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ABSTRACT

Multilingual Retrieval-Augmented Generation (mRAG) systems enable language
models to answer knowledge-intensive queries with citation-supported responses
across languages. While such systems have been proposed, an open questions is
whether the mixture of different document languages impacts generation and ci-
tation in unintended ways. To investigate, we introduce a controlled methodology
using model internals to measure language preference while holding other factors
such as document relevance constant. Across eight languages and six open-weight
models, we find that models preferentially cite English sources when queries are in
English, with this bias amplified for lower-resource languages and for documents
positioned mid-context. Crucially, we find that models sometimes trade-off doc-
ument relevance for language preference, indicating that citation choices are not
always driven by informativeness alone. Our findings shed light on how language
models leverage multilingual context and influence citation behavior!'}

1 INTRODUCTION

Retrieval-Augmented Generation (RAG) systems have become a core component of modern large
language model (LLM) pipelines, enabling models to answer knowledge-intensive queries by sup-
plementing their limited parametric knowledge with external information (Lewis et al. [2020;
Karpukhin et al.l 2020} |Gao et al., [2024). Given that over 50% of digital content is produced in
languages other than English (Statista, 2025), recent work has extended these systems to multi-
lingual RAG (mRAG) settings, which handle queries and documents in languages beyond English
(Chirkova et al.l [2024; [Wu et al.| [2024).

Despite recent advances, prior work highlights a key challenge in mRAG systems: language pref-
erence—a systematic tendency of models to favor sources written in certain languages during gen-
eration (Park & Lee} [2025)). Understanding this behavior is crucial, as citation patterns shape both
the information users see and the languages prioritized in multilingual knowledge access.

Existing approaches to measuring language preference, however, often fail to capture citation cor-
rectness. In short-form mRAG, preference has been estimated via information overlap (Sharma
et al., |2025) or embedding similarity (Park & Lee} 2025), which do not directly account for cor-
rectness. In long-form mRAG, where outputs contain in-line citations (Zheng et al., [2025; Xu &
Peng, [2025), preference has typically been measured by comparing citation frequencies against the
language distribution of retrieved documents. This signal is coarse and confounded by the relevance
and informativeness of multilingual sources (C;). Moreover, in-line citations are prone to hallucina-
tions (Gao et al., [2023} Zhang et al., [2024), making it unclear whether observed preferences reflect
true attribution or spurious citations (Cs).

To address these challenges, we propose a controlled methodology for measuring language pref-
erence using model internal metrics (illustrated in Figure [I). We first construct a synthetic multi-
parallel dataset of relevant documents, which allows us to isolate the effect of language while con-

trolling for other factors such as document content and relevance ( ; addresses[Cy)). Citation
correctness is then verified through a two-step filtering process ( ; addresses[Ca)) (§3.1). Next,

we compare the accuracy of next token citation predictions (e.g., predicting “2” for document ID 2)

!Code and data will be released upon publication.
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Figure 1: Overview of our approach for measuring language preference. We show both synthetic
data generation and measurement method. Given an English query ¢ and its K relevant evidence
documents D.,,, we first translate the documents into multiple languages Dy, Doy, Dyo . .. (

). We then generate a reference citation-supported report r for each query using ¢ and D, (

). The report r consists of sentence-level statements s;, each paired with a single citation ID ¢;. For
each r, we retain only statements that are verified ( ). Language preference is detected when
the next token prediction accuracy for the correct citation ID decreases as the language of the cited
document is varied ( ).

while varying the language of the same cited document and keeping other variables fixed, includ-
ing the language of remaining documents, document positions in the input context, and the query
language ( ). Differences in citation accuracy between languages indicate a preference for the
higher-accuracy language (§3.2).

Using this setup across eight languages and six open-weight models, we address the overarching
question: Do models preferentially cite documents in certain languages during long-form mRAG?
To further inform building more robust mRAG systems, we empirically address three key ques-
tions: (a) What factors amplify language preference? (b) What role does the query language play in
language preference? and (c) Is citation behavior driven more by document relevance or language?

Our main findings can be summarized as follows:

* Evidence of strong English preference: Across all tested models, we find a pronounced ten-
dency to cite English documents when the query is in English. This preference amplifies when:
(1) the cited document is in a lower-resource language (e.g., Bengali, Swahili), or (2) the cited
document appears in the middle of the input context (§53).

* Language preference towards query language: We show that language preference extends
beyond English: models favor citing evidence documents written in the query language (§6).

* Language outweigh relevance: Last but not least, we show that models frequently cite English
documents even when they are irrelevant to the query, suggesting that language itself exerts a
stronger influence than document relevance in long-form mRAG (§7).

2 RELATED WORK

Multilingual RAG. A growing body of work has examined that large language models (LLMs) are
prone to hallucinations, especially in knowledge-intensive tasks (Augenstein et al., |2024; Huang
et al., 2025a). Retrieval-augmented generation (RAG) mitigates this by retrieving external knowl-
edge sources and incorporating them into generation (Chen et al.| 2024} |Gao et al., 2024). While
early RAG systems largely focused on processing English queries and sources, recent research has
extended these methods to multilingual RAG (mRAG), enabling retrieval and generation across a
wider range of languages (Asai et al.| 2022)). Prior mRAG studies primarily examine the effects of
query language (Chirkova et al.| [2024), the language of relevant or irrelevant evidence documents
(Wu et al., |2024; |Q1 et al., [2025; |Liu et al.| [2025)), document ordering (Ranaldi et al., [2025a), and
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prompting strategies (Ranaldi et al, 2025b) on performance. However, due to cost efficiency and
scalability (Saad-Falcon et al., 2024} [Es et al., 2024), most of this work targets short-form mRAG,
where the output is a brief answer to a factoid-style query (e.g., What is the capital of France?).
In contrast, we focus on long-form mRAG, where models are asked to generate citation-supported
reports in response to open-ended queries (e.g., How does fingerprint unlock work on phones?).

Long-form (m)RAG. Long-form RAG systems build upon prior work on long-form question an-
swering (LFQA) datasets (Dasigi et al., |2021}; [Stelmakh et al., [2023) to generate paragraph level,
citation-supported responses for complex, knowledge-intensive queries (Zhao et al.,2024; Wei et al.,
2024;Ju et al.| [2025;|Zhang et al., | 2025). Although evaluating models on long-form outputs is noto-
riously challenging (Qi et al.,2024)), it is also increasingly important as it better mirrors how humans
naturally interact with search engines (Khashabi et al., [2021), making such systems more easily in-
tegrable into search-based workflows like Deep Research platforms (Huang et all [2025b; [Zheng
et al.|2025)). Similarly, we use a long-form RAG dataset, Explain Like I'm Five (ELIS) (Fan et al.,
2019)), to measure language preference.

Language Preference. Language preference describes a systematic tendency for models to favor
sources in certain languages over others. This preference largely arises from differences in training
data distribution, tokenization methods, and resource availability (Wu et al., 2024} [Sharma et al.,
2025} |Shen et al., [2024). Such preference manifests at both the retrieval and generation stages. On
the retrieval side, prior work shows that multilingual information retrieval (MLIR) systems tend to
favor high-resource languages (e.g., English) while under-representing sources in lower-resource
languages, which can degrade retrieval quality (Telemala & Suleman| [2022;|Yang et al.| 2024; Ami-
raz et al.,[2025) and introduce inconsistencies in generation (Chataigner et al.,2024). On the gener-
ation side, language models have been found to more effectively utilize sources written in specific
languages (Park & Leel 2025). Existing studies on short-form mRAG typically measure this by
querying models in different languages and analyzing information overlap (Sharma et al., [2025) or
embedding similarity (Park & Lee, |2025) between outputs and reference answers. In the long-form
setting, prior work approximates language preference by comparing citation rates against the distri-
bution of available documents per language, where over-representation in citations signals bias (L1
et al.| |2025). We build our work on this line of measuring language preference in long-form mRAG,
but through a more controlled experimental setup using model internal metricsE]

3 MEASURING LANGUAGE PREFERENCE IN LONG-FORM MRAG

Our goal is to measure whether LLMs systematically prefer citing evidence in some languages over
others. To do this, we need (a) a multilingual dataset of queries with parallel evidence documents and
verifiable citation-supported reports (, and (b) a measurement method that compares citation
accuracy when the same document is presented in different languages (§3.2). Figure [I] shows the
pipeline for dataset construction and measurement. All prompts are provided in Appendix [A]

3.1 SYNTHETIC DATA GENERATION

Evidence Document Translation. Let D.,, = {di,...,dx} denote the set of K rele-
vant evidence documents in English associated with a query g. Since no parallel long-form mRAG
datasets are publicly available, we construct multilingual variants Dy, . for each target language
liarget € Liarget Using machine translation (MT). If MT, denote a translation function into language
¢, we obtain Dy = {MTy(dy),...,MTy(dk)}. In our experiments, MT, is implemented using
Google Translate API. Despite the challenges of translating long-context documents (Wang et al.,
2023;|Cui et al.l 2024; Wang et al., [2025b), the translation quality remains reasonable, with average
COME quality estimation scores of 0.541. Per-language scores are reported in Appendix

Reference Report Generation. For each query ¢ with associated English evidence doc-
ument set D.,, = {d1,...,dx}, we generate a reference citation-supported report using a strong

20ur measurement method is complementary to SEPER (Dai et al.| |2025)—while SEPER provides a
sampling-based measure of retrieval utility in open-ended generation, our task examines the model’s token-
level probabilities for the citation ID, targeting a more atomic decision.

3Unbabel/wmt 22-cometkiwi-da
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LLM M,en. We select OpenAl 03E] as Mgen, since its outputs were rated highest by human eval-
uators in SciArena (Zhao et al., 2025), a benchmark assessing long-form report generation and
citation quality. The generated report is: r = Mgen (g, Den)ﬂ We segment r into n sentence-level
statements: 7 = (s1, [c1], .., Sn, [cn]), where s; is the i-th statement, and ¢; € {1,..., K} is the
citation ID of the evidence document d.; € D, that M., cites as supporting s;. By construction,
c¢; denotes the citation token appearing in the report after s;.

Statement Pool Construction. Long-form generation with citations is prone to halluci-
nation, with LLMs often introducing factual errors (Ji et al., [2023)) or misattributing information to
incorrect evidence (Gao et al. |2023; Magesh et al.| 2024} |Zhang et al.,[2024). To ensure that only
verifiably supported statements are retained for evaluation, we apply a two-stage filtering pipeline
to the set of statement-citation pairs {(s;, ¢;)}?_; from . We perform filtering only if |¢;| = 1
(i.e., statements with exactly one citation). First, the LLM-as-Relevance-Judge identifies statements
whose cited document is deemed most relevant by the majority of judges—capturing correctness
in the statement — cited document directionff] Second, the NLI entailment check verifies that the
cited document actually entails the information in the statement—capturing in the cited document
— statement direction. Using both steps ensure citation correctness from both directions.

(1) LLM-as-Relevance-Judge: Let Mj,qge = {m1, M2, m3} be the set of judge models that rank
highest on the SciArena benchmark (OpenAl o4 minﬂ> QWEN-3 32B (Yang et al., 2025), and Gem-
ini2.5 Pr{]). Each judge m € Mjyuqge is prompted with statement s; and the full evidence document
set De,, to return the index of the most relevant document j,,, (s;, Dey, ). Here, j,, implements a rel-
ative selection task over all D,,, (i.e., “Which document best supports the statement?”), rather than
an absolute binary support judgment (i.e., “Does this document support the statement?”’), follow-
ing findings that comparative framing improves LLM evaluation accuracy (Godfrey et al.| 2025}
Shrivastava et al.,[2025). The total number of judges selecting the cited document d, is:

votes(s;,¢;) = Z L(jm (i, Den) = ¢i) (1

mMmEMjudge
We retain s; if when the majority of judges agree on the correct judgment: votes(s;,c;) > 2.

(2) NLI Entailment: We use an off-the-shelf Natural Language Inference (NLI) classifier
¢(premise, hypothesis which outputs 1 if the premise entails the hypothesis, and 0 otherwise.
In our setting, d., is the premise and s; the hypothesis. We retain s; if ¢(d.,,s;) = 1. This is in
accordance with the Attributable to Identified Sources (AIS) framework (Rashkin et al., 2023).

In practice, the LLM-as-Relevance-Judge and NLI Entailment filtering stages achieve retain rates of
90.35% and 96.12%, respectively. The final pool consists of 792 statements that pass both ﬁltersﬂ
ensuring that the correctness of each citation used for evaluation is reliably verified|"]

3.2 MEASUREMENT METHOD

Next Token Prediction Analysis. Intuitively, if the model predicts the correct citation token
when the cited document is in English compared to another language, this indicates a preference for
English. To quantify this, for each verified statement-citation pair (s;, ¢;), we measure the accuracy
of the model predicting c; as the top-1 next token.

We first construct a citation prediction prompt ending in the form: x; = s; [, where the bracket [
signals the start of the citation. To test for language preference for English, we define the set of
evaluation languages as Leval = {en} U Liarger, Which includes English and all target languages.
For each statement, we construct contrastive contexts where only the document to be cited, d.,, is
presented in a language ¢ € Lc.a1, While all other evidence documents remain in English. The full
context is denoted as Context(d., — ¢, d-., — en). Given the prompt prefix x;, the model’s next

‘https://openai.com/index/introducing-o3-and-o4-mini/

>On average, reports contain 148.5 words across 4.90 sentences.

®Prior work shows that LLMs provide precise relevance assessments (Ma et al., 2023; Sun et all 2023).
"https://deepmind.google/models/gemini/pro/
8MoritzLauxrer/mDeBERTa—vB—batse—xnlj_—multi]_ingual—nli—Zmil7

°On average, each verified statement contains 33.70 words.

""Human annotation results in Appendixshow high agreement with the automatic filtering judgments.


https://openai.com/index/introducing-o3-and-o4-mini/
https://deepmind.google/models/gemini/pro/
https://huggingface.co/MoritzLaurer/mDeBERTa-v3-base-xnli-multilingual-nli-2mil7

Under review as a conference paper at ICLR 2026

token probability of the correct citation ID token c; corresponding to document d., conditioned on

this context is: p((f)(ci) = Py(t = ¢i|z4, q, Context(d., — ¢, d-., — en)), where P is the model’s

next token distribution given a prefix, and 6 denotes model parameters. We define the model’s top-
. o G 0) o .

predicted citation token as: ¢, = argmax, (p‘9 ), and compute citation accuracy in language ¢ over

n statements as:
n

1 ¢
cc - 1:21 @ ci) (2)
A model exhibits English preference over a target language fiarget € Ltarget if it achieves higher
citation accuracy when the cited document d., is in English than when it is in the target language.
We define the citation accuracy gap as:

A(lrarget) = Accarzet) _ A celen), 3)

In other words, A ({¢arget) quantifies how much more accurately the model cites English documents
compared to the target language, with all other documents fixed to English. To ensure differences in
raw scores are statistically meaningful, we perform pairwise two-sided ¢-tests and apply a Bonferroni
correction to account for multiple comparisons.

4 EXPERIMENT SETUP

Dataset. We use ELI5 dataset (Fan et al., |2019) of long-form questions from the Reddit forum
“Explain Like I'm Five”. For each query, we adopt the WebGPT test set (Nakano et al., [2022)
(270 queries), with relevant evidence documents collected by human annotators using Bing. To
successfully answer a query, the generated output must cite all provided relevant documents. To
ensure the citation IDs are tokenized as single tokens across all evaluated models, we only use
queries with K < 10 evidence documents. Detailed dataset statistics are in Appendix Table[2]

Languages. For Liarqe, We study eight languages representing a diverse range of resource levels
(measured by number of speakers and Wikipedia articles), language families, scripts, linguistic ty-
pologies: Arabic (ar), Bengali (bn), Spanish (es), French (fr), Korean (ko), Russian (ru), Swabhili
(sw), and Chinese (zh). Detailed characteristics per language are outlined in Appendix Table 3]

Models. We use six open-weight LLMs that provide full-access to model weights and support large
enough context windows to handle long-context evidence documents and long-form generations. To
assess the generality of language preference, we evaluate models varying in size, degree of multilin-
guality, and architecture family: LLAMA-3.1 8B and LLAMA-3.3 70B (Grattafiori et al.,|2024),
QWEN-3 8B and 14B (Yang et al.l 2025), GEMMA-3 27B (Team et al., 2025), and AYA23 8B
(Aryabumi et al., [2024])). Details for each model can be found in Appendix Table

5 EVIDENCE OF AN ENGLISH LANGUAGE PREFERENCE

We seek to understand whether models prefer citing evidence documents in English over other lan-
guages in long-form mRAG. To do so, we analyze language preference in a controlled setup where
all provided evidence documents are relevant to the query. We begin by comparing citation accura-
cies across languages, then explore factors that may impact language preference (§5.1). Next, we
perform a layer-wise analysis of model behavior to unfold how language preference evolves (§5.2)).

5.1 Do MODELS PREFERENTIALLY CITE ENGLISH DOCUMENTS?

We define a model exhibits language preference for citing English evidence over the target language
if its citation accuracy is higher for English (A({iarget) < 0 in[Eq. 3). Table |1| presents citation
accuracies by model and language. Overall, we see a consistent English preference across all tested
models and target languagesm Even models explicitly trained on diverse languages and mul-
tilingual tasks, such as AYA23 8B, display this preference. In Appendix we further show
that, for all models, the next token probability of the correct citation ID is the highest—and both the

"In Appendix our embedding-similarity analysis shows that English preference cannot be fully ex-
plained by semantic similarity between the query and the cited document alone.
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Language LLAMA-3.18B QWEN-38B AYA238B QWEN-314B GEMMA-327B LLAMA-3.370B

English 67.4 62.6 60.0 83.0 86.2 85.9

French 62.9 (-1.49) 48.4 (a0 485 (115 T6.0 (7,04 79.0 (701 )%+ TT.4 (550,
Russian 62.1 (530 50.4 100w 481 119wk T48 (817 T7.1 (912 T4.5 (1140
Spanish 62.1 (-530)% 51.9 cloms 49,1 cl090  T7.4 (561 80.2 (-6.04)%x 76.0 (19.90)#x=
Korean 61.7 (568)* 49.7 1o 422 178 703 107k T7.5 (871 69.2 (1675
Chinese 59.9 (751)* 49.2 134y 463 13.7)%%x T35 (9.49)kxx T75.4 (-10.8)%** T4.1 118y
Arabic 59.5 (701 47.6 15000 432 (l6gyErx 72,6 (11040 T8.4 (7.82)wwx 67.3 (-18.6)+*+
Bengali 56.6 (-10.8)%** 41.3 21300 27.2 (:32.8)%%%  65.4 (-17.6)%** T77.9 (-8.33)%%x 68.8 (-17.1y%#x
Swahili 53.0 (1445 30.4 (32200 22,4 (:37.6)%% 54T (283w 74.0 (12,25 67.3 (-18.6)%*

Table 1: Citation accuracies (%) by model and language. We present mean accuracy values

Ace® with A(ltarget) in subscript. Pairwise two-sided ¢-tests are performed to compare accuracy
between English and the target language, with the null hypothesis that the mean citation accuracy
is equal across languages. Bonferroni correction is applied for multiple comparisons. *: significant
with p < 0.05; **: p < 0.01; ***: p < 0.001; non-marked: not statistically significant. Color coding
indicates the magnitude of A(lyarget): largest, second largest, others. Columns: increasing model
size; rows: decreasing A (liarget) (0f first model). All models consistently show English preference.

Shannon entropy and perplexity of the next token distribution is the lowest—when the cited docu-
ment is in English, indicating models are not only more accurate but also more confident in their
correct predictions for English. We also find that smaller models (8B) have lower English baseline
accuracy than larger models (e.g., LLAMA-3.1 70B, GEMMA-3 27B), suggesting that models’
general ability to correctly cite English evidence documents tends to improve with model scale.

Stronger English Preference over Lower-resource Languages. Having established an overall
preference for citing English documents, we next examine which factors amplify this preference.
Using the A(&arget) values from Table [1| (i.e., the drop in citation accuracy relative to English),
we find a clear correlation with language resource level: lower-resource languages exhibit largest
accuracy decreases. For example, Swahili shows the greatest drop (-23.9% on average, up to -
37.6% in AYAa23 8B), followed by Bengali (-18.0% on average, up to -32.8% in AYA23 8B), even
for models that officially support these languages (QWEN-3 8B, 14B, GEMMA-3 27B; Appendix
Table[). In contrast, higher-resource languages such as Spanish and French show smaller decreases
(-8.08% and -8.82% on average, respectively), indicating weaker English preference.

Position Bias Amplifies Language Preference.
We find that the relative position of an evidence i [EEMIETNIEEE
document within the input context impacts cita-  wawnsars [[EIEEHEZE <=

tion accuracy. Figure 2| (left) shows English cita- Qo3 88 o .

tion accuracy binned by the relative position of
the cited document: at the beginning (First), the ~ “*"*™

end (Last), or elsewhere (Middle) in the input  Gemma3278 S
context. Accuracy is generally lowest when the Aya23 88 420 116
document appears in the middle (one exception Fist  Midde  Last Fist  Mdde  Last
is LLAMA-3 70B, which shows the lowest ac-
curacy for the Last position). This aligns with
the “lost in the middle” phenomenon, where
LLMs struggle to access and use information in
the middle of long contexts (Liu et al.| 2024),
here demonstrated for citation generation. Fig-
ure [2] (right) presents the difference in accuracy
between English and the average of target languages across these positionsE For all models, the
largest drop in accuracy occurs when the cited document is positioned in the middle, indicating that
document position not only impacts English accuracy but also amplifies models’ English preference.

Figure 2: English accuracy (left) and the aver-
age of A({iarget) (right) (%) binned by relative
position. Each bin is normalized by sample size.
A(lyarget) is largest when the cited document is
positioned in the middle, indicating that position
bias further amplifies English preference.

In sum, we provide strong evidence that models preferentially cite English evidence documents over
target languages. This finding holds not only for corroborative attribution, which identifies sources
that support a statement, but also for contributive attribution, which captures sources that causally

12Results for each target language can be found in Appendix
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Figure 3: Logit lens visualization per language for LLAMA-3.1 8B (32 layers). z-axis: Last
layer index; y-axis: Statement count. @: Correct citation ID of document in target language;
Incorrect citation ID of document in English; - : Not in valid citation set. Model makes a specific
decision point when selecting which document to cite and largely preserves this choice across later
layers. We only show last 14 layers. Results for other models are in Appendix [D.3]

influence the model’s generation, showing consistent trends (Appendix [E). We further identify two
key factors that amplify this preference: the resource level of the language and the position of the
document within the input context

5.2 MODEL LAYER-WISE ANALYSIS

While our earlier results confirm a strong English preference in citation, we still lack a deeper un-
derstanding on how this preference unfolds during generation. Does the model settle on its initial
choice and persist with it or does it initially favor English documents before shifting toward the
correct target language citation? This question extends prior findings from short-form tasks, where
multilingual LLMs often align their internal representations with English in early layers, transition-
ing to target language-specific spaces only in the final layers (Wendler et al.| 2024; Zhong et al.,
2024;|Wang et al.,[2025aj; Batna et al., [2025}; |Schut et al.,[2025). We ask whether citation generation
in long-form setup follows a similar trajectory: do models initially gravitate toward citing English
documents and only later correct themselves, or is the outcome largely decided as soon as the model
chooses which document to cite?

To probe this, we employ logit lens (Nostalgebraist, 2020), which maps intermediate state represen-
tations of LLMs into the vocabulary space, enabling the ability to track a model’s token prediction
across layers. Since logit lens is tailored to probe a single token, our citation format is a single digit,
and this approach works well for this use case. For each statement, we check whether the top-1
token prediction at a given layer is (1) the correct citation ID ¢; (target language document), (2) an
incorrect ID ¢; (j # i, English document), or (3) not a valid citation token (¢ {1,..., K}, Others).

Figure [3|shows results for LLAMA-3.1 8B. Across all languages, layers 1-17 yield no valid predic-
tions, indicating that the model has not yet figured out the expected output format. Around layers
18-20, both correct and incorrect citation IDs begin to appear, with correct IDs slightly more fre-
quent. Layer 22 marks a sharp peak for both correct and incorrect predictions, suggesting this is
the stage where the model settles on the output format and decides which document to cite. From
layer 23 onward, incorrect IDs remain at a stable rate, showing that once the model commits to an
incorrect citation, it rarely changes. Meanwhile, count for correct IDs steadily increases, replac-
ing the earlier invalid predictions (Others). We also find that the gap between correct and incorrect
predictions narrows notably for lower-resource languages (i.e., Bengali, Swahili), confirming our
earlier findings that these languages exhibit a stronger English preference. Results for other models
are provided in Appendix [D.3]

Overall, these results indicate that models do not initially favor citing incorrect English documents
and then switch to the correct target language. Instead, there is a specific decision point (around

13We further show that our findings remain robust to both—(1) stylistic variations in the citation ID (e.g., IDs
expressed in different languages or formats; Appendix [G) and (2) language variants in the non-cited evidence
documents (Appendix [F).
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layer 22 for LLAMA-3.1 8B), when they decide which document to cite. From that point on, they
largely preserve their initial decision, whether it is correct or not.

6 EFFECT OF THE QUERY LANGUAGE

Our previous analysis demonstrate that models preferentially cite English evidence documents over
those in the target language. A natural follow-up question is whether this pattern persists when the
query itself is in a language other than English: do models still prefer English documents, or do they
prefer documents in the same language as the query?

Setting. We follow the same procedure used to measure English preference (Section [3), with one
modification in (reference report generation). Each user query is translated into the target
language g4, and for each, we generate a reference citation-supported report 74, using K relevant
evidence document translations Dtgtm For (next token prediction analysis), we consider
four context variants differing in the language of the cited document d. and the remaining evidence
documents d_.: (1) Both d. and d—.. in the query language (¢) (®); (2) d. in English, d—. in ¢ (H);
(3) Both d. and d_. in English (A); (4) d. in ¢, d. in English (¢). Higher citation accuracy for
variants @ and ¢ compared to M and A indicates that the model prefers citing documents in the
query language. Conversely, higher accuracy for B and A suggests a persistent English preference
regardless of the query language.

Results. We report citation accuracies for the four variants in Figure [d] broken down by target
language for each model. Across more than half of the model-language combinations (28 out of
48), we observe the highest citation accuracy when the cited document is in the query language and
all other documents are in English (¢). In 17 of these 28 cases, the second-best performance is
when all documents are in the query language (®). Since the ¢ configuration generally outperforms
the @ variant, this suggest that models benefit from a language contrast between the cited and the
remaining documents rather than simply having more documents match the query language. French
follows this trend most strongly, with 4 out of 6 models exhibiting it. One possible explanation
is that, as a relatively high-resource language, models have strong enough French representations,
allowing them to effectively leverage the contrast and identify the most relevant document in context.

We further see that smaller models (8B) generally achieve lower accuracies than larger models (e.g.,
LLAMA-3.3 70B, GEMMA-3 27B), extending our earlier observation from Sectionlﬂlthat model
size improves citation accuracy for English to non-English settings as well. Larger models also
exhibit citation accuracies that are more tightly clustered across the four variants, suggesting greater
robustness to language variation in the input context.

“We use Google Translate API for query translation, with translation quality reported in Appendix Table
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document relevance for language preference. Detailed results are in Appendix Figure 5]

Together, these results suggest that query language plays a key role in models’ language preference:
models tend to favor citing documents in the same language as the query, even when that language
is not English. Interestingly, this mirrors findings in scientometrics literature, where humans also
exhibit an “own-language preference”, tending to select and cite sources in the language of their
writing (Yitzhakil [1998; EGGHE et al.||2005). Detailed numerical results are in Appendix@

7 RELEVANCE VS. LANGUAGE PREFERENCE

Sections [5] and [f] analyzed language preference in a controlled setup where all provided evidence
documents were relevant to the query. In reality, however, retrievers are imperfect, and retrieved
evidence often contains irrelevant or partially relevant documents (Chen et al.,[2023;Jin et al.|[2024).
To better approximate such conditions, we relax the assumption that all documents are relevant and
ask: between relevance and language, which exerts a stronger influence on model citation behavior?

Setting. We compare the effects of document relevance and language by varying the language of
one relevant and one irrelevant document under three conditions@ (1) En-En (--): Both relevant
and irrelevant documents are in English; (2) tgt-En (©): Relevant document in the target language,
irrelevant document in English; (3) En-tgt (' ): Relevant document in English, irrelevant document
in the target language. Since ELIS dataset does not include irrelevant documents, we use MIRACL
(Zhang et al.,2023)), a multilingual RAG dataset with Wikipedia queries. We use the English subset
of the development set, restricting to queries with exactly one relevant document (231 queries).
We randomly use one of the irrelevant documentsm For each query, we follow the same process
described in Section 3] Dataset statistics are in Appendix Table 2]

Results. Our hypotheses are: (a) If citation accuracy in tgt-En is lower than the En-En base-
line, it suggests the model is overly influenced by language, preferring to cite an irrelevant English
document over a relevant target language one, and (b) If citation accuracy in En-tgt exceeds the
baseline, it implies the model more easily ignores irrelevant target language distractors, again sig-
naling English preference. As shown in Figure[3] results support both hypotheses. When the relevant
document is in the target language, accuracies consistently drop below the baseline, indicating that
irrelevant English content more easily mislead the model. Conversely, accuracies for all languages
and models rise above the baseline for En-tgt, suggesting that target language distractors are easier
to dismiss than English distractors. This aligns with recent findings that distractors in the same lan-
guage as the relevant document degrade performance more severely (Qi et al.;,[2025). One interesting
observation is Swahili. Despite yielding the lowest accuracies in ELI5 experiments (see Table[I)), its
performance in the En-tgt setup is relatively high. A possible explanation is its shared Latin script

SWe use this setup to ensure that the model’s decision can vary only along these two dimensions.

IMIRACL simulates a realistic retrieval setting since the irrelevant documents are constructed by (1) using
retrievers to gather candidate passages from the query and a Wikipedia dump, and (2) selecting those labeled
“irrelevant” by human annotators (Zhang et al.| 2023). Therefore, the irrelevant documents are often topically
related to the query but not necessary for answering it—simulating realistic retrieval noise.
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with English, which may make irrelevant Swahili documents appear more plausible choice. Full
numerical results can be found in Appendix [D.7||"’|

8 CONCLUSION

We propose a controlled methodology to measure language preference in long-form mRAG by
isolating language effects while controlling for document content and relevance. Our analysis
shows that models preferentially cite English documents when queries are in English, with this
bias stronger for lower-resource languages and mid-context. Importantly, this preference can out-
weigh relevance, with models often citing irrelevant English documents over relevant non-English
ones. Overall, our findings demonstrate how model internals reveal citation behavior in mRAG and
offer insights for designing more robust, inclusive systems that balance language and relevance.

Limitations. The dataset used in our main experiments, ELIS [2019), has known limi-
tations—such as substantial train-validation overlap and answers that are not often grounded in the
supporting documents (Krishna et al', 2021). However, ELI5 was the only publicly available dataset
that met the requirements of our experiment setup: it provides (1) knowledge-extensive queries
which need long-form, citation-supported answers to respond, and (2) curated evidence documents
that are all required to answer the query. To complement our main results, we additionally run ex-
periments on MIRACL (Zhang et al in Appendix I} and observe the same English (§3) and
query-language preference (§6).

Our analysis uses a controlled setup with several simplifying assumptions—(1) retrieval is complete
and all evidence documents are equally relevant; (2) comparisons are only pairwise with English;
and (3) multilingual RAG is simulated via machine translations (MT) of English documents since
no parallel, long-form mRAG datasets are publicly available. To complement our use of MT, we
show that (a) English preference does not meaningfully correlate with MT quality (Appendix
(b) our findings remain consistent when using naturally occurring queries in the target language
(Appendix [I.2), and (c) with an alternative translation system (Appendix [K). These assumptions
may not fully hold in real-world settings, which could limit the generalizability of our results. Even
so, our study provides valuable insights into language preference that can guide future work on
understanding and improving model citation behavior.

ETHICS STATEMENT

We recognize that research on language preference in multilingual retrieval-augmented generation
can raise issues of fairness, particularly for low-resource and underrepresented languages. Our study
aims to highlight such disparities rather than reinforce them. We caution that models may amplify
English preference in multilingual contexts, with potential implications for inclusivity and equitable
knowledge access.

REPRODUCIBILITY STATEMENT

All datasets used in our experiments are publicly available (ELI5, MIRACL) and are described in
Sectiond]and Appendix [B] including dataset statistics, splits, and preprocessing steps. Our method-
ology for constructing multilingual evidence sets, generating English reference reports, and ver-
ifying citation correctness is documented in Section [3.I] with prompt templates provided in Ap-
pendix [A] We report full per-language translation quality scores (Appendix [D.I)) and include sta-
tistical tests to assess the significance of results (Section [3.2] [5.1] and Appendix [D). To support
reproducibility, we will release our code and processed data upon publication, enabling others to
replicate both our measurement pipeline and analyses.

17We further show that models also trade-off relevance for language preference when queries are posed in a
language other than English in Appendix El
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APPENDIX

A PROMPTS

We present the prompts used for generating the gold citation-supported report (Figure[6)), obtaining
supportedness judgments from LLM-as-judge (Figure [7), and guessing the next token predictions
from the evaluated models (Figure[8). We adopt base prompts from GPTResearcher 2023).

Prompt A.1. Gold Report Generation Prompt

Information:

Document ID: {document ID}
Title: {title}

Content: {content}

Using the above information, respond to the following query or task: {query}.
The response should focus on the answer to the query, should be well structured, informative, and
concise, with facts and numbers if available.

Please follow all of the following guidelines in your response:

- You MUST write in a single paragraph and at most {total words} words.

- You MUST write the response in the following language: {language}.

- You MUST cite your sources, especially for relevant sentences that answer the question.

- When using information that comes from the documents, use citation which refer to the Document ID
at the end of the sentence (e.g., [1]).

- Do NOT cite multiple documents at the end of the sentence (e.g., [1][2]).

- If multiple documents support the sentence, only cite the most relevant document.

- It is important to ensure that the Document ID is a valid string from the information above and that the
information in the sentence is present in the document.

Response:
.

Figure 6: Prompt for generating gold citation-supported reports. Information section is pop-
ulated with the document ID, title, and content of each evidence document. Boldface is only for
emphasis.

Prompt A.2. LLM-as-judge Prompt

Instruction: You are given a query, a document, and a sentence from a generated response that cites the
document in answering the query. Determine which document best supports the information in the cited
sentence. Respond only with the exact document ID. Do not provide any additional explanation.

Query: {query}

Information:

Document ID: {document ID}
Title: {title}

Content: {content}

Cited sentence: {statement}
Response:

Figure 7: Prompt for getting supportedness judgments from LLM-as-judge. Information section
is populated with the document ID, title, and content of each evidence document. Boldface is only
for emphasis.
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Prompt A.3. Next Token Prediction Prompt

Information:

Document ID: {document ID}
Title: {title}

Content: {content}

Using the above information, the response is the answer to the query or task: {query} in a single
sentence.

You MUST cite the most relevant document by including only its Document ID in brackets at the end of
the sentence (e.g., [Document ID]).

Do NOT include any additional words inside or outside the brackets.

Please output ONLY the number of the Document ID that is most relevant to the sentence.

Response: {statement} [

Figure 8: Prompt for guessing the next token prediction. Information section is populated with
the document ID, title, and content of each evidence document. Boldface is only for emphasis.

B DETAILS OF DATASET, LANGUAGES, AND MODELS

We provide detailed statistics of the two long-form RAG datasets used in our experiments (ELIS
and MIRACL) in Table[2] The characteristics of the eight tested languages, including their language
family, script, linguistic typology, and resource level, are summarized in Table[3] For the models, Ta-
ble[]includes their context window size, HuggingFace model identifier, and officially (un)supported
languages. Lastly, Table[5|reports COMET-QE 2020) scores for each target language.

Dataset # Queries Avg. # Words (q) Avg. # Words () Avg. # Words (d) Avg. # Sent (d) Avg. # d per ¢

ELIS 270 15.25 9.64 76.82 4.26 3.49
MIRACL 231 6.87 2.63/2.83 106.59/115.80 5.41/5.88 1.00/9.31

Table 2: Detailed statistics of long-form RAG datasets used. We report statistics for ELIS (Explain
Like I'm Five) and MIRACL. For MIRACL, statistics are shown as relevant / irrelevant documents.
q: query; t: title, d: evidence document.

Language Family Language Script  Synthesis Word Order Resource Level # Speakers # Wikipedia Size

English Latin analytic high 1,130M 5,758,285
French Latin fusional high 398M 2,325,608
Indo-European Spanish Latin fusional high 592M 1,669,181
Russian Cyrillic  fusional mid 260M 1,476,045
Bengali Bengali  fusional SOV low 337M 63,762
Sino-Tibetan Chinese Chinese  analytic high 1,350M 1,246,389
Koreanic Korean Hangul  agglutinative SOV mid 128M 1,133,444
Afro-Asiatic Arabic Arabic fusional VSO mid 630M 656,982
Niger-Congo Swahili Latin agglutinative low 83M 47,7193

Table 3: Characteristics of tested languages. For each language, we show language family, script,
linguistic typologies (synthesis and word order), and resource level measured by the number of

speakers and Wikipedia articles (Zhang et al.}, 2023)).
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Model Context Window HuggingFace Model Identifier Supported Langs Unsupported Langs
LLAMA-3 8B 128K meta-llama/Llama-3.1-8B-Instruct en, es, fr ar, bn, ru, ko, sw, zh
LLAMA-370B 128K meta-llama/Llama-3.3-70B-Instruct en,es, fr ar, bn, ru, ko, sw, zh
QWEN-3 8B 33K Qwen/Qwen3—-8B en, ar, bn, es, fr, ru, ko, sw, zh -

QWEN-3 14B 33K Qwen/Qwen3-14B en, ar, bn, es, fr, ru, ko, sw, zh -

GEMMA-227B 128K google/gemma-3-27b-1it en, ar, bn, es, fr, ru, ko, sw, zh -

AYA23 8B 8,192 CoherelLabs/aya—-23-8B en, ar, es, fr, ru, ko, zh bn, sw

Table 4: List of evaluated models. We report the context window size, HuggingFace model iden-
tifiers, and the officially supported languages during pretraining. Note: Supported language infor-
mation is extracted from each model’s technical report. We use ISO 639-1 codes for languages. We
use QWEN-3 series models with enable thinking=False mode.

Language =~ COMET-QE(¢, ¢) COMET-QE(t,t) COMET-QE(d, d')

Arabic (ar)  0.752 0.541 0.511
Bengali (bn)  0.824 0.584 0.559
Spanish (es)  0.823 0.583 0.564
French (fr)  0.822 0.582 0.566
Korean (ko) 0.816 0.584 0.555
Russian (ru)  0.780 0.557 0.528
Swahili (sw) 0.769 0.544 0.516
Chinese (zh) 0.777 0.561 0.534

Table 5: COMET-QE scores by language. We evaluate the machine translation (MT) quality of
non-English queries (¢), titles (¢), and evidence documents (d) in the ELI5 dataset. Apostrophe ()
indicates MT. Higher scores indicate better MT quality.

C HUMAN ANNOTATION

To validate the two-step automatic filtering process described in Section 3] for identifying supported
statements, we conduct a small-scale human annotation study on 60 sampled statements. We stratify
the sample into 30 “supported” statements (passing both the LLM-as-Judge and NLI entailment
filters and included in the final statement pool) and 30 “unsupported” statements (failing one or both
filters). We conducted a power analysis to justify our sample size. Using a t-test for 2 independent
samples{ﬂ we find that 26 statements per label group (supported and unsupported, total 52) are
required to detect a minimum effect size of Cohen’s d of 0.8 with a significance level of « of 0.05,
and desired power of 0.8.

For each query ¢, statement s;, and cited document d.,, we ask annotators: “How well is the state-
ment supported by the provided document?” Responses are given on a five-point Likert scale from 5
(Definitely) to 1 (Not at all), using instructions similar to those provided when prompting the judge
LLMs (Figure[7). Figure 9] shows the full instructions and an example provided to annotators.

We recruit six annotators from Proliﬁc{f] who resides in the United States with first, primary, and
fluent language as English. We compensate each with USD 8 (equivalent to USD 16/hour), totaling
USD 56 including Prolific platform fees. Each annotator evaluates 30 statements (15 supported
and 15 unsupported) presented in randomized order. Inter-annotator agreement is moderate, with a
Krippendorff’s alpha of 0.559. The average rating for supported statements is 4.15 out of 5, while
unsupported statements average 2.49 out of 5. These results indicate strong alignment between our
automatic filtering process and human judgments of statement supportedness. Figure [T0] plots the
rating distribution for each label group.

Bhttps://www.statsmodels.org/stable/generated/statsmodels.stats.power.
TTest IndPower.html

“https://www.prolific.com/
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1188
1189
1190
1191
1192
1193

Survey Instructions

Welcome!
1194 In this survey, you will be presented with 30 examples. Each example contains: Example 1 /30

« Query — the question posed by an user. .

« Statement — a statement related to the query. Query: Who plays the character Bethany Platt on Coronation Street?
1195 + Document — a passage containing information that may or may not support the statement.
1196 Your task is to decide how well the statement is supported by the document. You should base your judgment Statement: Twins Amy and Emily Walton then shared the role from 2000 until

only on the content of the d . The query is there to gi , but the statement might only Bethany's departure on 30 December 2007.
1197 partially address the query.
Document:

For each example, you will rate the level of support on a scale from 5 (Definitely) to 1 (Not at all).

1 1 98 [Example]

Bethany Platt is a fictional character from the British ITV soap opera,

1199 }eronaztgné\ostsr:et'. SheI wasd t::m;z] on—s;rggg du:nbg the epi:ode br:a;dclast on
. . une . She was played by Mia in and by twins Amy and Emily
1 20 0 Query: What s the difference between a telenovela and 2 s0ap opera? Walton from 200_0 until 30 De_cember 2007 whe_n the character departed. The
Statement: A telenovela is conceived as a finite series, telling a single, self-contained story that ends character was reintroduced with Lucy Fallon taking over the role and Bethany
within about a year or two, whereas a soap opera is produced for an open-ended, potentially decades- made her return on 20 March 2015.
1201 long run
1202 Document; The telenovela, a shotte-form format of seisl melodrama,shares some thematic and | Q. How well is the statement supported by the document? *
especially stylistic similarity to the soap opera, enough that the colloquialism *Spanish soap opera has
1203 arisen to describe the format. The chief difference between the two is length of series; while soap operas O 5: Definitely
usually have indefinite runs, telenovelas typically have a central story arc with a prescribed ending within -
O 4: Mostly

ayear or two of the show's launch, requiring more concise storytelling.

1204 O 3: Somewhat

O 2: Slightly
1205 There are a total of 30 examples. We estimate that the survey will take approximately 30-40 minutes to O 1:Not at all
complete.

1206

1207

1208 (a) Task Instructions (b) Example Annotation

1209

12109 Figure 9: Full instructions and example provided to human annotators. The annotation task was
1211 hosted on a custom-built website. Annotators first viewed a brief task instruction (a), then evaluate
1212 30 statements, with an example shown in (b).

1213

1214

1215

1216

1217

1218

1219

1220

36

|
1221 35 4 Supported
[ Unsupported

1222
1223
1224
1225
1226
1227
1228
1229
1230
1231
1232
1233
1234
1235

a6 Figure 10: Rating distribution for each label group. We plot the distribution of 180 judgments
1257 collected during human annotation (90 supported and 90 unsupported statements). Results show that
1238 annotators can reliably distinguish supported from unsupported statements based on their ratings.
1239

1240

1241

Count

2 3 4
Score (Five-point Likert scale)
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Figure 11: COMET-QE score distributions by language. Distributions are more skewed for
shorter content (e.g., title), while broader distributions for longer content (e.g., evidence document).

D DETAILED RESULTS

D.1 MACHINE TRANSLATION QUALITY

We evaluate machine translation (MT) quality for translated queries, titles, and evidence documents
using COMET-QE scores. We do not perform any filtering based on these scores. Table [3] re-
ports average scores by language, and Figure [T1] shows full score distributions. We find little ev-
idence that MT quality drives English preference. Document COMET-QE scores (last column of
Table [5)) are lowest for Arabic (0.511) and Swahili (0.516), while Bengali shows a relatively high
score (0.559). Yet, citation accuracies (Table |I|) show that Arabic’s ranking varies widely across
models—third lowest for LLAMA-3.1 8B and QWEN-3 8B, lowest for LLAMA-3.3 70B, fourth
lowest for QWEN-3 14B and AYA23, but relatively higher for GEMMA-3 27B. By contrast, Bengali
exhibits the second-strongest English preference after Swahili despite its higher MT quality. This
suggests that resource level, rather than MT quality, is a stronger indicator of English preference.

D.2 EMBEDDING SIMILARITY ANALYSIS

We compute embedding similarity between the query (q) and the cited document (d.) using the
multilingual encoder LABSE (Feng et al] [2022). As shown in Table[f] when the query is in English
(¢ = en), the embedding similarities show no statistically significant difference between cases where
the cited document is in English vs. non-English languages (¢) (columns 1-2). When the query is
in a non-English language (¢ = ¢), we do observe higher similarity scores for cited documents in
the same language as the query (columns 3-4). This suggests that English preference observed in
Table[T] cannot be fully explained by semantic similarity alone.
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Language ¢=en,d.=en qg=end.=¢ q=/{d.=en q=/{d.=/

Arabic 0.579 0.584 0.601 0.653
Bengali 0.579 0.586 0.571 0.637
Spanish 0.579 0.586 0.575 0.645
French 0.579 0.589 0.574 0.648
Korean 0.579 0.577 0.573 0.654
Russian 0.579 0.589 0.571 0.654
Swahili 0.579 0.588 0.574 0.648
Chinese 0.579 0.586 0.573 0.651

Table 6: Embedding similarity between query and cited document computed with LABSE. ¢:
query; d.: cited document, ¢: target language.

D.3 EVIDENCE OF ENGLISH PREFERENCE

Language LLAMA-3.18B LLAMA-3.370B QWEN-38B QWEN-314B GEMMA-327B AYA23 8B

English 0.651 0.991 0.758 0.984 0.980 0.527

Arabic 0.629 (-0.022) 0.990 (-0.001) 0.751 (-0.007) 0.979 (-0.005) 0.968 (-0.012) 0.463 (-0.064)
Bengali 0.647 (-0.004) 0.990 (-0.001) 0.736 -0022)  0.981 (-0.003) 0.977 (-0.003) 0.442 (-0.085)
Spanish 0.626 (-0.025) 0.987 (-0.004) 0.752 (-0.006) 0.981 (-0.003) 0.979 (-0.001) 0.483 (-0.044)
French 0.649 (-0.002) 0.991 (0.000) 0.728 -0.030)  0.983 (-0.001) 0.973 (-0.007) 0.499 (-0.028)
Korean 0.620 (-0.031) 0.982 (-0.009) 0.730 (-0.028) 0.983 (-0.001) 0.955 (-0.025) 0.494 (-0.033)
Russian 0.634 -0.017) 0.990 (-0.001) 0.707 (-0.051) 0.982 (-0.002) 0.961 (-0.019) 0.465 (-0.062)
Swahili 0.630 (-0.021) 0.987 (-0.004) 0.634 (-0.124) 0.967 (-0.017) 0.966 (-0.014) 0.479 (-0.048)
Chinese 0.642 (-0.009) 0.988 (-0.003) 0.706 (-0.052) 0.984 (0.000) 0.976 (-0.004) 0.488 (-0.039)

Table 7: Next token probabilities for the correct citation ID by model and language (7). We
present mean values along with the difference from English baseline indicated in subscript.

Language LLAMA-3.18B LLAMA-3.370B QWEN-38B QWEN-314B GEMMA-327B AYA238B

English 1.106 0.132 0.388 0.064 0.028 1.215

Arabic 1.146 (+0.040) 0.176 (+0.044) 0.500 +0.112)  0.088 (+0.024) 0.063 (+0.035) 1.277 (+0.062)
Bengali 1.169 (+0.063) 0.178 (+0.046) 0.457 (+0.069)  0.095 (+0.031) 0.051 (+0.023) 1.350 (+0.135)
Spanish 1.152 (+0.046) 0.150 (+0.018) 0.460 +0.072)  0.081 (+0.017) 0.048 (+0.020) 1.260 (+0.045)
French 1.122 (+0.016) 0.149 (+0.017) 0.389 (+0.001)  0.075 (+0.011) 0.051 (+0.023) 1.247 (+0.032)
Korean 1.150 (+0.044) 0.166 (+0.034) 0.394 (+0.006)  0.087 (+0.023) 0.059 (+0.031) 1.269 (+0.054)
Russian 1.134 (+0.028) 0.162 (+0.030) 0.412 +0.024)  0.074 (+0.010 0.059 (+0.031) 1.266 (+0.051)
Swahili 1.194 (+0.088) 0.182 (+0.050) 0.508 (+0.120)  0.123 (+0.059) 0.054 (+0.026) 1.254 (+0.039)
Chinese 1.130 (+0.024) 0.159 (+0.027) 0.385 (+-0.003)  0.084 (+0.020 0.067 (+0.039) 1.255 (+0.040)

Table 8: Shannon entropy by model and language (/). We present mean values along with the
difference from English baseline indicated in subscript.

Language LLAMA-3.18B LLAMA-3.370B QWEN-38B QWEN-314B GEMMA-327B AYA238B

English 3.023 1.141 1.474 1.066 1.029 3.370

Arabic 3.147+x 1.193:x 1.649: 1.092:x 1.065# 3.585x
Bengali 3.219+ 1.194s+ 1.579sxx 1.100%#+ 10525 3.857 =
Spanish 3,164 1.162++ 1.584 1.085++ 1050+ 3.526%=
French 3.072 1.161 1.476 1.078 1052+ 3.48 1 #xx
Korean 3,159 1,180+ 1.483 1.091 = 1.06 1+ 3.556
Russian 3.109+ 1176+ 1.51 1.077 1.06 L+ 3.548xx
Swabhili 3.300%+ 1.200x+ 1.662s 1131w 1055 3.506%x
Chinese 3.097 11725 1.47 1.088x+ 1.070#+ 3.509xxx

Table 9: Perplexity values by model and language (]). We present mean values along with the
difference from English baseline indicated in subscript. Pairwise two-sided ¢-tests are performed to
compare perplexity between English and the target language, with the null hypothesis that the mean
perplexity is equal across languages. Bonferroni correction is applied for multiple comparisons. *:
significant with p < 0.05; **: p < 0.01; ***: p < 0.001; non-marked: not statistically significant.
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Figure 12: Accuracy difference between English and each target language binned by relative
position. Each bin is normalized by sample size.

While our main accuracy metric is an intuitive measure, more fine-grained probability changes might
not be captured. Therefore, for each model and language, we report the next token probability
assigned to the correct citation ID (Table [7) and the Shannon entropy of the next token distribution
(Table[8). Across all models, we observe consistently higher probabilities when the cited evidence
document is in English, alongside lower entropy values.

Following SEPER 2023)), we further report the perplexity values in Table §] We show
that they are the lowest for English across all models except QWEN-3 8B, where Chinese is slightly

lower, but the difference is not statistically significant. Together, this suggests that models are not
only more accurate but also more confident when correctly citing English documents.

D.4 POSITION-WISE ACCURACY PER LANGUAGE
We show accuracy gap between English and each target language in Figure [T2] We show that the

findings with the aggregated results in Section[5.1]are consistent for all languages: the accuracy drop
is generally most pronounced when the cited document appears in the middle of the input context.

D.5 LoOGIT LENS ANALYSIS

Figures [[3]to[I7] present logit lens visualizations for each model. We observe different trends:
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Figure 13: Logit lens visualization per language for LLAMA-3.3 70B (80 layers). x-axis: Last
layer index; y-axis: Statement count. We show the last 40 layers. @: Correct citation ID of document
in target language; »<: Wrong citation ID of document in English; - : Not in valid citation set.
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Figure 14: Logit lens visualization per language for QWEN-3 8B (36 layers). z-axis: Last layer
index; y-axis: Statement count. We show the last 14 layers.

LLAMA-3.3 70B. The model follows a trajectory similar to LLAMA-3.1 8B. Both the correct
and wrong citation ID predictions begin to rise around layer 40, peak sharply at layers 52-57, then
decline until layer 60 before increasing again and stabilizing toward the final layers. Throughout,
correct predictions consistently outnumber incorrect ones. As with LLAMA-3.1 8B, the gap be-
tween correct and incorrect predictions narrows for lower-resource languages.

QWEN-3 8B. The model exhibits a staggered pattern, where correct citation IDs peak around layer
26, again at layers 28-30, and once more at the final layer, remaining low in between. While the
model already predicts the correct IDs in earlier layers (28-30), they are overtaken by invalid pre-
dictions just before the final two layers, after which the model uncovers and ends with a final peak
in accuracy.

QWEN-3 14B. Despite belonging to the same QWEN-3 family, this model exhibits a completely
different behavior from QWEN-3 8B. For most of its layers, it fails to predict outputs in the expected
citation format. Only in the final layers (38-40), we observe an increase in correct citation predic-
tions, consistently outpacing incorrect ones. This suggests a more conservative prediction strategy,
where it delays citation prediction until the very end, or it can only recognize the citation format at
the final layers.

GEMMA-3 27B. Similar to the QWEN-3 8B, this model shows a staggered pattern, where incorrect
predictions remain low, while correct predictions generally increase. There are sharp drops around
layers 53-54 and layer 58. However, the model recovers by the final layer, and the count of correct
predictions stays high.

AYA23 8B. This model stands out from the others, as incorrect predictions generally outnumber
correct ones. This aligns with the results in Table [T, where AYA23 8B shows the largest average
accuracy drop for target languages. It is also especially pronounced for lower-resource languages
like Bengali or Swabhili, where the gap between correct and incorrect predictions is even wider.
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Figure 15: Logit lens visualization per language for QWEN-3 14B (40 layers). z-axis: Last layer
index; y-axis: Statement count. We show the last 14 layers.
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Figure 16: Logit lens visualization per language for GEMMA-3 27B (62 layers). z-axis: Last
layer index; y-axis: Statement count. We show the last 18 layers to capture the entire pattern.
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Figure 17: Logit lens visualization per language for AYA23 8B (32 layers). x-axis: Last layer
index; y-axis: Statement count. We show the last 14 layers.
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Model Language d.=/(,d_.=((®) d.=en,d..=¢(M) d.=en,d.=en(A) d.=/{d..=en(")
Arabic 0.616 0572 0.557 0.658
Bengali 0.673 0.619 0.683 0.729
Spanish  0.683 0.639 0.667 0.717
French 0.716 0.713 0.674 0.716
LLAMA-3.18B o oin  0.645 0.646 0.611 0.667
Russian  0.736 0.666 0.686 0.745
Swahili  0.627 0.638 0.640 0.648
Chinese  0.607 0.631 0.579 0.610
Arabic 0.828 0.843 0.858 0.837
Bengali  0.883 0.878 0.875 0.890
Spanish  0.875 0.886 0.877 0.883
French 0.875 0.893 0.880 0.906
LLAMA-3.370B o can  0.866 0.893 0.880 0.857
Russian  0.893 0.912 0.900 0.901
Swahili  0.902 0.902 0.904 0.879
Chinese  0.792 0.815 0.772 0.811
Arabic 0.635 0.598 0.583 0.626
Bengali  0.605 0.560 0.650 0.632
Spanish  0.648 0.600 0.603 0.665
French 0.621 0.575 0.585 0.650
QWEN-3 8B Korean  0.677 0.705 0.672 0.655
Russian  0.710 0.686 0.648 0.673
Swahili  0.477 0.459 0.463 0.479
Chinese  0.538 0.533 0.554 0.487
Arabic 0.832 0.773 0.787 0.843
Bengali 0910 0.892 0.901 0.909
Spanish 0.877 0.842 0.845 0.906
French 0.883 0.857 0.868 0.908
QWEN-3 14B Korean  0.858 0.843 0.853 0.843
Russian  0.889 0.867 0.875 0.898
Swahili  0.759 0.735 0.743 0.697
Chinese  0.744 0.765 0.737 0.730
Arabic 0.823 0.808 0.814 0.859
Bengali  0.868 0.867 0.873 0.897
Spanish  0.852 0.854 0.852 0.897
French 0.863 0.845 0.861 0.898
GEMMA-327B o oan  0.844 0.862 0.853 0.867
Russian  0.878 0.851 0.867 0.902
Swahili  0.832 0.806 0.836 0.896
Chinese  0.811 0.792 0.779 0.792
Arabic 0.464 0.443 0475 0.516
Bengali  0.454 0.401 0.354 0.537
Spanish  0.563 0.577 0.555 0.569
French 0.551 0.574 0.575 0.578
AYA23 8B Korean 0.574 0.537 0.501 0572
Russian 0.531 0.540 0.532 0.590
Swahili  0.427 0312 0.358 0.528
Chinese  0.453 0.460 0.492 0.488

Table 10: Numerical results when the query is in target language. We report accuracies for four
variants per model and language. We use the same shape notation as in Figure @ Best scores for
each row is bold.

D.6 QUERY LANGUAGE VARIANTS

In Table [T0] we report the full numerical results when the query is posed in a target language. We
consider four variants, differing in the language of the cited document and the remaining evidence
documents, following the same notation introduced in Figure[d} (1) d. = ¢,d-. = ¢: all documents
in the query language, (2) d. = en, d-. = ¢: cited document in English and all other documents in
the query language, (3) d. = en, d-. = en: all documents in English, and (4) d. = ¢,d-. = en:
cited document in the query language and all other documents in English. Overall, we find that
models tend to prefer citing evidence in the query language, with d. = ¢, d—. = en configuration
achieving the highest accuracy in more than half of the cases.
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Figure 18: Accuracy per model with one relevant and one irrelevant evidence document in
different languages. @: Relevant doc in target language, irrelevant doc in English; = : Relevant doc
in English, irrelevant doc in target language; - : Baseline, both docs in English.

D.7 RELEVANCE VS. LANGUAGE PREFERENCE

In Figure [I8] we plot citation accuracy for the remaining models (QWEN-3 8B and AYA23 8B)
with one relevant and one irrelevant evidence document in different languages, complementing the
results in Figure[5] Table[IT]reports the full numerical results using the notation from Section[7} (1)
En-En: both relevant and irrelevant documents are in English, (2) tgt-En: relevant document in the
target language and irrelevant document in English, and (3) En-tgt: relevant document in English
and irrelevant document in the target language. Overall, we observe that citation accuracy in tgt-En
is generally lower than the En-En baseline, while En-tgt is consistently higher, both indicating a
strong English preference that persists regardless of differences in document relevance.

E CONTRIBUTIVE ATTRIBUTION PATTERNS

Our analysis of language preference has been based on corroborative attribution, measuring the
probability of generating in-line citations, which identifies sources that support a statement (Menick:
et al.l 2022} Liu et al., [2023). However, if models are citing more English documents, that does
not necessarily mean they are actually attributing on their content. If models truly favor English
sources, we would expect that preference to also appear when we examine contributive attribution,
which identifies sources that cause a model to generate a specific statement.

To test this, we use an attribution model ContextCite

(Cohen-Wang et al., 2024), which estimates the in- Hit @ 1 Score @ 1
fluence of each document on the model’s generation. en e2] am
ContextCite is a fitted linear surrogate model thaten- Joisn p Al
codes the importance of each source in the context $es com wm
by taking ablated contexts m € {0,1}* as input, 2 - -—
where m; = 1 indicates that sentence j is present ~ w ou »u
and m; = 0 indicates that it is masked. The model o N e g il
predicts the ground-truth logit-scaled probability for 02 04 08 08 10 0 5 1 15 2
a glven maSk m as: LLaMA-3.1 8B A Qwen-3 8B Gemma-3 27B

H  LlLaMA-3.370B 4 Qwen-314B Aya23 8B

f(m) =w™m +b, 4)

where w € RX contains per-sentence attribution .
weights and b is a bias term. Figure 19: Hit@1 and Score@1 by model

and language. Higher values indicate more
In our case, given a query g, a set of K relevant doc-  accurate attribution to the cited document.
uments D = {dy,...,dy}, and a pool of statements
{si}, ContextCite returns a ranked list of sentences
from D that most influenced the generation of each s;, along with their attribution scores. Here, D
is composed of the cited document in the target language and all remaining documents in English.
We evaluate attribution quality using two metrics: (1) Hit@1 (1): whether the top-ranked sentence
originates from the cited document, and (2) Score@1 (7): the attribution score w;- of the top-ranked
sentence, indicating its estimated relative importance to the model’s prediction.

30



Under review as a conference paper at ICLR 2026

Model Language En-En tgt-En(]) En-tgt (1)
Arabic 0.944  0.931 0.961
Bengali 0.944 0918 0.965
Spanish 0944 0913 0.970
French 0.944 0.939 0.970
LLAMA-3.18B Korean 0.944 0.952 0.974
Russian 0.944  0.965 0.961
Swahili 0.944 0.974 0.961
Chinese 0944  0.944 0.970
Arabic 0.974 0.935 0.983
Bengali 0.974  0.944 0.987
Spanish 0.974 0.926 0.987
French 0.974 0.957 0.987
LLAMA-3.370B o can 0974 0944 0.978
Russian 0.974 0.957 0.987
Swabhili 0974  0.961 0.978
Chinese 0.974 0.952 0.983
Arabic 0.831 0.796 0.948
Bengali 0.831 0.766 0.931
Spanish 0.831 0.714 0.870
French 0.831 0.775 0.883
QWEN-3 8B Korean 0831  0.836 0.961
Russian 0.831 0.805 0.909
Swabhili 0.831 0.710 0913
Chinese 0.831 0.771 0.922
Arabic 0.961 0.926 0.970
Bengali 0.961 0918 0.987
Spanish 0.961 0.922 0.974
French 0.961 0.944 0.970
QWEN-3 14B Korean 0961 0918 0.974
Russian 0.961 0.935 0.970
Swahili 0.961 0.896 0.974
Chinese 0.961 0.918 0.961
Arabic 0.944 0.887 0.970
Bengali 0.944  0.905 0.970
Spanish 0.944 0.862 0.974
French 0.944 0.905 0.961
GEMMA-327B  yirean 0944 0905 0.965
Russian 0.944 0.931 0.952
Swahili 0.944  0.887 0.961
Chinese 0.944 0.883 0.965
Arabic 0.736 0.753 0.840
Bengali 0.736 0.623 0.844
Spanish 0.736  0.719 0.818
French 0.736 0.740 0.827
AYA23 8B Korean 0736  0.714 0.827
Russian 0.736 0.714 0.827
Swahili 0.736 0.567 0.866
Chinese 0.736  0.727 0.792

Table 11: Numerical results for setup with one relevant and one irrelevant evidence document,
in different languages. We use the same label as in Figure Red denotes tgt-En scores that are

lower than the En-En baseline; Green denotes En-tgt scores that are higher than the baseline.
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Figure [T9] presents both metrics by each model and language. Across all models, both metrics peak
when the cited document is in English, outperforming all target language counterparts. This suggests
that English preference is not merely a surface-level citation pattern but reflects more reliance on
English sources during generation. Full numerical results for Hit@% and Score@Fk (k € {1,3}) are
presented in Table 21}

F LANGUAGE VARIANTS OF NON-CITED DOCUMENTS

As described in Section [3:2} our main measurement setup constructs contrastive contexts in which
only the document to be cited is in English, while all other documents are in the target language.
This design choice isolates the effect of the cited document’s language by holding other factors
constant—changing all other documents would introduce additional confounders that make cross-
language comparison less direct.

To ensure that the observed English preference is not merely an artifact of having the non-cited
documents in English, we conduct an additional experiment in which the language of all non-
cited documents matches the language of the cited document, while keeping the query in English.
Specifically, in Step 4 (next token prediction) of Section [3.2] we replace the original configuration
Context(d., — ¢,d-, — en) with Context(d., — ¢,d—. — £). As shown in Table although
citation accuracy increases relative to the original setup (i.e., where non-cited documents are in En-
glish), accuracies in this new configuration still remain significantly below the English baseline.
This demonstrates that English preference persists even under matched-language contexts.

G CONSTRAINED DECODING RESULTS

While we carefully control our prompt templates (Section [A]), some valid generations may still fall
outside our main accuracy metric—for instance, citation IDs expressed in different languages or
stylistic variants. To address this, we conduct an additional experiment using constrained decoding
(Post & Vilar], [2018)), restricting the model to generate only one of the valid citation ID numbers for
each query. This setup effectively removes all stylistic variation. As shown in Table [I3] English
still achieves the highest citation accuracy, indicating that the English preference persists even when
stylistic differences are fully eliminated.

H RELEVANCE VS. QUERY LANGUAGE PREFERENCE

We conduct the same set of experiments from Section [7]in a setting where the query is in a lan-
guage other than English. We use the same dataset, MIRACL (231 queries) with machine translated
queries, relevant, and irrelevant documents. While fixing the query in target language, we vary the
language of one relevant and one irrelevant document under three conditions: (1) tgt-tgt (*'): Both
relevant and irrelevant documents are in the target (query) language; (2) tgt-En (M): Relevant docu-
ment in the target language, irrelevant document in English; (3) En-tgt (A): Relevant document in
English, irrelevant document in the target language.

Our hypotheses are: (a) If citation accuracy in En-tgt is lower than tgt-tgt or tgt-En, it suggests
that models trade off relevance for query language preference, citing irrelevant target language doc-
uments over relevant English ones, and (b) If citation accuracy of tgt-En exceeds tgt-tgt, it indicates
that models more easily ignore irrelevant English distractors, showing stronger query language pref-
erence over English preference.

As shown in Figure[20] results support the first hypothesis: citation accuracies are generally the low-
est when the relevant document is in English and the distractor is in the query language, showing that
models preferring language over relevance persists for non-English queries. Interestingly, we show
that this trend is most evident for (i) lower-resource languages such as Bengali (bn) and Swabhili (sw)
and (i7) models that reported to support all tested target languages (QWEN-3 8B and 14B, GEMMA-3
27B; Table[d). Conversely, we show mixed results for the second hypothesis. The citation accura-
cies of tgt-En and tgt-tgt are largely similar, suggesting that English distractors are not necessarily
easier at misleading models than those in the target language. Overall, our results imply that models
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Model Language Acc. (d-c; =en) (%,7T) Acc. (d-c; =) (%,1)
English 67.4 67.4
Arabic 59.5 61.8+
Bengali 56.6x 59.25x
Spanish 62.1+ 63.5
LLAMA-3.18B  French 62.9 64.3
Korean 61.7+ 62.7+
Russian 62.1+ 63.2
Swahili 53.0% 57 .8
Chinese 59.9+ 58.9:x
English 85.9 85.9
Arabic 67 .3 T Ao
Bengali 688 78.6*
Spanish 76.0xx 80.3+
LLAMA-3.370B French T7 Lo 80.6*
Korean 69,255 759
Russian 74 .55 78.5%+
Swahili 67 .3 763
Chinese T4 1 T5. T
English 62.6 62.6
Arabic 47 .6 S1. 1w
Bengali 41 .3 46,8
Spanish 51.9wx 546
QWEN-3 8B French 48 4o 50,3
Korean 49 T 55.7
Russian 504 54,6
Swahili 304 39.2ux
Chinese 49 2 50.45
English 83.0 83.0
Arabic 72655 73 8
Bengali 65. 4 7155
Spanish 77.4% 79.3+
QWEN-3 14B French 76.05x 76.9x
Korean T70.35xx 73 8
Russian 74 .8 78.3+
Swabhili 54 T 62,8
Chinese T73.5u T4 Qe
English 86.2 86.2
Arabic 78 4o 79.9:x
Bengali 77 .9 80.3xx
Spanish 80.2++ 82.0
GEMMA-3 27B French 79.0x= 81.4+
Korean 77 .55 80.7+
Russian 77 1w 79 4o
Swabhili 74055 788
Chinese T5 Qo 79. 4
English 60.0 60.0
Arabic 43 Qs 49 Qs
Bengali 27 2w 48 3w
Spanish 49. 1w 52.9+
AvA23 8B French 48 .5 53.1+
Korean 42 2w 47 Qo
Russian 48, 1 51.7%
Swabhili 22 fass 28,9
Chinese 46,3 48,3

Table 12: Citation accuracies (%) when changing the language of non-cited documents. Pair-
wise two-sided ¢-tests are performed to compare accuracy between English and the target language,
with the null hypothesis that the mean citation accuracy is equal across languages. Bonferroni cor-
rection is applied for multiple comparisons. *: significant with p < 0.05; **: p < 0.01; ***: p <
0.001; non-marked: not statistically significant. d_c;: non-cited documents; ¢: target language.
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Language LLAMA-3.18B QWEN-38B AYA238B QWEN-314B GEMMA-327B LLAMA-3.370B

English 82.5 80.8 81.7 71.5 86.7 51.0
Arabic 61.2 (213w 60.5 (-203y==x 659 (1580 O1.2 (16.3)mx 80.2 (-6.5)%x* 41.3 (:9.7)wx
Bengali 59.3 (-23.2)%* 63.5 1730 63.0 -18.7)%+%  52.7 (-24.8)%* 81.4 (5.3 36.4 (-14.6)**
Spanish 70.5 (120w 67.4 13apes T2.0 (07pms 69,1 (8.4 83.5 (3.2)% 47.5 (3.5)%
French T1.0 (1150 66.7 14w TO3 (114 68,2 (103w 83.0 (-3.7)%* 47.0 4.0y
Korean 65.3 (172w 65.5 153= 65,0 16.7)me 62,8 (147w 78.9 (-7.8ymex 39.5 (115w
Russian 69.2 (-13.3 %= 65.9 (140 68.8 (120w 648 (1127 82.1 (46w 43.8 (70w
Swahili 57.1 (-25.4ywes 61.9 189y 47.2 (:34.5p% 43,6 (-33.9y0* 78.4 (-8.3ymex 35.2 (-15.8)0
Chinese 68.8 (-13.7)%5x 68.4 124wk 68.9 (128 63,8 (1137w 79.0 (7.7 39.0 (1205

Table 13: Citation accuracies (%) using constrained decoding. We present mean accuracy values
Acc? with A(lrarget) in subscript. Pairwise two-sided ¢-tests are performed to compare accuracy
between English and the target language, with the null hypothesis that the mean citation accuracy
is equal across languages. Bonferroni correction is applied for multiple comparisons. *: significant
with p < 0.05; **: p < 0.01; ***: p < 0.001; non-marked: not statistically significant. Color coding
indicates the magnitude of A(Ztmget): largest, second largest, others.
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Figure 20: Accuracy per model with one relevant and one irrelevant evidence document in
different languages. © : Both docs in target language; l: Relevant doc in target language, irrelevant
doc in English; A: Relevant doc in English, irrelevant doc in target language. Models also trade off
document relevance for language preference for queries not in English.

show a consistent preference for the query language over relevance, but the distractor’s language
matters less when the query is not in English.

I CORRELATION OF MT QUALITY VS. ENGLISH PREFERENCE

We explicitly analyze the relationship between MT quality and English preference. Using COMET-
QE scores (Section [D.I), we compute segment-level Pearson correlations (1) between MT quality
and answer accuracy at both (1) the statement level: correlating MT quality of the cited document
with statement accuracy, and (2) the query level: correlating MT quality of the query with its aggre-
gated accuracy. As in Tables [T4]and [T3] correlations are consistently none to very weak across all
models and languages, indicating no meaningful link between MT quality and English preference.
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Language LLAMA-3.18B LLAMA-3.370B QWEN-38B QWEN-314B GEMMA-327B AvYA23 8B

Arabic -0.008 0.014 -0.020 0.021 0.022 -0.031
Bengali -0.057 -0.019 -0.071 -0.012 -0.014 -0.041
Spanish 0.007 0.039 -0.018 0.003 0.032 -0.030
French -0.029 -0.024 -0.018 0.036 0.015 -0.010
Korean -0.045 -0.026 -0.022 -0.010 0.000 -0.071
Russian 0.001 -0.057 -0.040 -0.002 -0.007 -0.034
Swabhili -0.028 0.014 -0.002 0.025 0.029 -0.083+
Chinese -0.030 -0.040 0.014 -0.039 0.005 -0.026

Table 14: Pearson’s correlation () between MT quality of cited document and statement accu-
racy. The reported p-values correspond to two-sided significance tests for the null hypothesis that
the true correlation is zero. *: significant with p < 0.05; non-marked: not statistically significant.

Language LLAMA-3.18B LLAMA-3.370B QWEN-38B QWEN-314B GEMMA-327B AvA23 8B

Arabic 0.154+ -0.030 0.128+ 0.133+ 0.027 0.140+
Bengali 0.119 -0.008 -0.011 0.054 -0.046 0.084
Spanish 0.119 0.030 0.210 0.085 0.083 0.126
French 0.153+« 0.043 0.112 0.105 0.068 0.063
Korean 0.083 -0.028 0.073 0.026 0.004 0.031
Russian 0.097 -0.030 0.142 0.033 0.034 0.035
Swahili 0.183+ 0.144+ 0.120 0.155+ 0.076 0.052
Chinese 0.195+ -0.001 0.058 0.028 -0.068 0.083

Table 15: Pearson’s correlation (r) between MT quality of query and aggregated accuracy.
The reported p-values correspond to two-sided significance tests for the null hypothesis that the true
correlation is zero. *: significant with p < 0.05; non-marked: not statistically significant.

J ADDITIONAL EXPERIMENTS WITH MIRACL

To complement our main experiment results on ELIS, we conduct additional experiments for mea-
suring English preference (§3) and query-language preference (§6) on an additional dataset, MIR-

ACL (Zhang et al [2023).

J.1 ENGLISH PREFERENCE

We follow the same procedure as in ELI5 (§3) using the English portion of the development set.
After Step 3 (statement pool construction), we obtain 818 statements. MIRACL is a non-parallel
multilingual RAG dataset—where queries are a mix of long- and short-form and not all evidence
documents are required for answering the query. Therefore, results should be interpreted with some
caution. Despite these differences, Table [[6] shows that English preference observed in ELI5 per-
sists in MIRACL, with the English baseline achieving the highest citation accuracy across target
languages and models. We further report COMET-QE scores for machine-translated queries, titles,
and evidence documents of MIRACL in Table [I7] showing reasonable MT quality (average: 0.835
for queries, 0.797 for titles, 0.727 for documents).

J.2 QUERY LANGUAGE PREFERENCE

MIRACL also provides non-parallel queries and evidence documents natively written in eight tar-
get languages. For each language, we randomly sample 100 queries and translate their associated
evidence documents into English using Google Translate. We then follow the same procedure as in
Section[3] For each supported statement, we compute the next token prediction accuracy while vary-
ing only the language of the cited document (d..) to English (en) or the query language (¢). All other
variables (query and the non-cited documents remain fixed in the query language). This mirrors the
setup in Section [f with the only change being that MIRACL provides naturally occurring data in
target languages. As shown in Table [T8] we observe the same query-language preference: citation
accuracy is consistently higher when d. = /¢ than when d. = en across all tested models. This
indicates that our findings hold for naturally occurring queries and documents in target languages.
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Language LLAMA-3.18B QWEN-38B AYA238B QWEN-314B GEMMA-327B LLAMA-3.370B

English 75.6 83.0 66.8 87.0 85.9 65.5

Arabic 54.8 (208w 63.5 1050k 41T (o5.)kkx 687 (18.3)kkx 69.3 (-16.6)k#* A8.4 (17.1)kxx
Bengali 54.0 -21.6)%** 61.4 216y 38.8 (-28.0y=*+  60.8 (-26.2)%#* 69.3 (-16.6)** 32.6 (-32.9)%*
Spanish 60.8 (1485 T1.6 (114 494 174y 7.5 (0.5 76.0 (-9.0)x= 53.6 (-11.9)
French 60.2 (-15.4)88x T1.0 o0 473 o5 TO.T (103 T4.6 (-11.3)55x 54.5 110y
Korean 54.7 (:20.9) 62.7 203y 452 (2165 659 (211w 67.9 (-18.0y%% 45.0 (20,50
Russian 58.2 (17.4ywwx 68.0 (15.0p0xx 457 (o1 ykex TOT (16.3)0x T1.4 (14.5)0x 52.7 108y
Swahili 52.0 (-23.6)%* 64.1 18090 37.0 298y 59.5 (:27.5y%* 69.4 (16.5)%x 36.2 (2935
Chinese 56.0 (196 64.8 (1820 454 (o1 703 (167w 66.4 (195 45.6 (-19.9)%x

Table 16: Citation accuracies (%) using MIRACL. We present mean accuracy values Ace”) with
A(lftmgct) in subscript. Pairwise two-sided t-tests are performed to compare accuracy between
English and the target language, with the null hypothesis that the mean citation accuracy is equal
across languages. Bonferroni correction is applied for multiple comparisons. ***: significant with
p < 0.001. Color coding indicates the magnitude of A(Ffta,.gct): largest, second largest, others.

Language =~ COMET-QE(¢,¢) COMET-QE(t,t) COMET-QE(d, d')

Arabic (ar) 0.802 0.775 0.683
Bengali (bn) 0.867 0.829 0.758
Spanish (es) 0.851 0.794 0.753
French (fr) 0.847 0.798 0.756
Korean (ko) 0.862 0.814 0.741
Russian (ru) 0.821 0.808 0.703
Swahili (sw) 0.813 0.764 0.715
Chinese (zh) 0.818 0.792 0.706

Table 17: COMET-QE scores by language for MIRACL. We evaluate the machine translation
(MT) quality of non-English queries (), titles (¢), and evidence documents (d) in the MIRACL
dataset. Apostrophe (') indicates MT. Higher scores indicate better MT quality.

K ALTERNATIVE MACHINE TRANSLATION SYSTEM

We replicate the main experiments from Section[5|using an alternative machine translation (MT) sys-
tem to verify whether the English preference trend persists. Specifically, we use TOWER-INSTRUCT
7B|§| (Alves et al.,|2024), a model trained for diverse translation-related tasks including general MT,
automatic post-editing, and grammatical error correction. Table [I9]reports COMET-QE scores by
language. Compared to Google Translate (see Table[5), MT quality shows mixed results, with higher
scores for all languages except Arabic and Bengali.

Table 20| presents citation accuracies per model and language using TOWER-INSTRUCT translations.
We show that the general trend observed with Google Translate persists: models achieve the highest
citation accuracy when the cited document is in English. The accuracy gaps between English and
target languages are all statistically significant (p < 0.001), despite using a stronger MT system
compared to Google Translate. This suggests that the English preference cannot be fully attributed
to using machine-translated documents. Notably, citing Arabic documents leads to the largest per-
formance drop relative to English across all models, likely reflecting the lower COMET-QE scores
for Arabic shown in Table

L USAGE OF LARGE LANGUAGE MODELS

We used LLMs to support and refine the writing of our work. Importantly, we did not rely on
them to generate content or sentences from scratch. Instead, we employed them primarily to polish
the clarity and expression of how we presented our results. In addition, we used them for stylistic
adjustments, such as improving readability and removing layout issues (e.g., widows and orphans).

Yunbabel/TowerInstruct-7B-v0.2
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Language Model Acc. (d. = en) (%,1) Acc. (d. =1) (%, 1)
LLAMA-3.1 8B 45.3 65.7
LLAMA-3.370B 76.6 85.3

Arabic QWEN-3 8B 43.8 64.2
QWEN-3 14B 70.9 83.8
GEMMA-3 27B 64.2 82.3
AYA23 8B 39.3 50.6
LLAMA-3.1 8B 50.7 72.3
LLAMA-3.370B 66.2 81.1

Bengali QWEN-3 8B 46.0 67.6
QWEN-3 14B 71.6 89.9
GEMMA-3 27B 64.9 85.1
AYA23 8B 31.1 53.4
LLAMA-3.1 8B 60.1 65.2
LLAMA-3.370B 75.0 78.4

Spanish QWEN-3 8B 47.9 56.1
QWEN-3 14B 75.9 80.2
GEMMA-3 27B 77.4 79.0
AYA23 8B 46.7 52.7
LLAMA-3.1 8B 68.9 75.4
LLAMA-3.370B 85.8 87.7

French QWEN-3 8B 69.3 73.5
QWEN-3 14B 80.9 90.0
GEMMA-3 27B 84.1 91.6
AYA23 8B 60.2 63.1
LLAMA-3.1 8B 48.9 59.1
LLAMA-3.370B 69.9 76.1

Korean QWEN-3 8B 47.7 65.9
QWEN-3 14B 68.8 81.3
GEMMA-3 27B 65.3 75.6
AYA23 8B 44.9 64.2
LLAMA-3.1 8B 54.3 58.4
LLAMA-3.370B 67.0 72.6

Russian QWEN-3 8B 49.2 65.0
QWEN-3 14B 67.5 80.2
GEMMA-3 27B 67.0 77.7
AYA23 8B 40.1 49.2
LLAMA-3.1 8B 58.0 63.0
LLAMA-3.370B 74.6 79.0

Swahili QWEN-3 8B 44.9 52.2
QWEN-3 14B 62.3 71.0
GEMMA-3 27B 58.7 74.6
AYA23 8B 49.3 57.3
LLAMA-3.1 8B 27.8 46.3
LLAMA-3.370B 48.5 60.4

Chinese QWEN-3 8B 35.6 38.2
QWEN-3 14B 51.9 58.2
GEMMA-3 27B 45.9 63.7
AYA23 8B 30.0 359

Table 18: Results when the query is in target language with MIRACL. d.: cited document; ¢:
target language. Note that results are comparable only within each target language, as MIRACL is a
non-parallel dataset.

37



Under review as a conference paper at ICLR 2026

Language =~ COMET-QE(q, ¢') COMET-QE(t,#) COMET-QE(d, d')

Arabic (ar) 0.467 0.374 0.311
Bengali (bn) 0.802 0.562 0.491
Spanish (es) 0.855 0.595 0.574
French (fr) 0.859 0.598 0.548
Korean (ko) 0.857 0.597 0.554
Russian (ru) 0.839 0.588 0.549
Swahili (sw) 0.787 0.549 0.482
Chinese (zh) 0.817 0.574 0.505

Table 19: COMET-QE scores by language using TOWER-INSTRUCT 7B translations. We eval-
uate the machine translation (MT) quality of non-English queries (g), titles (¢), and evidence docu-
ments (d). Apostrophe (') indicates MT. Higher scores indicate better MT quality.

Language LLAMA-3.18B LLAMA-3.370B QWEN-38B QWEN-314B GEMMA-327B AYA23 8B

English 67.4 85.9 62.6 83.0 86.2 60.0
Arabic 24.6 (-42.8) 21.1 (-64.8) 15.9 (46.7) 26.3 (-56.7) 26.4 (-59.8) 23.2 (-36.8)
Bengali 45.5 52.9 34.1 (285 53.4 52.4 38.6
Spanish 58.5 72.5 50.2 73.4 74.2 475
French 53.0 65.7 41.8 66.4 65.0 425
Korean 55.2 62.6 45.5 65.7 69.8 41.0
Russian 55.1 71.6 48.9 68.1 70.1 433
Swahili 41.7 (257 49.5 (:36.4) 34.2 50.9 (32.1) 48.9 (373 37.1 (229
Chinese 44.2 55.8 37.4 57.7 54.8 39.3

Table 20: Citation accuracies (%) by model and language using TOWER-INSTRUCT 7B trans-
lations. We present mean accuracy values Acc® along with A(gager) in subscript as percent
(%). Pairwise two-sided t-tests are performed to compare accuracy between English and the target
language, with the null hypothesis that the mean citation accuracy is equal across languages. Bon-
ferroni correction is applied for multiple comparisons. All differences are statistically significant (p
< 0.001). Color coding indicates the magnitude of A(liarget): largest, second largest,
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Model Language Hit@1 (1) Hit@3 (1) Score@1 (1) Score@3 (1)
English 0.880 0.971 10.737 11.114
Arabic 0.771 0.928 7.370 7.777
Bengali 0.777 0.908 8.648 9.041
Spanish 0.821 0.934 8.797 9.195
LLAMA-3.1 8B French 0.824 0.943 8.641 9.051
Korean 0.758 0.924 6.649 7.064
Russian 0.804 0.953 8.045 8.495
Swabhili 0.718 0.903 5.768 6.197
Chinese 0.821 0.929 9.976 10.418
English 0.910 0.968 14.749 13.080
Arabic 0.837 0.955 10.138 10.594
Bengali 0.837 0.943 12.874 13.369
Spanish 0.851 0.970 11.081 11.555
LLAMA-3.370B French 0.860 0.970 10.918 11.401
Korean 0.832 0.960 9.249 9.695
Russian 0.861 0.971 10.647 11.117
Swabhili 0.773 0.937 8.363 8.927
Chinese 0.875 0.984 12.576 15.075
English 0.881 0.966 13.128 13.563
Arabic 0.693 0.866 7.183 7.634
Bengali 0.674 0.826 7.912 8.376
Spanish 0.769 0.932 9.200 9.762
QWEN-3 8B French 0.779 0.910 9.274 9.768
Korean 0.684 0.865 6.642 7.138
Russian 0.768 0.929 8.602 9.154
Swabhili 0.444 0.711 3.042 3.487
Chinese 0.755 0.862 10.703 11.053
English 0.880 0.973 12.986 13.399
Arabic 0.746 0.894 8.054 8.472
Bengali 0.722 0.881 9.197 9.683
Spanish 0.818 0.957 10.075 10.562
QWEN-3 14B French 0.826 0.949 10.031 10.465
Korean 0.740 0.899 7.393 7.877
Russian 0.801 0.941 9.227 9.685
Swabhili 0.495 0.745 3918 4.396
Chinese 0.785 0.894 11.511 12.073
English 0.902 0.976 12.321 12.752
Arabic 0.704 0.910 6.891 7.253
Bengali 0.535 0.722 5.784 5.781
Spanish 0.781 0.938 8.347 8.853
GEMMA-3 27B French 0.806 0.932 8.575 9.029
Korean 0.727 0.903 6.516 7.128
Russian 0.776 0.911 8.223 8.771
Swabhili 0.602 0.657 8.002 2.256
Chinese 0.751 0.898 9.504 9.955
English 0.862 0.963 11.729 12.247
Arabic 0.737 0.912 7.180 7.671
Bengali 0.423 0.683 2.087 2.600
Spanish 0.777 0.932 8.665 9.210
AYA23 8B French 0.804 0.927 8.811 9.280
Korean 0.729 0.919 6.622 7.143
Russian 0.765 0.918 8.049 8.608
Swabhili 0.326 0.634 1.627 1.990
Chinese 0.760 0.883 9.955 10.443

Table 21: Numerical results for ContextCite. We report Hit@k and Score@k (where k € {1, 3})
for each model across all languages.
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