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Abstract

Retrieval-augmented generation (RAG) has be-
come a cornerstone of contemporary NLP, en-
hancing large language models (LLMs) by al-
lowing them to access richer factual contexts
through in-context retrieval. While effective in
monolingual settings, especially in English, its
use in multilingual tasks remains unexplored.

This paper investigates the effectiveness of
RAG across multiple languages by propos-
ing novel approaches for multilingual open-
domain question-answering. We evalu-
ate the performance of various multilingual
RAG strategies, including question-translation
(tRAG), which translates questions into En-
glish before retrieval, and Multilingual RAG
(MultiRAG), where retrieval occurs directly
across multiple languages. Our findings reveal
that tRAG, while useful, suffers from limited
coverage. In contrast, MultiRAG improves
efficiency by enabling multilingual retrieval
but introduces inconsistencies due to cross-
lingual variations in the retrieved content. To
address these issues, we propose Crosslingual
RAG (CrossRAG), a method that translates
retrieved documents into a common language
(e.g., English) before generating the response.
Our experiments show that CrossRAG signif-
icantly enhances performance on knowledge-
intensive tasks, benefiting both high-resource
and low-resource languages.

1 Introduction

Retrieval-augmented generation (RAG) aims to
improve the factuality and memory access of large
language models (LLMs) by combining external
knowledge during inference (Lewis et al., 2020b).
RAG is designed to mitigate some of the well-
known limitations of LLMs, including the tendency
for hallucinations and the lack of specific domain
knowledge in the training data (Siriwardhana et al.,
2023; Kandpal et al., 2023).

Augmenting the questions by operating through

relevant information retrieved from external cor-
pora, such as Wikipedia effectively reduced inac-
curate generation, thereby notably improving accu-
racies (Gao et al., 2024; Fan et al., 2024).

Nevertheless, previous efforts focused on En-
glish as the data language in their experiments,
i.e., the language of the user queries and the re-
trieval corpora. Hence, limited attention is af-
forded to studying the type and role of non-English
queries and retrieving multilingual documents to
augment LLMs’ capabilities. To address this gap,
Zhang et al. (2022); Thakur et al. (2024a) proposed
methodologies to evaluate multilingual retrieval.

On the other side of the coin, a series of studies
initiated by Chirkova et al. (2024) have explored
the impact of multilingual documents in the RAG
pipelines, representing an early step towards under-
standing multilingual retrieval and generation.

In this paper, we systematically investigate the
impact of RAG-based pipelines beyond English,
aiming to identify potential challenges and propose
strategies for improving the performance across a
selection of languages. Taking previous work a
step further, we evaluate the benefits of extending
RAG methodologies in multilingual settings by
analysing the effects of different types of retrieved
documents on multilingual generative abilities in
different languages. Complementing the previous
works, we introduce and analyse the trade-off of
different approaches that lead LLMs to harness
multilingual knowledge.

This leads to the main research questions:
RQ1: How does multilingual retrieval affect RAG
accuracy and consistency?
RQ2: What are the benefits and limitations of
incorporating multilingual knowledge in RAG?
RQ3: Which methods could improve multilingual
RAG performance?

To answer these answers, we produce a com-
prehensive evaluation by introducing strategies

697



Question

Il principio di “uniformità della natura” è un framework 
teorico sviluppato da Aristotele.

multilingual-retrieval

Answer

David Hume penso il principio 
di uniformità della natura

Answer

Chi ha ideato il principio di 
uniformità della natura?

Answer

Baseli
ne

“Who conceived the principle 
of the uniformity of nature?”

monolingual-retrieval
translation RAG*question-translation

Crosslingual RAG

Who conceived the 
principle of the 
uniformity of nature?

Uniformitarianis
m or 
Uniformitarian 
Principle…[...]

D. Hume[...] principio 
dell'uniformità della 
natura [...]

Immanuel Kant e David Hume pensarono [...]

Answer

Multilingual RAG

󰎲 󰏅

󰏅󰏢

The concept of "nature's uniformity principle" is a 
theoretical framework developed by Aristotle.

Immanuel Kant thought up 
uniformity of nature principle

Immanuel Kant and David Hume thought up 
nature’s uniformity principle

David Hume thought up nature's 
uniformity principle.

Answer

Immanuel Kant ideò [...]monolingual RAG

(MultiRAG)

(CrossRAG)

(monoRAG)

(tRAG)

*document-translation

Figure 1: Retrieval-Augmented Generation (RAG) pipelines studied in our works. We explore the performances of
different prompting pipelines to handle multilingual queries (§2).

for handling multilingual queries as well as
retrieval stages, as shown in Figure 1. We
use three knowledge-intensive question-answering
tasks properly constructed for multilingual eval-
uation as they best represent multilingual open-
ended question-answering tasks. We then operated
different LLMs, chosen for proficiency in RAG
tasks and multilingual performances, to investi-
gate their capabilities in leveraging multilingual
retrieved knowledge. The main contributions of
our paper are:

• We explore RAG beyond English by showing
the benefits derived from extending the range
of retrieval to multilingual contexts. Firstly,
we show that naïve approaches such as query
translation (tRAG) generate incorrect trans-
lations, leading to wrong retrieval and mis-
leading generations, for instance, Appendix
P. Instead, Multilingual RAG (MultiRAG),
based on multilingual retrieval and language-
specific queries, outperforms monolingual
RAG (monoRAG) based on monolingual re-
trieval sources in the query language.

• We then study the dynamics between the lan-
guages that emerge in MultiRAG. We out-
line the advantages of document retrieval over
heterogeneous knowledge bases, and at the
same time, we display the problems that some
models have when they have to operate with
retrieved knowledge from documents in dif-
ferent languages. Specifically, we show that
the LLMs used in our work are proficient at
understanding multilingual questions but fail

in extracting information, especially in low-
resource languages.

• In order to address these problems with
MultiRAG, we introduce a document-level
translation pipeline (CrossRAG) that allows
the LLMs to handle knowledge-intensive
tasks by operating with retrieved documents
in a single language (i.e. English) but still
providing multilingual responses.

2 Methods

Retrieval-augmented Generations (RAG) meth-
ods improve performance of LLMs in knowledge-
intensive tasks by combining questions with re-
trieved knowledge in context (§2.1).

Although the usefulness of RAG has been
demonstrated, evaluations and further studies are
primarily conducted in English, leaving other lan-
guages unexplored. Hence, we propose a system-
atic study of the portability of RAG pipelines to
languages other than English (§2.2), analysing dif-
ferent approaches to improve the effective value of
expanding retrieval beyond English (§2.3).

2.1 RAG Pipelines

In traditional RAG, knowledge is acquired from
domains D (e.g., Wikipedia or internal databases)
and used during inference to promote accurate gen-
eration. The pipeline is structured into phases:

Retrieval In this phase, the relevant top-k doc-
uments docs = {d1, . . . , dk} are retrieved, based
on the query Q from D, using a retrieval system R.
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RAG Prompt Template

Please answer the question by following the
provided instructions.
#Instructions:
Answer the question as clearly as possible
using the provided reference evidence and
follow the format ’Answer:’
#Reference Evidence:
docs = top-k{hQ,C}, C ∈ D
#Question:Q

Table 1: RAG instructions (prompt) for the model to
elicit they to consider the reference evidence (docs) for
generating an answer to a given question (Q).

During retrieval with R, the question Q and docu-
ments in D are encoded, forming hQ = R(Q) ∈
Rn for query and hD = R(D) ∈ Rn for docu-
ments. Then, the similarity ⟨hQ, hD⟩ is used to
select a collection C from D, consisting of docu-
ments that best match the query. Usually, to im-
prove retrieval quality, the top most relevant doc-
uments are filtered and ordered using a re-ranked
model obtaining docs. Then, they are encoded to-
gether with the query in hQ,C = R(Q, C) ∈ R.
This allows for hQ,C representations, which cap-
ture similarities between the query and the docu-
ments by improving quality and considering simi-
larity, specific contexts, and semantic relevance to
docs = top-k{hQ,C}.

The retriever generally uses a ranker based on ar-
chitectures trained on specific information retrieval
datasets and a customised reranker. Since our work
focuses on using such systems in a multilingual set-
ting, we operate via retriever and re-ranker systems
provided by Cohere detailed in §3.2.

Inference The second phase consists of aug-
menting the LLMs’ capabilities in answering a
given query Q using knowledge delivered from
reference evidence, i.e. the retrieved relevant
documents. The LLM generates the answer A
from LLM(Q, docs). Here, using a well-defined
prompt template to get the LLM to consider re-
trieved documents a source of knowledge is rec-
ommended. Following the earlier RAG heuristics,
we propose a standard template that instructs the
model ("#Instructions") to consider "#Reference
Evidence" in retrieved documents for delivering
the final answer A. An example prompt is reported
in Table 1.

2.2 RAG beyond English

Monolingual RAG (monoRAG) In general RAG
pipelines (§2.1), it is assumed that the query Q and
A are in the same language, which we refer to as
LSL. Consequently, the docs retrieved from DSL

are in LSL. Hence, in this setting, we instruct
the LLM using the template in Table 1, docs =
top-k{hQSL,C} where C ∈ DSL and QSL is in
LSL. For the rest of the paper, we refer to this
setting as monolingual RAG (monoRAG).

Translation RAG (tRAG) Since the knowledge
sources from which retrieval is made are generally
richer in English (Sharma et al., 2024), a practical
way to solve RAG beyond English is to translate
the QSL to English Q̃En using a translation sys-
tem and perform the retrieval from DEn. Then,
we instruct the LLM using the same setting of
monoRAG, but in contrast, the retrieved documents
are docs = top-k{hQ̃En,C} where C ∈ DEn.

Although these strategies can solve the language
barrier by allowing non-English queries to operate,
the scope of retrieval is limited to only one domain,
namely DEn for tRAG and DSL for monoRAG. In
addition to the limited scope, the translation also
affects retrieval (for instance, see the example in
Appendix P).

Multilingual RAG (MultiRAG) Hence, we ex-
tend the scope of the retrieval to many languages.
We use a retriever whose database consists of⋃

Di∈L, i.e. the union across all resources in all
available languages. As in the monoRAG, we in-
struct the LLM to consider the retrieved docu-
ments using the template in Table 1. In contrast
to the previous approaches we use the docs =
top-k{hQSL,C}, where C ∈ ⋃

Di∈L and QSL.

2.3 Cross-lingual RAG

Multilingual retrieval and prompting strategies
broaden the scope of retrieval. As a result, re-
trieved documents can be in any language in D.

Although this is a plus for retrieval, it can de-
grade the LLM’s responses, for example, generat-
ing answers in the wrong language (see example in
Appendix R) because it must combine in-context
documents in different languages.

To solve this issue, we propose Cross-lingual
RAG (CrossRAG), in which the documents are
retrieved as in MultiRAG but are then translated
by an external tool T and delivered at inference
time in English. This approach improves the accu-
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racy of the response without requiring a substantial
additional computational effort.

3 Experiments

We select three multilingual open-domain question-
answering tasks (§3.1) to compare our approaches.
We perform the retrieval and inference phases de-
scribed in §3.2 and perform the evaluations as pre-
sented in §3.3.

3.1 Tasks & Datasets
We use the following question-answering (QA)
tasks: (i) MLQA (Lewis et al., 2020a), (ii) MKQA
(Longpre et al., 2021) and (iii) XOR-TyDi QA
(Asai et al., 2021) as they best represent multilin-
gual open-ended question-answering tasks. These
datasets are extensions of resources that originated
in English. MLQA and MKQA are manually and
machine-translated, whereas XOR-TyDi QA is
translated by professional annotators. We provide
details about the languages covered and the number
of questions in Appendices F and I.

3.2 Experimental Setup
To explore RAG pipelines beyond English, we ap-
ply the methods introduced in §2 based on retrieval
and inference phases.

Retrieval We use Cohere as the retrieval sys-
tem R and Wikimedia_dump as the database D
for all experiments1. Specifically, in the version2

provided by Cohere, individual articles are em-
bedded with multilingual embedding model Co-
here_Embed_V3 (we report the dump composi-
tion in Table 7). Following the approaches pro-
posed by Asai et al. (2023); Chirkova et al. (2024);
Ranaldi et al. (2025d), we retrieve the most rele-
vant passages and use top−5 as in-context knowl-
edge during inference (details in Appendix D). As
described in §2.2 we either use (i) monolingual
retrieval (monoRAG and tRAG) which consists of
retrieval on DSL with documents only in a sin-
gle specific language, or (ii) multilingual retrieval
(MultiRAG and CrossRAG) which consists of
retrieval on

⋃
Di∈L that is the union of multiple Di

in L used in the evaluated task.

Prompting We instruct the LLMs using the
prompts introduced in §2. We then include ex-
plicit instructions that elicit the model to consider

1This pipeline makes it easy to search Wikipedia for infor-
mation and to restrict it to specific languages.

2Cohere/wikipedia-2023-11-embed-multilingual-v3

the input query (#Question:), retrieved documents
(#Reference Evidence:) and deliver the final an-
swer in an “evaluated language” that, by the con-
struction of our experiments, corresponds to the
query language.

Translation As a translation system, in the main
discussion, we use Google Translate3 to
translate for both tRAG and CrossRAG. Further-
more, we investigate the effect of using LLMs as
translation systems operating via GPT-4o and other
approaches detailed discussed in §4.

Models & Inference Settings To get a compre-
hensive evaluation of existing RAG pipelines, we
use three different LLMs: GPT-4o (OpenAI, 2023),
Llama-3-8b-instruct (Touvron et al., 2023) and
Command-R-35b4 (Cohere Inc., 2024). Detailed
settings and model versions are in Appendix A.
We use greedy decoding in all experiments to en-
sure a more deterministic generation process. We
set most deterministic temperatures to 0 and the
maximum generation length to 2048.

3.3 Evaluation

We use flexible exact-match accuracy following
Schick et al. (2023); Mallen et al. (2023), which
is based on whether or not ground-truth answers
are included in the generated answers provided by
the models instead of a strict exact match. Fur-
thermore, for a complete comparison, we follow
Chirkova et al. (2024) to conduct multilingual eval-
uations using the SQUAD evaluation script and
3-gram character level.

4 Results & Discusssions

The empirical results across different languages on
MKQA, MLQA and XOR TyDi QA are reported
in Figure 2. Overall, the experiments confirm
that extending the retrieval scope to multilingual
contexts (MultiRAG) improves the RAG-based
pipelines, outperforming language-specific mono-
lingual RAG (monoRAG) and naïve approaches
that address the language barrier using query trans-
lation (tRAG). Indeed, although monolingual re-
trieval (i.e., monoRAG) achieves benefits com-
pared to the baseline, the retrieved documents
may be limited and consequently could not contain

3used via Google Translate API python package
4To simplify discussion for the rest of the paper, we will

refer to these models using Llama-3-8b and Command-R.
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Figure 2: Performance comparison of models using RAG approaches described in §2 across benchmarks and
settings detailed in §3, separated by average (Avg), high-resource (HR) and low-resource (LR) languages averages.
The values above the bars are the differences with the baselines (no RAG scores).

the necessary information to answer a language-
specific query. Conversely, retrieval from multilin-
gual heterogeneous sources has a broader range of
results. However, multilingual knowledge could
lead models to wrong generations (see the ex-
ample in Appendix R). Therefore, we proposed
CrossRAG to harness MultiRAG retrieval by op-
erating with documents in the same language, i.e.
English.

In the following sections, we analyse the ben-
efits a multilingual retrieval brings when adopted
in a RAG strategy (§4.1), then we examine the ef-
fects across different languages §4.2 and propose
two strategies to improve the practical usage of the
retrieved knowledge in multilingual settings §4.3.
Finally, we conduct additional studies by investi-
gating the role of the retriever and its impact on
the final performances (§5.2), the generated lan-
guages (§5.1) and the robustness on challenging
perturbations (§5.3).

4.1 The impact of RAG beyond English

Figure 2 shows the results obtained from different
LLMs when prompted with RAG-based strategies
in monolingual and multilingual settings as intro-
duced in §2. An overall improvement over baseline
models without RAG can be observed using mono-
lingual RAG, i.e., monoRAG (+8.9% improve-
ment for GPT-4o, +7.9% improvement for Llama-
3-8b and +8.2% improvement for Command-R).
Moreover, the results show that the impact of ex-
tending retrieval to multilingual settings and us-
ing retrieved passages in RAG-based approaches
(MultiRAG strategy) brings clear benefits. In-
deed, performance consistently increases com-
pared to the monoRAG (+5.4% for GPT-4o, +7.1%
for Llama-3-8b and +5.7% for Command-R). This
indicates that multilingual retrieval provides access
to broader information that could be unavailable in
monolingual resources; for instance, in the exam-
ple reported in Appendix Q, the information about
"England Queens" are not available in Chinese

Wikipedia. However, since the scope of retrieval is
wider and the retrieval languages are multiple, the
languages of the retrieved documents may impact
the performance differently, as discussed in §4.2.

4.2 Knowledge Diversity

Multilingual RAG (MultiRAG) shows aver-
age improvements compared to the baselines,
monoRAG and tRAG, where the retrieved docu-
ments are in a single language as discussed in §4).
In MultiRAG, the knowledge retrieved are in dif-
ferent languages (as reported in Figure 3, these are
average documents retrieved per language). The
differences in percentages are due to the composi-
tion of the Wikimedia_dumps (reported in Table 7)
undersized for some languages.

Figure 3: Average percentage languages of retrieved
documents (details in Appendix 13).

Consequently, the effect of MultiRAG is dif-
ferent even between languages. Figure 4 shows
that the effect of MultiRAG on low- (LR) lan-
guages is more marked than high-resource (HR)
languages5. Indeed, comparing MultiRAG with
monoRAG in the case of HR, we observe aver-
age increases of +3.6% for GPT-4o, +4.1% for
Llama-3-8b and +4.4% for Command-R. In con-
trast, for LR, there is an average increase of 6.6%
for GPT-4o, 8.4% for Llama-3-8b and 7.7% for
Command-R).

To gain a comprehensive view of the role of
multilingual retrieval conducted in the MultiRAG

5high- and low-resources explained in Appendix B
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Figure 4: Accuracies monoRAG and MultiRAG in
low- (LR) and high-resource (HR) languages. *(differ-
ences are above the bars).

setting, we performed further experiments by re-
stricting the retrieval to a set formed by specific
language (SL) and English, which we define as
(En+SL). Figure 8 (Appendix M) shows the dif-
ferences in terms of performance when the scope
of the retrieval of MultiRAG is broader, i.e. all
languages available in the dump used in the ex-
periment (Wikipedia versions as detailed in §3)
and (En+SL). On average, extending the scope of
retrieval beyond the subset represented of En+SL
has benefits except GPT-4o in the MKQA task and
Llama-3-8b in the case of MLQA.

Hence, although MultiRAG consistently
achieves higher performance than monoRAG, there
are some cases where the heterogeneity of lan-
guages is not beneficial. For instance, the case in
Appendix R where passages in English is not taken
into account by the model. Therefore, to analyse
whether the component affecting performances is
the ability to leverage the different languages in
different retrieved documents, we propose an inter-
vention strategy by introducing a translation phase
of the retrieved multilingual knowledge and dis-
cuss the results in §4.3.
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Model ∆ ∆ ∆

GPT-4o
Avg +3.8 +1.3 +5.5 +3.5
HR +4.2 +0.7 +2.7 +2.5
LR +1.8 +2.1 +7.1 +3.7

Command-R
Avg +2.2 +2.8 +1.6 +2.2
HR +2.7 +3.7 +3.9 +3.4
LR +5.2 +4.3 +5.5 +5.0

Llama-3-8b
Avg +4.0 +3.2 +1.6 +2.9
HR +1.8 +2.4 +3.9 +2.7
LR +3.7 +4.2 +4.6 +4.1

Table 2: Differences (∆) between CrossRAG and
MultiRAG.*In bold, the highest differences for
model.

4.3 When translating matters

The red bars in Figure 2 show that the average
results obtained by CrossRAG are consistently
better than those of other approaches. In gen-
eral, translating the retrieved information into En-
glish benefits the final performance6. In Table
2, we report the performance improvements over
MultiRAG differentiated for LR and HR. Here,
we observe that in HR, there are improvements of
around +2.5 for GPT-4o and Llama-3-8b and +3.4
for Command-R when compared to MultiRAG.
In contrast, we note larger benefits for LR (respec-
tively +3.7 for GPT-4o, +5 for Command-R and
+4.1 for Llama-3-8b on average). These results
highlight the limitations that the LLMs examined
have when operating via MultiRAG concerning
documents in multiple languages (see the case dis-
cussed in §4.2 in Appendix R).

However, since the translation component mat-
ters, we proposed the same experimental set-
ting using (i) GPT-4o as the translation tool, (ii)
instruction-tuning at the translation level.

t
R
A
G

t
R
A
G

C
r
o
s
s
R
A
G

C
r
o
s
s
R
A
G

Model

GPT-4o
MKQA 46.5 48.3 60.4 62.0
MLQA 46.4 47.9 55.4 58.8
XoR TDQA 37.7 38.2 45.8 49.3

Command-R
MKQA 39.9 40.3 56.4 57.8
MLQA 45.5 46.0 54.8 56.2
XoR TDQA 36.6 37.3 42.0 44.5

Llama-3-8b
MKQA 41.4 42.0 57.2 58.5
MLQA 44.5 44.6 53.6 55.4
XoR TDQA 37.0 37.7 44.5 47.3

Table 3: Average performances using two different
translation systems. *In bold, the differences that ex-
ceed at least 2 points. **XoR TiDy-QA (XoR TDQA)

GPT-4o as translator Here, we propose differ-
ent settings to observe the effect of various systems
on the performance of our CrossRAG. Hence, we
used GPT-4o (GPT-4o as in §3.2) as the transla-
tion tool. Then, using the prompt in Appendix K,
we translated both retrieved documents and ques-
tions (in two distinct experimental phases) and re-
produced the experimental setting proposed earlier.
Table 3 compares the results using two different

6In Appendix U, we experimented with translation into
languages other than English.

702



systems. In the case of tRAG, there are no con-
spicuous improvements (highest difference +1.9
in GPT-4 MKQA). Concerning CrossRAG, it can
be observed that significant differences emerge be-
tween the final results achieved by using Google
Translate and GPT-4o. This further demonstrates
(i) the importance of multilingual retrieval (greater
range of retrieval) and (ii) the usability of retrieved
knowledge by LLM is better when it is in English.
Indeed, multilingual knowledge retrieved and then
processed in English impacts the final generations,
whereas the same knowledge (the same docs in a
foreign language) does not have the same impact.

Method MKQA MLQA

MultiRAG Avg 53.1 50.6
LR 44.0 38.7

CrossRAG Avg 57.2 53.8
LR 46.7 41.9

TF Avg 58.9 54.7
LR 45.2 43.6

CrossRAG Avg 58.5 55.4
(GPT-4o) LR 47.3 42.8

Table 4: Evaluation using Translation-following (TF),
MultiRAG and CrossRAG (with Google Translate
and GPT-4o as translation tools) on Llama-3-8b.

Translation-following Since the language of the
retrieved documents plays a crucial role in the
model’s performance, we propose a multilingual
augmentation strategy conceived to enhance their
capability to operate on multilingual documents.
Hence, we employ the Translation-following (TF)
approach as proposed in our related work (Ranaldi
et al., 2024; Ranaldi and Freitas, 2024) and de-
tailed in Appendix G. Table 4 shows that Llama-
3-8b enhanced through the TF achieves consis-
tent benefits. In particular, 11.6% on MKQA and
7.5% on MLQA on average values when com-
pared with MultiRAG. While 4.9% on MKQA
and 1.8% on MLQA on average values when com-
pared with CrossRAG. Finally, when compared
with the CrossRAG version with GPT-4o as a
translation tool, it achieves comparable perfor-
mance (differences around <1). However, although
performance increases are evident in some cases,
there is the cost of additional tuning that should be
considered.

5 Ablation Analysis

The results discussed in §4 show the benefits of (i)
extending retrieval beyond English contexts and
(ii) the operability of in-context approaches and
translation tools to align the language of different
retrieved information. This section analyses the
qualitative impact of the proposed techniques on
generations (§5.1) and the effect of using other
retrievals (§5.2). Finally, in §5.3, we study the
robustness of LLM to the combination of infor-
mation in different languages and the number of
documents retrieved.

5.1 Language Generated

One of the requirements for the correct answer is
that the language must be the same as the query
(the labels are also in a specific language). As
an evaluation metric, in addition to the accuracy
discussed in §5, we evaluate the percentage of an-
swers generated in the correct language. To do this,
we use the OpenLID framework (Burchell et al.,
2023). Figure 5 shows that CrossRAG achieves
consistently higher rates than MultiRAG. More-
over, monoRAG gets comparable performances
to the baseline (when we do not use RAG ap-
proaches), but the accuracy is significantly lower.
These results demonstrate that the models analysed
generally follow instructions (given prompt); how-
ever, when operating with multilingual knowledge
(i.e., MultiRAG), they fail to both follow instruc-
tions and deliver the correct response, especially
in low-resource languages.

Figure 5: Average generated languages for MKQA.
Appendix N reported detailed results.
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5.2 Retrieval Settings

In our experimental setting (§3), we use Cohere
as a retrieval tool. To observe the impact of the
retrieval methodologies on the performances, we
conducted a parallel experiment using BGE-m3 as
in (Chirkova et al., 2024) (detailed in Appendix E).
Figure 6 shows the average performances obtained
by Llama-3-8b on the MKQA subset using the two
different retrieval strategies. There are no conspic-
uous differences on average. This indicates that
although the retrieval techniques differ, they pro-
vide equivalent retrieval methodologies. We use
Cohere because it allows for an already-indexed
version of the Wikipedia dump, as discussed in
Appendix D.

Figure 6: Retrieval strategy differences (overlap in Ap-
pendix T).

5.3 Robustness Analysis

Figure 7 shows a robustness analysis of the pro-
posed approaches. We analysed the impact of the
order of the retrieved documents by selecting the
knowledge provided at the inference phase and
conducting an extensive retrieval and a re-ranking
(details in §3.2). To observe the impact of the or-
der of the provided knowledge (documents), we (i)
randomly shuffled documents (Random Shuffle),
(ii) English documents in first positions (En doc/s
first), (iii) English documents at the last positions
(En doc/s last). From the results in Figure 7, it
emerges that CrossRAG is robust to the varying
document order. Instead, MultiRAG is more sen-
sitive to retrieval order; this phenomenon emerges
in Llama-3-8b and less markedly in Command-R
and GPT-4o. This further indicates that the lan-
guage sensitivity of documents is a drawback to
the final performance, and operating a translation
process or system such as CrossRAG improves
performance by making it more robust to scenarios
where retrieved documents may not be delivered
in the most optimal order.

6 Related Work

Previous research investigated the advantages of
augmenting LLMs through retrieved knowledge,
a technique known as Retrieval-augmented Gen-
erative (RAG) (Lewis et al., 2020b). Many ef-
forts have concentrated on exploring techniques
to improve RAG by operating in-context (Menick
et al., 2022), tuning (Gao et al., 2023), or inter-
vening on retrievers (Sawarkar et al., 2024). Al-
though these results represent a considerable step
forward, little attention has been paid beyond En-
glish. We work on multilingual tasks involving
multilingual queries and documents in the evalua-
tion. While the tremendous effort of Zhang et al.
(2022); Thakur et al. (2024b) is focused on the
study of retrieval from multilingual sources and
proposed benchmark-related, we study the role that
retrieved documents have on the inference phase
of LLMs. Enriching the foundation work proposed
by Chirkova et al. (2024), we study the impact that
different architecture components have on final
performance. We analyse the effect of translation
at different levels (before and after retrieval) us-
ing various tools across high- and low-resource
languages. Analysing criticisms and strengths of
Multilingual RAG, we study the roles of differ-
ent solutions, showing when they lead the LLMs
to leverage multilingual knowledge by obtaining
consistent benefits.

7 Recommendations & Future Work

The experiments conducted aim to measure the
impact of RAG-based approaches in multilingual
settings. The recommendations that emerged from
our analysis are: (i) Expanding retrieval beyond
English-only resources benefits the performance of
multilingual knowledge-intensive tasks when they
are addressed with RAG-based pipelines. (ii) The
components for solving multilingual tasks in RAG
scenarios have a different impact depending on po-
sitioning (e.g. translation systems in tRAG and
CrossRAG). (iii) As a consequence of (ii), con-
ducting multilingual retrieval and translating the
retrieved knowledge consistently improves perfor-
mance, as putting the information all on the same
plane (language) leads LLMs to better understand
and deliver the correct answer.

However, one of the limitations we will inves-
tigate in future developments is that information
across different languages may not be aligned in
LLMs or in known knowledge dumps (Ranaldi,

704



2025; Ranaldi et al., 2025a). In this regard, in
our follow-up, we investigated different discrepan-
cies and proposed techniques for manipulating and
transferring knowledge in English (Ranaldi et al.,
2025d) and in a multilingual scenario (Ranaldi
et al., 2025c) as well as reasoning capabilities
(Ranaldi and Pucci, 2025). Although this work has
demonstrated the effectiveness of the proposed ap-
proach, limitations remain: the models are highly
susceptible to changes in prompts in multilingual
scenarios, especially when non-parametric knowl-
edge is present (Pucci and Ranaldi, 2025). This
latest phenomenon opens the way to further ap-
plications, once again highlighting the strategic
importance of these architectures and studies.

8 Conclusion

RAG has shown great potential in boosting the per-
formance of LLMs on knowledge-intensive tasks.
Yet, scenarios beyond English represent a signif-
icant limitation. We proposed strategies to miti-
gate these restrictions by introducing retrieval ex-
pansion techniques and interventions on retrieved
documents. We then analysed the performance
of different LLMs in multilingual tasks. The re-
sults demonstrate that multilingual retrieval outper-
forms monolingual and greedy query translation
approaches. This research underscores the need
to understand RAG pipelines beyond English to
ensure reliable multilingual access and improve
model performance across diverse languages.
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A Models Vesions

For all our experiments, we use the versions of the
models and datasets published on HuggingFace
(via API for GPTs). All artefacts are released under
the Apache-2.0 licence and MIT licence (reported
in the official repositories).

Model Version
GPT-4o OpenAI API (gpt-4-o)
Command-R CohereForAI/c4ai-command-r-v01
Llama3-8b meta-llama/Meta-Llama-3-8B-Instruct

Table 5: List the versions of the models proposed in
this work. We used the configurations described in §3
in the repositories for each model *(access verified on
10.09.2025).

B Difference between High- and
Low-resource Languages

We define the differences between high-resource
(HR) and low-resource (LR) settings using the con-
siderations already taken in previous work (Ranaldi
et al., 2024, 2025b). Table 6 reports the language
distribution of CommonCrawl, and Table 7 the
number of documents in the Wikipedia dump used
in our work (§3).

Language Percentage
English (en) 46.3%
Russian (ru) 6.0%
German (de) 5.4%
Chinese (zh) 5.3%
French (fr) 4.4%
Japanese (ja) 4.3%
Spanish (es) 4.2%
Other 23.1%

Table 6: Language distribution of (Common Crawl,
2021).

C Documents in Wikimedia Dump
Language Percentage
English (en) 41,488k
Russian (ru) 13,784k
German (de) 20,772k
Chinese (zh) 7,875k
Italian (it) 10,462k
French (fr) 17,813k
Japanese (ja) 6,626k
Spanish (es) 12,865k
Portuguese (pt) 5,637k
Bengali (bn) 767k
Finnish (fn) 272k
Arabic (ar) 1,050k
Thai (th) 876k
Vietnamese (vi) 2,067k
Telogu (te) 124k

Table 7: Language distribution of Wikimedia Dump
introduced in §3.

D Retrieval Details

We use Cohere as the retrieval system and Wiki-
media_dump as the database. Cohere in wikipedia-
2023-11-embed-multilingual-v3 (available on hug-
gingface) provides individual documents embed-
ded with multilingual embedding model Co-
here_Embed_V3. For each question in the eval-
uation data, we retrieve 50 relevant documents and
then rerank the top-5 most relevant ones using dot
score between query embedding and document em-
beddings. We use this procedure as recommended
in the use cases (case1, case2).

E Retrieval Bergen

To reproduce the retrieval setting proposed in
(Chirkova et al., 2024), we used the open-source li-
brary available at the following link. We reproduce
the same settings operating via BGE-m3.

F Data Composition

As introduced in §3.1 we use (i) MLQA (Lewis
et al., 2020a), (ii) MKQA (Longpre et al., 2021)
and (iii) XOR-TyDi QA (Asai et al., 2021) as they
best represent multilingual open-ended question-
answering tasks. MLQA is manually trans-
lated from SQuAD v1.1 (Rajpurkar et al., 2016),
MKQA and XOR-TyDi QA are machine trans-
lated and manually controlled by Natural Ques-
tions (Kwiatkowski et al., 2019) and TyDi QA
(Clark et al., 2020), respectively. We use parts of
the datasets in the languages listed in Table 11. For
each language, we used the same questions and,
consequently, the same number of questions to
avoid any imbalance in double-checking by retriev-
ing the corresponding ids. Details on the number
of instances are given in Table 8.

Dataset #language #language #Total
available used used

MLQA 1.5k 0.8k 9.6k
MKQA 2k 1.2k 8.4k
XOR-TyDi QA 0.6k 0.4k 2.4k

Table 8: Number of instances used in our evaluations
equally distributed among the languages in Table 11.
We denote by k 1000 instances.
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J Robustness Analysis

Figure 7: Robustness analysis. We deliver the retrieved documents using the order presented in §3.2 (Original),
randomly (Random Shuffle), with English first (En doc/s first) and English last (En doc/s last).

G Translation-Following

We instruct Llama-3-8b using instruction set
composed from Instruction: ‘Translate
the following text from LX to
English’, Input: ‘Sentence in LX’.
and Output: ‘Sentence in English’.,
as in (Ranaldi et al., 2024). We used
news_commentary (Tiedemann, 2012) by
selecting En-X translations as detailed in Table
9. We randomly extracted 2k demonstrations for
the available languages in the open repo (link1,
link2). We tune the model for three epochs with
a batch size of 32 and a learning rate equal to
1e-5 with a 0.001 weight decay. We use the
cosine learning rate scheduler with a warmup
ratio of 0.03. We conducted our experiments
on a workstation with four Nvidia RTX A6000
48VRAM for approximately 14 GPU/h.

Languages

German, Spanish, Italian, Russian, Chinese, Japanese,
Arabic, Russian, Hindi
Total: 18k

Table 9: Instances and languages used for conducting
Translation-following experiment.

H Translation-Following Results

To make the experimental setting fair and consis-
tent, we randomly extracted the same number of
demonstrations for the languages available in the
one-source repositories. Although these offer a
large number of languages, some languages (Ko-
rean, Finnish, Thai and Vietnamese) are not avail-
able. However, we chose not to exclude these lan-
guages from the final evaluation.

Language MLQA MKQA
German 69.8 67.5
Italian 69.2 -
Chinese 64.4 62.3
Japanese 56.8 -
Spanish 69.2 69.6
Portuguese 69.0 -
Russian 64.2 -
Arabic 59.1 43.9
Hindi - 40.6
Finnish 57.0 -
Korean 39.4 -
Thai 23.9 -
Vietnamese - 44.5
Avg 58.9 54.7
Avg LR 45.2 43.3

Table 10: Performances Llama-3-8b with Translation-
following tuning.
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I Proposed Task
Dataset Task Languages #Languages
MKQA QA English, Spanish, German, Italian,

Portuguese, Russian, Chinese, 12
Korean, Thai, Japanese,
Finnish, Arabic

MLQA QA English, Chinese, Arabic, German, 7
Spanish, Vietnamese, Hindi,

XORTyDi QA English, Chinese, Arabic, Chinese, 8
Korean, Finnish, Telogu,
Bengali

Table 11: Languages present in datasets used in this work. *We denote question-answering task as (QA)

K Instruction Template

This section contains the Instruction Templates used for the additional analysis.

Translation
Please answer the question by following the provided instructions.
#Instructions:
Provide the English translation for this document. Your language and style should align with the language
conventions of a native speaker.
# Document: [document]

Table 12: Instruction Templates. The structure is defined by a set of in-context examples (zero examples, in the
0-shot case), the question in {evaluated language}, the final instruction part and a special template to guide
generation and support the final evaluation.

M Performance differences between Retrieval Scope

(a) MRAG Differences (ALL vs En+SL) (b) CRAG Differences (ALL vs En+SL)

Figure 8: Difference in MRAG (a) and CRAG (b) between retrieval from documents available in Wikidump (ALL)
and retrieval done in English+Query specific language (En+SL).
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L Languages of Retrieved Documents
Retrieval from WEn+SL Retrieval from WALL

(R from En and SL Docs) (R from All Available Docs (ALL))
Question Language % En % SL % En % SL % Others

MKQA

English - - 98.9% - 1.1%
German 10.8% 89.2% 10.2% 86.3% 3.1%
Italian 12.6% 87.4% 11.8% 85.8% 2.4%
Spanish 12.4% 87.6% 11.4% 86.0% 2.8%
Finnish 26.3% 73.7% 22.6% 67.1% 10.3%
Portuguese 12.0% 88.0% 11.7% 85.8% 2.9%
Russian 25.3% 74.7% 22.2% 65.2% 12.6%
Chinese 16.3% 83.7% 14.4% 81.2% 4.4%
Arabic 28.2% 71.8% 24.3% 66.2% 9.5%
Japanese 18.2% 81.8% 16.3% 80.3% 5.4%
Korean 30.0% 70.0% 24.0% 65.5% 10.5%
Thai 33.3% 66.7% 26.2% 64.6% 9.2%

MLQA

English - - 99.2% - 0.8%
Chinese 18.4% 82.6% 15.3% 83.5% 2.2%
Arabic 28.1% 71.9% 20.8% 70.0% 9.2%
German 14.4% 85.6% 13.0% 85.5% 1.5%
Spanish 10.7% 89.3% 11.4% 86.0% 2.8%
Vietnamese 39.0% 61.0% 32.2% 55.4% 12.4%
Hindi 38.5% 61.5% 32.6% 58.8% 9.2%

XORTyDi QA

English - - 98.4% - 1.6%
Arabic 18.4% 81.6% 16.3% 76.6% 7.1%
Bengali 43.8% 56.2% 40.6% 46.6% 12.8%
Chinese 16.8% 83.2% 15.6% 79.0% 7.4%
Korean 34.3% 65.7% 31.2% 59.2% 9.8%
Russian 23.6% 76.4% 19.8% 68.4% 11.8%
Finnish 20.6% 79.4% 19.8% 70.8% 9.4%
Telogu 45.6% 54.4% 42.0% 45.6% 12.4%

Table 13: Percentage of the languages of retrieved documents. We retrieve the documents using R system from
the Wikipedia dump (detailed in §3) considering both English+Specific Language (WEn+SL) and all languages
analysed in the task (WALL). The languages are checked using OpenLID framework (Burchell et al., 2023).

N Generated Languages

Figure 9: Generated languages from models used in our work (§3.2) on MKQA. The languages are checked using
OpenLID framework (Burchell et al., 2023).
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O Perfomances using character 3-gram

Model MKQA MLQA XoRTy-QA

Avg HR LR Avg HR LR Avg HR LR

GPT-4-o 38.3 55.5 30.3 41.2 50.2 30.1 29.8 35.2 27.4
tRAG 50.2 61.1 38.3 50.4 58.5 39.5 38.6 41.3 40.5
monoRAG 49.5 60.5 38.0 50.4 60.5 37.7 39.7 42.1 37.6
MultiRAG 55.7 63.7 45.4 55.9 66.4 46.5 42.1 44.4 40.5
CrossRAG 58.0 66.6 47.9 58.6 68.6 48.6 44.7 46.5 43.2

Command-R 40.2 48.7 31.8 40.1 50.5 30.0 31.0 34.5 24.9
tRAG 42.1 53.8 31.0 47.8 59.8 36.1 38.9 40.9 37.5
monoRAG 46.7 54.9 35.1 48.6 60.5 37.1 35.0 43.6 27.1
MultiRAG 57.0 63.9 45.8 54.5 64.3 45.3 42.0 44.3 41.9
CrossRAG 59.3 67.0 51.1 57.2 68.1 46.1 44.4 48.4 44.5

Llama-3-8 38.7 47.4 30.9 39.9 49.2 29.1 28.9 32.2 26.3
tRAG 43.9 52.2 29.5 47.3 58.8 34.8 37.9 39.2 36.3
monoRAG 43.5 54.0 33.5 47.8 59.4 41.6 39.9 41.1 36.5
MultiRAG 53.5 62.1 43.6 52.7 63.8 40.5 44.1 42.9 38.2
CrossRAG 57.4 65.3 51.0 56.2 66.9 45.8 45.7 46.8 44.2

Table 14: Performance (character 3-gram recall as in (Chirkova et al., 2024)) using RAG approaches described
in §2 across benchmarks and settings detailed in §3, separated by total average (Avg), high-resource (HR) and
low-resource (LR) languages averages.

P Example of bad retrieval in tRAG
Original Question: ¿quién escribió variaciones de Campanita del lugar?
Translated Question: Who wrote variations of Tinkerbell of the Place? *translation by Google API
Target: [Wolfgang Amadeus Mozart, Mozart]

[1]: Tinker Bell is a fictional character from J. M. Barrie’s 1904 play Peter Pan and his 1911 novelisation Peter
and Wendy. She has appeared in a variety of film and television adaptations of the Peter Pan stories, notably Walt
Disney’s 1953 animated film Peter Pan and its 2023 live-action adaptation Peter Pan & Wendy.
[2]: ‘Jingle Bells’ is one of the best known and most sung traditional winter songs in the world. It was written
between 1850 and 1857 by the American composer James Pierpont (1822– 893) under the title ‘The One Horse
Open Sleigh’ and was published in Boston by Oliver Ditson & Co. on 16 September 1857.
[3]: Tinker Bell is a 2008 American animated film and the first installment in the Disney Fairies franchise
produced by DisneyToon Studios. It is about Tinker Bell, a fairy character created by J. M. Barrie in his 1904
play Peter Pan, or The Boy Who Wouldn’t Grow Up, and featured in the 1953 Disney animated film, Peter Pan
and its 2002 sequel Return to Neverland. Unlike Disney’s two Peter Pan films featuring the character, which
were produced primarily using traditional animation, Tinker Bell was produced using digital 3D modeling. The
film was released on DVD and Blu-ray by Walt Disney Studios Home Entertainment on October 28, 2008. A
sequel, Tinker Bell and the Lost Treasure, was released in 2009.
[4]: Tinker Bell is an animated fantasy film series based on the character Tinker Bell, produced by DisneyToon
Studios as part of the Disney Fairies franchise after producing a number of direct-to-video Winnie the Pooh films.
Voices of Mae Whitman, Lucy Liu, Raven-Symoné, America Ferrera, Kristin Chenoweth and Pamela Adlon are
featured in the main films. Six feature films and one TV special were produced: Tinker Bell, Tinker Bell and the
Lost Treasure, Tinker Bell and the Great Fairy Rescue, Secret of the Wings, Pixie Hollow Games (the special),
The Pirate Fairy, and Tinker Bell and the Legend of the NeverBeast. The series is a spin-off of and prequel to
Peter Pan. Originally developed as a direct-to-video franchise, the series was theatrically released from its third
film onwards.
[5]: Sir James Matthew Barrie, 1st Baronet, was a novelist and playwright, best remembered as the creator of
Peter Pan. He was born and educated in Scotland and then moved to London, where he wrote several successful
novels and plays.

Table 15: An example of bad document retrieval using tRAG (query translated before retrieval). The retrieved
documents are relevant to the target query.
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Q Example of MultiRAG
Question: 英格兰有多少位女王 (how many queens have been in England?)
Target: 8
Answer Llama3-8 (no-RAG):
实际统治英格兰的女王有四位：玛格丽特一世，玛丽一世，伊丽莎白一世和伊丽莎白二世。女王人数为 4。
(Four queens actually ruled England: Margaret I, Mary I, Elizabeth I and Elizabeth II. The number of queens is 4.)
Retrieval from from WALL (Wikipedia in ALL languages):
[1]: Since 1 May 1707, when the Kingdom of England and the Kingdom of Scotland were united to form the Kingdom
of Great Britain, there have been 13 monarchs of the United Kingdom. The Kingdoms of England and Scotland had been
under a commonwealth confederation under the Stuarts since 24 March 1603, and were formally united on 1 May 1707
to form the Kingdom of Great Britain, which was united with the Kingdom of Ireland on 1 January 1801 to form the
United Kingdom of Great Britain and Ireland, and the Irish Free State was formed and became independent [...] (from
WZh)
[2]: This entry lists all female monarchs in the world, including emperors, queens, princes, grand dukes, duchesses,
goddesses and other monarchs, and excludes female royals who have ruled on the throne or as regents. In addition,
Elizabeth II, who was monarch of the United Kingdom from 1952 to 2022, ruled over 32 Commonwealth realms [...].
(from WEn)
[3]: In less than 200 years, eight queens ruled the Kingdom of England. Among these queens were Matilda, Lady Jane
Grey, Mary I, Elizabeth I, Mary II, Anne, Victoria, and Elizabeth II. Despite the tradition that heirs of the throne should
be the eldest son of the monarch, the mentioned queens ruled competence and capability [...] (from WEn)
[4]: Empress Matilda, also known as Empress Maud, was one of the claimants to the English throne during the civil war
known as the Anarchy. The daughter and heir of Henry I, king of England and ruler of Normandy, she went to Germany
as a child when she was married to the future Holy Roman Emperor Henry V. She travelled with the emperor to Italy in
1116, was controversially crowned empress in St Peter’s Basilica [...] (from WZh)
[5]: Elizabeth II, known as Elizabeth Alexandra Mary, was Queen of the United Kingdom and other Commonwealth
realms from 1952 to 2022 and held the record for the longest reign [...] (from WZh)
Answer Llama3-8b (MultiRAG):
英格兰曾有8位女王作为君主执政....答案是：8
Thus, England has had 8 queens who ruled as sovereigns.... The answer is: 8.

Table 16: An example of MultiRAG inference for Llama3-8b. To facilitate the reading, we translated retrieved
from Chinese Wikipedia ( WZh) into English (at inference time, we delivered them in Chinese).
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R Example of MultiRAG Misleading Answer
Question: 누가 ’나는바비걸’노래를만들었나요? (Who made the song i’m a barbie girl?)
Target: [’아쿠아’ , ’Aqua’ ]
Answer Llama3-8 (no-RAG):
정답은 Ingemar Örhagen, Matthias Lindblom,그리고 Candice Posey입니다.
(The answer is Ingemar Örhagen, Matthias Lindblom and Candice Posey. )
Retrieval from from WALL (Wikipedia in ALL languages):
[1]: The music video for "Barbie Girl" was recorded on August 2005, between 17 and 18. It was directed by Ricardo
Vereza, Bidu Madio, Rentz and Mauricio Eça. The video was released on August 30. Kelly plays a determinate and
feminist woman, who doesn’t need a man [...] (from WKo)
[2]: Barbie Girl is a song by the Danish-Norwegian dance-pop group Aqua. It was released in May 1997 as the third
single from the group’s debut studio album, "Aquarium" (1997). The song was written by Søren Rasted, Claus Norreen,
René Dif, and Lene Nystrøm, and was produced by Johnny Jam, Delgado, Rasted, and Norreen. It was written after
Rasted [...] (from WEn)
[3]: Barbie and The Three Musketeers is a video premiere animated feature from Universal Pictures, released on DVD
on 15 September 2009 in the United States. It is the 16th film in the Barbie animated series and is based on the novel
Les Trois Mousquetaires by French writer Alexandre Dumas. The heroine of the film is played by Barbie and her three
friends, Teresa, Summer and Nikki, who together realise their dream of becoming [...] (from WKo)
[4]: Barbie as the Princess and the Pauper is a video premiere animated production released by Lionsgate Entertainment
on 28 September 2004 on DVD and VHS. It is the fourth film in the Barbie animated series, based on Mark Twain’s
classic novel The Beggar Prince. The film is also the first animated musical of the Barbie film series, with a total of
seven original songs performed by Barbie in two roles a noble princess and a poor village girl. [...] (from WKo)
[5]: The song, at first glance, appears to be about the popular children’s doll Barbie. However, at second glance, the
song contains several sexual overtones, such as "You can brush my hair, undress me everywhere". This caused some
controversy upon its release in Denmark, but despite the controversy and perhaps partly due [...] (from WEn)
Answer Llama3-8b (MultiRAG):
The seven original songs in Barbie as the Princess and the Pauper are less certain, as they were likely adapted from
classical compositions and reworked into the animated film’s soundtrack by an unspecified creative team. The answer
is: The songs were all composed by Wolfgang Amadeus Mozart in collaboration with contemporary pop producers.
(translated from Korean)
Answer Llama3-8b (CrossRAG):
The song "Barbie Girl" was performed by the Danish-Norwegian [...] The answer is: Aqua. (translated from Korean)
Answer GPT-4o (MultiRAG):
The song "Barbie Girl" was written by Søren Rasted, Claus Norreen, René Dif, and Lene Nystrøm, members of the
Danish-Norwegian dance-pop group Aqua. The answer is: Aqua. (translated from Korean)

Table 17: An example of MultiRAG inference. We have translated documents and answers into English to
facilitate the understanding as in Table 16.
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S Performance translating the Answers in English using GPT-4o

Model MKQA MLQA XoRTy-QA

Avg HR LR Avg HR LR Avg HR LR

GPT-4-o 41.8 59.7 33.9 45.5 53.2 33.9 33.9 39.2 30.5
tRAG 53.0 64.7 41.9 53.8 61.3 43.1 42.4 45.2 44.4
monoRAG 53.0 64.5 41.2 54.1 64.6 40.8 42.8 45.6 40.9
MultiRAG 60.6 68.4 49.6 59.7 70.8 50.8 45.9 49.1 45.5
CrossRAG 58.0 66.6 47.9 58.6 68.6 48.6 44.7 46.5 43.2

Command-R 43.1 51.3 34.8 43.1 53.8 32.5 34.2 37.4 27.9
tRAG 45.2 56.4 33.5 50.5 62.2 38.7 41.7 44.0 40.1
monoRAG 50.4 58.6 38.5 51.9 63.6 41.0 38.7 47.4 30.6
MultiRAG 61.0 67.4 49.4 58.1 68.4 49.6 46.2 48.2 45.9
CrossRAG 62.9 70.6 55.1 61.3 72.5 50.1 47.9 52.7 48.0

Llama-3-8 40.3 49.0 32.6 41.7 50.8 30.9 30.7 34.1 28.0
tRAG 45.7 54.1 31.3 49.2 60.4 36.7 39.7 40.8 37.8
monoRAG 46.9 57.5 36.7 51.1 62.7 44.7 43.2 44.1 39.8
MultiRAG 56.8 65.2 46.8 55.8 67.0 43.7 47.4 46.1 41.4
CrossRAG 60.7 68.5 54.3 59.4 70.0 49.0 48.8 49.9 47.4

Table 18: Performance (translating responses into English and evaluating outputs in English) using RAG approaches
described in §2 across benchmarks and settings detailed in §3, categorized by total average (Avg), high-resource
(HR), and low-resource (LR) languages.

T Overlap Document Retrieved

Dataset English Spanish German Russian Chinese Finnish Arabic Italian Korean

MKQA monoRAG 94% 85% 84% 83% 87% 82% 82% 89% 86%
MKQA Multi/CrossRAG 92% 82% 86% 84% 86% 82% 84% 88% 85%
MLQA monoRAG 94% 85% 85% - 77% - 86% - -
MLQA Multi/CrossRAG 95% 86% 84% - 79% - 86% - -

Table 19: Performance (%) across different languages on MKQA and MLQA datasets using monoRAG and
Multi/CrossRAG retrieval systems.

715



U Translation in Languages beyond English

Language MultiRAG CrossRAG (original) CrossRAG (translation by TL)

English 73.8 74.4 69.8
German 71.4 72.6 72.6
Italian 68.4 71.6 69.0
Spanish 68.6 70.9 68.7
Finnish 60.4 65.3 55.2
Portuguese 69.1 69.8 68.2
Russian 64.3 65.5 51.8
Chinese 57.2 60.8 53.0
Japanese 44.0 49.1 41.8
Korean 41.3 49.6 42.9
Thai 26.3 33.4 30.2

Table 20: Performance comparison by language and retrieval method. Documents are translated to the nearest
typological language (indicated as TL) instead of English (experiments on MKQA with GPT-4o).

Language 1 Language 2 Typological Relationship

Italian Spanish Both are Romance languages with very
similar grammar and vocabulary

Italian Portuguese Romance languages with comparable verb
conjugation and noun/adjective agreement

Spanish Portuguese Closely related Ibero-Romance languages
English German Both are West Germanic languages,

sharing syntactic structure and some core
vocabulary

Japanese Korean Both use SOV word order, agglutinative
morphology, and topic/subject marking
particles

Chinese Thai Both are analytic (isolating) languages
with tonal systems and SVO word order

Russian Finnish Not genealogically related but share areal
features (e.g., case-rich systems, free word
order)

Table 21: Typological relationships between language pairs.
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