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Abstract

General Retrieval-Augmented Generation
(RAG) systems would suffer from performance
degradation in multilingual scenarios due to
the complexity of integrating different retrieval
results from multilingual collections. In this
paper, we propose CoSelector, a multi-agent
collaborative framework for multilingual
retrieval selection, which is optimized by
the centralized training with decentralized
execution. Under this paradigm, agents share
the same goal but execute decisions using only
local observations. CoSelector consists of a
Selector agent and a Generator agent. The
Selector dynamically filters and composes
the most pertinent multilingual documents
into a coherent context, while the Generator
processes this context to understand and
integrate information for answer generation.
Across the 15 languages evaluated on MKQA
and XOR-TyDi QA, CoSelector achieves
competitive improvement in response language
consistency, demonstrating its effectiveness in
both linguistic alignment and the selection of
retrieved results.

1 Introduction

Retrieval-Augmented Generation (RAG) sys-
tems (Lewis et al., 2020; Mo et al., 2026) aim to
integrate external evidence into the content gen-
eration process, which effectively overcomes the
static nature of large language models’ (LLMs)
parameter-based knowledge. Despite its success,
the prevailing RAG paradigm remains predomi-
nantly English-centric (Wang et al., 2026), failing
to account for the inherently multilingual landscape
of global information ecosystems (Chirkova et al.,
2024a). In a multilingual scenario, a given query in
the source language might not necessarily have sup-
porting evidence from the native-language collec-
tions, but might exist in other languages, so-called
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Method Recall@5  Accuracy
Qwen2.5-3B-Instruct / 14.17
w/. Retriever 81.42 30.40
w/. Retriever&Reranker 87.43 30.12
w/. Multi-Agent 86.27 39.13

Table 1: Performance of retrieval (Recall@5) and gener-
ation (Accuracy) using different RAG strategies on the
NQ benchmark (Kwiatkowski et al., 2019). Retriever is
bge-m3 and reranker is bge-m3-reranker.

multilingual RAG (Park and Lee, 2025; Qi et al.,
2026b).

However, RAG methods for retrieving evidence
from multilingual collections encounter two crit-
ical challenges. First, multilingual retrievers do
not perform well on low-resource languages due
to biases in the pre-training data resources, leading
to a significant amount of noise in the retrieved re-
sults (Huang et al., 2025; Qin et al., 2024). Second,
cultural differences and variations in expression
across languages make it difficult to integrate re-
trieved evidence from diverse sources into stable
and consistent knowledge, which prevents the gen-
erator from reliably leveraging such multilingual
information and thus results in degrading perfor-
mance (Chirkova et al., 2024a). Overall, the chal-
lenge of multilingual RAG lies in how to effectively
fuse the useful multi-source information by reduc-
ing the negative impact of the noise.

Existing RAG approaches rank candidate evi-
dences according to relevance score before incor-
porating them into the context, such as using a
re-ranker model to remove redundant ones, and
thereby mitigate noise in multilingual retrieval re-
sults (Zhang et al., 2025b; Guo et al., 2025b). How-
ever, these methods operate at the query level in a
pipeline, e.g., with the retriever, re-ranker, and gen-
erator functioning independently, leaving relevant
evidence detached from the generator’s feedback.
As our preliminary test shown in Table 1, although
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prior RAG pipelines can achieve high retrieval re-
call, they cannot guarantee that the accuracy of the
generated answers can be improved simultaneously.
Therefore, it is important to explore whether the
retriever and generator can work collaboratively
to enable action-level control, thereby facilitating
more precise knowledge integration.

Inspired by multi-agent RAG (Chen et al., 2025),
we formulate multilingual RAG as a multi-agent
collaboration task, which is composed of a Selec-
tor and a Generator as a decision-making problem.
The Selector is responsible for filtering out useless
retrieved evidence and optimizing for collaboration
with the Generator to maximize shared rewards
(e.g., answer accuracy). Reinforcement learning
(RL) (Sutton et al., 2018; Haarnoja et al., 2018;
Silver et al., 2017) is a common practice for this
setting, as it can optimize agent behaviors through
trial-and-error interactions with an environment
to maximize cumulative reward. However, multi-
agent RL is notoriously challenging due to non-
stationarity and credit assignment issues (Cheruiyot
et al., 2025; Zhang et al., 2025a). When turning
into the multilingual RAG setting, multi-agent RL
suffers from inconsistent agent objectives, noisy
cross-lingual feedback, and heterogeneous linguis-
tic knowledge that complicates inter-agent collabo-
ration.

To this end, we propose CoSelector, a multi-
agent collaboration framework that adopts a cen-
tralized critic and decentralized Proximal Policy
Optimization (PPO) actors. Specifically, the cen-
tralized critic provides a global value function dur-
ing training, guiding the decentralized Selector and
Generator policies toward cooperative strategies
that maximize the shared utility, thereby directly
addressing the credit assignment challenge. Simul-
taneously, the PPO component ensures training sta-
bility through its clipping mechanism, mitigating
the non-stationarity issue.

Our CoSelector framework employs the Cen-
tralized Training with Decentralized Execution
(CTDE) paradigm (Amato, 2024). In the observ-
able setting, the Selector and Generator agents hold
disjoint local observations: the former accesses the
query and raw top-K multilingual retrieval results,
while the latter only observes the query and filtered
results screened by the Selector. Under the CTDE
paradigm, the centralized critic leverages global in-
formation to stabilize joint training, whereas each
agent acts as an independent PPO actor to make
decisions purely based on its own local observation

during inference.

Experiments conducted on comprehensive multi-
lingual benchmarks covering 15 distinct languages
demonstrate that our CoSelector can refine the ini-
tial multilingual retrieval results. Specifically, the
Selector filters out redundant and irrelevant infor-
mation, ensuring that only the most pertinent cross-
lingual knowledge is retained to construct a concise
and useful context for the Generator.

To sum up, our contributions are as follows:

* We introduce CoSelector that employs an
document-level knowledge selection mecha-
nism based on RL. It effectively filters redun-
dant multilingual knowledge and alleviates
knowledge conflicts across languages.

* The Selector agent breaks down each query
into a sequence of fine-grained selection ac-
tions, dynamically determining which mul-
tilingual knowledge to incorporate into the
context for each language and document, re-
placing the role of a reranker.

* Experimental results show that CoSelector
achieves competitive performance in both ac-
curacy for answering, while also exhibiting
strong response language consistency and se-
lection precision.

2 Related Work

Multilingual RAG. Multilingual RAG primarily
faces the challenges of knowledge concentration
in high-resource languages and conflicts among
multilingual knowledge (Liu et al., 2025; Li et al.,
2025a; Thakur et al., 2025; Qi et al., 2026a). In
the literature, Chirkova et al. (2024a) built the first
systematic baseline dubbed Bergen, which explic-
itly instructs LLMs to generate answers consis-
tent with the user’s language via prompt engineer-
ing and designs a 3-Character Recall (C3Recall)
metric that is more suitable for evaluating an-
swer correctness in multilingual scenarios. Then,
Ranaldi et al. (2025a) proposed CrossRAG, which
translates documents into English to reduce LLM
processing, showing particular benefits for low-
resource languages. However, existing multilingual
RAG methods mostly rely on static prompt design
or translation-based pipeline paradigms (Ranaldi
et al., 2025a). They either directly concatenate re-
trieved multilingual documents as raw context (Li
et al., 2025a; Chirkova et al., 2024a) or adopt uni-
versal translation strategies (Ranaldi et al., 2025a),
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without conducting document-level adaptive selec-
tion.

Information Filtering in RAG. Representative
RAG filtering paradigms in monolingual set-
tings mainly include pipeline-based solutions
such as naive RAG equipped with standalone
rerankers (Glass et al., 2022), the cascading filter-
ing pipeline DeepSieve (Guo et al., 2025c), and the
metric-driven InfoGain-RAG (Wang et al., 2025).
These mainstream monolingual methods follow a
sequential pipeline, where the retriever, reranker,
and generator operate independently in a decou-
pled manner (Karpukhin et al., 2020a; Lewis et al.,
2020; Chuang et al., 2023). Different from existing
decoupled pipeline schemes, our CoSelector es-
tablishes a collaborative Selector—Generator agent
paradigm, whose agents are jointly optimized by
sharing the global reward derived from the final
answer.

Agentic RAG. Training-based RAG methods lever-
age RL for end-to-end optimization. Chen et al.
(2025) formulate the RAG pipeline as a multi-agent
system optimized by multi-agent reinforcement
learning (MARL), while Jin et al. (2025) introduce
the Search-R1 framework for multi-round retrieval-
reasoning. Despite their success, applying RL to
optimize the intricate document-level cross-lingual
decision-making required for effective multilingual
RAG remains unexplored.

3 Methods

3.1 Problem Formulation as Cooperative
Multi-Agent Task

In our scenario, we formulate the multilingual RAG
pipeline as a multi-agent collaboration problem.
Specifically, we introduce a Selector between the
retriever and generator in terms of Naive RAG,
with system prompts to differentiate their roles and
functionalities. The Selector and Generator share
the same parameters and global reward, enabling
efficient joint optimization. The Selector is respon-
sible for secondary filtering and evidences selection
on the full set of multilingual retrieval documents,
and its output serves as the input to the Generator.

Formally, we define a tuple (G, O, A, R) where:
g is the agent set; O collects observations available
to each agent; A specifies the permissible actions;
and R denotes the shared reward. All agents work
collectively to maximize this global reward, which
directly corresponds to the final answer accuracy.

3.2 Overall of CoSelector

Figure 1 presents the framework of CoSelector,
comprising two learnable agents:

« Selector (M (%)): Takes as input a query q
and a multilingual retrieved documents set
Cret from a frozen external retriever. It first
groups retrieved documents by language, then
performs sliding-window based inclusion de-
cisions for each language group independently
to produce a filtered subset Cge] C Cret.

* Generator (M (9)): Consumes the original
query q together with the filtered context Cy
from the Selector, and generates the final pre-
dicted answer apreq.

Following the classical paradigm of cooperative
multi-agent reinforcement learning (MARL) (Hong
et al., 2024; Guo et al., 2024), we adopt three core
modules: shared reward formulation, parameter-
sharing architecture, and role differentiation via
distinct system prompts.

3.3 Agent Specifications

In this section, we detail the observation space,
action space, and reward function for each agent
i € G = {Selector (S), Generator (G)}.

3.3.1 Selector Agent

Observation. The Selector’s observation (case
in Appendix E.1) includes its system prompt, the
input query, and the complete retrieved document
set:

OS = {promptSa q, Cret} (1)

Action space. The Selector outputs a binary deci-
sion per document, restricted to two tokens:

(LT3

Ag = {“yes", “no"} )
To guarantee valid outputs, we apply a
LogitsProcessor! at each decoding step.
Logits for all tokens except “yes” and “no” are
masked to —oo, forcing the model to select one of
the two valid options.

Reward. The reward of Selector is defined as
whether its output equals the global correctness
score as:

Rs = Rgobat = C3Recall(apred; agt)  (3)

1https: //huggingface.co/docs/transformers. js/
api/generation/logits_process
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Figure 1: Architecture of CoSelector. The Selector filters multilingual retrieval results Cye to produce a condensed
context Cg . The Generator then produces the final answer (arrows indicate information flow from retriever to
Selector and Selector to Generator). Both agents share the same reward signal based on answer correctness.

Selector
Reward

3.3.2

Observation. The Generator observes its prompt,
the query, and the filtered documents from the Se-
lector (case in Appendix E.2):

Generator Agent

Csel }

Action space. The Generator produces free-form
answers token by token from the LLM’s vocabulary

V:

OG = {prompth q, (4)

Ag =V 5)

Reward. The Generator receives a combination of
the global correctness reward and a length penalty
term as:

RG = Rglobal + Plen (6)

where Rgiobal = C3Recall(apred, ag) is the shared
correctness reward. The penalty P, is defined as:

—0.5,
Plen = {0,

This penalty serves two purposes: (1) preventing
the joint optimization from collapsing into generat-
ing gibberish or excessively long outputs; (2) bal-
ancing the mixed distribution of answer lengths in
the test set, where short answers (3-5 tokens) and
long answers (exceeding 40 tokens) co-exist. With-
out this penalty, the model tends to favor longer
generations that may sacrifice precision on short-
answer questions.

if |apred| > 40

otherwise

(N

3.4 Training Procedure

Stage I: Supervised Fine-Tuning for Cold-Start
Before joint RL training, we cold-start both agents
via supervised fine-tuning (SFT) on a task-specific
cold-start dataset. To ensure balanced learning,
this dataset is constructed by uniformly sampling
instances across answer types and languages, cov-
ering diverse linguistic and answer patterns. For
the Selector, we generate “yes”/“no” labels using
an answer-in-document heuristic (see Appendix B).
For the Generator, we train on ground-truth an-
swers. This initialization reduces the exploration
space and accelerates subsequent MARL conver-
gence.

Stage II: Joint Multi-Agent Optimization with
MAPPO After SFT, we jointly optimize both
agents using MAPPO (Yu et al., 2022), a central-
ized training and decentralized execution (CTDE)
algorithm tailored for cooperative multi-agent tasks.
The main differences of the MAPPO algorithm
compared to the single-agent PPO (Schulman et al.,
2017) are threefold: (1) Both agents share a uni-
fied global reward based on final answer accuracy;
(2) Trajectories from the Selector and Generator
are collected simultaneously for joint policy up-
dates; (3) A parameter-sharing backbone network
is updated using experiences from both agents, dis-
tinguishing agent roles via system prompts.
Specifically, let 7¢ = (Og,as, Rs) and 7¢ =
(Og, ag, Rg) denote the trajectories (observation,
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action, reward) of the Selector and Generator, re-
spectively, both agents receive the identical global
reward Rgjobal = C3Recall(apred, agt) at the termi-
nal step 7T'. Then, during training, the combined ex-
perience tuple (7g, 7;) from both agents is stored
in a shared replay buffer. We update the shared pol-
icy network g using the MAPPO objective, which
averages the clipped PPO loss across all agents as

% Z min(rifli,

1€{S,G}

Lyiarpo(0) = Erg 7,

®)
clip(r’,1 —e, 1+ e)flz)

where r* = my(a?|O?) /7, (a’]O?) denotes the im-
portance sampling ratio. We adopt generalized
advantage estimation to compute individual advan-
tage values for each agent. The calculation form
is consistent with standard single-agent PPO, with
only separate estimation conducted for each agent.

Crucially, in the backward pass, trajectories and
rewards from both agents are fed together to update
the shared network. This joint update mechanism
enables the Selector to optimize document filtering
for Generator success, fully aligning both agents
toward the shared objective.

4 Experiments

4.1 Experimental Settings

Models. We employ mES5S (Wang et al., 2024)
as the retriever and bge-reranker-v2-m3 (Chen
et al., 2024a) as the reranker. For the generation
phase, we instantiate CoSelector with three LLMs:
Qwen2.5-3B-Instruct, Qwen2.5-7B-Instruct (Team,
2024) and Llama3-8B-Instruct (AI@Meta, 2024)
to evaluate among different backbone models.
Datasets. We evaluate CoSelector on the multilin-
gual open-domain QA benchmarks (MKQA (Long-
pre et al., 2020)). For MKQA, we follow (Chirkova
et al., 2024a) to construct training and evaluation
sets with 13 languages. We also conduct an addi-
tional experiment on XOR-TyDi QA (Asai et al.,
2021a) in Appendix C.1. Overall, the experiments
cover 15 typologically diverse languages with vary-
ing resource levels (details in Appendix A.1).
Evaluation Protocols. @ We adopt C3Recall
(Chirkova et al., 2024b) that is used to measure
the answer accuracy of multilingual RAG systems,
and four other fine-grained metrics to evaluate the
practical contribution of the Selector (Details are
provided in Appendix A.2).

Implementation Details. The retrieval corpus is
constructed from a multilingual Wikipedia dump?,
segmented into contiguous 100-word docs follow-
ing standard practice (Karpukhin et al., 2020b; Asai
et al., 2021b). Furthermore, we adopt a consistent
retrieval strategy for the top-K setting. We initially
retrieve the top-3 docs for each language and fur-
ther select appropriate candidates to form the final
top-10 docs according to relevance scores. With
the retrieved documents, CoSelector is optimized
in a two-stage process: (1) SFT for cold-starting
the policy, and (2) RL via MAPPO for refining the
collaborative agent policies. The hyperparameter
settings for both stages are listed in Appendix A.2.
Baseline Methods. The compared baselines: (1)
Direct denotes direct query inference without re-
trieved contextual information. (2) Naive RAG
and Naive RAG w/. SFT introduce retrieved con-
text and additional supervised fine-tuning upon
the vanilla LLM respectively. Naive RAG w/.
reranker denotes that a reranker is additionally in-
troduced into the pipeline. (3) CrossRAG (Ranaldi
et al., 2025b) is a translation-based multilingual
RAG pipeline that unifies all contextual documents
into English. (4) Bergen (Chirkova et al., 2024a)
retrieves and concatenates corpora from user query
language and English sources. (5) Search-ol (Li
et al., 2025b) integrates agentic search modules into
reasoning workflows, while (6) Search-R1 (Jin
et al., 2025) is a reinforcement learning paradigm
facilitating interleaved reasoning and searching.
For fair comparison, we restrict the retrieval scope
of both Search-ol and Search-R1 to the multilin-
gual Wikipedia dump in all experiments.

4.2 Main Results

Overall. As shown in Table 2, we conduct com-
prehensive comparisons between CoSelector and
various baseline methods across 13 languages cov-
ered in MKQA. The results demonstrate that CoSe-
lector achieves steady and remarkable performance
gains across different model sizes and families. In
general, benefiting from the introduction of ex-
ternal multilingual information, RAG-based meth-
ods can synthesize cross-lingual evidences to accu-
rately answer language-specific and time-sensitive
querys, achieving suboptimal performance. Re-
stricted by weak multilingual instruction following
ability of LLMs and inherent noise in retrieved doc-
uments, RAG-based methods fail to achieve fur-

2https: //huggingface.co/datasets/wikimedia/
wikipedia/tree/main
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Query Language

Methods

ar de es en fi fr it ja ru th zh pt ko Avg.
QOwen2.5-3B-Instruct
Direct 12.13  26.63 29.67 38.59 17.03 27.30 2591 10.61 17.29 13.02 12.00 28.86 7.35 2049
Naive RAG 1550 42.87 53.43 4442 38.64 44.11 43.64 1790 13.16 42.14 2342 16.65 18.06 31.84
Naive RAG w/. SFT 2739 41.69 40.90 47.82 3455 4194 4044 30.19 31.66 2443 2943 4140 2327 35.01
Naive RAG w/. reranker 20.70 39.33 42.81 51.61 3556 4232 4136 2044 30.39 18.09 19.00 41.88 1545 32.23
CrossRAG 1594 4290 54.16 4693 3891 44.68 4423 1694 1521 42.16 2348 17.62 1839 3243
Bergen 2531 4344 4520 46.76 39.40 41.28 4621 2474 30.88 22.68 2461 4733 18.11 35.07
Search-ol 1550 27.72 2839 30.81 26.65 27.01 29.06 1891 25.18 17.66 17.46 29.89 15.66 21.32
Search-R1 19.40 38.15 43.80 51.01 23.85 41.29 40.10 15.11 29.65 16.59 1452 39.36 10.60 29.36
CoSelector (Ours) 2997 45.86 4536 5049 41.19 4593 45.61 3490 36.95 27.53 3140 4634 27.15 39.13
QOwen2.5-7B-Instruct
Direct 17.48 3475 3826 4620 23.79 3699 36.77 16.71 2398 17.84 17.19 38.61 1135 27.69
Naive RAG 24.15 46.53 48.68 57.12 4299 4744 47.19 2629 3280 22.10 2339 4692 1898 37.27
Naive RAG w/. SFT 31.55 45.11 44.19 52.62 40.68 4642 46.08 3571 36.63 2942 3379 45.63 30.01 39.83
Naive RAG w/. reranker 23.22 46.23 48.11 56.67 43.64 46.78 47.11 2528 32.80 21.85 23.32 47.10 1849 36.90
CrossRAG 2432 47.01 4873 59.12 41.68 4696 47.25 27.23 33.16 21.52 2447 46.13 19.96 37.50
Bergen 25.13 48.68 50.60 52.79 45.58 50.57 50.63 27.50 3524 2274 21770 51.04 17.86 3847
Search-ol 21.62 3539 34.05 40.65 2749 3350 34.67 21.79 2469 2125 20.69 33.49 17.38 28.20
Search-R1 21.98 4348 46.47 54.10 31.16 4472 4498 20.78 31.41 2045 17.13 4427 14.13 3346
CoSelector (Ours) 38.36 53.82 53.17 57.15 48.00 53.68 51.55 40.90 4294 2841 37.12 53.48 32.78 45.49
QOwen2.5-7B-Instruct (Retriever: BGE-M3)
Direct 13.44 2920 32.49 4047 18.06 28.89 29.88 13.32 19.57 1426 14.69 30.66 09.18 22.70
Naive RAG 25.06 43.12 4596 50.26 39.56 43.84 49.53 2193 3393 21.31 20.11 4559 18.64 35.02
Naive RAG w/. SFT 30.81 42.69 41.88 47.31 3838 43.73 4393 32.60 3543 28.66 3252 4283 27.32 3755
Naive RAG w/. reranker 26.58 46.84 48.88 57.74 43.85 47.86 4742 2567 3634 24.08 22.19 47.81 20.71 38.15
CrossRAG 2591 4397 46.81 S51.11 4041 44.69 5038 22.78 3478 22.16 2096 4644 19.49 35.87
Bergen 24.02 3896 41.08 40.57 40.11 39.88 4524 21.02 3426 2041 17.33 4458 19.19 32.82
Search-ol 14.57 26.05 28.64 3596 21.03 2844 26.62 1633 1894 14.05 1577 28.67 10.55 21.97
Search-R1 1191 18.14 21.87 31.81 11.75 2085 21.31 14.16 11.27 879 12.64 20.67 843 16.43
CoSelector (Ours) 36.76 48.63 49.33 53.16 4495 49.61 57.61 37.68 40.18 33.74 35.84 49.30 31.81 42.97
Llama3-8B-Instruct
Direct 11.71 4434 49.18 56.25 3690 4572 4456 1199 1644 1642 11.34 43.38 10.63 30.68
Naive RAG 13.85 5045 58.03 51.13 47.79 50.13 49.53 1499 13.53 49.38 18.54 16.75 14.17 34.48
Naive RAG w/. SFT 34.64 48.14 4731 52.88 4737 48.12 48.68 39.06 40.04 3342 3248 48.61 3235 42.55
Naive RAG w/. reranker 16.88 50.03 5229 61.41 46.16 50.54 50.28 16.07 23.76 18.41 1433 48.70 15.75 35.74
CrossRAG 13.12 48.14 56.03 50.23 44.85 49.23 46.19 12.68 12.51 48.69 18.39 12.86 13.94 32.84
Bergen 25.13 48.68 50.60 52.79 45.58 50.57 50.63 27.50 3524 2274 21770 51.04 17.86 34.50
Search-ol 2098 32.73 3471 40.03 29.16 3297 3359 2270 2939 17.89 15.71 34.17 16.11 27.70
Search-R1 13.10 33.60 47.90 37.50 25.60 3640 3420 19.50 930 3430 23.60 1590 10.20 26.20
CoSelector (Ours) 40.05 58.29 66.55 58.78 5591 58.79 61.11 46.76 38.57 61.54 49.27 3459 36.04 51.25

Table 2: Main results on MKQA across 13 languages with C3Recall (%), where the best performance are bold.

ther performance improvement. Specifically, the
performance degradation of the RL-based method
(Search-R1) stems from the confusion introduced
when retrieving from the full multilingual corpus.
Existing methods retrieve from large and linguis-
tically diverse datasets, which introduces addi-
tional noise and severe cross-lingual knowledge
conflicts, thereby amplifying errors and degrad-
ing performance, as illustrated in the case study
in Appendix D. CoSelector adopts global reward
as implicit feedback and unified collaborative opti-
mization objective, enabling mutual information ex-
change between the Selector and Generator agents
to form a closed feedback loop, and ultimately
boosting answer accuracy.

Effect of Reranker. Notably, reranker-based Naive
RAG reranks retrieved results and picks other top-K
documents with the highest scores from its perspec-
tive. However, it only returns documents matching
the inherent preference and lies in the isolation be-
tween retrieval and generation, as the retriever can-
not perceive feedback signals from the generator.
Table 1 reveals that strong retrieval performance
does not equate to high answer accuracy. Some
high-scoring documents thus hinder the generator
from comprehending and extracting valid evidence.
However, CoSelector adopts collaborative MARL,
taking final answer correctness as the global reward
signal for agent cooperation. Besides, as shown in
Figure 3, the quality of generated answers guides
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Query Language

Settings

ar de es en fi fr it ja ru th zh pt ko Avg.
Full Model 3836 53.82 5317 5715 48.00 53.68 5155 40.90 4294 2841 37.12 5348 3278 4549
BP w/o. Generator 3391 4998 5018 54.13 4482 4940 4855 3827 4058  26.89 3493 4985 2941 4238
BP w/o. Selector 36.56 5141  50.12 5427 4538 5093 47.61 40.03 4047 2776 3632 49.78 2991  43.12
w/o. Selector, w/o. RL ~ 33.05 4721 47.13 5122 4237 47.05 46.18 3516 3742 2983 3297 4632 27.14 4042
w/o. Selector 3733 51.60 50.88 5298  46.19 5210 47.54 3971 4187  29.12 38.07 5092 3141 43.82
w/o. RL 30.14 4552 4497 4956 4078 4497 4576  36.03 3811  29.05 3212 4498 2771 3921

Table 3: Ablation studies on MKQA (C3Recall %). “BP

w/0.” indicates whether each agent participates in the

backpropagation of the joint optimization. “w/o. RL” denotes the training paradigm that follows SFT.

75.95%

75.04%
70 68.98% 60 1
50
60 - .
40 T4 350
31.48%
50 30
42.42% 20
40 7 o 36.16% 10
3428%4.29% 33 19033.18%
— T T T T T T 1 0
R S S S PP S 5 S
& SN F O 8 &
< &qu\\%’ .e}‘bo 0%83' ‘bz'& q,& q,& %&9 @&Q &Qy &
) < )
%:9 QX’O 6 4\\ e P oe " \A\ %‘b\ oe
@
e &

(a)RLC (%) T

Figure 2: Multi-dimensional analysis of CoSelector on MK
F1 = document selection accuracy (answer-in-document

(b) Selecting F1 (%) T

57.86% 32.01% 50 - 48.41%
30 4 44.21%
40
20 20.05%
30 25.30%
20 +
10 4 9.49%
10
0 T T T 0 T T
& (S N & & N
&““& @Qy z\zé ‘q’&& 6@ \é}
& - & e@ & - & ea}
64\\‘ < C G\“\' <F <
-453' .46@

(c¢) Redundant (%) { (d) Irrelevant (%) {
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heuristic). Redundancy Ratio and Irrelevance Ratio

respectively quantify the proportion of redundant and irrelevant information within retrieved context, respectively.

All metrics are averaged values.

the Selector agent to select evidence-accessible doc-
uments instead of merely top-scoring ones, elimi-
nating inherent language selection bias existing in
retrievers and rerankers.

4.3 Ablation Studies

Joint Optimization. As shown in Table 3, we
exclude the trajectory of the Selector agent or the
Generator agent in PPO backpropagation, respec-
tively. The results show that multi-agents collab-
oration is effective with joint optimization. When
two agents are jointly optimized through shared
reward, the selector learns to select the optimal
combination of multilingual evidences under the
guidance of a shared outcome-based reward, and
the generator further enhances its denoising and
multilingual knowledge integration capabilities on
this basis. Optimizing only the selector allows it
to retain higher-quality multilingual evidences, but
the generator’s evidence integration capability re-
lies solely on the SFT, resulting in performance
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degradation sharply. On the other hand, optimizing
only the generator leverages its partial denoising
ability, achieving only a moderately improved per-
formance, yet it still falls short of our method.

Training Procedures. To valid that the perfor-
mance gains of CoSelector originate from the in-
troduction of the Selector rather than vanilla SFT
or RL training, we exclude the Selector from the
feedback loop, so that the Generator directly takes
the top-10 retrieved documents as input. The com-
parison between “Full Model” and “w/o. Selector
+ RL” shows an average performance improvement
of 1.67%, which verifies that the Selector agent
effectively enhances the overall quality of multilin-
gual evidence. We only observe slight performance
declines on Thai and Chinese, while obvious gains
are obtained on the other eleven languages, with a
notable rise of 4.17% on English. This reflects that
the evidence selection ability of the Selector agent
varies across different languages. We further ex-
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Figure 3: Distribution of language of selected evidence with different approaches in the MKQA dataset.

plore the performance advantages of RL over SFT.
Experimental results demonstrate that RL brings
an average improvement of over 3.4% compared
with SFT. It indicates that as trainable optimization
paradigms, RL possesses stronger advantages in
multilingual knowledge fusion and the internaliza-
tion of multilingual RAG capabilities.

5 Contributions of Selector

Overall. We analyze CoSelector through the lens
of selection quality, language bias, resource-tier
performance, and inference efficiency, demonstrat-
ing its effectiveness as an efficient and equitable
pre-selector for multilingual RAG.

Overall Performance. As shown in Figure 2, CoS-
elector achieves better performance in terms of
Selecting F1 and answer accuracy. This indicates
that our method can not only locate valid answer
information more precisely, but also reliably dis-
tinguish high-quality multilingual documents for
generation, instead of leaving all discrimination
difficulties to the generator.

CoSelector attains an average context length of
3770 characters, comparable to 3589 chars of Naive
RAG, yet markedly shorter than Naive RAG with
reranking, 4878 chars. It delivers prominent denois-
ing effects under equivalent input scale. The redun-
dancy ratio falls from 20.05% to 9.49%, and irrel-
evant content ratio drops from 48.41% to 25.30%.
Acting as an effective pre-filter, it removes exten-
sive noise, enables models to concentrate on key
valid information, and boosts reasoning efficiency
and prediction robustness. As a core metric for real-
world multilingual RAG, Response Language Con-

sistency (RLC) hits the peak value of 75.95% with
CoSelector. This outperforms the 75.04% of the
second-best Naive RAG with SFT and greatly ex-
ceeds Search-R1’s 42.42%. The method enhances
cross-lingual alignment, improving RLC and prac-
tical usability of multilingual RAG systems.

Documents Language Distribution Analysis. As
shown in Figure 3, we analyze the document lan-
guage distribution selected by different methods
to explore the internal causes of performance im-
provements. CoSelector actively adjusts the se-
vere language selection bias introduced by mE5
and bge-m3-v2-reranker, striving to keep the pro-
portion of selected documents for each language
roughly balanced. In contrast, baseline methods
show significant linguistic preference: Naive RAG
with mES5 retriever is overwhelmingly dominated
by Chinese (zh), accounting for 54.19%, while
the reranker-based Naive RAG with bge-m3-v2-
reranker exhibits a strong inclination towards Chi-
nese (26.23%) and Japanese (15.70%), leaving low-
resource languages including Arabic, Finnish and
Thai severely underrepresented. Notably, under the
adjustment of CoSelector, the proportions of Chi-
nese and Japanese are still slightly higher than other
languages, which is attributed to the secondary fil-
tering mechanism of the Selector agent and the
inherent preference of the original retrieval results
for Chinese and Japanese documents. By lever-
aging the balanced retrieval strategy (see in Ap-
pendix C.2) and secondary selection mechanism,
CoSelector effectively mitigates the distribution
bias, achieving fair and stable coverage for both
high-resource and low-resource languages, and lay-
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Tier Data #L. Direct Naive Ours
High MKQA 10 3222 40.82 46.65
Mid MKQA 3 1949 30.18 35.69
High XOR 3 22.04 29.31 31.70
Mid XOR 3 27.65 39.59 37.50
Low XOR 1 17.55 38.53 29.79

Table 4: C3Recall (%) by resource tier on MKQA /
XOR-TyDi (Qwen2.5-7B-Instruct). #L: #languages.

ing a solid foundation for multilingual RAG sys-
tems.

Performance Across Language Resource Tiers.
Table 4 reports the C3Recall performance grouped
by language resource tiers. We observe consistent
trends across two datasets: For low-resource lan-
guages, the absolute performance gain brought by
RAG is the largest. Direct LLM inference suffers
severe performance degradation on low-resource
languages, and Naive RAG yields a large boost,
+20.98% on XOR-TyDi low-resource setting. For
mid-resource languages, RAG also brings substan-
tial improvements. The core bottleneck lies in the
generation capability of the LLM itself. For high-
resource languages, the gain of vanilla RAG is
relatively limited, where the main bottleneck shifts
to retrieval quality rather than generation. CoSe-
lector further improves over Naive RAG for most
high and mid-resource cases by learning a collabo-
rative selection policy with generator feedback. An
exception appears in the XOR-TyDi mid-resource
setting, where Naive RAG slightly outperforms
CoSelector. We attribute this to language distribu-
tion shift in retrieved evidence.

Inference Efficiency. Table 5 compares inference
overhead on MKQA with Qwen2.5-7B-Instruct.
CoSelector only introduces a small latency over-
head compared with Naive RAG, and is much faster
than Search-ol and Search-R1. Although CoSelec-
tor requires multiple model calls for the Selector
agent, the total input token budget is kept at a mod-
erate level. Notably, CoSelector produces far fewer
output tokens, since the Selector filters noisy ev-
idence before generation and the Generator only
needs to predict concise answers. Compared with
reranker-based and agentic RAG baselines, CoSe-
lector achieves better answer quality without exces-
sive inference cost.

6 Conclusions

We propose CoSelector, a collaborative multi-agent
reinforcement learning framework that unifies opti-

Method Lat. (ms) Calls In Out
Naive RAG 5940 1 3589 110
Naive RAG w/ Reranker 8210 1 4578 121
Search-ol 11650 1.73 615 1743
Search-R1 12800 2.44 919 2758
CoSelector 7950 5 3770 10
Table 5: Inference cost on MKQA (Qwen2.5-7B-

Instruct). In/Out: tokens per query.

mization goals and iteratively refines results via
feedback signals. Its tailored multilingual evi-
dence selection mechanism alleviates cross-lingual
knowledge conflicts. The selector agent dynami-
cally filters and assembles relevant cross-lingual
evidence to build high-quality context, reducing
the processing load of large language models.
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Limitations

Optimization Methodology. The current opti-
mization approach presents two avenues for im-
provement. First, the credit assignment and non-
stationarity challenges inherent in our multi-agent
RAG task necessitate highly stable RL training.
While MAPPO was effective, alternative algo-
rithms offering potentially greater robustness (e.g.,
GRPO (Guo et al., 2025a), which operates with a
simpler, lower-variance objective) warrant investi-
gation. Second, the use of LoRA (Hu et al., 2021)
for RL, while efficient, imposes a low-rank con-
straint on policy updates. A full-parameter RL fine-
tuning strategy could potentially circumvent this
limitation, allowing the model to learn more com-
plex and nuanced collaborative policies, thereby
pushing the performance boundary of multilingual
RAG further.
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A Expermental Details

A.1 Dataset and Model Details

MKQA. The MKQA (Multilingual Knowledge
Questions and Answers) dataset, introduced by Ap-
ple, is a critical benchmark for evaluating cross-
lingual question answering models. It contains
10,000 question-answer pairs aligned across 26 lan-
guages. Derived from the English Google Natural
Questions dataset, MKQA employs professional
translation and alignment, and provides entity an-
notations alongside automated evaluation scripts.
XOR-TyDi QA. To evaluate the comprehensive
capability of CoSelector in multilingual answer
generation, we adopt the XOR-Full subtask. XOR-
TyDi QA is a multilingual open-retrieval question
answering dataset whose challenge lies in requiring
systems to retrieve answers directly from a multi-
lingual document collection and generate them in
the target language. This subtask demands models
to perform end-to-end cross-lingual retrieval and
generation, providing a holistic assessment of their
information integration and multilingual generation
abilities.

Language List. Spanish (es), German (de), En-
glish (en), Finnish (fi), French (fr), Italian (it),
Japanese (ja), Russian (ru), Thai (th), Chinese (zh),
Portuguese (pt), Korean (ko), Russian (ru), and Tel-
ugu (te) are languages with distinct linguistic and
cultural footprints across the globe.
Multilingual-e5-base. The Multilingual-E5-base
(mES) model (Wang et al., 2024) is a multilingual
text embedding model based on XLM-RoBERTa,
supporting 94 languages. It requires input texts
to be prefixed with "query: " or "passage: " and
produces L2-normalized embeddings suitable for
direct similarity comparison. In this work, M-E5
serves as the retriever for all compared systems and
our proposed CoSelector framework.
Qwen2.5-3B-Instruct and 7B. In the CoSelector
framework, we instantiate the Selector and Genera-
tor agents with Qwen2.5-3B-Instruct and Qwen2.5-
7B-Instruct, respectively, to assess the robustness
of our multi-agent collaboration across different
model scales. Both models belong to Alibaba’s
Qwen2.5 series and exhibit strong multilingual un-
derstanding and generation capabilities across 29
languages, with notable improvements in knowl-
edge retention, code generation, and instruction fol-
lowing compared to earlier versions. Their robust
multilingual competence and instruction-following
attributes make them well-suited to handle the com-

plex decision-making and answer-generation de-
mands inherent in multilingual retrieval-augmented
generation.

Qwen3-32B-Instruct (Team, 2025). We employ
Qwen3-32B-Instruct to construct the parallel trans-
lation data for XOR-TyDi QA. The translation
prompt template is provided in Figure 4.
bge-reranker-v2-m3 (Li et al., 2023; Chen et al.,
2024b). We use bge-reranker-v2-m3 as the
reranker for Naive RAG to perform a secondary
reranking of the original multilingual retrieved re-
sults.

A.2 Implementation Details

Training Process. The optimization of CoSelector
proceeds in two stages: a warm-start Supervised
Fine-Tuning (SFT) stage and a subsequent Rein-
forcement Learning (RL) training stage. For SFT,
the training data are first sampled in a balanced
manner based on language and answer type. We
then conduct separate SFT for the Selector and
the Generator. The Generator is trained on the
balanced data to map from the query and retrieved
context to the answer. For the Selector, we addition-
ally downsample examples in which all candidate
documents are uniformly relevant (yes) or irrele-
vant (no) to prevent trivial selection policies. SFT
is performed for 1 epoch.

Before RL training, we use the SFT-initialized

model to perform rejection sampling on the RL
training set. The resulting predictions are bucketed
by their C3Recall scores (with a bin size of 0.1) to
ensure a balanced distribution of sample difficul-
ties. RL is carried out with the MAPPO for 300
steps, using a batch size of 64, a PPO clipping ra-
tio of 0.2, a temperature of 0.9, a KL coefficient
of 0.2, and whitened and normalized rewards. All
SFT experiments run on 8x NVIDIA A800 (80GB)
GPUs, and RL training is conducted on NVIDIA
H20 (96GB) GPUs.
Dataset Partitioning. MKQA. We first remove
samples with empty or null answers from the
MKQA dataset, resulting in 6,584 valid samples.
For each of the 13 selected languages, we sample
2,000 queries, forming a test set of 26,000 samples
in total. The remaining 4,584 samples are further
split into a warm-start SFT subset (485 samples)
and an RL training set (4,099 samples). XOR-TyDi
QA. Since the official test set of XOR-TyDi QA
does not provide ground-truth answers, we use its
validation set as the test set for evaluation.

When training Search-R1, we construct a bal-
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Query Language

Methods

ar bn ja ko ru te Avg.
Owen2.5-3B-Instruct
Direct 27.79 1326 2244 889 16.17 23.67 13.78 18.00
Naive RAG 4478 2632 3272 2022 2025 39.20 2698 31.98
Naive RAG w/. SFT 32.09 2727 2487 20.80 18.51 15.61 1190 2292
Naive RAG w/. reranker  45.62 24.18 33.14 2130 19.84 38.62 2497 29.67
CrossRAG 45.18 26.77 33.81 20.71 20.54 40.76 26.63 30.63
Search-ol 19.22 1095 06.59 07.39 1541 1245 1142 1192
Search-R1 41.84 1032 3440 1829 24.09 29.62 527 26.08
CoSelector (Ours) 4351 2286 39.06 29.24 27.24 3583 24.87 33.53
Owen?2.5-7B-Instruct
Direct 36.89 17.47 2858 15.03 20.92 30.18 17.55 23.80
Naive RAG 49.01 2885 4091 20.53 2394 4346 3853 36.93
Naive RAG w/. SFT 38.72 3442 3356 26.88 23.66 2248 14.05 29.24
Naive RAG w/. reranker 47.24 2524 40.16 21.69 24.11 43.19 37.67 34.18
CrossRAG 48.12  29.01 40.12 21.78 21.63 4476 37.61 34.72
Search-ol 27.05 1724 1143 0191 1877 0737 04.08 12.25
Search-R1 4192 1027 4176 19.17 2573 3322 6.62 28.38
CoSelector (Ours) 4597 2478 41.74 2946 2685 38.78 29.79 35.71

Table 6: Comparison on 7 Languages of XOR-TyDi QA. The metric is C3Recall (%).

anced training set by uniformly sampling 1,000
instances per language. Retrieval is performed over
the full multilingual corpus.

Training Tools. We use the LLaMA-Factory>
framework for both supervised fine-tuning (SFT)
and reinforcement learning (RL), with modifica-
tions to accommodate our specific training pipeline.
Language Detector. Because answers are multi-
lingual short texts, we employ the lingua-language-
detector” tool to ensure accurate RLC.
Evaluation Protocols. We adopt five fine-grained
metrics to evaluate the practical contribution of the
Selector. Response Language Consistency (RLC)
evaluates the consistency between generated re-
sponses and user query languages. Selecting F1
assesses the evidence selection accuracy of the Se-
lector Agent, with ground truth labels obtained
from the answer-in-document heuristic. We further
adopt Context Length to count the character num-
ber of input context, and employ Qwen3-32B to
calculate Redundancy Ratio and Irrelevance Ratio,
which respectively quantify the proportion of re-
dundant and irrelevant information within retrieved
context.

B Heuristic Algorithms for Constructing
SFT data

Selector SFT Data Construction. The training
and evaluation of CoSelector involve 15 languages.

3https://github.com/hiyouga/LlamaFactory
4https://pypi.org/project/
lingua-1language-detector/

XOR dataset translate example:

<|im_start>system\nfRER— N ZBSENFER, 1Edte (RFH
[EI;L’E) , bn (BMHE), ru (B, ja (BIB), ko (&

:Lg )

ar (MAMAIE), fi (F=1B) X7TMIES ZENEEEIR, &
ZRLUTARAMu (HIB) EFEle (RAEE). BAER
(Translation: You are a multilingual translation expert,

\proficient in translating between 7 languages: Telugu,

Bengali, Russian, Japanese, Korean, Arabic, and Finnish. You
need to translate the following content from Russian to Telugu.
Input format:): [Language:ru/Query]: {query content} 584§
0. [Language:te|Query]: {translated query}
<|im_end|>\n<|im_start/>user\n[Language:ru|Query]:

Kakoii kiiumar B Minnum6Gae? (Translation: What is the climate like
in Ishimbay?)<|im_end[>\n<[im_start|>assistant\n/no_think

Figure 4: XOR-TyDi QA query translation template.

To obtain supervisory signals indicating which mul-
tilingual documents are relevant to an answer, we
employ an efficient heuristic based on lexical over-
lap: a document is considered relevant if the answer
string appears within it. For each document, we
first filter out standard stopwords. We then compute
a lexical matching score between the document and
each candidate answer. Documents with a match-
ing score greater than zero are considered relevant
and are ranked in descending order of their score.
others are assigned a score of zero and deemed ir-
relevant. We construct binary sequences (yes/no)
for each language group, indicating document rele-
vance. Due to significant differences in tokeniza-
tion across languages, we use a combination of to-
kenization tools: spaCy 3.8.0 for de, en, es, fi, fr, it,
ja, ko, pt, ru, zh. CAMeL Tools for ar. PyThaiNLP
for th; the indic-nlp-library for te; and the bnlp-
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toolkit for bn.

Generator SFT Data Construction. For the
Generator’s SFT stage, the input is constructed by
concatenating the query with the top-ranked rele-
vant documents (labeled yes by the above heuris-
tic) retrieved for that query. The corresponding
gold answer serves as the target output sequence.
This teaches the Generator to produce answers con-
ditioned on the filtered, multi-document context
provided by the Selector.

C Other Results

C.1 Results on XOR-TyDi QA dataset

As shown in Table 6, our method achieves competi-
tive performance across most languages, yet suffers
from the performance decline for Russian (ru) and
Telugu (te) on the XOR-TyDi QA benchmark. This
phenomenon can be attributed to the differences
in data characteristics, processing pipelines, and
dataset scales. MKQA is a high-quality, human-
translated multilingual parallel corpus that guar-
antees precise and consistent cross-lingual align-
ment. In contrast, XOR-TyDi QA consists of non-
parallel multilingual data. To support cross-lingual
retrieval, we adopt Qwen3-32B-Instruct to trans-
late the corpus for cross-lingual alignment, and
the cumulative noise introduced during translation
severely degrades the model performance on Rus-
sian and Telugu. Furthermore, the limited test scale
of XOR-TyDi QA serves as another critical factor.
XOR-TyDi QA only contains 3,743 test samples,
while MKQA includes up to 26,000 test instances.
The insufficient test data of XOR-TyDi QA leads to
less stable and generalizable evaluation results, ex-
acerbating the performance drop on low-resource
languages. Details of the translation procedure are
provided in Figure 4.

C.2 Results with Different Retrieval
Strategies

We explore two distinct retrieval strategies regard-
ing language balance of retrieved documents. One
is the balanced strategy: we first select the top-
3 documents per language, then score candidates
via retriever or reranker, and finally retain the
top-10 documents to maintain language diversity.
The other is the unbalanced strategy: we directly
pick the top-10 documents with the highest global
scores, which may lead to missing results of certain
languages.

As shown in Table 7, the unbalanced strategy
generally achieves slightly better results, which
may stem from the introduction of multilingual
noise. The balanced strategy consistently yields
higher performance with SFT training, while such
regularity cannot be observed under the unbalanced
setting.

For CoSelector, we did not adopt the unbalanced
strategy. Our core consideration is to avoid lan-
guage selection bias at the early data preparation
stage of model training. Uniform sampling across
all languages ensures that information from low-
resource languages can be fully leveraged.

D Case Study

We highlight a critical failure mode of retrieval-
augmented systems lacking cross-lingual routing
and the corresponding strength of our framework
through three groups of case studies.
As shown in Figure 5, we discuss the phenomenon
of language-agnostic retrieval. When processing
the Korean query “When did Mother’s Day be-
come a public holiday?”, the Search-R1 baseline,
which lacks explicit multilingual filtering, demon-
strates its weakness. Its iterative retrieval fails to
navigate the multilingual corpus effectively. The
initial search retrieves irrelevant documents about
Mother’s Day memorials in Korea, and a subse-
quent search erroneously focuses on Japanese doc-
uments. Consequently, the model is misled by
this noisy and linguistically misaligned context,
producing the wrong answer “1956”. This under-
scores how language barriers and retrieval noise
can severely degrade performance in the absence of
a dedicated routing mechanism. In contrast, CoSe-
lector successfully addresses this challenge through
its intelligent routing module. For the same query,
the Selector analyzes the intent and accurately fil-
ters the multilingual document pool (containing
39 documents in 13 languages). It identifies and
selects key evidence fragments from English, Ger-
man, and Spanish documents, all of which con-
sistently cite the 1914 U.S. legislation that estab-
lished Mother’s Day. Leveraging this coherent,
cross-lingually corroborated context, CoSelector
correctly deduces the answer “1914-5-9”, aligning
perfectly with the ground truth “1914”. This ex-
ample validates the Selector’s ability to perform
precise, intent-aware selection across languages,
which is fundamental to accurate multilingual QA.
As shown in Figure 6, in this case, CoSelector
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Strategy  Methods Query Language
ar de es en fi fr it ja ru th zh pt ko Avg.
QOwen2.5-3B-Instruct
Unbalan edNajve RAG 20.50 42.24 4583 51.15 3749 4398 4420 21.14 29.61 1870 19.87 4455 1536 3343
“CNaive RAG w/. SET  21.84 3940 39.42 43.67 33.10 40.18 40.09 25.11 2741 2232 2591 4046 19.18 3225
Naive RAG 1550 42.87 53.43 4442 38.64 44.11 4364 1790 13.16 42.14 2342 16.65 18.06 31.84
Balanced Naive RAG w/. SFT 27.39 41.69 40.90 47.82 3455 4194 4044 30.19 31.66 2443 2943 4140 2327 35.01
CoSelector (Ours) 29.97 4586 4536 5049 41.19 4593 45.61 3490 36.95 27.53 3140 46.34 27.15 39.13
Qwen2.5-7B-Instruct
UnbalancedNaive RAG 2452 4898 50.64 56.18 4572 4878 50.04 2645 33.61 23.01 23.53 50.11 19.20 38.52
Naive RAG w/. SFT 34.30 4690 45.70 5190 43.30 48.00 48.60 37.10 38.10 30.00 3530 47.90 30.10 41.30
Naive RAG 24.15 46.53 48.68 57.12 4299 47.44 47.19 2629 32.80 22.10 23.39 4692 1898 37.27
Balanced Naive RAG w/. SFT 31.55 45.11 44.19 52.62 40.68 4642 46.08 3571 36.63 2942 3379 45.63 30.01 39.83
CoSelector (Ours) 38.36 53.82 53.17 57.15 48.00 53.68 51.55 40.90 4294 2841 37.12 5348 32.78 4549

Table 7: C3Recall (%) on MKQA between Unbalanced (Global top-10) and Balanced (top-3 to top-10).

CoSelector (Ours)

Search-R1

[Language:ko|Query]: 2K O{H{L|2| 0| SR YUZE BHSO{RLIR
(Translation: When was Mother's Day made a public holiday?)

[Language:ko|Query]: 21X| O{3{L|2| Z0| 35 U= PHE0{XLIR
(Translation: When was Mother's Day made a public holiday?)

Selector Input: There are 13 sets in 13 languages, with 3 documents in each set,|
totaling 39 multilingual documents. These documents cover multilingual texts
related to "Mother's Day", "Parents' Day", "public holidays" and other
completely unrelated holidays (such as Father's Day, National Day, Earth Day,
International Women's Day, etc.).

Selector Output:

[Language:de|Document:1]: Clearly states that in 1914, the U.S. Congress
passed legislation establishing Mother's Day as a national holiday for the first
time. (Translation: Clearly states that in 1914, the U.S. Congress passed
legislation establishing Mother's Day as a national holiday for the first time.)

[Language:en|Document:0]: Clearly states that in 1914, President Woodrow
Wilson signed a proclamation designating Mother's Day as a national holiday.

[Language:en|Document:1]: States Congress passed a law establishing
Mother's Day on May 8, 1914.

[Language:en|Document:2]: In 1914, Congress approved a joint resolution,
which the President signed establishing Mother's Day.

CoSelector Answer: 1914-5-9

Ground Truth: 1914

Retrieval Process:

First Search: <search>0{H{L|2| 0| 375 U2 TSO{T 7
(Translation: When was Mother's Day made a public holiday?)

</search> Result:- [KO] Doc 2: "= 7}H& 2 2 OJHL| 9| HE X|7|A| & AHe
19564 23|20 A 0|l (2 24 2 2" (Translation: The national
observance of Mother's Day was based on a decision by the Cabinet in 1956.)

Second Search: <search>0{0{L| 0| 0| IFLZ X|HEl LR

(Translation: The date Mother's Day is designated as a public holiday)
</search> Result:- [JA] Doc 2: "19145E(C TEOH) E7 X ADEZBEIC
72D " (Translation: "Mother's Day became an American holiday in 1914.")

Search-R1 Answer: O|0{L|2| 0| SF U2 X| P& LRt= 195613 58 8
2,0|= &t=o| 23tet 00L& Yot ME&S Aot HEE AL
Ch O] 22 1973 0] OjH{ 0| 2 YHE|O HHE SRt #2E &=
St &2 HHY AES LICE (Translation: Mother's Day was designated as a
public holiday on May 8, 1956, and was established by combining Korean
culture with the tradition of honoring mothers. In 1973, the day was renamed
'Parents' Day' and transformed into a day to respect parents regardless of
gender.)

Figure 5: A detailed case of the phenomenon of language-agnostic retrieval.

accurately filtered multilingual documents directly
related to L&T (e.g., describing its history and busi-
ness in German, English, and Spanish). Although
an irrelevant Arabic document was incorrectly in-
cluded, the predominance of correct information
enabled the model to correctly answer “no”. In con-
trast, Search-R1 conducted two retrieval rounds:
the first retrieved irrelevant information, and the
second failed to mention the Fortune 500 ranking,
ultimately leading to an incorrect answer.

As shown in Figure 7, this case highlights a
key behavioral difference: Search-R1 answers the
query by relying solely on its internal parametric
knowledge without invoking the retrieval module,
whereas CoSelector correctly grounds its response
in precisely filtered and consolidated multilingual
evidence.

Failure mode proportions for English and Thai.
Table 8 categorizes failure cases for English and

Thai queries. “No Native Doc” dominates fail-
ures for both languages, meaning the retrieved
pool lacks documents written in the query lan-
guage. This accounts for 56% and 51% of er-
rors in English and Thai respectively. Numerical
Collapse is another major failure source, where
the model misreuses numerical values across un-
related questions. Thai exhibits high rates of Se-
mantic Drift and Asian Language Proxy failure:
polysemy in Thai and cross-lingual proxy substitu-
tion with Japanese/Korean are the key failure pat-
terns for small models. Nearly all failed samples
lack ground-truth supporting evidence inside the
selected context, indicating that evidence selection
quality is the root cause of failure. This table ex-
plains why CoSelector underperforms Naive RAG
on Thai under Qwen2.5-3B-Instruct: small mod-
els struggle to execute the multi-agent selection
procedure reliably.
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CoSelector (Ours)

Search-R1

[Language:it|Query]: larsen and toubro ¢ una delle compagnie del fortune 500
(Translation: Larsen and Toubro is one of the fortune 500 companies)

[Language:it|Query]:larsen and toubro ¢ una delle compagnie del fortune 500
(Translation: Larsen and Toubro is one of the fortune 500 companies)

Selector Input: There are 13 sets in 13 languages, with 3 documents in each set,|
totaling 39 multilingual documents. The content includes: 1. Documents related
to Larsen & Toubro itself (e.g., de-0, en-0, es-0, fi-0, etc.), describing its history,
business, and size.2. General documents related to the Fortune 500 list (e.g., de-
2, es-2, fi-2, etc.), explaining what the list is, but without mentioning L&T.3.
Documents completely unrelated to the query (e.g., ar-0 discusses the Swedish
economy, ko-0 discusses cameras, th-0 discusses the S&P 500 index).

Selector Output:

[Language:de|Document:0]: Introduces Larsen & Toubro as an Indian
construction and engineering company....

[Language:de[Document:1]: Recounts L&T's early history, including its
contract with Caterpillar....

[Language:en|Document:0]: Describes L&T as an Indian multinational
conglomerate and one of the world's leading construction companies....
[Language:en|Document:1]: Lists only L&T-related cross-references....
[Language:en|Document:2]: Introduces one of L&T's financial subsidiaries....
[Language:es|Document:0]: Introduces L&T as an Indian multinational
conglomerate with $17 billion in revenue in 2017....
[Language:es|Document:1]: Recounts the founding history of L&T....

IL D t:0]~[L D :2]: These three Arabic
documents are completely unrelated to L&T or Fortune 500 and should
theoretically not be selected, yet they appear in the generator input. This may
indicate an error in the filter's judgment or a special case in the workflow...
example.

Ground Truth: no

CoSelector Answer: no

Retrieval Process:

First Search: <search>Quali sono le principali imprese di Larsen & Toubro?
(Translation: What are Larsen & Toubro's main businesses?)</search> Result: -
[IT] Doc 1: "Tra le aziende di importanza interregionale... (Translation: Among
the companies of interregional importance...)"(Unrelated)

Second Search: <search>E Larsen & Toubro nella Fortune 5007 (Translation: /s
Larsen & Toubro in the Fortune 500?)</search>Result: - [EN] Doc 1: "Larsen
& Toubro Ltd, commonly known as L&T, is an Indian multinational
conglomerate company..." (Fortune 500 was not mentioned.)

Search-R1 Answer: Si, Larsen & Toubro ¢ una delle imprese Fortune 500. E
una delle principali imprese congiunte indiane con interessi nel settore
dell'ingegneria, costruzioni, manifattura, tecnologia, informatica e altri.
(Translation: Yes, Larsen & Toubro is a Fortune 500 company. It is one of
India's leading joint with i in i ing, construction,
manufacturing, technology, information technology, and other sectors.)

Figure 6: A detailed case of filtering effects.

Failure Mode en % th % Query Example

Numerical Collapse 29% 24% 2017 life expectancy, Montgomery distance
No Native Doc 56% 51% 10 N-m =1J, Las Vegas elevation

No GT Support ~100% ~100% Nearly all failures

Entity Confusion High Medium Fugees vs Flack, Bee Gees yes/no
Semantic Drift Low High Large flat plate, CB radio

Asian Language Proxy Low High Will Arnett, Lynyrd Skynyrd

Native GT Discarded — Medium Dia de los Muertos (Mexico)

Table 8: Failure mode proportions for English and Thai.

Qualitative examples. Table 9 provides qualita-
tive case studies showing how the Selector agent
keeps useful cross-lingual evidence and discards
redundant or misleading documents. In successful
cases, the selector retains cross-lingual support-
ing clues while filtering redundant and interfering
documents (e.g., wrong airports in the Phoenix air-
port example). In failure cases, the selector may
discard valid ground-truth evidence or keep irrele-
vant paragraphs. These examples illustrate the core
advantage of CoSelector: it can perform context
composition across multiple languages, rather than
only ranking documents within a single language.
Meanwhile, the cases also reveal limitations: cross-
lingual ambiguity may confuse the Selector and
lead to incorrect filtering decisions.

E Prompt Template

E.1 Selector Agent

As illustrated in Figure 8, the Selector takes the
multilingual retrieval results as input and produces
relevance labels for each.

E.2 Generator Agent

As illustrated in Figure 9, the Generator then pro-
duces the final answer based on the multilingual

documents selected and ranked by the Selector.
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CoSelector (Ours)

Search-R1

[Language:de|Query]: wer sang das lied first time ever i saw your face

[Language:de|Query]: wer sang das lied first time ever i saw your face

Selector Input: There are 13 sets in 13 languages, with 3 documents in each set,|
totaling 39 multilingual documents, covering information such as the song's
creator, singer, background, and album.

CoSelector Output: The following 11 documents were identified as relevant
(relevance="yes") and entered into the generator:

[Language:de[Document:0]: Introduces that Ewan McColl wrote this song for
Peggy Seeger, which was later sung by Roberta Flack and won a Grammy
Award.

[Language:de|Document:1]: Similar content, emphasizing that McColl wrote it
for Seeger and that Flack sang it and won an award.
[Language:en|Document:0]: Provides details that the song was written by
Ewan MacColl for Peggy Seeger, and that Roberta Flack sang it in 1972 and
won a Grammy Award.

[Language:en|Document:1]: Indicates that the song was written by Ewan
MacColl and lists the relevant albums.

[Language:en|Document:2]: Emphasizes that Roberta Flack's version was
successful on the charts and won a Grammy Award. 6.
[Language:es|Document:0]: Indicates the song was written by Ewan MacColl
for Peggy Seeger.

[Language:es|Document:1]: Mentions that Roberta Flack's version appeared in
a movie and became a hit song.

[Language:fi|Document:0]: The song list includes "The First Time Ever (I Saw
Your Face)," written by Ewan MacColl.

[Language:fr[Document:0]: Indicates the song was written by Ewan MacColl,
recorded by Roberta Flack, and won a Grammy Award.
[Language:fr/Document:1]: Mentions that Roberta Flack sang this song in 1972.
However,

[Language:ar|Document:0] describes a song first performed in Boston in 1857

by Johnny Bill, which is completely unrelated to the song in the query.
CoSelector Answer: Roberta Flack

Ground Truth: Roberta Flack

Retrieval Process: No Search

Search-R1Answer: Peter, Paul and Mary

Figure 7: A case of retrieval availability.

Query

GT /Pred

Action

(EN) who is the presiding officer of
the senate when the vice president is
not there

President pro tempore of the United States Sen-
ate / president pro tempore

Keep: [en:0] explicitly states "president pro tempore ... presiding officer
when VP absent".

Drop: [en:1] same topic but redundant phrasing; [fr:2], [ja:0] cross-
lingual repetition, non-critical.
Keep: [ar:0] cross-lingual relevance but suboptimal.

(DE) Wie heif3t der Flughafen von
Phoenix?

Phoenix Sky Harbor International Airport /
Phoenix Sky Harbor International Airport

Keep: [en:0] "Phoenix Sky Harbor International Airport" disambiguation
list.

Drop: [de:0] Deer Valley; [de:2] Gateway Airport (other airports in the
same city causing interference).

Keep: [ar:0] Arabic description of the same airport.

(DE) durchschnittliche Lebensdauer
eines Menschen im Jahr 2017

72.0 Jahr / 78.6 Jahr

Keep: [en:0] US life expectancy at age 65; [ja:0] healthy life expectancy
72.14; [ja:1] US total population 78.6 years; [ja:2] irrelevant text.
Drop: [de:0] global life expectancy trend; [fi:1] 72.

Table 9: Qualitative examples: kept and discarded evidence by CoSelector’s Selector agent. GT means Ground

Truth.
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CoSelector-Selector example:

{"instruction": "Judge the relevance between the documents and
query for the current language. There are 3 documents. Output a

space-separated sequence of 'yes' or 'no' to indicate relevance for
each document in order.",

"input": "[Language:de|Query]:was ist die hohe der
Internationale Raumstation(Translation: What is the altitude of
the International Space Station?)\n\n[Language:ja|Document:0]
g e LT EREFEXT— 3 > OFIE/)EEIZ408 kmT
HB. Ffee 1969FDTHROISLURDAFEEANDEAD
EIKTE o F=o (Translation: For comparison, the International
Space Station's orbital path is 408 km. Furthermore, this was the
first manned splashdown in the Atlantic Ocean since Apollo 9 in
1969.)\n\n[Language:ja|Document:1] 2 01— /\)L 2 X —D#},
BEIE1,420km, 1 U ST LOEERIE670kmTH B,
(Translation: Globalstar's orbital altitude is 1,420 km, while
[ridium's orbital altitude is 670
km.)\n\n[Language:ja|Document:2] ffl nEEFEHXT— 3
VI REERN91.749 T, UERFRIZ6738kmTH B,
REEE \n PUEFEF R B0 F KX FICE T 558HE
(Translation: Example: The International Space Station has an
orbital period of 91.74 minutes and an orbital semi-major axis of
6738 km. Related topics: Orbital semi-minor axis, Orbit,
Dynamics, Articles on astronomy)",

"output": "yes no no",
"system": "You are a helpful, respectful and honest assistant.
Your task is to judge the relevance between the documents and

query for a specific language.",

"history": [}

CoSelector-Generator example:

{"instruction": "The language tag for a multilingual query is
[Language:lang|Query], and the language tag for a multilingual
document is [Language:lang|Document:num]. Generate a concise
answer consistent with the query language based on the
multilingual document.",

"input": "[Language:de|Query]:was ist die hohe der
Internationale Raumstation(Translation: What is the altitude of
the International Space Station?)\n[Language:it|Document:1] Il
trasferimento da Hubble alla stazione spaziale \n\nNella realta il
trasferimento dal telescopio Hubble alla Stazione Spaziale
Internazionale non potrebbe avvenire come proposto nel film,
innanzi tutto perché si trovano in orbite completamente diverse:
Hubble ad un'altitudine di circa 559 chilometri con
un'inclinazione orbitale di 28,5 gradi, mentre la Stazione Spaziale
Internazionale si trova ad un'altitudine di circa 420 chilometri con
un'inclinazione orbitale di 51,65 gradi.(Translation: The transfer
from Hubble to the space station \n\nln reality, the transfer from
the Hubble telescope to the International Space Station could not
take place as proposed in the film, first of all because they are in
completely different orbits: Hubble at an altitude of about 559
kilometers with an orbital inclination of 28.5 degrees, while the
International Space Station is at an altitude of about 420
kilometers with an orbital inclination of 51.65
degrees.)\n[Language:ja|Document:0] tbER & LT, EEFH
2T =3 Y OEE/NEIFI8 kmTH Do Fiow 1969FD
TROISLRDAFEENDEADEKE ST,
(Translation: For comparison, the International Space Station's
orbital path is 408 km. Furthermore, this was the first manned
splashdown in the Atlantic Ocean since Apollo 9 in )
1969.)\n[Language:th|Document:1] &afiaina () tiuds
AagsanaanuuuTaauum taldiilunagmsesotinlu
a1nd TaaagluaTAasen (LEO)\n\naanfiadnauiuiang
(International Space Station) #5a ISS Lﬂuﬁpdﬂﬁﬁﬁmiaaﬂﬁﬁ
deTaassaulaniiszags 410 ATawnT LAAAUNAIEAING
27,744 Alawas/a1ue Taassaulan (Translation: 4 space
station is a man-made structure designed for habitation in space,
located in low Earth orbit (LEO).\n\nThe International Space
Station (ISS) is a floating laboratory orbiting the Earth at an
altitude of 410 kilometers, traveling at a speed of 27,744
kilometers per hour.)\n\nNow, answer the Question: was ist die
hohe der Internationale Raumstation, based on the above
Multilingual Documents as briefly and accurately as possible.",

"output": "408.0 Kilometer",
"system": "You are a helpful, respectful and honest assistant.
Your task is to generate an accurate answer based on multilingual

documents.",

"history": [}

Figure 8: An example for Selector.

Figure 9: An example for Generator.
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