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Abstract

This paper studies retrieval-augmented gener-
ation (RAG), which leverages external knowl-
edge to improve the performance of language
models. Despite the remarkable progress, cur-
rent RAG approaches are still far from satis-
factory due to inadequate retrieval and poten-
tial hallucinations. Towards this end, we pro-
pose a novel approach named Task Refinement
with Individual Optimization (TRIO) for RAG.
The core idea of our TRIO is to equip three
well-designed agents with an iterative refine-
ment paradigm by aligning their individual op-
timization objectives. Specifically, we first
expand ambiguous queries with a query ex-
tension agent and quantify the reward based
on the improved answer quality, which can
be utilized to refine our agent for higher ex-
pansion efficiency. To enhance the retrieval
quality, we include a unanimity voting to an-
notate the expanded query as insufficient or
sufficient, and their generative outcomes are
utilized as ground truth to optimize the judge
agent. To further improve evidence utiliza-
tion and answer accuracy, an answer agent is
optimized with dynamic matching-based re-
wards with curriculum learning for final out-
puts. Extensive experiments across multiple
benchmark datasets validate the effectiveness
of the proposed TRIO in comparison with state-
of-the-art approaches. Our code is available at
https://github.com/yingtaoren/TRIO.

1 Introduction

Large language models (LLMs) have achieved re-
markable success in natural language understand-
ing and reasoning. By pre-training on a series of
high-quality instruction datasets, LLMs can acquire
a wide range of factual knowledge (Achiam et al.,
2024; Du et al., 2026). These pre-trained models
have enabled a wide range of applications beyond
conventional language tasks (Xiao et al., 2025; Fu
et al., 2026). Nevertheless, pre-trained models may
fail to capture the most up-to-date information in

Figure 1: Problem illustration. RAG struggles with
inefficient knowledge acquisition in the retrieval stage
and knowledge underutilization in the answer stage.

highly specialized domains, particularly those in-
volving private or sensitive knowledge, such as
healthcare and law (Huang et al., 2025). This is-
sue limits LLMs’ capabilities on some knowledge-
intensive tasks, even leading to hallucinations.

To enhance the response quality, RAG has been
employed as a framework that leverages external
knowledge to reduce reliance on the pre-trained
LLMs’ parametric knowledge (Wang et al., 2026;
Gu et al., 2026). Typical RAG systems include
two main steps: retrieval and generation. In the
retrieval step, the key point is to locate the lacking
knowledge and define a retrieval query to retrieve
the knowledge from an external corpus. And then,
in the generation stage, the retrieved contents are
integrated with the original question and fed into
the LLM. The augmented input provides the LLM
with relevant knowledge and the latest informa-
tion, thereby enhancing the quality of responses
and reducing hallucinations (Mishra et al., 2024).
The main advantage of RAG is that it provides ex-
ternal contextual information to answer questions
when combined with the model’s parametric knowl-
edge (Yu et al., 2025). However, this advantage is
constrained by two challenges. First, the system
may not be able to accurately identify the missing
knowledge and generate an effective query for re-
trieval. An inefficient query formulation may lead
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to the retrieval of numerous irrelevant or even bi-
ased documents, thereby increasing the model’s
reasoning burden (Yu et al., 2024a; Cuconasu et al.,
2024). Second, even when relevant documents are
retrieved, the model may be unable to appropriately
utilize the provided context, which may lead to fur-
ther hallucinations (Hsieh et al., 2024; Liu et al.,
2024; Wang et al., 2025a; Ren et al., 2026b).

Existing approaches to optimizing the pipeline
of RAG include the branching method (Kim et al.,
2024; Shi et al., 2024), context ranking (Yu et al.,
2024b), and iterative retrieval (Asai et al., 2024; He
et al., 2024). These approaches merely adjust the
pipeline of RAG, remaining insufficient to counter-
act the noise or bias introduced by retrieved knowl-
edge. Furthermore, many recent works fine-tune
specific LLMs for the RAG pipeline to improve ro-
bustness and factual consistency in the generation
stage. Such efforts include supervised fine-tuning
with human-annotated datasets (Niu et al., 2024)
and utilizing reinforcement learning to integrate
reasoning ability with retrieval (Song et al., 2025).
However, by placing the burden of generating re-
trieval queries and answering on the same backbone
model, these approaches inherit the models’ intrin-
sic biases, limiting their robustness and ability to
generate effective queries.

Recently, a growing trend in LLMs is to break
complex processes into multiple specialized agents
or modules that work (Chen et al., 2024; Luo et al.,
2025) collaboratively. Instead of uniform models
handling everything, each agent is responsible for
a specific subtask in multi-agent systems (Bo et al.,
2024). This paradigm has also been introduced
into the RAG framework, resulting in a remark-
able improvement in removing hallucinations and
effectively utilizing external knowledge (Nguyen
et al., 2025; Hu et al., 2025). However, existing
multi-agent RAG frameworks still share the same
backbone without adaptive adjustment, which po-
tentially undermines response reliability.

To address these challenges, we propose a multi-
agent system with Task Refinement and Individual
Optimization (TRIO), an innovative multi-agent
collaborative RAG system that tightly couples
the retrieval and generation stages to improve re-
trieval and answer quality. Unlike existing multi-
agent RAG approaches that utilize uniform back-
bones (Hu et al., 2025), TRIO assigns task-adaptive
agents to distinct subtasks, allowing each agent to
specialize in its role. This targeted specialization
enables the system to pinpoint missing knowledge

and utilize retrieved knowledge more effectively,
yielding higher answer quality. Because each agent
operates on a narrow slice of the pipeline, TRIO
also lowers training cost and improves reliability.

Our TRIO implements an adaptive multi-agent
RAG framework that decomposes the workflow
into three subtasks: retrieval query generation, suf-
ficient information judgment, and answer genera-
tion, each subtask handled by an optimized expert
agent. This adaptive design enables effective han-
dling of diverse questions and yields robust perfor-
mance across domains. In addition, we present a
streamlined data-generation and training protocol
that tightly couples the optimization of all three
agents, significantly improving effectiveness while
maintaining modest supervision overhead. Cru-
cially, the training data construction and fine-tuning
procedures embed substantial cross-agent collabo-
ration, which strengthens coordination within the
multi-agent system and tightly couples the subtasks
of the pipeline. The protocol facilitates a straight-
forward transfer to a wide range of RAG scenarios
and provides a practical path to enhance real-world
RAG deployments. Our main contributions can be
summarized as follows:

(1) Existing RAG systems struggle with ineffi-
cient knowledge acquisition and hallucination
issues. We address these challenges through
TRIO, which strategically assigns specialized
agents to distinct RAG pipeline stages.

(2) Our TRIO introduces novel data generation
methods that expand limited supervised data
to align across different subtasks of RAG and
further adopts adaptive fine-tuning paradigms
for each agent. This design helps enhance
retrieval efficiency and answer quality.

(3) Comprehensive experiments across the latest
benchmarks demonstrate that our TRIO out-
performs a range of competitive baselines. In
addition, the framework can be readily ex-
tended to various RAG scenarios.

2 Related Work

Retrieval-Augmented Generation. Large lan-
guage models have achieved strong performance
across diverse tasks (Chen et al., 2026). However,
they remain susceptible to hallucinations and in-
sufficient context. Retrieval augmented genera-
tion addresses this limitation by retrieving external
evidence and conditioning the model’s output on
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Question
Who is the father of Edward 
Baring, 1st Baron Revelstoke's 
father?

Corpus

A member of the Baring 
banking family, "Ned" 
Baring was born on 13 April 
1828. He was the second 
son of Henry Baring from 
his second marriage, to 
Cecilia Anne.

Query  Extension 
Agent

LLM LLM LLM

Judge Agent Answer Agent
You are a retrieval
query generation agent.
Generate exactly one
NEW QUERY

Directly Answer the
question based on the
QUERY DOCUMENTs

Determine whether the
EXISTING QUERIES
provide sufficient
information

<NULL>
Query Pool

Query 0: James Baring,
6th Baron Revelstoke
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Query 0: James Baring, 6th Baron…
Query  1: John Baring, 2nd Baron…

Judge output is Sufficient | Round reach the maximum round

…

Sir Francis Baring, 
1st Baronet

Answer

Reward

Inductive Supervised 
Fine-tuning

Figure 2: An overview of our TRIO framework. The tight cooperation among three specific optimized agents
improves the retrieval efficiency and answer quality.

the retrieved context (Chen et al., 2025; Fan et al.,
2024). Early RAG pipelines use the original input
as a query to search on an external corpus, and then
integrate the retrieval context into the model’s input
as supplementary knowledge (Gao et al., 2024). To
meet more complex retrieval needs, many meth-
ods introduce iterative retrieval generation branch-
ing (Kim et al., 2024) or loops (Yoran et al., 2024;
Chan et al., 2024; Jiang et al., 2023; Shao et al.,
2023), letting the model adapt its retrieval strat-
egy when evidence is insufficient. With the rise of
chain-of-thought prompting (Zhang et al., 2025b),
reasoning traces have also been used to improve re-
trieval efficiency and recall (Li et al., 2025; Trivedi
et al., 2023). Some multi-agent methods have also
been explored in RAG to enhance retrieval qual-
ity (Hu et al., 2025; Nguyen et al., 2025). Despite
these advances, most existing methods still share a
single backbone model across all roles in the RAG
pipeline and lack targeted fine-tuning, which limits
further performance gains.
Multi-Agent System. Recent work shows
that several agents’ interactions can substantially
enhance LLM capabilities across three main
regimes (Agashe et al., 2025). First, debate-based
frameworks run adversarial dialogues or critiques
in which agents challenge each other to refine rea-
soning and factuality (Du et al., 2024; Zhang et al.,
2025a). Second, ensemble coordination runs multi-
ple agents in parallel with minimal communication
and aggregates their outputs via voting, validation,
or game-theoretic consensus (Wang et al., 2025b;
Yue et al., 2024). Third, role-specialized collabo-
ration assigns complementary roles to decompose
problems and iteratively refine solutions (Wei et al.,
2025; Liu et al., 2025). However, the multi-agent

setting for RAG remains underexplored. Contem-
porary RAG pipelines typically rely on a single
LLM to both retrieve and generate, with limited
support for collaboration among specialized agents.

3 The Proposed TRIO
Problem Definition. Retrieval augmented genera-
tion enhances large language models by integrating
external knowledge as context that is not stored
in the model’s parameters. Given a collection of
retrieval text chunks C and a corresponding re-
trieval query Q, which was identified by the LLM
to obtain knowledge from an external corpus. If
necessary, it can perform multiple retrieval rounds
to acquire additional knowledge. However, exces-
sive context may introduce noise and increase the
risk of hallucination. Our objective is to build an ef-
ficient multi-agent RAG system, where each agent
is specialized and fine-tuned to a specific subtask
within the RAG pipeline. This multi-agent RAG
system must operate as a tightly coupled loop, col-
laboratively formulating retrieval queries targeting
missing evidence in an external corpus to answer
question x while minimizing irrelevant content, and
then seamlessly utilizing the acquired context to
generate accurate responses. The central problem
is training multiple agents to cooperate across re-
trieval, judgment, and answer generation so they
function as an effective whole.

3.1 Framework Overview
We address a limitation of existing RAG systems
that rely on uniform LLMs across all stages, lead-
ing to weak coordination among components. In
TRIO, specialized agents are trained to adapt to
their respective subtasks while engaging in sub-
stantial cross-agent cooperation. This training strat-
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egy strengthens coordination within the multi-agent
RAG system, tightly couples the subtasks, and im-
proves robustness and factual consistency. In par-
ticular, during the construction of training data and
the training process, the query agent is trained to
retrieve evidence aligned with the preferences of
the answer agent, making it easier to produce ac-
curate and unbiased answers. The judge agent is
trained to understand the other agents’ behaviors
and capabilities, enabling more reliable decisions
about whether the current retrieval evidence is suffi-
cient. The overall optimization loop is summarized
in Algorithm 1.

3.2 Answer Agent Optimization with
Matching-based Reinforcement Learning

The answer agent is responsible for using the re-
trieved content to answer questions with high ac-
curacy. The primary goal for training the answer
agent is to enhance the utilization of retrieval con-
tent and avoid hallucinations. To train the agent,
we build a training corpus that spans different num-
bers of retrieval steps and various chunk set sizes,
enabling the agent to learn to ignore biases in the
context and focus on the key evidence.

We sample training questions for the answer
agent from multi-hop QA datasets, assigning dif-
ficulty labels (easy/medium/hard) and retaining
medium and hard questions following (Song et al.,
2025). We then construct a retrieval-only debate
pipeline (Hu et al., 2025) that iteratively refines
retrieval queries and retrieved contents, capping
the debate at three rounds. We store the query
pool and retrieved chunks at the end of each debate
round, treating each snapshot as a training sample.
For each question, we generate multiple training
samples per question by varying the number of
collected queries and chunks. This setup trains
the agent to filter noise and focus on key evidence
across different context sizes. Further details on
the debate pipeline are provided in Appendix C.

To improve the generative capabilities of the an-
swer agent, we propose a two-stage outcome-based
reinforcement learning (RL) training method based
on the GRPO algorithm (Guo et al., 2025). The
model is first trained to utilize the provided infor-
mation and minimize internal hallucinations, using
questions with the top 3 retrieval chunks for each
retrieval query. Specifically, an outcome-based re-
ward consists of an exact match (EM) score and a
precision score, which are used in this stage. The
EM is defined as follows:

EM(y, y∗) =

{
1, if the y = y∗

0, else,
(1)

where y is the predicted answer generated by the
answer agent and y∗ is the gold answer of the input
question x. The precision score is:

PR(y, y∗) =
IN(y, y∗)
PN(y)

, (2)

where the PN(y) represents the word count of
the answer, IN indicates the word count of the
intersection between the two answers. To further
discourage explanations and other extraneous con-
tent in the answer, we add a format term to the
reward:

L(y) =

{
−1, if the length of y larger than l

0, else,
(3)

where l is a tuned hyper-parameter. Therefore, the
final reward Ra1 of the stage is the sum of the
outcome metrics and format metrics:

Ra1 = EM(y, y∗) + α ∗ PR(y, y∗) +L(y), (4)

where α is the tuned hyper-parameter.
Subsequently, the answer agent is trained to ef-

fectively locate key evidence in richer contexts and
to explore broader reasoning paths, using questions
with the top 5 retrieval chunks for each retrieval
query. The outcome-based reward comprises an
EM score and an F1 score:

Ra2 = EM(y, y∗) + α ∗ F1(y, y∗) + L(y), (5)

where the token-level F1 score is:

F1(y, y∗) =
2 ∗ IN(y, y∗)

PN(y) + PN(y∗)
. (6)

3.3 Query Extension Agent Optimization with
Outcome-based Reward

The goal of retrieval-query generation in RAG is
to identify gaps in the current context and generate
new retrieval queries, reducing whole-context bias
and thereby providing the key evidence needed by
the answer agent. Existing methods struggle with
a lack of a clear signal to judge the quality of a
single query. In TRIO, we train an adaptive query
extension agent to improve retrieval quality based
on the answer agent’s generation quality.

We first use each original question as a retrieval
query to retrieve the corresponding training sam-
ple, resulting in a query-refinement dataset. Uti-
lizing the strong answer agent in Section 3.2, we
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define the quality of an individual query by the
change in answer quality after adding the chunk
and before. As with the answer agent, we train the
query-extension agent using GRPO, with the query
quality reward:

Rq = F1(yn+1, y
∗)− F1(yn, y

∗), (7)

where yn is the answer generated by the answer
agent with chunks retrieved in the first n rounds.
The training encourages the query extension agent
to pinpoint missing evidence under varied contexts
and to generate effective queries accordingly.

3.4 Judge Agent Optimization with Inductive
Supervised Fine-tuning

To decide whether the query extension agent has
retrieved sufficient evidence and when to stop re-
trieval and begin answering, thereby limiting hal-
lucinations from long contexts. The judge agent
estimates whether the retrieved context is sufficient
for the current answer agent to answer correctly.

As with the query extension agent, we use the
answer agent’s response quality as the sole supervi-
sion signal for judging context quality. Unlike the
query extension agent, the judge is trained via su-
pervised fine-tuning (Joren et al., 2025). For train-
ing data generation, we also sample questions from
multi-hop QA datasets and use the same Debate-
RAG method with Section 3.2 to generate judge
training samples. In order to get the supervised
signal for the judge agent, we follow the test-time
labeling method in (Zuo et al., 2025), run the an-
swer agent on each sample, and draw 16 stochastic
predicted answers. If all 16 are correct, we label the
sample as ‘Sufficient Information’; if all 16 are in-
correct, we label it ‘Insufficient Information’. This
procedure yields reliable supervised signals, help-
ing the judge learn to assess context sufficiency
across various domains and context lengths. Fi-
nally, we combine these labeled samples to form
the judge enhancement dataset, used to train the
judge agent via supervised fine-tuning.

3.5 Inference Pipeline

With well-designed training, each agent within
TRIO coordinates closely to generate concise out-
puts. At inference time, the three agents collaborate
to acquire external knowledge through two main
steps: the retrieval step and the answer step. Stan-
dard RAG methods often suffer from insufficient or
irrelevant retrieval chunks in the retrieval process.

Algorithm 1: Training Algorithm of TRIO
Require: Question dataset Q, Retriever R,

Corpus C, Backbone model L
Ensure: Query-Extension Aq, Judge Aj ,

Answer Ag

1 Extract Q1 (hard questions) and Q2 (normal
questions) from Q

2 Conduct the retrieval debate method with R

and C on Q1, build training dataset T1

3 Train L on T1 with two-stage RL to obtain
Ag, using reward functions in Eq. 4 and
Eq. 5

4 Conduct a single retrieval using question on
Q2 with R and C, build training dataset T2

5 Train L on T2 with GRPO to obtain Aq,
using the reward in Eq. 7

6 Use Ag to answer all questions in T2 with
16 samples, constructing training dataset
T3

7 Supervised fine-tuning of L on T3,
obtaining the judge agent Aj .

To address this, TRIO tightly couples the agents to
ensure precise cooperation in an iterative retrieval
process. Starting from an initial retrieval, the query
agent uses the current context to identify knowl-
edge gaps and generate targeted new queries, while
the judge agent dynamically judges whether the
accumulated information is sufficient to halt the
iteration. This precise cooperation ensures the fi-
nalized query pool and retrieved chunks are highly
concise. Once sufficient information is gathered,
we switch to the answer step in which the answer
agent generates the final answer based exclusively
on the current context.

As the query and judge agents collaborate effec-
tively to supply only the strictly necessary evidence,
the answer agent is relieved from processing mas-
sively irrelevant contexts. Consequently, TRIO can
generate highly concise output tokens to reach an
accurate conclusion, mitigating hallucination risks
and significantly improving overall inference ef-
ficiency. The detailed inference loop and agent
prompts are provided in Appendix B.

4 Experiment

4.1 Experimental Settings
Baselines. We implement base RAG with dif-
ferent generation models (Jin et al., 2025b; Qiu
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In-Domain Out-of-Domain
Method HotpotQA 2Wiki NQ Musique Bamboogle AVG

Single-Hop Retrieval
Qwen3-4B 0.2770 0.1584 0.3357 0.0571 0.2240 0.2074

Llama3.1-8B 0.3095 0.1639 0.3720 0.0533 0.1600 0.2237

Qwen3-30B 0.2979 0.2479 0.3175 0.1278 0.2400 0.2606

Multi-Hop Retrieval
SuRe 0.2257 0.1166 0.3532 0.0653 0.1680 0.1757

IRCOT 0.1841 0.1266 0.2171 0.0690 0.2080 0.1505

Iter-RetGen 0.3350 0.1651 0.3343 0.0724 0.1920 0.2282

DRAG 0.3060 0.2094 0.3574 0.1171 0.2880 0.2490

Self-RAG 0.1596 0.1159 0.3457 0.0422 0.0640 0.1530

Search-R1 0.4116 0.4301 0.4382 0.1836 0.4640 0.4034
R1-Searcher 0.4012 0.4046 0.3681 0.1779 0.4640 0.3779

TRIO-4B 0.4174 0.4373 0.3878 0.1547 0.4640 0.3988

TRIO-8B 0.4350 0.4710 0.4339 0.1857 0.4960 0.4294

Table 1: The overall evaluation results of TRIO and other baselines on five benchmarks. Red marks the best-
performing method, and blue represents the second-best-performing method. All methods are evaluated under the
same settings. Our TRIO achieves the strongest performance.

et al., 2025), which represents the basic RAG
method without optimization. Moreover, we com-
pare TRIO with several recent RAG methods, in-
cluding branching method SuRE (Kim et al., 2024),
loop method Self-RAG (Asai et al., 2024), IR-
CoT (Trivedi et al., 2023), and Iter-RetGen (Shao
et al., 2023), R1 style reasoning RAG method
Search-R1 (Jin et al., 2025a), R1-Searcher (Song
et al., 2025), and multi-agent debate method
DRAG (Hu et al., 2025).
Datasets & Evaluation metrics. Evaluation ex-
periments are conducted on the dev or test datasets
of five benchmarks: Hotpotqa (Yang et al., 2018),
2Wiki (Ho et al., 2020), NQ (Kwiatkowski et al.,
2019), Musique (Trivedi et al., 2022), and Bam-
boogle (Press et al., 2023). Hotpotqa and 2Wiki are
in-domain datasets because parts of their training
sets are used to train our agents and other training-
based baselines. NQ, Musique, and Bamboogle are
out-of-domain datasets used solely for evaluation.
For evaluation metrics, we report the exact match
score in the results.
Implementation Details. All compared models
are reproduced and evaluated using FlashRAG (Jin
et al., 2025b). We employed E5-base-v2 (Wang
et al., 2024) as the retriever, and the retrieval cor-
pus using the Wikipedia dump 2018 (Karpukhin
et al., 2020). For each question, the external evi-
dence is capped at 20 retrieved chunks. In the train-
ing processes of our TRIO, the backbone models

are Llama3.1-8B-Instruct for TRIO-8B and Qwen3-
4B-Instruct for TRIO-4B. We select questions from
the training sets of Hotpotqa and 2Wiki to generate
training samples. The trained models for the three
agents are available in our code. More details are
provided in Appendix B.

4.2 Empirical Results and Analysis

We conduct comprehensive experiments to evaluate
the performance of TRIO against various baselines
across five benchmark datasets. As reported in
Table 1, TRIO-8B achieves strong and consistent
improvements on four benchmarks, demonstrat-
ing its robustness in settings that demand complex
retrieval and multi-step inference. TRIO-4B re-
mains competitive with R1-style reasoning-based
RAG methods while using a substantially smaller
backbone model. On average, TRIO-8B improves
6.45% over the second-best method. This supe-
rior performance can be attributed to TRIO’s de-
composition of the RAG pipeline into smaller sub-
tasks and to performing each with a well-designed
agent, which makes both retrieval and answering
more effective. In particular, compared to the other
multi-agent baseline DRAG, our method TRIO-
8B improves 72.45%, indicating that targeted fine-
tuning for each agent design substantially boosts
multi-agent RAG. We also observe that TRIO-
8B achieves strong results on the Musique and
Bamboogle datasets without any training on these

19770



Hotpotqa 2Wiki Musique Bamboogle

Variants EM F1 EM F1 EM F1 EM F1
TRIO w/o Query Opt. 0.4235

(↓ 2.64%)
0.5555
(↓ 3.73%)

0.4547
(↓ 3.46%)

0.5191
(↓ 8.29%)

0.1357
(↓ 26.93%)

0.2456
(↓ 12.85%)

0.4560
(↓ 8.06%)

0.5590
(↓ 9.84%)

TRIO w/o Judge Opt. 0.4284
(↓ 1.52%)

0.5587
(↓ 3.17%)

0.4765
(↑ 1.17%)

0.5416
(↓ 4.31%)

0.1593
(↓ 14.22%)

0.2635
(↓ 6.49%)

0.4480
(↓ 9.68%)

0.5643
(↓ 8.98%)

TRIO w/o Answer Opt. 0.3735
(↓ 14.14%)

0.4926
(↓ 14.63%)

0.2778
(↓ 41.02%)

0.3618
(↓ 36.08%)

0.1051
(↓ 43.40%)

0.1855
(↓ 34.17%)

0.2800
(↓ 43.55%)

0.3967
(↓ 36.02%)

TRIO (Full) 0.4350 0.5770 0.4710 0.5660 0.1857 0.2818 0.4960 0.6200

Table 2: Ablation study results on the four multi-hop benchmarks with three variants.

benchmarks. This suggests that the agents learn ef-
fective retrieval and coordination under our diverse
training scheme, yielding robust performance on
new test sets. Furthermore, while TRIO-4B outper-
forms baseline models on in-domain benchmarks,
it degrades on out-of-domain datasets. This obser-
vation seemingly highlights the impact of scaling
laws in RAG tasks, indicating that limited model ca-
pacity inherently limits the system’s generalization
capabilities. We further evaluate TRIO’s robustness
to noisy irrelevant contexts under different noise
levels, with detailed results and analysis provided
in Appendix F.

4.3 Ablation Study

In order to evaluate the impact of each specific
agent optimization in TRIO, we conduct ablation
studies on the multi-hop benchmarks. Specifically,
we evaluate three variants: (1) TRIO w/o Query
Opt.: replace the trained query extension agent
with the base backbone. (2) TRIO w/o Judge Opt.:
replace the trained judge with the base backbone.
(3) TRIO w/o Answer Opt.: replace the trained
answer agent with the base backbone. The experi-
mental results are reported in Table 2. On average,
all variants perform well below TRIO, with a larger
drop on out-of-domain datasets than on in-domain
datasets. This indicates that each specialized agent
is effective and that collaboration among the role-
specific agents further improves performance, espe-
cially on unseen data. Specifically, TRIO w/o An-
swer Opt. performs worst on all benchmarks, indi-
cating that a well-trained answer agent is critical for
multi-agent RAG systems. TRIO w/o Judge Opt. is
the strongest among the variants and even shows a
slight EM gain over TRIO on 2Wiki. But TRIO w/o
Judge Opt. still presents worse performance on out-
of-domain datasets than in-domain datasets, sug-
gesting that the supervised training method for the
judge agent potentially leads to overfitting. More-
over, although all variants underperform TRIO,

Musique Bamboogle
Method EM F1 EM F1
Fixed Round = 1 0.1556 0.2597 0.4480 0.5614

Fixed Round = 2 0.1585 0.2609 0.4480 0.5587

Fixed Round = 3 0.1585 0.2599 0.4560 0.5811

Fixed Round = 4 0.1547 0.2561 0.4560 0.5816

Fixed Round = 5 0.1531 0.2516 0.4560 0.5818

Flexible Round 0.1857 0.2818 0.4960 0.6200

Table 3: TRIO performance with flexible and different
fixed iteration rounds on the retrieval step.

they still exceed the basic RAG method and even
some recent RAG methods, reinforcing that special-
ized multi-agent designs strengthen RAG. These re-
sults suggest that targeted training enables effective
coordination, thereby improving factual accuracy.

4.4 Analysis of Retrieval Rounds

To systematically assess the impact of different re-
trieval rounds on the performance of TRIO. We
fix the number of rounds in the retrieval step from
one to five and evaluate them on the two out-of-
domain multi-hop datasets. The results are shown
in Table 3, where the flexible round is TRIO with a
maximum round equal to three, and the end deci-
sion is made by the judge agent. Fixing the round
count reduces performance across all variants. On
the Musique dataset, as the number of retrieval
rounds increases, the F1 score initially increases
slightly and then declines. On the Bamboogle
dataset, the F1 score shows a large jump when the
round is equal to three and only minor gains there-
after. These trends suggest that longer contexts can
help, but also introduce irrelevant noise, increasing
the risk of hallucination. In addition, the flexible
setting achieves the best results, indicating that sup-
plying an appropriate number of retrieval chunks
is beneficial and that the judge agent effectively
decides when to stop and answer.
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(a) EM (b) F1 (c) Reward

Figure 3: (a) and (b): Visualization of EM and F1 metrics for TRIO with single or mixed reward training. (c): The
reward values trajectory is shown. Mixed reward design surpasses single reward design in overall performance.

4.5 Reward Design Analysis

The existing reasoning RAG methods (Song et al.,
2025; Jin et al., 2025a) often rely on a single
thought throughout the training process. But the
single reward struggles with weak generalization
across RAG tasks. To investigate the impact of
two-stage reward design on TRIO, we train the
answer agent only with a single reward Ra2 (see
Equation 5) and the proposed two-stage reward de-
sign (described in Section 3.2, both using the same
Llama3.1-8B-Instruct as backbone model). The
results and reward values in the last 264 steps are
shown in Figure 3. We find that single reward de-
sign yields a small drop (-5.9% on average) in two
in-domain datasets and a much larger drop in two
out-of-domain datasets (-17.03% on average), indi-
cating that the two-stage reward improves overall
performance, especially for generalization. Further-
more, comparing reward values over the last 264
training steps, where the reward functions are the
same for both designs, further supports this finding.
The single reward method achieves higher training
rewards than the mixed reward design. This pattern
also suggests that the training model with a single
reward is prone to overfitting the training distribu-
tion. We conclude that using the two-stage reward
design to train the answer agent reduces overfitting
and improves generalization to unseen data.

4.6 Efficiency Analysis

To investigate the real-world inference efficiency of
our method, we deployed TRIO and all baselines
on two L40S GPUs with identical VRAM alloca-
tion. We sampled 100 questions from each multi-
hop benchmark and measured the inference time
across all methods. Table 4 presents the overall in-
ference time of the eight retrieval-augmented base-
lines. While early loop-based methods, Self-RAG
and Iter-RetGen, require less inference time, their
performance is significantly weaker than recent
reasoning and multi-agent methods, illustrating the
typical trade-off between accuracy and speed.

Inference Time (s / 100 queries)
Method Hotpotqa 2Wiki Musique Bamboogle Avg
SuRe 603.2 711.8 521.7 687.4 631.0
IRCOT 64.8 90.1 84.5 82.7 80.5
Iter-RetGen 20.4 23.2 20.5 20.4 21.1
Self-RAG 10.9 10.2 9.6 10.1 10.2
Search-R1 91.5 86.4 97.4 85.1 90.1
R1-Searcher 107.4 104.9 65.6 74.2 88.0
DRAG 571.3 699.4 852.4 660.1 695.8
TRIO-8B 80.4 82.1 74.9 82.3 79.9
TRIO-4B 43.6 61.1 40.8 36.9 45.6

Table 4: Inference time of eight methods (seconds per
100 queries) across different datasets.

In contrast, TRIO-4B achieves 98% of the perfor-
mance of reasoning-based methods while requiring
only half the inference time. Furthermore, TRIO-
8B outperforms these reasoning baselines while us-
ing slightly less inference time. As further analyzed
in Appendix D, TRIO’s efficiency stems from gen-
erating a highly compact number of output tokens
during inference. This minimal token generation
makes it highly suitable for large-scale real-world
deployment while maintaining interpretability.

5 Conclusion
We present TRIO, a framework that enhances RAG
by coordinating three individually optimized agents
for query extension, context sufficiency judgment,
and answer generation. Starting from question-
answer supervision only, we design distinct data
generation methods for each subtask and optimize
agents using reinforcement learning or supervised
fine-tuning with their specific corpora. Experi-
ments demonstrate that TRIO-8B achieves the best
average score and the best result on four of the
five main benchmarks. Our analysis reveals that
subtask-specific training corpora and mixed re-
ward functions enhance each agent’s specializa-
tion, while effective coordination improves answer
quality. TRIO can be readily extended to various
scenarios and provides a new direction for incorpo-
rating multi-agent cooperation into RAG systems.
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Limitations

TRIO demonstrates strong effectiveness in improv-
ing retrieval efficiency and answer quality in dif-
ferent benchmarks. However, TRIO is evaluated
primarily on short-answer QA and has not yet been
validated for live web search or long-form gener-
ation. Its adaptive loop may fail when on tasks
requiring very long-form responses or extended re-
trieval chains, as errors and irrelevant evidence may
accumulate across retrieval rounds and hinder ef-
fective answer generation (Ren et al., 2026a). Live
web search may introduce additional challenges, in-
cluding changing document availability and hetero-
geneous webpage structures. Future work should
calibrate retrieval-stopping decisions and evaluate
these failure modes in dynamic, real-world corpora.
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A AI Assistants Usage

We use large language models (ChatGPT) to re-
fine grammar and enhance sentence clarity in our
manuscript, and to aid in debugging code by ex-
plaining errors. This disclosure follows the ACL
2026 policy on AI usage.

B Prompts and Details of TRIO

B.1 Inference loop for TRIO
The multi-agent workflow begins by putting the
raw question to the retriever to obtain the initial
chunks from the external corpus:

Q0, C0 = R(x, k), (8)

where Q0 and C0 represent the initial query pool
and its corresponding set of retrieved chunks for
question x. The retriever R maps a query pool Q
to the union of the top-k chunks returned from the
corpus for each query.

In the iterative retrieval steps, each round begins
with the query extension agent Aq using the pre-
vious query pool and retrieval chunks (Qn, Cn) to
identify the knowledge gaps in answering the ques-
tion x and generate a new query. And then send the
query to the retriever, to a new query pool Qn+1

and corresponding retrieved chunks:

Qn+1, Cn+1 = Qn + R(Aq(x,Qn, Cn)). (9)

At the end of each retrieval round, the judge agent
Aj judges whether the current query pool is suffi-
cient to answer the question x:

D = Aj(x,Qn+1, Cn+1). (10)

If the decision D is that the current information is
insufficient to answer the question, we iterate to
the next round(up to a fixed round budget). Oth-
erwise, we switch to the answer step in which the
answer agent generates the final answer based on
the optimized query pool and their corresponding
retrieved chunks:

y = Ag(x,Q
∗, C∗), (11)

where Ag denotes the answer agent, and y is the
final answer to the question x.

B.2 Prompts of Inference
The prompt below is for the query extension agent
to generate exactly one new retrieval query in a
multi-step retrieval process. Given the question,

the existing query pool, and retrieved documents,
the agent identifies missing information and pro-
poses a keyword-based query. The output is strictly
limited to at most eight keywords, with no sen-
tences or stopwords, and must differ from all ex-
isting queries to encourage diversity and reduce
redundant retrieval.

Prompt for Query Extension Agent
System Prompt:
You are a retrieval query generation agent.
Input:
QUESTION: ...
EXISTING QUERIES and RETRIEVED
DOCUMENTS: ...

Task:
Generate exactly one NEW QUERY that:
1) Directly helps answer the QUESTION or
fill gaps not covered by EXISTING QUERIES
and RETRIEVED DOCUMENTS;
2) Is different from all EXISTING QUERIES.

Output rules:
Only keywords; no sentences, stopwords, or
connectors (e.g., and, or, of, the, about).
Separate keywords with a single space;
Maximum 8 keywords.
Output: Only the NEW QUERY text. No ex-
planations or extra text.

User Prompt:
Question: |Input Question|
Query Pool: |Current Query Pool|

The prompt below instructs the answer agent to
produce a final answer using the retrieval context
associated with the current query pool. The agent
is required to output only the final answer, without
explanations or additional text, ensuring a clean,
comparable output format. This design supports
consistent evaluation of answer correctness across
different inference settings.
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Prompt for Answer Agent
System Prompt:
Answer the question based on the given doc-
ument. Output only the final answer with no
explanations or additional text.
Query Pool:
|Current Query Pool|
User Prompt:
Question: |Input Question|

The prompt below guides the judge agent in de-
ciding whether the existing queries and retrieved
documents provide sufficient information to answer
the question correctly. The agent outputs only a
binary decision: “Sufficient Information” or “Insuf-
ficient Information”, with no further explanation.
This minimal output enables the system to control
whether additional query expansion and retrieval
rounds are needed.

Prompt for Judge Agent
System Prompt:
Determine whether the EXISTING QUERIES
and RETRIEVED DOCUMENTS provide suf-
ficient information to answer the QUESTION
correctly. Output only one of the following:
‘Sufficient Information’ or ‘Insufficient In-
formation’. Do not include explanations or
additional text.
User Prompt:
Question: | Input Question |
Query Pool: | Current Query Pool |

B.3 Setting Details for TRIO Training

All the 8148 training questions come from two
multi-hop QA benchmarks: HotpotQA (Yang et al.,
2018) and 2WikiMultiHopQA (Ho et al., 2020).
The answer agent and query extension agent are
trained using GRPO reinforcement learning. For
the judge agent, we constructed 49785 candidate
samples for SFT. Among them, 5312 samples pro-
duced mixed answers and were discarded, rep-
resenting approximately 10.7%. The remaining
44473 samples were used for training, including
9087 sufficient samples and 35386 insufficient sam-
ples. Notably, we do not need any additional hu-
man annotations, and all the supervised signals
were generated by the TRIO training loop (see Sec-
tion 3). Each sample is rolled out 16 times under
GRPO. We included more details and the trained

models in the code we provided. Train batch size
is 512, rollout batch size is 32, with the learning
rate set to 10−6 and the KL divergence set to 10−4.
And the judge agent is trained using supervised
fine-tuning. Training tasks are conducted on a sin-
gle node with two H100 GPUs. For the query-
extension agent, reward computation is offloaded
to two additional L40 GPUs. All the evaluation
experiments are conducted on two L40S GPUs.

B.4 Prompts in Training
The prompt below is used to train the Judge Agent
to output a binary sufficiency label indicating
whether the current queries and retrieved docu-
ments contain sufficient evidence to answer the
question correctly. It enforces a strict output for-
mat (“Sufficient Information”/“Insufficient Infor-
mation”) to enable consistent supervision.

Prompt for Judge Agent in Training
System Prompt:
Determine whether the EXISTING QUERIES
and RETRIEVED DOCUMENTS provide suf-
ficient information to answer the QUESTION
correctly. Output only one of the following:
‘Sufficient Information’ or ‘Insufficient In-
formation’. Do not include explanations or
additional text.
User Prompt:
Question: Are the directors of both films I Can
Do Bad All By Myself (Film) and Shit Year
from the same country?
EXISTING QUERIES and RETRIEVED
DOCUMENTS
Query 1: Are the directors of both films I Can
Do Bad All By Myself (Film) and Shit Year
from the same country?
Retrieved Content:
Doc 1: ...
Doc 2: ...
Doc 3: ...
Doc 4: ...
Doc 5: ...

The prompt below is used to train the Query Ex-
tension Agent to produce one additional keyword
query based on the question and the current re-
trieval results. The output is constrained to a short,
non-overlapping query to encourage informative
and diverse retrieval during training.
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Prompt for Query Extension Agent in
Training
System Prompt:
You are a retrieval query generation agent.
Input:
QUESTION: ...
EXISTING QUERIES and RETRIEVED
DOCUMENTS: ...

Task:
Generate exactly one NEW QUERY that:
1) Directly helps answer the QUESTION or
fill gaps not covered by EXISTING QUERIES
and RETRIEVED DOCUMENTS;
2) Is different from all EXISTING QUERIES.

Output rules:
Only keywords; no sentences, stopwords, or
connectors (e.g., and, or, of, the, about).
Separate keywords with a single space;
Maximum 8 keywords.
Output: Only the NEW QUERY text. No ex-
planations or extra text.

User Prompt:
Question: Are the directors of both films I Can
Do Bad All By Myself (Film) and Shit Year
from the same country?
EXISTING QUERIES and RETRIEVED
DOCUMENTS
Query 1: Are the directors of both films I Can
Do Bad All By Myself (Film) and Shit Year
from the same country?
Retrieved Content:
Doc 1: ...
Doc 2: ...
Doc 3: ...
Doc 4: ...
Doc 5: ...

The prompt below is used to train the Answer
Agent to produce the final answer from the pro-
vided multi-query retrieval context. It presents
the question along with the existing queries and
their retrieved documents, and enforces an answer-
only output without explanations to maintain con-
sistency in supervision and evaluation.

Prompt for Answer Agent in Training
System Prompt:
Answer the question based on the given doc-
ument. Output only the final answer with no
explanations or additional text.
EXISTING QUERIES and RETRIEVED
DOCUMENTS
Query 1: Are the directors of both films I Can
Do Bad All By Myself (Film) and Shit Year
from the same country?
Retrieved Content:
Doc 1(Title: "I Can Do Bad All by Myself
(film) "): ...
Doc 2(Title: "I Can Do Bad All by Myself
(film) ") : ...
Doc 3(Title: "Shit Year") : ...
Doc 4(Title: "Shit Year"): ...
Doc 5(Title: Themselves): ...
Query 2: Tyler Perry
Retrieved Content:
Doc 1(Title: "Tyler Perry"): ...
Doc 2(Title: "Tyler Perry Studios"): ...
Doc 3(Title: "Tyler Perry"): ...
Doc 4(Title: "Tyler Perry Studios"): ...
Doc 5(Title: "Tyler Perry"): ...
User Prompt:
Question: Are the directors of both films I Can
Do Bad All By Myself (Film) and Shit Year
from the same country?

B.5 Comparison with Existing Adaptive RAG
Methods

Existing adaptive RAG methods differ in where
adaptation is introduced. RQ-RAG (Chan et al.,
2024) trains a query-refinement model. IR-
CoT (Trivedi et al., 2023) interleaves prompting-
based reasoning and retrieval. Self-RAG (Asai
et al., 2024) trains a single generator to emit re-
flection tokens. Search-R1 (Jin et al., 2025a) and
R1-Searcher (Song et al., 2025) optimize a single
retrieval-reasoning policy. DRAG (Hu et al., 2025)
and MA-RAG (Nguyen et al., 2025) coordinate
role-specialized agents mainly through debate or
collaborative prompting without task-specific train-
ing. In contrast, TRIO sequentially optimizes sepa-
rate query-extension, stopping, and answer agents,
with answer agent outcomes providing supervision
for query extension and sufficiency judgment.
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C Prompts of Supervised Data
Generation

The prompts below implement a lightweight re-
trieval debate mechanism to assess the sufficiency
of evidence. The Proponent argues that retrieved
documents support an answer and provide a con-
clusion without requesting further retrieval, while
the Opponent challenges sufficiency and either pro-
poses a new query or concedes if evidence is com-
plete. The Moderator then selects the more con-
vincing argument and outputs only the winning
agent name to drive the pipeline.

Prompt for Moderator in Retrieval Debate
System Prompt:
You are the judge in a debate. Your task is to
evaluate the arguments from agents. There are
two types of agents:
1. Proponent Agent: Argues that the current
retrieved content is sufficient.
2. Opponent Agent: Argues that the current
retrieved content is insufficient and proposes
query refinement.

User Prompt:
Question: |Input Question|
Query Pool: |Current Query Pool|
Proponent:
|Output of Proponent|
Opponent:
|Output of Opponent|

Output only the agent’s name. Do NOT output
more than one agent or any explanation.

Prompt for Proponent in Retrieval Debate
System Prompt:
You are a debater. Argue that the current re-
trieved content is sufficient to answer the ques-
tion and try to give the answer based on the
given documents. Deliver a brief, strong ar-
gument with clear reasoning. Do not suggest
further retrieval. No extra explanations.

User Prompt:
Question: |Input Question|
Query Pool: |Current Query Pool|

Prompt for Opponent in Retrieval Debate
System Prompt:
You are a critical thinker and debater. Your
task is to challenge the sufficiency of the cur-
rent documents. However, your ultimate goal
is to find the correct answer efficiently. If you
believe the provided information is TRULY
and COMPLETELY sufficient, your duty is to
concede.

The action you can choose:
1. Query Expansion: If a completely new line
of inquiry is needed. Output exactly in this
format in the end of your response: Query
Expansion: [New Query]
2. Concede: If the current information is truly
sufficient. Only Output: Concede
Deliver a brief, strong argument, then you
must choose one action in the exact format
required.

User Prompt:
Question: |Input Question|
Query Pool: |Current Query Pool|

D Case Study

We provide two typical cases to show how our
agents collaborate to effectively answer multi-hop
questions. Table 5 illustrates how TRIO dynami-
cally adapts to context quality. Case 1 shows an
efficient "early stop" in which the Judge Agent cor-
rectly recognizes a perfect initial retrieval, avoid-
ing additional retrieval costs. In contrast, Case
2 highlights the "Correction Pattern" for complex
queries. When the initial retrieval returns related
entities (e.g., "FC Barcelona") but lacks the spe-
cific league rules, the Judge Agent issues an "In-
sufficient" verdict. This triggers the Query Exten-
sion Agent to pivot the search towards "La Liga".
This multi-round collaboration ensures that the An-
swer Agent generates a response once the semantic
gap is bridged, effectively reducing hallucinations
caused by irrelevant context. Furthermore, the en-
tire inference process generates only 5 to 7 words.
Even for complex questions that require up to three
retrieval rounds, the output length remains signifi-
cantly shorter than that of state-of-the-art reason-
ing methods, which typically generate hundreds of
words per question.
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Case 1: Immediate Success (Early Stop)
Question: Who played the character in the Santa
Clause 3 that has a series named after it that in-
cludes Frost at Christmas?
Ground Truth: Martin Short
Round 0:
Retrieval Query: Who played the character in
the Santa Clause 3 that has a series named after it
that includes Frost at Christmas?
Retrieved Content: 1. The Santa Clause 3; 2.
The Santa Clause (film series); 3. The Santa
Clause 3: The Escape Clause...
Judge: Sufficient (Decision: Stop & Answer)
Answer: Jack Frost played by Martin Short.

Case 2: Iterative Refinement (Correction)
Question: How many games do team in the
league where Barcelona won titles in 1948 and
1949 play?
Ground Truth: 38
Round 0:
Retrieval Query: How many games do team in
the league where Barcelona won titles in 1948
and 1949 play?
Retrieved Content: 1. UER Pineda de Mar; 2.
1949 Campeonato Profesional; 3. History of FC
Barcelona...
Judge: Insufficient (Reason: Lacking league
rules.)
Round 1:
Query Extension: “La Liga”
Retrieval Query: La Liga
Retrieved Content: 1. La Liga; 2. Liga de
Futbol Profesional...
Judge: Sufficient (Decision: Gap filled.)
Answer: 38

Table 5: Case studies demonstrating the token efficiency
of TRIO. Driven by the coordination among the three
agents, the system completes tasks with highly concise
token outputs.

E Resource Analysis

To further investigate the training resource require-
ments of TRIO, we report the computational cost
and memory usage of TRIO-8B and TRIO-4B in
Table 6. As a reference point, a previous work (Xu
et al., 2026) reports that its reproduction with
Qwen2.5-3B requires 14.7 hours on 4 H200 GPUs,
corresponding to 58.8 H200 GPU-hours. In com-

Agent Stage
GPU-hours

(H100)

TRIO-8B (Llama-8B)
Answer agent Stage 1 33.38h
Answer agent Stage 2 13.06h
Query extension agent – 33.96h
Judge agent – 12.60h
Total 93.00h

TRIO-4B (Qwen-4B)
Answer agent Stage 1 21.80h
Answer agent Stage 2 8.87h
Query extension agent – 20.60h
Judge agent – 6.83h
Total 58.10h

Table 6: Training resource consumption of TRIO-8B
and TRIO-4B.

parison, our TRIO-4B version requires 58.1 H100
GPU-hours, which is slightly lower in absolute
GPU-hour cost despite training multiple special-
ized agents and using larger models. In addition,
the peak training memory usage is approximately
94 GB per GPU, or 188 GB in aggregate across
two GPUs. At deployment time, current TRIO
uses three independently optimized model check-
points. The total deployment memory footprint is
approximately 40 GB for TRIO-4B and 60 GB for
TRIO-8B. For training, the answer agent is opti-
mized with GRPO on 18380 samples constructed
from 8148 questions, the query extension agent
is trained with GRPO on 10000 samples, and the
judge agent is trained with supervised fine-tuning
on 44473 samples.

F Additional Results and Robustness
Analysis

To further investigate TRIO’s robustness against
distracting retrieval contexts, we conduct an ad-
ditional noisy retrieval experiment. Specifically,
we introduce two noise levels by replacing chunks
of the retrieved context with rank 998-1000 noisy
chunks from the corpus. In the low-noise setting,
one chunk among the top-5 retrieved chunks is re-
placed, while in the high-noise setting, three are
replaced. The results are shown in Table 7.

TRIO demonstrates greater robustness to re-
trieval noise than existing methods. For exam-
ple, under the high-noise setting, TRIO-8B main-
tains EM scores of 0.1348 and 0.4000 on MuSiQue
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MuSiQue Bamboogle

Method Low High Low High

SuRe 0.0645 0.0508 0.1280 0.1200
IRCoT 0.0662 0.0559 0.1520 0.1920
Iter-RetGen 0.0699 0.0488 0.1760 0.1600
DRAG 0.1129 0.1067 0.2720 0.2640
Self-RAG 0.0384 0.0372 0.0640 0.0560
Search-R1 0.1531 0.0144 0.1920 0.1600
TRIO-4B 0.1407 0.1283 0.3440 0.3120
TRIO-8B 0.1708 0.1348 0.4560 0.4000

Table 7: EM scores under low and high noise settings.
Low and High denote replacing one and three of the
top-5 retrieved chunks with noisy chunks, respectively.

Method HotpotQA 2Wiki MuSiQue Bamboogle

SuRe 0.3538 0.1917 0.1296 0.2727
IRCoT 0.2825 0.2363 0.1244 0.3112
Iter-RetGen 0.4419 0.2636 0.1297 0.2701
DRAG 0.4146 0.2791 0.2010 0.4030
Self-RAG 0.2842 0.2351 0.1195 0.1576
Search-R1 0.5306 0.4879 0.2608 0.5780
R1-Searcher 0.5200 0.4481 0.2617 0.5782
TRIO-4B 0.5455 0.5023 0.2555 0.5555
TRIO-8B 0.5770 0.5660 0.2818 0.6200

Table 8: F1 results on four multi-hop benchmarks. The
best result in each column is shown in bold, and the
second-best result is underlined.

and Bamboogle, respectively, while Search-R1 de-
creases substantially to 0.0144 and 0.1600. Interest-
ingly, we observe that reasoning-based Search-R1
is more sensitive to noisy retrieval contexts, indi-
cating that stronger reasoning ability alone does
not necessarily guarantee robustness when the re-
trieved context contains highly irrelevant informa-
tion. In contrast, TRIO benefits from the collabora-
tion among the query extension, sufficiency judg-
ment, and answer agents, enabling the system to
better identify and utilize useful evidence while
reducing the influence of distracting contexts. We
also report the F1 scores of compared methods and
our methods across the four benchmarks in Table 8.

G Evaluation on Biomedical Domain
Dataset

To further investigate TRIO’s generalization to out-
of-domain questions that differ substantially from
the training data, we conduct an additional eval-
uation on the PubMedQA benchmark (Jin et al.,
2019). PubMedQA represents a completely unseen
biomedical domain relative to the training datasets.
We construct the evaluation set using the corre-
sponding 270K biomedical retrieval corpus and

evaluate all methods under the same retrieval and
generation settings as the main experiments. The
results are shown in Table 9.

Method PubMedQA

SuRe 0.256
IRCoT 0.458
Iter-RetGen 0.716
DRAG 0.644
Self-RAG 0.628
Search-R1 0.568
TRIO-4B 0.666
TRIO-8B 0.766

Table 9: Results of TRIO and other baselines on Pub-
MedQA benchmark.

TRIO-8B achieves the best performance on
the unseen biomedical benchmark, and TRIO-
4B achieves 0.666, suggesting that TRIO’s
task-specific optimization can generalize beyond
Wikipedia-based multi-hop QA scenarios. In addi-
tion, we observe that the reasoning-based method
Search-R1 does not transfer effectively to the un-
seen biomedical domains. In contrast, methods us-
ing untrained general models, such as Iter-RetGen
and DRAG, exhibit stronger transferability on the
biomedical dataset, achieving 0.716 and 0.644 in
accuracy, respectively. We also observe that the
earlier method SuRe exhibits relatively limited gen-
eralization on the biomedical benchmark.
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