tune “Koa Hiatamad| mog i net’.

question-only answer: Der Name des Tanzes Hiatamadl stammt aus
der Mundart des Wiener Umlands und bedeutet so viel wie ,hier tanzt
man“. The name of the dance Hiatamad| comes from the dialect of the
Viennese surroundings and means something like “here we dance’.

+standard answer: Der Name “Hiatamadl” stammt aus dem Bay-
erischen und setzt sich zusammen aus “Hiat” (was “Hlgel” oder “An-
héhe” bedeutet) und “Madl” (was “Madchen” bedeutet). Der Tanz wird
also als “Tanz der Hiigelmadchen” interpretiert, was auf die alpen-
landische Herkunft und die traditionelle Auffihrung durch junge Frauen
hinweist. The name “Hiatamad|” comes from Bavarian and is composed
of “Hiat” (meaning “hill” or “elevation”) and “Madl” (meaning “girl"). The
dance is therefore interpreted as “Dance of the Hill Girls,” which refers
to its Alpine origins and the traditional performance by young women.

+local answer: Der Name des Tanzes Hiatamadl kommt vom Lied
“Koa Hiatamadl mog i net”. The name of the dance Hiatamadl comes
from the song “Koa Hiatamadl mog i net”.

+standard+local answer: Der Name des Tanzes Hiatamadl kommt
vom gleichnamigen Lied “Koa Hiatamadl mog i net”. The name of
the dance Hiatamad| comes from the song of the same name “Koa
Hiatamad| mog i net”.

Table 3: Sample Qwen2.5-72B answers. +local
and +standard+local answers are alike the refer-
ence, whereas question-only and +standard an-
swers contain misinformation highlighted in purple.

cluding falsely claiming that the dance comes from
“Viennese surroundings” and misinterpreting “Hi-
ata” as hill, which means shepherd in Bavarian
(More examples can be found in Appendix D).

Moreover, when local-to-standard translation is
available, for yue—cmn, +local (translated) tends
to further improve scores on ROUGE-L, chrF++,
and BERTScore, achieving the highest score. How-
ever, when measured by the accuracy of LLM-as-
a-judge, +local achieves the highest performance,
except Llama3.1-8B, where +local (translated) per-
forms the best. This discrepancy may stem from
the different nature of the metrics: LLMaJ di-
rectly assesses answer correctness, whereas the
overlap-based metrics measure similarity with the
reference text. These two evaluation perspectives
are complementary, and we leave it to future work
to systematically align these metrics with human
judgments. Moreover, the logographic nature of
Chinese characters (simplified for Mandarin and
traditional for Cantonese) may lead to inconsis-
tent evaluations between the two language groups
at the character and token levels (ROUGE-L and
chrF++). Therefore, we use the semantically based
BERTScore for the follow-up results and analyses
and will present other metrics in Appendix E.

Document-level results Table 4 presents re-
sults on document-level QA annotations to eval-
uate LLMs’ capability in answering out-of-context
questions. Adding additional context, such as
+standard, +local, or +local (franslated), slightly im-
proves performance over the question-only base-
line. This minimal improvement is expected, as
the added contexts lack the crucial information

Model Context yue-cmn | bar-deu
question-only 22.42 11.61
+standard +1.55 +1.18

Llama3.1-8B +local -0.24 -0.40
+standard+local +5.06 +7.99
+local (translated) +1.06 /
question-only 24.48 22.39
+standard -0.49 +8.61

Llama3.1-70B  +local +0.42 +1.63
+standard+local +0.68 +5.59
+local (translated) +1.62 /
question-only 23.09 27.39
+standard +0.80 +2.43

Qwen2.5-7B +local -1.08 -5.17
+standard+local +1.01 -6.12
+local (translated) -4.36 /
question-only 25.83 25.36
+standard +2.00 +4.02

Qwen2.5-72B  +local +3.25 +7.54
+standard+local +1.55 +6.64
+local (translated) +0.19 /
question-only 22.44 22.59
+standard -1.13 +3.95

gpt-0ss-20b +local +0.72 +6.32
+standard+local +1.24 +3.09
+local (translated) +3.59 /
question-only 23.23 23.38
+standard +3.05 +6.15

gpt-oss-120b  +local +1.72 +5.75
+standard+local +3.95 +7.51
+local (translated) +1.68 /

Table 4: Document-level BERTScore difference
from question-only baseline; bold indicates best.

needed to answer the questions. Nevertheless,
even context without answer-relevant information
may provide limited benefits by helping the LLM
better identify the topic or domain of the question.
Overall, our results show that answer-relevant con-
text is key to LLM QA performance.

ECLeKTic cross-lingual results We additionally
report ECLeKTic’s cross-lingual retrieval results in
Figure 1. A clear and consistent pattern emerges:
performance improves noticeably when the addi-
tional context contains the key information, even
when the context language differs from the prompt
language. The gains are even larger when the
context is translated into the prompt language, con-
sistent with the trend observed in the results of
WILOVA-QA’s lead section. Because languages in
the ECLeKTic dataset are relatively high-resource,
performance on WILOVA-QA (Table 2) is lower
than on ECLeKTic (Figure 1), indicating that our
low-resource varieties, Cantonese and Bavarian,
pose greater challenges for LLMs.

5. Article Region and Topic

This section provides a fine-grained analysis of
WILOVA-QA’s geographical and topic diversity.
We conduct a stratified evaluation using these la-
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Figure 1: QA performance measured by BERTScore on the ECLeKTic dataset. Results compare context
types of question-only, +context, and +context (translated) across models.

bels and investigate whether QA performance is
more challenging for specific regions or topics.

Topic classification To characterize the topical
coverage of our dataset, we assign a topic la-
bel to each selected article. Two leaders of the
project (one fluent in Mandarin and one fluent in
German) independently annotated the relevant lan-
guage partition, and after adjudication, 14 topic cat-
egories were found relevant: history, sport, geog-
raphy, entertainment-art, animals-plants, politics-
government, food, transportation, science-math-
technology, linguistics, culture-customs, education,
business, and other.

Among the categories, geography (26 yue-cmn
and 35 bar-deu articles) and entertainment-art
(25 yue-cmn and 19 bar-deu) are the two most
frequent in both languages. In our bar-deu data,
geography includes different towns in Bavaria and
Austria, but also outside of the Bavarian speaker re-
gions, such as in Poland, the Faroe Islands, China,
etc. Entertainment-art includes musicians, po-
ets, movies, both in the local region and beyond.
For yue-cmn, geography is also well balanced be-
tween street names and towns in the Cantonese-
speaking regions, and location entities that are
further away, such as in Spain, Australia, etc. En-
tertainment includes many TV shows and movies
produced in Guangdong, Hong Kong, or Macau.

Region classification We also annotate each
article for region relevance to understand the pro-
portion of yue and bar articles that discuss con-
cepts and cultures in the Cantonese- and Bavarian-
speaking regions. Based on lead sections and
Wikipedia categories, we annotate if the articles
discuss information pertinent to the region where
local variety is spoken, general to the standard
language region, or others. Local includes regions
such as Guangdong, Guangxi, Hong Kong, and
Macau for yue and Bavaria, Austria, South Tyrol for

“time,” or

Topic/Region Context yue-cmn | bar-deu
question-only 25.16 28.17

+standard 22.99 31.08

geography +local 57.02 37.23
+standard+local 56.34 43.67

question-only 24.00 22.79

. +standard 28.26 27.59
entertainment-art +local 56.46 4042
+standard+local 57.18 44.07

question-only 26.04 26.86

, +standard 26.26 31.65

local region +local 59.55 |  43.46
+standard+local 58.57 49.19

question-only 23.17 26.96

. +standard 23.83 29.63
allarticles (avg) 1) 55.85 | 40.28
+standard+local 54.94 44.65

Table 5: Lead section BERTScore results of
Qwen2.5-72B on top 2 topics and local articles.

bar. The standard region includes Greater China
and Taiwan, as well as the rest of Germany, ltaly,
and Switzerland. Additionally, we define an oth-
ers category to include articles pertinent to other
specific regions, e.g., 16 yue-cmn articles discuss
Japanese soccer players, as well as concepts that
are region-independent, such as “triangle ruler,
“Doppler effect.” Surprisingly, in both yue-
cmn and bar-deu samples, less than half are local
articles: 49 (35.8%) and 35 (37.2%). The majority
are other articles that discuss concepts beyond
the local or standard language region.

Results Table 5 presents Qwen2.5-72B (over-
all best performing model) results on the top 2
topic labels and local-region articles (full results
on all topic and region labels are in Appendix F).
In general, these stratified performances match
the dataset’s average, indicating that /ocal-relevant
articles are not more challenging for LLMs than
other articles. On yue-cmn, we observe that ex-
plicitly inserting lead sections from Cantonese
achieves the best (or near best for entertainment-
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art) performances. A recent evaluation benchmark,
HKCanto-Eval (Cheng et al., 2025), also shows
that Qwen2-72B (Yang et al., 2024) outperforms
most models on academic, professional, and cul-
tural QA for Cantonese. Overall, our WILOVA-QA
data provides a good testbed for low-resource eval-
uation scenarios of information asymmetry within
and beyond regional knowledge.

6. Conclusion

This paper introduces WILOVA-QA, a Wikipedia-
based question-answering dataset that addresses
information asymmetry across language varieties.
Through experiments on Cantonese—Mandarin and
Bavarian—German, we reveal that current LLMs of-
ten fail to recall local knowledge in closed-book
settings, but can retrieve it effectively once the
relevant local context is provided—highlighting a
clear information asymmetry between high- and
low-resource varieties. The findings suggest that
knowledge gaps in LLMs parallel those observed
on the web, where regional content remains un-
derrepresented. Beyond QA, WILOVA-QA offers a
foundation for studying cross-variety understand-
ing, cultural bias, and regional knowledge access
in multilingual LLMs.
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8. Language Resource References

Omer Goldman, Uri Shaham, Dan Malkin, Sivan
Eiger, Avinatan Hassidim, Yossi Matias, Joshua
Maynez, Adi Mayrav Gilady, Jason Riesa, Shruti
Rijhwani, Laura Rimell, Idan Szpektor, Reut
Tsarfaty, and Matan Eyal. 2025. Eclektic: a novel
challenge set for evaluation of cross-lingual
knowledge transfer.

A. WILoVA-QA statistics

language Bavarian German | Cantonese Mandarin
ISO 639-3 bar deu yue cmn
#speakers 13.7M 134.0M 85.7M 1.2B
(#rank)” (#92) (#12) (#25) (#2)
#wiki-pages® 27.2K  3,053.0K 146.3K 1,501.5K
#aligned-pages 24.6K 111.6K
#local-heavy-pages 1,038 6,173
#inspected-pages 497 229
#qa-pages 94 137
#lead section-qa 178 294
#doc-qa 46 80

Table 6: Statistics of the WILOVA-QA dataset and
included language varieties.

B. Challenges in Bavarian—-German
translation

Machine translation involving Bavarian remains
largely underexplored. Prior work mainly relies
on LLMs to translate from Bavarian to German
(Litschko et al., 2025a; Hoffmann et al., 2025), and
to the best of our knowledge, the only study train-
ing a dedicated MT system for Bavarian is Her and
Kruschwitz (2024). In contrast, high-performing
translation systems exist for Cantonese. To avoid
confounding our question-answering results with
translation errors, we conduct translation experi-
ments only on Cantonese.

C. Prompt Templates

* Prompt template: baseline
Please answer this question: {question}
Please enclose your final answer in <An-
swer>...</Answer> tags. Please make sure
to answer in English.

* Prompt template: standard language sum-
mary
Please answer this question: {question}
Here is some relevant information: {standard
language summary}
Please enclose your final answer in <An-
swer>...</Answer> tags. Please make sure
to answer in English.
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Prompt template: dialect summary

Please answer this question: {question}

Here is some relevant information: {dialect
summary}

Please enclose your final answer in <An-
swer>...</Answer> tags. Please make sure
to answer in English.

Prompt template: standard language sum-
mary + dialect summary

Please answer this question: {question}

Here is some relevant information: {standard
language summary}

Here is some relevant information: {dialect
summary}

Please enclose your final answer in <An-
swer>...</Answer> tags. Please make sure
to answer in English.

Prompt template of LLM-as-a-judge

Your task is to evaluate whether a generated
answer correctly answers the question, us-
ing the provided ground truth answer as refer-
ence.

Question: {question}

Ground Truth Answer: {ground truth}
Generated Answer: {generated answer}
Please output a single capitalized word (YES
or NO) as evaluation result, without any addi-
tional explanation:

- YES: the generated answer is correct accord-
ing to the ground truth answer.

- NO: the generated answer is incorrect ac-
cording to the ground truth answer.

D. Error examples

LLMaJ Misjudgment

index: 204

question: fE K — & & & 1 i BF £ (R R
&% ? (Which clubs has Kazuaki Koezuka
played for?)

answer: KB KM, 3 E AN S 5 (Gamba
Osaka, Kyoto Sanga)

ground truth answer: K3z & il 71 5T &L R T
5. (Gamba Osaka and Kyoto Sanga.)
LLMaJ: NO

QA error even when provided with suffi-
cient context (gpt-oss-120B)

index: 170

question: (RAVNZRIBD) AT H EFEE
#E? (Who is the host of the program "5 Kids
and a Bloke"?)

prompt: EEZE LR (AN/NEER
) M EEREE? XEA—SHEXMN
R (BN EZRARD)  (EiE: 5 Kids

B/o:
And A Bloke, B X EE: AT MZTHK


http://arxiv.org/abs/2502.21228
http://arxiv.org/abs/2502.21228
http://arxiv.org/abs/2502.21228

M) REHEEM HBERAFFIEREA
WY H, &7 HLME, F2016F10H25
2235 &fLFF H #£20:00-20:307E 35 32 & #%
HAEMYTVIR T H &R - T HERFZ K
AR (ENDERRK) BN/ E
F: A R . EERE . VK. BRI
JLe ERPIEE, HHR IR &RAE R
7E<Answer> Fll</Answer> F1%5 2 [6] « 7EFR
ENARERAERNE, FEAEEM
% RERE H A LS . (Please answer the
following question: Who is the host of the
program "5 Kids and a Bloke"? Here is some
relevant information: "5 Kids and a Bloke"
(English: 5 Kids And A Bloke; in Cantonese,
meaning "Five Kids and an Uncle") is a reality
show produced by Television Broadcasts
Limited (TVB), consisting of four episodes.
It was broadcast on Jade Channel every
Sunday night from October 2 to October 23,
2016 (20:00-20:30) and made available for
replay on myTV. The hosts are Tony Hung
and the five child actors from the movie "Little
Big Master": Ho Yuen-ying, Fu Shun-ying,
Wong Sze-nga, Lee Wing-shan, and Chan
Lai-yee. Please answer in Chinese and put
your final answer between the <Answer> and
</Answer> tags. Inside the tags, include only
the final answer, without any explanations or
extra text.)

answer: ik (Tony Hung)

ground truth answer: &tk AIRE (A4
INEZRIRA) BRI TANER: MR HRE
&« FIRFHE - 220k - PREJL - (Tony Hung
and the five child actors from the movie "Little
Big Master": Ho Yuen-ying, Fu Shun-ying,
Wong Sze-nga, Lee Wing-shan, and Chan
Lai-yee.)

LLMaJ: NO

QA answer comparison across different
contexts for the same model (Llama3.1-
70B): Cantonese-Mandarin

question: #EZ=E e R E K E 5 ERE
#1? (What is the Cantonese romanization, of
the word “#HZ [ ?)

question-only: zin3 zau3 jyun2
answer(+standard): jin4 zhou4 jyun2
answer(+local): zeon3 zau3 jyun2
answer(+standard+local): zeon3 zau3 jyun2
answer(+local(translated)): zeon3 zau3 jyun2
ground truth answer: #Z ) ARG H 1Y
B Pt Fzeon3 zau3 jyun2. (The Cantonese
romanization for “i Z [ is zeon3 zau3

Jyun2.)
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* QA answer comparison across different

contexts for the same model (Llama3.1-
70B): Bavarian-German

question: Wo wurde 1983 schon englischer
Rap in der Schweiz gespielt? (Where was
English rap already played in Switzerland in
19837?)

question-only: Basel (Basel)
answer(+standard): Basel (Basel)
answer(+local): Auf dem Radio-Sender DRS
3. (On the radio station DRS 3.)
answer(+standard+local): Auf Radio-Senda
DRS 3 (On the radio station DRS 3.)

ground truth answer: 7983 wurde auf dem
Radiosender DRS 3 schon englischer Rap
gespielt. (In 1983, English rap was already
played on the radio station DRS 3.)

QA answer comparison for the same
context type (+local) across different
models
index: 15
question: & /R = E P E B 5 7 & 2 E?
HIER A S A LA Z#? (Who is the
Commander-in-Chief of the Irish Defence
Forces? Who actually exercises the powers
of the Commander-in-Chief?)
prompt: FEZE LA E: Z/RZEHPE
R &Y BEIER KRR L IR &
WY XEH-EHEXHER: BEWMBEDE
(ZHHE ML : Oglaigh na hEireann -
% 3. Irish Defence Forces) 14 % 8 B 4t
B RN R > HEE LK - 2=
B[R] 12 6 80 77 2 0008 350 45 4B A = % 700l I
D7 AR SR E W B AR AR - BAR LLAEAE 4
BITHAFCBE EEARBPD AR > TE
Bidh & A AR AR BT Z B E - F AR
PrEEE R ER L FAERELME
ERMMEM AT e K Kk HEFER
B By B 7 [ R AR R SE B AR o 1F T3
%, I BRI R i 24 E R T fE<Answer>
Fi</Answers> PR Z 18] - FERRZS N AR B A
MERNE, NEQEENZ REREE M
X - (Please answer the following question:
Who is the Commander-in-Chief of the Irish
Defence Forces? Who actually exercises the
powers of the Commander-in-Chief? Here is
some relevant information: The Irish Defence
Forces (Irish: Oglaigh na hEireann, English:
Irish Defence Forces) are the armed forces
of the Republic of Ireland, consisting of the
Army, Naval Service, Air Corps, and Reserve
Defence Forces. The Commander-in-Chief of
the Irish Defence Forces is the President of
Ireland, but the powers of the Commander-in-
Chief are usually exercised in the President’s



name by the Minister for Defence, whose
advisory body is the Defence Council. The
Irish name of the Defence Forces is identical
to that of the Irish Republican Army, reflecting
the historical continuity between the IRA
and the Defence Forces. Please answer in
Chinese and place your final answer between
the <Answer> and </Answer> tags. Inside the
tags, include only the final answer without any
additional explanation or text.)

llama3.1-8b answer: % /I = 5.5% (President of
Ireland)

llama3.1-70b answer: Z /#4847 (President
of Ireland)

qwen2.5-7b answer: % i [ /5.5t (President of
Ireland)

qwen2.5-72b answer: B M A84% (President
of Ireland)

gpt-0ss-20b answer: % /K = [E B % ) 5 7]
LRFI/R=ZEG: BEIEAT# S LB
ZE K - (The Commander-in-Chief of
the Irish Defence Forces is the President of
Ireland; the one who actually exercises the
powers of the Commander-in-Chief is the
Minister for Defence.)

gpt-oss-120b answer: % /K =% [E [ & i) %4
MOEF AR E R = S, HEFRT R
LA E 2 E B E K - (The nominal
Commander-in-Chief of the Irish Defence
Forces is the President of Ireland, but the
powers are usually exercised in practice by
the Minister for Defence.)

ground truth answer: % /R = [E B % 1 & A
LREZ/RZEG, (HR& LSS TR
A& BRA )08 2 E T RR G, T B R Y
WML 2 E G ZE R & - (The Commander-
in-Chief of the Irish Defence Forces is the
President of Ireland, but the powers of the
Commander-in-Chief are usually exercised
in the President’s name by the Minister for
Defence, whose advisory body is the Defence
Council.)
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E. Complete results of all metrics

Model Context yue-cmn bar-deu
rouge-l chrF++ BERTScore LLMaJd | rouge-l chrF++ BERTScore LLMaJ
question-only 15.66 7.02 22.42 7.50 10.49 12.86 11.61 8.70
+standard 19.41 9.24 23.97 13.75 | 13.31 14.87 12.79 4.35
Llama3.1-8B  +local 17.69 7.90 22.18 8.75 | 11.57 13.32 11.21 4.35
+standard-+local 23.16 10.16 27.48 12.50 19.77 21.11 19.60 6.52
+local (translated) 17.96 8.33 23.48 8.75 / / / /
question-only 18.85 8.05 2448 1250 15.34 17.92 2239 1522
+standard 19.44 10.22 23.99 1250 | 24.76  26.29 31.00 21.74
Llama3.1-70B  +local 19.69 10.69 2490 16.25 | 20.62 22.67 24.02 13.04
+standard+local 21.53 10.39 2516 16.25 | 2419  25.87 27.98 19.57
+local (translated) | 22.08  10.77 26.10 16.25 / / / /
question-only 16.62 8.52 23.09 1250 | 21.96 27.53 27.39 0.00
+standard 20.93 11.01 23.89 1250 | 24.68 31.15 29.82 6.52
Qwen2.5-7B  +local 19.66 8.94 22.01 11.25 | 17.32 2445 22.22 217
+standard+local 20.60 9.06 2410 1125 | 1950 24.50 21.27 4.35
+local (translated) 17.50 8.51 18.73 7.50 / / / /
question-only 19.99 9.63 25.83 17.50 18.80  24.58 2536 10.87
+standard 20.57 10.54 27.83 15.00 | 22.69 29.87 29.38 15.22
Qwen2.5-72B  +local 21.96 10.65 29.08 16.25 | 26.58  33.43 32.90 6.52
+standard+local 2213  11.11 27.38 1750 | 26.15  33.43 32.00 15.22
+local (translated) | 20.17 10.59 26.02 18.75 / / / /
question-only 15.52 8.27 22.44 1250 15.84  20.92 22.59 8.70
+standard 16.42 8.36 21.31 15.00 18.68  23.80 26.54 8.70
gpt-oss-20b +local 18.04 9.54 23.16 16.25 20.19 25.28 28.91 13.04
+standard+local 17.80 10.17 23.68 18.75 | 18.30 23.70 25.68 13.04
+local (translated) 19.49 10.40 26.03 15.00 / / / /
question-only 15.94 9.58 23.23 15.00 16.47 19.74 23.38 13.04
+standard 19.47 11.25 26.28 23.75 | 21.63 26.68 29.53 15.22
gpt-oss-120b  +local 18.93 11.21 2495 2625 | 20.72 26.64 29.13  17.39
+standard+local 22.58 12.94 2718 28.75 | 24.96 30.93 30.89 13.04
+local (translated) | 20.61 11.60 2491  25.00 / / / /

Table 7: Document-level out-of-context QA performance as measured by all metrics. Note that all added
contexts lack the information needed to answer the questions.

Model Context emn deu
rouge-l chrF++ BERTScore LLMadJ | rouge-l chrF++ BERTScore LLMaJ
question-only 17.67 12.15 27.08 10.51 9.97 16.42 29.81 13.81
Llama3.1-8b  +context 3427 31.38 3480 57.36 | 41.87 4413 4769 62.46
+context (translated) 63.83 59.88 63.37 7237 62.07 64.03 58.22 79.88
question-only 25.49 19.29 33.79 21.62 | 23.44 30.08 4494  27.33
Llama3.1-70b  +context 42.03  38.45 43.09 7237 | 49.83 52.67 60.65 76.88
+context (translated) | 74.79  71.39 75.52 86.79 | 76.12 79.15 79.61  86.79
question-only 21.11 13.69 30.57 12.31 8.17 15.36 23.21 7.81
Qwen2.5-7b  +context 42.56  37.82 4391 63.66 | 4046  46.51 4422  67.27
+context (translated) | 73.61 70.82 7421 85.89 | 48.33 56.36 50.77 81.38
question-only 23.63 18.22 33.04 19.22 14.21 23.02 36.30 16.82
Qwen2.5-72b  +context 48.57  44.33 51.82 72.67 | 46.65 54.14 51.62 80.48
+context (translated) | 77.09  73.57 77.47 88.59 | 63.71 70.49 66.37  90.69
question-only 15.37 13.28 2452 15.62 10.75 18.31 32.09 15.02
gpt-0ss-20b +context 39.84 36.24 40.16 76.88 | 49.92 57.16 55.16  78.68
+context (translated) | 66.91 63.63 67.24 86.79 | 63.11 69.20 67.17 88.29
question-only 18.99 16.23 29.38 2252 14.23 22.69 35.38 20.72
gpt-oss-120b  +context 4154  38.44 42.36 79.88 | 4495 5353 49.02 82.58
+context (translated) 65.90 62.31 66.44 87.39 | 58.83 66.05 61.74 88.89

Table 8: QA performance measured by all metrics on the ECLeKTic dataset. Results compare context
types of question-only, +context, and +context (translated) across models.

F. Topic and region results
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Topic Context yue-cmn bar-deu
rouge-l chrF++ BERTScore LLMaJ | rouge-l chrF++ BERTScore LLMaJ
question-only 19.59 11.15 22.33 22.58 10.76 19.80 13.01 33.33
science-math-technology +standard 20.82 13.34 26.42 38.71 13.47 20.25 12.71 33.33
+local 52.86 36.85 53.71 87.10 14.05 22.69 17.89 66.67
+standard+local 52.74 39.43 48.60 90.32 17.28 27.27 2112  66.67
question-only 15.36 11.75 25.16 17.91 19.30 24.43 28.17 9.52
+standard 17.86 12.71 22.99 19.40 24.36 29.37 31.08 9.52
geography +local 5250  40.49 57.02 9552 | 3624  33.23 37.23  80.95
+standard+local 52.54 41.04 56.34  89.55 39.79 39.68 43.67 77.78
question-only 28.96 20.33 41.86 12.50 13.26 17.88 22.96 20.00
politics-government +standard 32.03 24.92 35.28 25.00 19.97 21.87 24.48 30.00
+local 59.47  50.32 66.60 75.00 | 28.72  30.98 35.11  80.00
+standard-+local 59.26 48.81 63.18 62.50 30.20 35.87 41.66 60.00
question-only 38.95 28.78 45.86 20.00 29.06 34.44 39.73 33.33
education +standard 33.09 28.79 50.63 20.00 51.07 53.79 58.32 66.67
+local 85.46 68.38 80.75 100.00 46.77 41.63 37.92 100.00
+standard-+local 79.88 62.84 76.39 80.00 57.71 62.53 66.00 100.00
question-only 19.59 14.72 25.05 0.00 6.96 14.41 14.87 0.00
fransportation +standard 24.05 18.67 29.41 8.00 12.27 26.49 18.70 0.00
+local 62.15 49.81 65.15 96.00 13.82 23.24 14.61 66.67
+standard-+local 64.52 53.78 63.45 84.00 21.45 20.79 16.70 100.00
question-only 6.50 8.01 23.13 0.00 28.65 33.24 42.23 50.00
food +standard 17.10 8.19 20.57 12.50 31.35 44.64 48.60 50.00
+local 53.98  39.67 51.11 8750 | 2895 4231 40.30  75.00
+standard-+local 53.84 39.42 51.00 87.50 27.87 43.94 42.66 50.00
question-only 15.42 414 20.12 0.00 11.14 16.84 22.44 16.67
linguistics +standard 17.04 7.01 19.84 16.67 16.99 24.82 23.37 25.00
+local 45.30 25.83 48.70 83.33 31.12 37.85 43.94 83.33
+standard-+local 59.60 42.43 63.90 100.00 34.99 41.05 45.74 83.33
question-only 11.94 6.29 10.45 12.50 31.75 34.30 41.50 41.67
culture-customs +standard 20.49 7.71 13.62 12.50 23.61 31.18 32.85 33.33
+local 51.93 38.79 50.74 75.00 50.32 52.24 55.31 100.00
+standard-+local 52.15 35.92 51.79 87.50 41.80 4513 50.05 100.00
question-only 15.87 10.81 27.42 33.33 23.43 25.50 28.40 14.29
other +standard 12.37 8.90 25.60 33.33 31.99 40.09 38.61 28.57
+local 40.02 26.36 36.28 66.67 37.59 4414 47.21 85.71
+standard-+local 42.51 26.95 38.60 66.67 39.00 51.04 55.64 85.71
question-only 5.45 4.40 7.59 18.18 19.34 23.53 25.55 20.83
history +standard 10.05 5.96 5.70 9.09 20.95 26.83 26.74 16.67
+local 52.97 38.51 48.87 90.91 35.34 40.31 4513 66.67
+standard-+local 50.38 36.70 42.57 81.82 36.39 42.08 47.05 5417
question-only 21.19 13.04 24.00 18.75 15.06 20.27 22.79 16.22
entertainment-art +standard 25.18 14.66 28.26 16.67 20.89 25.17 27.59 24.32
+local 56.22 39.61 56.46 83.33 33.40 36.82 40.42 86.49
+standard-+local 57.81 42.81 57.18 79.17 35.99 40.87 44.07 83.78

Table 9: Summary-level QA results as measured by all metrics for Qwen2.5-72B across 11 topics.

Region  Context yue-cmn bar-deu
rouge-l chrF++ BERTScore LLMaJ | rouge-l chrF++ BERTScore LLMadJ
question-only 18.81 13.03 26.04 9.90 | 19.01 22.62 26.86 16.67
+standard 21.81 15.31 26.26 1386 | 25.63 29.63 3165 18.33
Local +local 5754 4527 59.55 91.09 | 39.11 38.62 43.46  83.33
+standard-+local 59.02  47.02 58.57 83.17 | 42.00 44.02 4919 76.67
+local (translated) | 60.65  47.76 59.34  89.11 / / / /
question-only 17.76  12.96 23.64 13.79 | 20.77  29.09 32.16 27.27
+standard 21.04 1277 2282 1724 | 2797 36.88 4135 2727
Standard  +local 53.59  39.55 53.13 8276 | 40.62 50.52 52.68  90.91
+standard-+local 53.41 39.09 5223 8276 | 35.17  46.90 50.19 81.82
+local (translated) 56.35  40.99 53.18  79.31 / / / /
question-only 15.83  10.03 2133 20.73 | 18.08 23.24 26.48 16.82
+standard 1794 1113 22.51  25.61 20.85 27.04 2729 20.56
Other +local 49.18  34.67 5405 8720 | 32.16 34.41 3722 79.44
+standard-+local 50.19  36.60 53.18 86.59 | 34.60 38.53 4154 76.64
+local (translated) | 56.72  39.96 5430 85.98 / / / /

Table 10: Summary-level QA results as measured by all metrics for Qwen2.5-72B, divided by article
region classification (Local, Standard, Other).
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